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Abstract. Recently, visual token pruning has been studied to handle
the vast number of visual tokens in Multimodal Large Language Models.
However, we observe that while existing pruning methods perform reliably
on simple visual understanding, they struggle to effectively generalize
to complex visual reasoning tasks, a critical gap underexplored in previ-
ous studies. Through a systematic analysis, we identify Relevant Visual
Information Shift (RVIS) during decoding as the primary failure driver.
To address this, we propose Decoding-stage Shift-aware Token Pruning
(DSTP), a training-free add-on framework that enables existing pruning
methods to align visual tokens with shifting reasoning requirements during
the decoding stage. Extensive experiments demonstrate that DSTP signifi-
cantly mitigates performance degradation of pruning methods in complex
reasoning tasks, while consistently yielding performance gains even across
visual understanding benchmarks. Furthermore, DSTP demonstrates ef-
fectiveness across diverse state-of-the-art architectures, highlighting its
generalizability and efficiency with minimal computational overhead. Our
source code is available here.
Keywords: Multimodal LLMs · Visual Token Pruning · Visual Reasoning

1 Introduction

Multimodal Large Language Models (MLLMs) [4,12,33] have demonstrated strong
capabilities in both visual understanding (e.g., visual question answering
(VQA)) and visual reasoning, including visual-centric math, logical puzzles,
and STEM-related tasks.1 However, these models typically rely on a massive
number of visual tokens generated by a vision encoder [40, 58]. Such a large
number of visual tokens incur prohibitive computational and memory overhead
during LLM processing, posing considerable challenges for the practical and
efficient deployment of MLLMs.

To mitigate this, a surge of studies [10, 51, 55, 60] has focused on visual
token pruning, aiming to reduce computational overhead by removing redundant
⋆ Corresponding author.
1 STEM stands for Science, Technology, Engineering and Mathematics.

https://github.com/ptkjw1997/DSTP
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(b) Okay, let's try to figure out the length of BD.

(c) Wait, but in the diagram, the user says there's a 3 labeled on AC and a 5 labeled on AP.

(d) The problem shows that AC is labeled as 3, so AP must also be 3.

(e) Since AC = AP = 3, then AP = 3, so PB = AB - AP = 5 - 3 = 2. But BD = PB, so BD = 2.

(f)
Then BD is the tangent from B to the circle at D, so BD = PB = 2. Therefore, BD = 2. 
So the answer is B.

(b) Prefill Stage (c) – (f) Decoding Stage where attention is drastically changed.

Target Text Token for attention visualization

(a) Relative Performance of visual token pruning methods 
on VQA and VMR tasks.

Image

Fig. 1: (a) Performance retention rates of various token pruning methods on Qwen3-
VL [5] and InternVL3.5 [48] across VQA and VMR. (b)–(f) Attention heatmaps for
a MathVerse [59] sample on Qwen3-VL relative to the text token whose attention
shifts drastically, reflecting the reasoning context.2Full sentences are provided to offer
complete context for each reasoning step.

visual tokens. The core objective of these studies lies in detecting visual tokens
that contain Relevant Visual Information, which is defined as the essential
visual cues required to resolve a given task [60]. Existing pruning methods
typically determine the most relevant visual tokens by leveraging internal MLLM
attention [10, 51], vision encoder outputs [1, 52], or a hybrid of both [55, 60].
Consequently, by retaining a small number of relevant tokens, these methods
significantly accelerate inference while maintaining reliable performance on general
visual tasks.

However, most existing pruning methods [1,10,60] are primarily evaluated on
straightforward visual understanding such as recognizing objects and their at-
tributes using simple VQA benchmarks [17,34,43]. Under this paradigm, existing
methods have implicitly relied on the expectation that relevant visual information
identified during the prefill stage—the initial phase where the model processes the
input sequence—would remain sufficient to resolve the given task. This assump-
tion holds for simple visual understanding where necessary visual cues are
concentrated in narrow regions. However, as the MLLMs evolve toward reasoning-
centric models [5, 45,46], there arises a growing need to address complex visual
reasoning. Yet, the efficacy of pruning methods remains largely underexplored
in these sophisticated step-by-step reasoning tasks, necessitating the exploration
of broader visual regions.3

To explore this gap, we adopt visual-centric math as a representative task for
complex visual reasoning and evaluate prominent pruning methods (i.e., FastV [10]
and DivPrune [1]) with state-of-the-arts MLLMs [5,48] on visual math reasoning
(VMR) benchmarks. Furthermore, we also evaluate these methods on simple VQA
for comparison.4 As shown in Fig. 1(a), we observe that while pruning methods
effectively preserve performance on VQA, they exhibit precipitous performance
drops on VMR. This consistent decline on VMR suggests that existing pruning
methods fundamentally struggle to generalize to complex visual reasoning.

To uncover why pruning methods that succeed in VQA fail to generalize to
VMR, we compare the visual attention map from the prefill stage (Fig. 1(b)) with

2 Regarding how the specific text token for the attention heatmap is selected, please refer to Sec. 3.
3 A detailed comparison between visual understanding and visual reasoning is in Sec. A.
4 VQA include SQA [34], GQA [17], and VQAT [43], and VMR include MathVerse [59], WeMath [39],

and DynaMath [63]. Fig. 1(a) shows the average performance normalized to vanilla model as 1.0.
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those from key decoding steps (Fig. 1(c)–(f)), visualizing how the model’s focus
transitions across the image throughout the decoding process.5 Our visualization
reveals a dynamic shift as reasoning progresses, demonstrating that the model’s
visual focus does not remain fixed on the regions identified during the prefill stage;
rather, it frequently transitions to entirely different visual areas to align with
shifting reasoning requirements. We term this dynamic shift of visual focus during
decoding stage the Relevant Visual Information Shift (RVIS), indicating
that the visual evidence required to resolve a task changes over time—a behavior
fundamentally distinct from the static visual focus observed in VQA tasks.5

In this regard, we hypothesize that the failure of existing pruning methods in
VMR stems from the occurrence of RVIS during the decoding stage, which their
prefill-stage pruning strategies inherently struggle to address. To validate this
hypothesis, we conduct a detailed examination of the attention patterns of MLLMs
in Sec. 3 to uncover the root cause of the observed performance degradation.
Our diagnostic analysis yields two primary insights: 1) Visual reasoning exhibits
drastic and frequent fluctuations in Relevant Visual Information throughout the
decoding process, whereas such shifts are not observed in visual understanding.
2) This shift, which we term RVIS, serves as the primary driver of pruning failure,
with performance declining sharply as its frequency increases during decoding.
Consequently, these observations underscore the necessity for an adaptive pruning
approach during the decoding stage to effectively address RVIS.

To this end, we introduce Decoding-stage Shift-aware Token Pruning (DSTP),
a training-free and simple add-on to existing pruning methods. It adaptively
restores previously discarded tokens by detecting RVIS in the model’s visual
focus during decoding, thereby aligning the visual tokens with the reasoning step.
For this, DSTP preserves the tokens discarded by existing pruning methods for
potential retrieval during decoding. This mechanism is driven by two integrated
modules: the Relevant Visual Information Shift Detect (RISD), which
monitors visual attention during decoding to identify RVIS through a threshold-
based mechanism; and the Context-Preserving Visual Token Swap (CPTS),
which swaps current visual tokens with the newly relevant ones required by the
model at that specific decoding step, thereby preventing erroneous generation.
This simple Detect-and-Swap design enables stable and context-aware reasoning
while largely preserving the efficiency gains of conventional pruning methods.

Through extensive experiments, we demonstrate that DSTP significantly
mitigates the performance degradation of conventional pruning in visual reasoning
tasks, while sustaining or marginally surpassing competitive performance on VQA
tasks. Notably, these gains are achieved with minimal computational overhead,
largely preserving the efficiency benefits of token pruning.

We summarize our contributions as follows: 1) We identify, for the first time,
RVIS as a primary failure driver for existing pruning methods, particularly in
reasoning-heavy tasks. 2) We propose DSTP, a training-free and simple add-on
framework that leverages the RISD and CPTS modules to effectively address
RVIS. 3) Extensive experiments demonstrate that DSTP significantly enhances
performance in reasoning tasks with minimal computational overhead, proving
its effectiveness and robustness in complex reasoning scenarios.
5 The corresponding attention visualizations for VQA benchmarks are provided in the Sec. B.
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2 Preliminary
Multimodal Large Language Models (MLLMs). Following the LLaVA [33]
design, MLLMs typically project an image and a text query into a shared token
space. Let Xv ∈ RNv×d and Xt ∈ RNt×d denote the visual tokens processed
through a vision encoder and text tokens, where Nv and Nt represent the number
of visual and text tokens, and d is the embedding dimension. The LLM processes
the concatenated token sequence [Xv, Xt] ∈ R(Nv+Nt)×d to generate a response.
Visual Token Pruning in MLLMs. The goal of visual token pruning is to
select the k most relevant tokens from Xv to reduce computational overhead,
where k denotes the token budget (i.e., the number of retained tokens). To
quantify the relevance of each visual token, the general attention weight vector
atl→v ∈ RNv at any given decoding step l is defined as follows:

atl→v = Softmax
(
qtlK

T
v /

√
dm

)
(1)

where qtl ∈ Rdm is the query embedding of generated text token at step l, and
Kv ∈ RNv×dm represents the key embeddings of the entire visual token set Xv.

Conventional LLM-based pruning methods [10, 51] typically perform the
pruning process as follows: Prefill Stage (l = 0): In this initial stage, relevant
scores are extracted at step l = 0, where the query qt0 corresponds to the last
token of the text sequence Xt (i.e., the last instruction token). Based on the
initial attention vector at0→v, the pruned visual token set XPruned

v ∈ Rk×dm

under token budget k is then formed by selecting top-k tokens associated with
the highest attention weights:

XPruned
v = Xv[I], I = TopK(at0→v, k) (2)

where TopK(a, k) selects the k largest elements in vector a. Subsequently, the
reduced sequence [XPruned

v , Xt] is fed into the LLM to initiate the decoding
process. Decoding Stage (l > 0): In the decoding phase, the model sequentially
generates tokens. Let Gl = {g1, g2, . . . , gl} denote the tokens generated up to
step l. At step l + 1, the next token gl+1 is predicted based on the pruned visual
tokens XPruned

v and the accumulated sequence Xt and Gl:

gl+1 = LLM(XPruned
v , Xt, Gl) (3)

Notably, existing pruning methods [1, 10, 52] permanently discard any visual
tokens excluded from XPruned

v during the prefill stage.

3 Why Does Visual Token Pruning Fail at Visual
Reasoning?

This section provides a diagnostic analysis to elucidate the performance disparity
between VQA and VMR under existing pruning methods through the lens of the
Relevant Visual Information Shift (RVIS). Our investigation is organized
into two stages. First, Sec. 3.1 identifies the existence of RVIS during MLLM
inference and characterizes its reasoning-intrinsic nature. Second, Sec. 3.2
establishes RVIS as the primary driver for pruning failure. We demonstrate that
performance degradation stems directly from the conflict between these dynamic
shifts and static pruning mechanisms of existing pruning methods, underscoring
the critical necessity for an adaptive pruning strategy during the decoding stage.
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(a) Attention similarity over generation (b) Sample ratio over threshold

Fig. 2: (a) Cosine similarity of visual attention distributions between the prefill stage
(l = 0) and each decoding step. (b) Proportion of samples maintaining attention
similarity above thresholds throughout the entire decoding process.

3.1 Relevant Visual Information Shift as a Hallmark of Visual
Reasoning

In this section, we investigate the fundamental attention dynamics that distinguish
visual reasoning from visual understanding in MLLMs, adopting VMR and
VQA as representative tasks.6 Inspired by the qualitative observations in Fig. 1(c)-
(f), we hypothesize that attention stability, the degree to which a model maintains
its initial visual focus thereafter, serves as a defining hallmark that differentiates
these two abilities. To validate this, we perform an attention-based analysis
to define Relevant Visual Information Shift (RVIS) and characterize its
behavior. By tracking attention transitions throughout generation, we establish
RVIS as the natural phenomenon of visual reasoning, where the model re-focuses
on different visual regions as it progresses through sequential logical steps.
Relevant Visual Information Shift in MLLMs. To provide a rigorous
examination of the visual focus transitions observed earlier, we investigate the
internal visual attention dynamics during the decoding process. Specifically, we
quantify the stability of the initial visual focus by calculating the cosine similarity
between the visual attention vector at the prefill stage (at0→v) and those at each
decoding step l (atl→v), denoted as Sim(at0→v, atl→v) ∈ R1.

As illustrated in Fig. 2(a), we observe a stark contrast in stability between
these two tasks. For VQA, the model maintains consistently high similarity,
suggesting that it continues to attend to the regions prioritized during the
prefill stage. In contrast, VMR exhibits sharp declines in similarity, revealing a
transition toward different visual areas to satisfy new informational requirements.
We formally define this phenomenon—where the model’s focus deviates from the
initial focus during the decoding—as Relevant Visual Information Shift
(RVIS). Notably, Fig. 1(c)-(f) corresponds exactly to the point where RVIS is
observed, confirming that visual reasoning entails a dynamic process where the
necessary visual cues transition across successive reasoning steps. Furthermore,
we extended our analysis to a dataset-scale to verify the generalizability of RVIS.
In Fig. 2(b), we measure how many samples maintain their initial attention focus
throughout the entire decoding process across different similarity thresholds. In
VMR, samples are significantly less likely to remain anchored to their prefill

6 We employ SQA [34] and MathVerse [59] as representative benchmarks for VQA and VMR tasks.
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attention compared to VQA. This gap validates that in reasoning-intensive tasks,
visual relevance is inherently dynamic, necessitating substantial shifts as the
model progresses through logical steps.

(a) Attention similarity over generation (a) Attention similarity over generationFig. 3: Average number of RVIS occur-
rences across various answer lengths.

Reasoning-Intrinsic Nature of RVIS.
To validate that RVIS is intrinsically driven
by the reasoning process, not merely by
the extended generation lengths typical of
VMR, we analyze its occurrence frequency
across controlled sequence length intervals.7
As shown in Fig. 3, the frequency of RVIS
remains consistently high in VMR regard-
less of response length. Notably, even the shortest VMR samples (1-512 tokens)
exhibit a higher RVIS frequency than the longest VQA samples (2048-4096 to-
kens). This disparity confirms RVIS as an inherent hallmark of the reasoning
process, rather than a mere side effect of generation length. In this process, visual
focus dynamically shifts to align with each successive logical step. We provide
additional experiments on the reasoning-intrinsic nature of RVIS in Sec. D.
Discussion. Crucially, RVIS is not a manifestation of model failure but a natural
behavior of MLLMs navigating multi-step reasoning. Acknowledging RVIS as
a systemic property establishes the necessity for adaptive visual token pruning
during decoding when applying pruning methods in the following section.

3.2 How do Relevant Visual Information Shift affect token pruning
performance?

Building on our understanding of RVIS, we shift our focus toward its direct impact
on existing pruning methods. We argue that the performance discrepancy observed
in Fig. 1(a) stems from a fundamental conflict: the dynamic informational needs of
RVIS versus the static pruning mechanisms inherent to existing pruning methods.

Fig. 4: Distribution of RVIS occur-
rences for VQA and VMR. N indicates
the sample count for each bin.

Task-Specific Distribution of RVIS
Frequency. We first examine the preva-
lence of RVIS by quantifying occurrences
per sample to contrast the divergent RVIS
frequency patterns between VQA and
VMR.8 Fig. 4 reveals a stark contrast: while
VQA samples are largely static, with the
vast majority exhibiting zero or minimal
RVIS, VMR samples exhibit two or more
shifts during the decoding. This re-confirms that RVIS is fundamentally driven
by reasoning intensity. As task complexity increases, the MLLM must transition
its visual focus to gather the necessary evidence for each sequential logical step.

7 To identify RVIS, we detect similarity drops below a threshold of 0.7. To ensure each RVIS event
is counted as a single occurrence rather than multiple consecutive steps below the threshold, we
utilize the find_peaks algorithm on the similarity signal. Further details are provided in Sec. C.

8 We initially sampled 300 instances per task. After filtering those truncated by the 4,096
max_generation_len, we balanced the datasets to match the smaller group, resulting in N = 276
samples for each task.
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Fig. 5: Success rate of FastV [10]
across different RVIS frequencies.

Impact of RVIS on Pruning Success.
To establish the direct impact of RVIS when
combined with existing pruning methods,
we analyze the pruning success rate across
varying RVIS frequencies. For this, we de-
fine the success rate as the ratio of samples
correctly solved after pruning relative to
those solved in vanilla model which utilizes
the entire visual token set without pruning. As illustrated in Fig. 5, the success
rate of pruning methods drops precipitously with increasing RVIS frequency,
a robust trend that holds for both tasks. This provides direct evidence that
the failure of existing pruning methods is rooted in their inability to adapt
to the model’s shifting visual focus during decoding. Specifically, when RVIS
occurs—requiring visual information that deviates from that identified during
the initial prefill stage—static pruning methods that discard tokens at the prefill
become inherently prone to failure. This illustrates exactly why existing pruning
methods struggle with reasoning-heavy tasks like VMR, as observed in Fig. 1(a).

In summary, our analysis identifies the Relevant Visual Information Shift
(RVIS) as the primary failure driver that limits the efficacy of existing static
pruning methods, highlighting the need for an adaptive framework that can
update the visual tokens as the MLLM’s focus transitions during decoding.

4 DSTP: Decoding-stage Shift-aware Token Pruning

Building on our analysis in Sec. 3, we propose Decoding-stage Shift-aware Token
Pruning (DSTP), a simple yet effective add-on framework designed to rectify the
limitation of existing static pruning methods by adaptively updating visual tokens
during decoding. To this end, DSTP integrates Relevant Visual Information
Shift Detect (RISD) to detect the onset of RVIS throughout the decoding
process (Sec. 4.1). This signal triggers Context-Preserving Visual Token
Swap (CPTS) to retrieve newly relevant visual tokens, guiding MLLM to
re-focus the necessary visual cues at those specific decoding steps (Sec. 4.2). The
overall framework is shown in Fig. 6.9

4.1 Relevant Visual Information Shift Detect (RISD)

Prefill-stage Setup. DSTP follows the original prefill-stage protocol of base
pruning methods [10,60], which is illustrated in Fig. 6(a), as its core functionality is
designed to operate during decoding. To enable RVIS detection, the RISD module
first extracts the initial attention vector at0→v ∈ RNv during the prefill stage. This
vector, which is used to determine the important visual tokens in Eq. (1), serves
as the anchor attention to represent the model’s initial visual focus. Also, we
define the Reserved Visual Tokens Set XReserved

v = Xv −XPruned
v ∈ R(Nv−k)×dm ,

which consists of the tokens discarded but kept in standby for potential recovery.
Decoding-stage Monitoring. As decoding progresses, the MLLM may require
visual cues that deviate from the initial focus captured by the anchor attention
9 The detailed algorithm for DSTP is in Sec. F.
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Full Token
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Visual Tokens

Image Text Query Prefill (𝒕𝟎) Decoding (𝒕𝒍)

# of Visual Tokens in Decoding

(c) DSTP
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Attention Similarity
Context-Preserving Generation

Relevant Visual Information Shift (RVIS)

(c) DSTP

Finding Relevant  Visual Tokens
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𝑿𝒗
𝐂𝐏,𝒍

𝑡𝑙

Fig. 6: Overall framework of DSTP. (a) Prefill-stage protocol of base pruning methods.
(b) RISD and CPTS modules at Decoding-stage. RISD monitors attention similarity at
each decoding step, invoking CPTS for context-preserving token swapping when RVIS
is detected. (c) Overall flow of DSTP throughout the entire decoding process.

vector at0→v at prefill-stage (l = 0). Based on our analysis in Sec. 3, we argue
that RVIS characterizes these informational needs; therefore, as depicted in the
RISD module of Fig. 6(b), we track the current visual focus (tl) and compare
it with the initial visual focus (t0) at each decoding step to detect its onset.
Specifically, we monitor the attention vector aPruned

tl→v at each decoding step l:

aPruned
tl→v = Softmax(ql(KPruned

v )⊤/
√
dm) ∈ Rk (4)

where k is the token budget, ql ∈ Rdm is the query embedding of generated text
token at step l, and KPruned

v ∈ Rk×dm denotes the key embedding of the visual
tokens set XPruned

v retained by base pruning methods during the prefill stage. To
quantify the alignment between the model’s current visual focus and the initial
anchor, we calculate the cosine similarity sl ∈ R at each decoding step l:

sl = Sim(aPruned
t0→v , aPruned

tl→v ) =
aPruned
t0→v · aPruned

tl→v

|aPruned
t0→v ||aPruned

tl→v |
(5)

As illustrated in Fig. 6(c), a decline in sl indicates an attention shift toward
visual regions that are different from the initial focus, signaling the onset of RVIS.
We utilize a constant threshold τ to detect RVIS, as it provides a computationally
lightweight yet robust trigger, performing comparably to more complex divergence
metrics as demonstrated in Sec. 5.3. Once sl < τ is detected, the CPTS module is
immediately invoked to re-evaluate and retrieve the relevant visual tokens based
on the current text query.

4.2 Context-Preserving Visual Token Swap (CPTS)

Dynamic Importance Re-evaluation. To pinpoint the precise visual tokens
required for the current decoding step, it is essential to consider the complete
set Xv, including those previously discarded by the baseline pruning method
during the prefill stage. Consequently, we perform a comprehensive re-evaluation
of Xv with respect to the current text query ql. Specifically, we leverage the
attention vector aPruned

tl→v , which is internally computed as part of LLM decoding
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process. To assess the discarded visual tokens, we additionally compute aReserved
tl→v

for XReserved
v using Eq. (4). By concatenating these weights, we construct the

full importance score across the entire visual token set:

atl→v =
[
aPruned
tl→v , aReserved

tl→v

]
∈ RNv (6)

This approach enables a full importance scoring across Xv with minimal compu-
tational overhead, allowing the selection of a newly relevant top-k visual token
set, XPruned,l

v ∈ Rk×dm , based on the updated scores atl→v. For instance, let
v1, . . . , v6 denote the visual tokens in the CPTS module of Fig. 6(b) from left
to right. In this case, XPruned,l

v identifies {v4, v5, v6} as newly relevant, which
differs from the prefill-stage set XPruned

v consisting of {v2, v4, v6}. This ensures
that the MLLM retrieves the most appropriate visual tokens in alignment with
the current decoding steps.
Context-Preserving Visual Token Swap. Visual tokens provide the essential
image context that allows MLLMs to perform a wide range of multimodal
tasks. However, naively replacing the initial visual token set XPruned

v with a
newly identified set XPruned,l

v can hinder the model’s ability to maintain a stable
understanding of the image, as there is little semantic overlap between the two
sets. Such a sudden context shift disrupts the model’s internal consistency, leading
to erroneous outputs. To address this, we introduce the Context-Preserving Visual
Token Swap. Rather than a complete replacement, we merge the initial prefill-
stage visual tokens XPruned

v with the newly relevant tokens XPruned,l
v through a

union operation to form a unified (context-preserving) visual token set XCP,l
v :

XCP,l
v = XPruned

v ∪XPruned,l
v ∈ Rk∗×dm (7)

where k∗ denotes the size of the union set (k ≤ k∗ ≤ 2k). In this scenario, XCP,l
v

is {v2, v4, v5, v6}, where the newly added v5 guides the current reasoning step
while the remaining tokens sustain the original visual context. To ensure the
MLLM effectively incorporates these new tokens, we maintain this temporarily
expanded set for a context-preserving duration of L decoding steps as illustrated
in Fig. 6(c). After this duration, the initial prefill-stage set XPruned

v is reused as
the visual context to minimize additional re-evaluation overhead. Furthermore,
as the model’s focus typically aligns with the initial anchor in the absence of
RVIS, as shown in Sec. 3, XPruned

v remains sufficient for the subsequent decoding
steps.10 This transient increase in the number of visual tokens during the context-
preserving duration does not incur long-term computational inefficiency, as
confirmed by our analysis in Sec. 5.3.

5 Experiment
5.1 Experimental Settings

Datasets. To validate the effectiveness of DSTP in reasoning-heavy scenarios,
we categorize our benchmarks into two primary domains. First, we focus on
Visual Reasoning, which is further subdivided into: (i) Visual Math Reasoning
(i.e., MathVerse [59], WeMath [39], and DynaMath [63]), requiring rigorous step-
by-step mathematical derivation; and (ii) Puzzle and STEM-related Reasoning
10 Detailed analysis of this reversion strategy is provided in Sec. G.
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Table 1: Visual Reasoning Performance of Qwen3-VL-4B and InternVL3.5-8B
under different token retention ratios with various pruning methods and DSTP. Values
in parentheses are the proportion relative to the upper bound.

Qwen3-VL-4B [5]
Method MathVerse WeMath DynaMath LogicVista MMMU-Pro Acc. (%)

Vanilla (Full Tokens) 61.29 48.29 66.48 49.22 37.63 100%
Retain 33.3% Tokens (↓ 66.7%)

FastV (ECCV’24) 32.23 (52.6%) 25.90 (53.6%) 38.76 (58.3%) 30.64 (62.3%) 19.41 (51.6%) 55.68%
w/ DSTP 52.54 (85.7%) 42.19 (87.4%) 51.00 (76.7%) 41.16 (83.6%) 30.52 (81.1%) 82.90%

DivPrune (CVPR’25) 33.90 (55.3%) 29.32 (60.7%) 41.94 (63.1%) 30.64 (62.3%) 13.08 (34.8%) 55.24%
w/ DSTP 50.25 (82.0%) 42.95 (88.9%) 57.70 (86.8%) 42.70 (86.8%) 28.03 (74.5%) 83.80%

VisionZip (CVPR’25) 36.80 (60.0%) 35.57 (73.7%) 43.16 (64.9%) 29.53 (60.0%) 16.36 (43.5%) 60.42%
w/ DSTP 50.76 (82.8%) 43.62 (90.3%) 52.95 (79.6%) 39.22 (79.7%) 27.39 (72.8%) 81.04%

Retain 22.2% Tokens (↓ 77.8%)
FastV (ECCV’24) 25.88 (42.2%) 21.43 (44.4%) 35.85 (53.9%) 26.96 (54.8%) 11.50 (30.6%) 45.18%

w/ DSTP 42.76 (69.8%) 31.71 (65.7%) 47.31 (71.2%) 39.05 (79.3%) 26.87 (71.4%) 71.48%

DivPrune (CVPR’25) 26.14 (42.6%) 24.18 (50.1%) 38.36 (57.7%) 27.96 (56.8%) 11.21 (29.8%) 47.40%
w/ DSTP 46.19 (75.4%) 40.00 (82.8%) 52.29 (78.7%) 35.55 (72.2%) 21.66 (57.6%) 73.34%

VisionZip (CVPR’25) 25.98 (42.4%) 23.81 (49.3%) 35.90 (54.0%) 25.50 (51.8%) 13.00 (34.5%) 46.40%
w/ DSTP 40.46 (66.0%) 34.19 (70.8%) 47.48 (71.4%) 37.58 (76.4%) 22.25 (59.1%) 68.74%

InternVL3.5-8B [48]
Method MathVerse WeMath DynaMath LogicVista MMMU-Pro Acc. (%)

Vanilla (Full Tokens) 42.00 43.62 48.26 52.13 39.42 100.00%
Retain 33.3% Tokens (↓ 66.7%)

FastV (ECCV’24) 21.57 (51.4%) 28.38 (65.1%) 26.71 (55.3%) 33.08 (63.5%) 18.96 (48.1%) 56.66%
w/ DSTP 40.22 (95.8%) 40.38 (92.6%) 45.38 (94.0%) 48.44 (92.9%) 34.27 (86.9%) 92.44%

DivPrune (CVPR’25) 26.59 (63.3%) 32.62 (74.8%) 32.57 (67.5%) 32.78 (62.9%) 19.42 (49.3%) 63.55%
w/ DSTP 39.59 (94.3%) 41.71 (95.6%) 43.22 (89.6%) 47.87 (91.8%) 31.21 (79.2%) 90.09%

VisionZip (CVPR’25) 24.84 (59.1%) 29.14 (66.8%) 30.54 (63.3%) 34.45 (66.1%) 16.71 (42.4%) 59.54%
w/ DSTP 37.56 (89.4%) 41.52 (95.2%) 43.11 (89.3%) 48.76 (93.5%) 28.26 (71.7%) 87.83%

Retain 22.2% Tokens (↓ 77.8%)
FastV (ECCV’24) 20.06 (47.8%) 26.90 (61.7%) 24.29 (50.3%) 30.20 (57.9%) 11.60 (29.4%) 49.42%

w/ DSTP 38.94 (92.7%) 37.57 (86.1%) 42.95 (89.0%) 46.08 (88.4%) 31.04 (78.7%) 87.00%

DivPrune (CVPR’25) 23.64 (56.3%) 30.81 (70.6%) 29.02 (60.1%) 34.00 (65.2%) 14.10 (35.8%) 57.61%
w/ DSTP 36.54 (87.0%) 38.86 (89.1%) 39.29 (81.4%) 44.74 (85.8%) 28.21 (71.6%) 82.98%

VisionZip (CVPR’25) 20.55 (48.9%) 26.29 (60.3%) 26.34 (54.6%) 31.76 (60.9%) 12.02 (30.5%) 51.04%
w/ DSTP 34.13 (81.3%) 39.52 (90.6%) 40.51 (83.9%) 43.62 (83.7%) 25.85 (65.6%) 81.01%

(i.e., LogicVista [50] and MMMU-Pro [57]), which assess the complex logical and
expert-level analytical capabilities. Furthermore, we evaluate standard Visual
Understanding benchmarks, including GQA [17], VQAT [43], and SQA [34], to
provide a comprehensive comparison with existing pruning literature [10,52, 60].
Baselines. To demonstrate the backbone-agnostic nature of DSTP as a plug-and-
play framework, we evaluate its effectiveness by integrating it with representative
visual pruning baselines: FastV [10], DivPrune [1], and VisionZip [52]. We present
the performance of each baseline with and without our method to highlight the
improvements and validate its robustness across diverse pruning strategies. Also,
we provide additional generalizability experiments in Sec. H.
Implementation Details. We implement our method on Qwen3-VL-4B [5] and
InternVL3.5-8B [48].11 The detection threshold τ was set to 0.75 and the context
preserving duration L was fixed at 20. Additional implementation details are
provided in the Sec. J.

5.2 Main Results
Visual Reasoning Benchmarks. In Tab. 1, we evaluate DSTP when integrated
with diverse pruning methods across various visual reasoning benchmarks. Our
analysis reveals the following key insights: 1) Existing static pruning methods
11 All experiments are conducted on NVIDIA L40S GPUs.
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suffer from a severe performance degradation across all reasoning benchmarks,
regardless of the MLLM architecture. This confirms that static pruning methods
fundamentally struggle to address RVIS. 2) Integrating DSTP with these methods
consistently overcomes such limitations by significantly improving reasoning
performance. This result demonstrates that our framework successfully addresses
RVIS, ensuring MLLMs re-focus on the necessary visual tokens as informational
needs transition during the reasoning process. 3) While DSTP achieves consistent
performance improvements across all evaluated datasets, the most significant
gains are observed in benchmarks characterized by high visual complexity such
as MathVerse and MMMU-Pro [11, 57].12 This performance gap demonstrates
that DSTP is more effective in reasoning intensive tasks, where complex logical
reasoning is essential.

Table 2: Visual Understand-
ing Performance of Qwen3-VL-
4B with 33.3% retention ratio.

Method SQA VQAT GQA Acc.
Vanilla 93.42 81.57 61.82 100%
FastV 87.98 74.82 60.04 94.3%
w/ DSTP 91.84 77.95 60.93 97.5%
DivPrune 86.12 71.36 58.07 91.2%
w/ DSTP 91.36 74.11 60.42 95.5%
VisionZip 90.41 77.10 60.68 96.5%
w/ DSTP 92.08 77.20 61.27 97.4%

Visual Understanding Benchmarks. We
evaluate DSTP on visual understanding bench-
marks using Qwen3-VL-4B, as summarized
in Tab. 2.13 Our key observations are as follows:
1) Static methods exhibit relatively stable per-
formance in visual understanding compared to
reasoning tasks. This is because minimal RVIS
in visual understanding tasks, as shown in Sec. 3,
allows prefill-stage pruning to remain largely ef-
fective. Nevertheless, integrating DSTP consistently yields further performance
gains. 2) The performance boost is particularly significant on SQA. Unlike GQA
or VQAT, the relatively higher complexity of SQA triggers more frequent RVIS,
which our adaptive framework effectively addresses by responding to RVIS.

5.3 In-Depth Analysis

Table 3: Ablation for RISD and CPTS.

Row Detect
Swap Qwen3 VL InternVL3.5

Strategy Ratio↓ MV MP MV MP
(a) Full visual tokens 61.29 37.63 42.00 39.42
(b) FastV (33.3%) 32.23 19.41 21.57 18.96
(c) Random CPTS 38.1% 37.69 22.36 31.09 22.18
(d) Avg CPTS 38.1% 51.51 27.68 39.08 32.77
(e) RISD Full 100% 53.04 29.55 40.96 34.16
(f) RISD Hard 33.3% 45.05 27.26 36.12 30.69
(g) RISD Merge 33.3% 47.58 28.38 37.16 32.54
(h) RISD CPTS 38.1% 52.54 30.52 40.22 34.27

Effect of Components. In Tab. 3, we
evaluate the effectiveness of the RISD
and CPTS modules against several
baselines, using MathVerse (MV) and
MMMU-Pro (MP). Effect of RISD:
We compare our fixed-threshold ap-
proach against two alternative detec-
tion strategies: Random (row (c)),
which triggers token swapping randomly with the same frequency as RISD,
and Avg (row (d)), which utilizes a dynamic thresholding mechanism. Specifically,
it calculates the running average of all preceding similarity scores and triggers
CPTS when the current sl falls below this cumulative mean. Our RISD outper-
forms both alternatives, demonstrating that a constant threshold is sufficiently
effective for capturing RVIS compared to either arbitrary timing or more com-
plex running averaging. Effect of CPTS: We evaluate various swap strategies
during context-preserving generation. Hard selection (row (f)), which discards
previous visual tokens; the Merge strategy (row (g)), which compresses previous
12 A comprehensive analysis regarding the visually intensive group (MathVerse and MMMU-Pro)

and other benchmarks is provided in the Sec. K
13 For extended experimental results, please refer to Sec. L.
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visual tokens into a single token and concatenates it with the newly identified
visual tokens; and Full swap (row (e)), which serves as an upper bound that
allows all visual tokens. We also report the ratio of visual tokens during the
context-preserving duration.14 CPTS effectively matches the performance of the
Full swap with only a marginal increase in the average token ratio. In contrast,
Hard and Merge strategies exhibit significantly lower accuracy, highlighting their
failure to adequately conserve the visual context required for precise generation.

(a) SQA

(b) MathVerse

Fig. 7: Success rate of
FastV and DSTP across
different RVIS frequencies.

Robustness to RVIS. To validate the effectiveness
of DSTP, we analyze success rates across varying RVIS
frequencies (Fig. 7) while maintaining consistent set-
tings (Fig. 5). We observe the following: 1) In both
SQA and MathVerse, the performance of the baseline
FastV [10] degrades significantly as the frequency of
RVIS increases. This decline underscores the inherent
fragility of static pruning methods, which fail to adapt
when encountering RVIS during decoding. 2) The ap-
plication of DSTP yields consistent performance gains
across all RVIS frequencies. Notably the performance
gap between DSTP and FastV widens as RVIS becomes
more frequent. This widening margin validates the ro-
bustness of our framework in addressing RVIS and
ensuring the model maintains focus on critical visual
tokens during complex reasoning tasks.

22.2% 33.3% 44.4% 66.6%

Fig. 8: Performance comparison of
FastV versus DSTP across vari-
ous computational cost on Math-
Verse [59]

Comparative Analysis across TFLOPs.
To ensure a rigorous evaluation, we compare
its performance against vanilla FastV across
varying computational costs. For this, we
calculate TFLOPs, which accounts for the
total floating-point operations executed dur-
ing both prefill and decoding stages. For a
consistent analysis, all values are normalized
to the TFLOPs of vanilla FastV at a 33.3%
retention ratio (defined as 1.0).15 Our obser-
vations from Fig. 8 are as follows: 1) The additional computational cost incurred
by DSTP is negligible across all retention ratios. Despite this closely matched
cost, DSTP provides a substantial performance gains, suggesting that allocating
resources adaptively is far more effective than static pruning. 2) Remarkably,
DSTP at a 33.3% ratio surpasses the performance of vanilla FastV at a much
higher 66.6% ratio, while requiring significantly less computational cost. This
highlights that providing relevant visual information at the precise decoding steps
is far more critical than simply increasing the total number of tokens during
the prefill stage. Furthermore, as shown in Fig. 9, DSTP successfully retrieves
essential visual context that remains pruned even by the 66.6% static baseline,
underscoring the superior adaptability of our framework.

14 For CPTS, ratio is reported as the average values, reflecting its dynamic token union mechanism.
15 Refer to the Sec. M for detailed calculation of TFLOPs.
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Image (a) Prefill (33.3%) (b) Prefill (66.6%) (c)-(e)  Important Visual Tokens as decoding progress

Fig. 9: Visualization of visual token selection. (a) and (b) show FastV results at
33.3% and 66.6% token retention ratios. (c)-(e) illustrate DSTP results at a 33.3%
token retention ratio. White and black tokens represent retained and pruned tokens
respectively. Red tokens denote those retained by DSTP but pruned even in the 66.6%
vanilla FastV.

(b) Ablation Experiment on Threshold

(a) Ablation Experiment on Generation Length

Fig. 10: Hyper-parameter
experiments on Generation
Length L and threshold τ .

Hyper-parameter Experiments. We evaluate
the sensitivity of L and τ on MathVerse in Fig. 10,
noting that L = 0 and τ = 0 represent the vanilla
FastV baseline. Our observations are as follows: 1)
Performance scales with L, though a sharp decline
occurs at lower values. This indicates that a suffi-
cient duration is essential for maintaining logical
continuity and stable answer generation. Conversely,
performance gains saturate as L increases further,
suggesting that a moderate duration is enough to
ensure reasoning accuracy without unnecessary over-
head. 2) The threshold τ regulate the tradeoff be-
tween RVIS detection with computational cost. At
lower values, the model may fail to capture RVIS, resulting in reduced perfor-
mance. While a higher τ enables more proactive context refocusing, excessively
high values lead to computational inefficiency by triggering visual token swapping
too frequently. Therefore, a moderate threshold is most effective for providing
necessary visual evidence while maintaining operational efficiency.

5.4 Efficiency Analysis

While many pruning methods [1, 10, 60] prioritize TFLOPs, which serves as a
metric for theoretical computational complexity, recent research [2,56] emphasizes
that latency is a more critical measure for realistic deployment. Following [16,44],
we evaluate the computational efficiency of DSTP compared to the Vanilla and
FastV models in Tab. 4.15 Our observations are as follows: 1) Considering TPS as
a direct metric for inference speed, DSTP introduces a minor overhead compared
to the FastV baseline due to the dynamic nature of its detect-and-swap mechanism
during decoding. However, it still achieves significantly higher efficiency than the
Vanilla model while maintaining superior accuracy. This demonstrates that DSTP
is an effective framework that maximizes reasoning performance while keeping
computational costs substantially lower than the vanilla model. 2) Notably,
DSTP achieves the lowest latency per example (Lat./Ex.) on Qwen3-VL, despite
having a lower TPS than FastV. We attribute this efficiency gain to a reduction
in the Average Tokens generated. Compared to FastV, DSTP produces fewer
tokens while maintaining higher accuracy. This suggests that by providing the
most relevant visual context at the appropriate reasoning steps, our framework
prevents the model from engaging in redundant or unnecessary reasoning, thereby
streamlining the generation process and reducing end-to-end inference time. In
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Table 4: Efficiency analysis of DSTP on FastV across Qwen3-VL and InternVL3.5. All
efficiency measurements use a 33.3% token retention ratio.

Method Total Latency ↓ GPU Mem. ↓ Accuracy ↑ Lat./Ex. ↓ TPS ↑ Avg Tokens ↓
Qwen3-VL-4B

Vanilla 27:51:28 18.6G 61.29 127.27s 19.30 2419.4
FastV 26:07:27 14.6G 32.23 119.35s 24.99 2931.7
FastV + DSTP 22:26:49 15.1G 52.54 102.55s 24.11 2412.7

InternVL-3.5-8B
Vanilla 2:34:53 28.9G 42.00 11.79s 31.55 377.3
FastV 2:00:03 25.2G 21.57 9.14s 34.46 296.8
FastV + DSTP 2:11:12 26.3G 40.22 9.99s 33.79 227.8

Sec. N, we provide additional experiments demonstrating the potential of DSTP
to further enhance computational efficiency.

6 Related Works
We report a more comprehensive discussion of related works in Sec. O.
Visual Token Pruning for MLLMs. To mitigate the computational bot-
tlenecks of MLLMs, visual token pruning has evolved into two main streams:
training-based and training-free. Training-based methods (e.g., LLaVolta [9],
ZipR1 [8], VCM [35]) incorporate learnable modules to enforce sparsity but
incur significant overhead. Consequently, training-free methods have gained
prevalence, utilizing three primary strategies: (1) Vision-Encoder Based: LLaVA-
PruMerge [41] and VisionZip [52] utilize encoder-side features like [CLS] attention
or CLIP-generated scores. (2) LLM-Based: FastV [10], ZipVL [15], and PDrop [51]
prune based on internal LLM attention, while DivPrune [1] treats pruning as
a diversity maximization problem. (3) Cross-Modal: SparseVLM [60] and Spar-
seVILA [20] leverage query-aware interactions to guide sparsification. Notably,
SparseVILA performs retrieval only at the start of each decoding session per
question in multi-turn conversation, without updating the token set within a
single answer. In contrast, DSTP updates visual tokens within a single generation,
precisely at the steps where visual relevance shifts.
Evaluation of Visual Token Pruning. Recent benchmarks like LLMC+ [36]
and UniPruneBench [38] have critically re-examined token pruning metrics,
revealing that high pruning ratios often cause severe degradation in detail-
sensitive tasks. While existing methods successfully accelerate inference, they
frequently discard crucial visual cues required for deep understanding. Our
research specifically targets complex visual reasoning, aiming to preserve and
effectively retrieve critical information lost in static token pruning, thereby
achieving robust reasoning performance without sacrificing efficiency.

7 Conclusion
In this paper, we identify Relevant Visual Information Shift (RVIS) as a critical
failure driver in static pruning methods during complex reasoning. To address
this, we propose DSTP, a training-free, add-on framework that adaptively aligns
visual tokens with the model’s shifting focus throughout the decoding stage,
significantly mitigating performance degradation with minimal overhead.
We believe this work provides a novel perspective by demonstrating that visual
token pruning must move beyond the prefill stage to account for RVIS during
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decoding. Our findings underscore that addressing these decoding-stage dynamics
is essential for ensuring reasoning integrity while sustaining the efficiency benefits
of pruning.
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