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Abstract

Large Language Models (LLMs) extended to multi-modal
inputs have led to Multi-modal LLMs (MLLMs) that per-
form strongly on vision-language tasks. Recent MLLMs
adopt multi-resolution inputs to capture both global con-
text and local details, but this substantially increases vi-
sual tokens and computational cost. Existing pruning
methods reduce redundancy but are designed for single-
resolution settings, overlooking the characteristics of multi-
resolution tokens. We observe two key properties: to-
kens from different resolutions follow distinct distributions
of information content, and tokens across resolutions ex-
hibit mutual complementarity, such that pruning one type
can often be compensated by the other. Based on this
observation, we propose Multi-Resolution Token Pruning
method (MR-Pruner), a training-free, graph-based prun-
ing framework for multi-resolution MLLMs. MR-Pruner
incorporates three components—Intra-resolution, Cross-
resolution Token Scoring, and Informativeness-aware To-
ken Pruning—that adaptively allocate pruning ratios and
facilitate information propagation across resolutions. Ex-
periments on eight benchmarks show that MR-Pruner
achieves superior efficiency-performance trade-offs. For
example, when only 10% of the visual tokens are re-
tained, it leads to an average performance degradation of
3.6%. For reproducibility, the source code is available at
https://github.com/gooriiie/MR-Pruner.

1. Introduction

Large Language Models (LLMs) [4, 7, 25, 26] have
achieved remarkable progress in recent years, exhibiting
strong performance across a broad spectrum of natural lan-
guage tasks. Building upon these advances, researchers
have extended LLMs to multi-modal inputs, leading to
the development of Multi-modal Large Language Models
(MLLMs) [2, 13, 24, 29, 32]. These models are particularly
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Figure 1. (a) Overview of existing single-resolution pruning meth-
ods, where low- and high-resolution tokens share the identical
pruning strategy. (b) Overview of MR-Pruner, which applies dis-
tinct pruning strategies and ratios to different resolutions.
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impactful in diverse and complex vision-language tasks.

In these tasks, visual features are extracted by a vision
encoder and projected into the semantic space of LLMs
to be jointly processed with text. However, although this
paradigm effectively equips LLMs with visual grounding,
extracting features from entire images poses significant
challenges in capturing fine-grained details. To mitigate
these, recent works [6, 17, 20, 31] have explored process-
ing images at higher resolutions and partitioning them into
multiple regions. Such designs enable MLLMs to capture
both global context and local details. However, this comes
at a considerable computational cost: the number of vi-
sual tokens, which already greatly exceeds textual inputs,
increases further as multiple resolutions are increased.

To alleviate this inefficiency, token pruning has been pro-
posed to discard redundant visual tokens while retaining
those most relevant to the task. Existing approaches [3, 15,



TextVQA MMB-EN
low low
300
> high | 600 high
c c
$200 3 400
o o
Qo o
& 100 =200
0 P
15.0 175 20.0 22.5 25 150 175 20.0 22.5

Token Information Token Information

(a) Comparison of informativeness.

11
High-resolution token

Low-resolution token

Original Image

Question: What word is printed
under "interior design” on the
book in the middle?

Answer: Inspiration

a

Figure 2. Properties of visual tokens from different resolution.

(b) Example of mutual complementarity.

21, 28] typically estimate token importance and remove to-
kens deemed less significant. These methods are typically
designed for single-resolution settings and tend to overlook
the distinct characteristics of visual tokens extracted from
multiple resolutions. We observe that the tokens extracted
from different resolutions exhibit two key properties: (1)
Distinct informativeness distributions. Tokens from differ-
ent resolutions show different distributions of informative-
ness, which is typically quantified by metrics such as atten-
tion weights or the L2-norm of tokens [5, 12]. As shown
in Figure 2a, across both the TextVQA [23] and MMB-
EN [18] datasets, low-resolution tokens generally exhibit
higher information content than high-resolution tokens. (2)
Mutual complementarity. Tokens from different resolutions
also exhibit a complementary nature. As illustrated in Fig-
ure 2b, even when only one type of token is retained—either
high- or low-resolution—the model can still answer cor-
rectly in certain cases. This suggests that tokens from dif-
ferent resolutions can effectively compensate for each other.

Based on these observations, we introduce two prun-
ing strategies that are tailored to efficiently handle complex
multi-resolution settings: (1) Informativeness-aware prun-
ing ratio. Since tokens from different resolutions contain
varying levels of information, we adaptively assign prun-
ing ratios according to their informativeness. Tokens from
resolutions with relatively higher information content are
preserved more aggressively, while tokens from less in-
formative resolutions are pruned more heavily. (2) Cross-
resolution preservation. If a region is pruned from one reso-
lution, the corresponding area is preserved in the other reso-
lution to prevent the simultaneous loss of token information.
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To realize these strategies, we propose Multi-Resolution
Token Pruner (MR-Pruner), a lightweight, training-free,
graph-based token pruning method designed as a flexi-
ble plug-in module for multi-resolution MLLMs. The
framework is constructed of three components: Intra-
resolution Token Scoring, Cross-resolution Token Scor-
ing, and Informativeness-aware Token Pruning. In Intra-
resolution Token Scoring, we model the relationships be-
tween tokens within the same resolution by constructing an
Intra-resolution Token Graph. Through information prop-
agation within this graph, the importance of tokens can
be measured without explicitly relying on resolution dif-
ferences, which provides a basis for identifying represen-
tative tokens within each resolution. In Cross-resolution
Token Pruning, we explicitly model the relationships be-
tween tokens from different resolutions by constructing a
Cross-resolution Token Graph. This graph enables infor-
mation propagation from pruned tokens in one resolution
to their corresponding regions in the other, thereby ensur-
ing that complementary information is retained across res-
olutions. In Informativeness-aware Token Pruning, we ex-
ploit the distinct distributions of informativeness across res-
olutions. By assigning pruning ratios adaptively according
to token informativeness, the framework preserves a larger
proportion of tokens from more informative resolutions.

To evaluate the effectiveness of MR-Pruner, we integrate
it into LLaVA-NeXT [17], which is a widely-used famous
multi-resolution MLLM, and conduct experiments on eight
real-world benchmark datasets. Our observations show that
MR-Pruner substantially reduces the computational cost
of MLLMs, while achieving consistently superior perfor-
mance compared to existing state-of-the-art methods. In
addition, MR-Pruner demonstrates faster or comparable
throughput compared to existing baselines, thereby validat-
ing its efficiency as well as its effectiveness. For example, in
the 90% pruning scenario, MR-Pruner achieves an average
degradation of 3.6% in performance.

The main contributions of our work can be summarized
as follows:

We propose MR-Pruner, a novel training-free and plug-
in framework for multi-resolution MLLMs that leverages
graph-based token pruning methods.

‘We introduce three components—Intra-resolution, Cross-
resolution Token Scoring, and Informativeness-aware To-
ken Pruning—to address distributional differences and
mutual complementarity across resolutions.

We design a Cross-information Propagation mechanism
that propagates information between tokens across reso-
lutions, thereby preventing the simultaneous removal of
complementary tokens.

We conduct extensive experiments on eight real-world
benchmark datasets, demonstrating that MR-Pruner
achieves superior efficiency-performance trade-offs.



2. Related Works

2.1. Multi-modal Large Language Models

Large Language Models (LLMs) such as GPT-3 [4] and
LLaMA [25] have shown strong generalization in text-
only tasks, inspiring their extension to multi-modal set-
tings. Early MLLMs, including BLIP-2 [13], MiniGPT-
4 [32], Qwen-VL [2], and Flamingo [1], aligned visual
features from frozen vision encoders with LLMs through
lightweight projection or cross-attention modules, enabling
effective performance on tasks like visual question answer-
ing and captioning. These approaches established a sim-
ple but powerful pipeline that could scale with larger back-
bones and instruction datasets. To handle fine-grained
reasoning, recent models increased image resolution and
adopted multi-resolution inputs. LLaVA [16] introduced
visual instruction tuning, while LLaVA-NeXT [17] parti-
tioned images into regions for multi-resolution processing.
InternVL [6] further scaled this design with diverse aspect
ratios and higher resolution patches. Although effective,
these approaches substantially expand the number of vi-
sual tokens, creating severe redundancy and high compu-
tational cost. This motivates token pruning as an input-level
compression strategy, which directly reduces the visual se-
quence length while preserving semantic grounding.

2.2. Token Pruning

Token pruning has been widely studied in Vision Trans-
formers (ViTs) [8] to accelerate inference. In MLLMs,
the presence of more layers and higher computational de-
mands compared to standard ViTs makes token pruning
particularly effective. To this end, existing methods pro-
posed strategies to eliminate redundant or unnecessary vi-
sual tokens. For example, DynamicViT [21], EViT [15],
and Evo-ViT [28] reduce the number of tokens in ViTs,
but require additional training to preserve performance af-
ter pruning. Since this leads to significant extra compu-
tational costs, recent studies have explored training-free
approaches. ToMe [3] merges highly similar token pairs
through weighted averaging to remove redundancy, while
FastV [5] discards tokens with lower scores based on the
cross-attention weights from intermediate layer outputs.
PruMerge [22] exploits the sparsity of attention between
class and visual tokens to adaptively select and merge in-
formative tokens. Zero-TPrune [27] regards the attention
weights as a graph to retain the most important tokens, and
G-Prune [12] models the relationships between visual to-
kens as a graph to estimate their importance. However,
these methods only consider single-resolution tokens and
thus fail to capture the characteristics of multi-resolution
tokens. To address this limitation, this paper focuses on a
training-free, graph-based token pruning approach that in-
corporates the properties of multi-resolution tokens.
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3. Method

In this section, we describe MR-Pruner, a graph-based token
pruning method designed for multi-resolution MLLMs. As
illustrated in Figure 3, MR-Pruner consists of three com-
ponents: Intra-resolution Token Scoring, Cross-resolution
Token Scoring, and Informativeness-Aware Token Prun-
ing. The Intra-resolution Token Scoring measures the im-
portance of tokens within the identical resolution token
type through Intra-information Propagation in the Intra-
resolution Token Graph. The Cross-resolution Token Scor-
ing estimates the importance of tokens within the differ-
ent resolution token types by leveraging Cross-information
Propagation in the Cross-resolution Token Graph. Finally,
Informativeness-Aware Token Pruning leverages the differ-
ences among tokens extracted from different resolution to
dynamically adjust their pruning ratios. The overall pro-
cedure of MR-Pruner is presented in Algorithm 1, and we
provide further details in the following subsection.

3.1. Intra-resolution Token Scoring

In order to model the relationships among visual tokens
of identical resolution through a Intra-resolution Token
Graph, we follow the graph construction strategy of the
prior method. However, in contrast to the prior approach,
information propagation within the Intra-resolution Token
Graph is executed only once instead of iteratively, thereby
reducing computational overhead.

Intra-resolution Token Graph. Suppose we are given a
set of visual tokens X € RY*4 where N and d denote the
number and dimension of visual tokens. We construct an
Intra-resolution Token Graph for tokens that share the iden-
tical resolution. The set of visual tokens X consists of a
high-resolution subset X7 € RV»*9 and a low-resolution
subset X € RV1*4 where N}, and N; denote the number
of high-resolution tokens and low-resolution tokens, respec-
tively, and their sum equals N. To model the relationships
among similar visual tokens, we construct an adjacency ma-
trix A € RN»XNnr a5 follows:

H _
-

where ¢ and j denote the indices of visual tokens, cos(-, -)
represents the cosine similarity, and s, is the threshold used
to sparsify the Intra-resolution Token Graph. The adjacency
matrix AX € RN XNt for the low-resolution subset is con-
structed using the same procedure.

Intra-information Propagation. To evaluate token impor-
tance, we utilize information propagation within the Intra-
resolution Token Graph. Although the importance of a to-
ken can be estimated from its own informativeness, lever-
aging information from neighboring tokens yields a more
reliable assessment. Specifically, the constructed Intra-

COS(Xf{,Xf), cos(XfI,Xf) > Sa,

0. ey

otherwise,
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Figure 3. The overview of MR-Pruner. MR-Pruner can be seamlessly integrated into multi-resolution MLLMs as a plug-in method to
reduce redundant visual tokens. It identifies token importance through Intra-resolution and Cross-resolution Token Scoring, and applies
Informativeness-aware Token Pruning to adaptively determine pruning ratios.

resolution Token Graph enables information propagation
between tokens of the same resolution to measure their in-
formativeness. To define the informativeness I/ € RV»*1
of each token, we apply the L2-norm of its feature, formu-
lated as follows:

2

where X/1 represents the k-th feature component of the i-th
token. The initialized token information is then propagated
through the graph, and the intra-resolution token score vec-
tor S € RN»*1 within the graph is computed as follows:

S — A (3)

where S reflects not only the information of the token
itself but also that of its neighbors, and it serves as the
basis for pruning. The intra-resolution token score vector
SE e RNi*1 for the low-resolution subset is computed in
the same way.

3.2. Informativeness-aware Token Pruning

Informativeness-aware Pruning Ratio. Prior works
pruned tokens uniformly without considering resolution.

1087

However, as shown in Figure 2a, token informativeness
varies across resolutions, which implies that incorporating
resolution-aware pruning strategies could be beneficial for
performance preservation. To this end, we compute the av-
erage information of each token type and assign the pruning

ratio proportionally. Let 1" and T denote the mean infor-
mation scores of the high-resolution and low-resolution to-
ken types, respectively. Given the total number of tokens
to retain, denoted as K, the informativeness-aware pruning
ratio is determined as:

TH

—I°

KT =K.
17 +1

Kfr=K-K" @

where K and K represent the number of preserved to-
kens for the high-resolution and low-resolution token types,
respectively. In this way, token types with higher infor-
mation scores retain more tokens, while those with lower
scores are pruned more aggressively. This strategy allows
the pruning process to better reflect the inherent informa-
tion distribution across resolutions.

Token Pruning. Let S” denote the final scores of high-
resolution tokens and S” those of low-resolution tokens.
We define S” as the combined score of S” and the cross-



resolution token score introduced in Section 3.3. Based on
these definitions, the pruning process is as follows:

R = argmax SH,
IC{1.2,.. . Np},|TI=K" 7 )
L oL
R* = argmax S,

Ic{1,2,....N},|Z|=K" je1

where R and R* denote the indices of the retained to-
kens for each type. The pruning process is performed se-
quentially rather than simultaneously. The high-resolution
tokens are pruned first, and the low-resolution tokens are
pruned afterwards.

3.3. Cross-resolution Token Scoring

Cross-resolution Token Graph. By giving high scores
to low-resolution tokens corresponding to pruned high-
resolution tokens, the model can better exploit the mutual
complementarity between tokens. To this end, we propa-
gate the information of the pruned high-resolution tokens to
semantically similar low-resolution tokens, thereby enhanc-
ing their importance scores. Specifically, given the indices

R of the the remaining high-resolution tokens after prun-

,pruned c R|PH | xd

ing, the pruned tokens X are defined as

follows:
PH ={1,2,...,N,}\ R¥,

XH,pruned — {Xf‘l ‘ = PH }

(6)
)

We build a Cross-resolution Token Graph to capture the
relationships between the pruned high-resolution tokens
and the low-resolution tokens, the adjacency matrix A© €

H
RV [P g generated as follows:

Af = {
3

where ¢ and j denote the indices of visual tokens, and s, is
the threshold for sparsifying Cross-resolution Token Graph.
Cross-information Propagation. To enhance the impor-
tance of low-resolution tokens associated with regions sim-
ilar to the pruned high-resolution tokens, we perform Cross-
information Propagation, propagating the information from
the pruned tokens. From the informativeness I” obtained
in Section 3.1, we propagate only the portion I7-Pruned <

H
COS(XZL, X -pruned

L~ L H ,pruned
J )7 Cos (Xz ) X
0,

J ) = Se,

otherwise,

H .
RIP7[x1 corresponding to the pruned tokens to the low-
resolution tokens. The cross-resolution token score vector
S¢ e RN1*1 is computed as follows:

C C1H,pruned
SC — AC[Hpruned

9

where I7'Pred g o pruned version of I7. The cross-

resolution token score vector propagated from the pruned
high-resolution tokens is integrated with the intra-resolution
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Algorithm 1 MR-Pruner: Multi-Resolution Token Pruning

Input: High-resolution tokens X7 & RM*d  Low-
resolution tokens X* € RM *d Number of tokens to retain
K, similarity threshold s, s., balancing factor .

Output: Indices of selected tokens R, R,

1: forr € {H,L} do

N
N, ifr=1L

3: fori,7 =1to N do
4: Al < cos(X[,X7) - 1{cos(X}, X}) > s}
5: end for

6: fori=1to N do

e X

8: end for

9: ST AT
10: end for

1

. H .
1: K" + K i
122 KV « K — K"
130 RH < argmaxzc(1,. N}, [T|=KH D iet sH
14: P2« {1,2,... N} \ RH
15: XHpruned o H ;o pH Y
16: fori = 1to Nz, j = 1to|P|do
17: Aicj « cos(XF, Xf’pr“md) . 1{cos(Xf7Xf’pr”ned) > 5.}
18: end for
19: [Hpruned o f7H o pHY
20: SC (_ACIH,pruned
21 8" st 4 a-8°
22: RV« argMaxXzc (1.2, N}, |Z|=K"- D icT Sf
23: return R, RY

token score vector to derive the final low-resolution token
score vector. At this stage, we allow the impact of the cross-
resolution token score vector on the overall token impor-
tance to be adjusted as follows:

cL

S"=s"+a-s. (10)
The final score vector reflects both the informativeness of
the low-resolution tokens and the borrowed informativeness
from the pruned high-resolution tokens. We select the im-
portant low-resolution tokens based on this score vector.

4. Experiments

4.1. Datasets

We conduct experiments on eight widely-used MLLMs
benchmark datasets to evaluate the effectiveness and effi-
ciency of MR-Pruner. Specifically, we report results on
GQA [11] for real-world visual reasoning, VQA2.0 [10]
for general visual question answering, MME [9] for com-
prehensive multi-modal evaluation, POPE [14] for object



Table 1. Comparison with existing methods on MLLMs benchmark datasets. The bold text indicates the best performance for each dataset
at the same pruning ratio. Throughput denotes the number of processed samples per second (samples/sec).

Method Pruning Ratio GQA VQA 2.0 MME POPE MMB-EN MMB-CN TextVQA SQA-IMG Throughput

Upper Bound Model
LLaVA-NeXT-8B 0% 65.38 8270 1587.72 87.84 72.08 67.18 65.41 73.43 1.46

Single-resolution Pruning Methods

50% 6495 81.61 160543 86.47 70.27 63.83 58.21 73.48 2.25 (1.54x)
Random 70% 64.22 80.17 1576.33 84.98 69.42 61.34 49.48 73.53 2.36 (1.61x)
90% 60.55 7423 1475.07 79.63 61.77 51.46 31.73 72.43 2.54 (1.74x)
50% 65.07 81.82 1566.60 87.56 70.88 64.43 59.07 72.52 0.59 (0.41x)
ToMe 70% 64.07 80.56 1564.36 87.33 68.21 61.91 52.19 70.88 0.64 (0.44x)
90% 59.72 7636 1453.13 84.29 61.77 53.14 38.36 69.98 0.72 (0.49x)
50% 65.11 82.51 1604.14 87.51 71.82 65.91 65.15 72.85 2.07 (1.41x)
FastV 70% 64.34 81.83 1600.83 87.08 68.35 62.56 63.08 71.50 2.19 (1.50x)
90% 60.20 77.21 1488.16 83.01 67.23 56.91 53.53 69.41 2.25 (1.54x)
50% 65.25 82.54 1623.27 87.76 71.91 66.15 65.17 73.53 2.13 (1.45%)
G-Prune 70% 64.37 8191 1604.86 87.69 70.19 63.74 63.87 72.58 2.26 (1.54x)
90% 6140 77.51 1456.14 84.49 67.27 58.59 59.31 71.74 2.31 (1.58x)
Multi-resolution Pruning Method
50% 65.31 82.62 1597.31 87.91 72.16 65.98 64.76 73.87 2.24 (1.53x)
MR-Pruner 70% 64.88 82.10 1595.79 87.80 70.96 65.12 64.13 73.62 2.35 (1.60x)
90% 62.32 7847 1530.87 85.97 68.04 60.14 60.90 72.68 2.52 (1.72x)
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Figure 4. Performance comparison of MR-Pruner and other pruning methods under different FLOPs reductions.

hallucination, MMB-EN [18] and MMB-CN [ 18] for multi- additional training. As our method is designed for multi-
lingual multi-modal understanding in English and Chinese, resolution MLLMs, we employ the LLaVA-NeXT-8B [17]
TextVQA [23] for text-oriented VQA, and SQA-IMG [19] model. To ensure fair comparison and implementation, we

for science question answering with image-based reason- employ LMMs-Eval [30], a widely-used toolkit that en-
ing. These datasets cover diverse tasks, allowing us to com- ables unified evaluation of MLLMSs across diverse datasets
prehensively validate the robustness of MR-Pruner. All ex- and models. For the specific experimental setup, we set
periments are conducted the default settings and evaluation the threshold s, for constructing the Intra-Resolution To-
metrics of each dataset to ensure a fair comparison. ken Graph to 0.5 and the threshold s. for constructing the

Cross-Resolution Token Graph to 0.5. The balancing factor
«, which regulates the contribution of the cross-information
We propose MR-Pruner as a plug-in module that can be token score, is set to 0.3. All experiments are conducted on
seamlessly integrated into pre-trained MLLMs without any a single NVIDIA H100 80G GPU.

4.2. Implementation Details
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Table 2. Comparison with existing methods in extreme pruning
scenario (95% pruning ratio).

Method | GQA' MMB-EN MME  TextVQA
FastV 55.10 59.01 1301.74  49.10
G-Prune | 56.42 59.11 1299.95 52.15
MR-Pruner | 56.81 62.29 1312.11 54.47

Table 3. Effect of each component in MR-Pruner.

IR | CR | IA| GQA POPE TextVQA SQA-IMG
X | x| X |6087 8221  43.26 70.94
X | v | v/ |61.08 8394 5415 7136
/| x| v | 6190 8511 6021 72.23
/| /| x| 6126 8447 5953 71.94
/| v v 6232 8597 60.90 72.68

4.3. Experimental Results

Main results. Table | presents a comparative evalua-
tion of MR-Pruner against four existing pruning meth-
ods—Random, ToMe, FastV, and G-Prune—on LLaVA-
NeXT-8B under pruning ratios of 50%, 70%, and 90%.
Across all methods, including our own, pruning 50% or
70% of visual tokens retains competitive performance de-
spite a substantial reduction in input token size. However,
performance deteriorates considerably as the pruning ra-
tio increases. ToMe and FastV generally outperform ran-
dom pruning across most benchmarks. In particular, FastV
achieves the best result among all methods on the TextVQA
dataset, with only a 0.26% accuracy drop under the 50%
pruning setting. This suggests that its pruning strategy
based on attention scores is highly effective in preserving
task-relevant tokens. G-Prune, on the other hand, shows
the strongest performance on MME at 50% and 70% prun-
ing as well as on MMB-CN at 50% pruning. We attribute
this to its iterative information propagation, which enables
more accurate identification of salient tokens. MR-Pruner
consistently achieves the best results across most datasets
and pruning levels. Notably, it attains 73.87 and 73.62 on
SQA-IMG at 50% and 70% pruning, respectively, and pre-
serves robust performance on more challenging benchmarks
such as MME and MMB-CN at 90%, reaching 1530.87 and
60.14. These results demonstrate that the Cross-resolution
Token Scoring and Informativeness-aware Token Pruning
effectively safeguard performance in multi-resolution sce-
narios. MR-Pruner also achieves the highest throughput
among existing pruning methods, excluding random prun-
ing. We attribute this advantage to its ability to reduce the
temporal overhead of the iterative information propagation
required by G-Prune, while efficiently exploiting the mutual
complementarity across different resolutions at lower cost.

Figure 4 shows the performance changes of the base-
line model and our method with respect to FLOPs reduc-
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Figure 5. Visualization of the effect of Cross-resolution Token
Scoring. The left shows the intra-resolution token scores, the
middle presents the final scores obtained by combining intra- and
cross-resolution token scores, and the right highlights the differ-
ence between the final and intra-resolution scores.

tion across four benchmark datasets. As expected, all meth-
ods exhibit performance degradation as the pruning ratio
increases. However, the trend of degradation varies signif-
icantly across methods. FastV shows the steepest decline,
particularly on TextVQA where accuracy drops below 53%
at 90% pruning. G-Prune demonstrates more robust perfor-
mance, consistently outperforming FastV across all bench-
marks, especially at higher pruning levels. Notably, MR-
Pruner achieves the best results, maintaining accuracy clos-
est to the baseline across different pruning ratios. These re-
sults indicate that the proposed method provides strong re-
silience to performance degradation under reduced FLOPs.

Extreme pruning scenario. We further evaluate all meth-
ods under an extreme pruning ratio of 95%, as summarized
in Table 2. In this challenging scenario, both FastV and G-
Prune suffer from severe performance drops across bench-
marks. For instance, FastV records only 49.10 on TextVQA
and 55.10 on GQA, while G-Prune achieves a slight im-
provement with 52.15 and 56.42, respectively. In contrast,
MR-Pruner consistently exhibits the best performance in all
datasets. In particular, MR-Pruner demonstrates stronger
performance retention than existing methods on MMB-EN,
MME, and TextVQA. Although a performance drop is in-
evitable when only 5% of the visual tokens are retained,
the results confirm that our method removes tokens more
effectively than previous approaches. These results high-
light the robustness of our multi-resolution pruning strategy,
demonstrating its ability to preserve critical visual informa-
tion even when only a small fraction of tokens is retained.

Ablation study. As shown in Table 3, we evaluate the
contribution of each component: Intra-resolution Token
Scoring (IR), Cross-resolution Token Scoring (CR), and
Informativeness-aware Token Pruning (IA). Specifically, re-
moving IR means that token importance within the same
resolution is measured solely by the L2-Norm without intra-
resolution propagation. Removing CR means eliminat-
ing cross-resolution propagation, so that no information is
transferred across different resolutions and pruning is per-
formed solely based on token importance within the same
resolution. Finally, removing IA implies that pruning ratios
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Question: What hockey team is the
man a fan of?

G-Prune: Maple leaf

MR-Pruner: Toronto

Figure 6. Examples of token pruning results of G-Prune and MR-Pruner. The left side shows the pruning results of low-resolution tokens,
while the right side presents the pruning results of high-resolution tokens.

are no longer adaptively adjusted according to informative-
ness across resolutions, but are instead applied uniformly.
When all proposed components are removed, we obtain the
worst performance, indicating that relying solely on the L2-
norm of tokens is insufficient for effective pruning. Further-
more, performance degradation is also evident when either
IR or CR is removed, suggesting that information propa-
gation within the same resolution as well as across differ-
ent resolutions is essential. Specifically, we observe that
propagating information from pruned high-resolution to-
kens is beneficial for selecting informative low-resolution
tokens. Removing IA similarly results in performance
drops, demonstrating that appropriate pruning ratios across
tokens from different resolutions are crucial for maintaining
performance. Finally, the best results are achieved when all
proposed components are combined, confirming the effec-
tiveness of our method in multi-resolution settings.

Visualization. As shown in Figure 5, we qualitatively
evaluate the effectiveness of Cross-resolution Token Scor-
ing through real-world examples, illustrating its impact in
practice. To answer the given question, tokens correspond-
ing to the word (“data”) must be preserved. The intra-
resolution token score for the region is not low but does
not rank the highest. When the cross-resolution token score
is incorporated, the final score of this region increases no-
ticeably. To make this effect clearer, we visualize the score
difference between the two settings, where the region ex-
hibits a significant increase. These results indicate that
Cross-resolution Token Scoring effectively guides the prun-
ing process by retaining critical tokens.
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Case study. To further illustrate the effectiveness of MR-
Pruner, we present qualitative examples comparing it with
G-Prune. As shown in Figure 6, both G-Prune and MR-
Pruner prune certain high-resolution tokens that are neces-
sary for answering the question. However, G-Prune also re-
moves the corresponding low-resolution tokens, leading the
model to fail in producing the correct answer. In contrast,
MR-Pruner preserves these regions in the low-resolution to-
kens, enabling the MLLMs to correctly respond. This result
highlights the effectiveness of Cross-resolution Token Scor-
ing in leveraging the mutual complementarity between to-
kens of different resolutions in multi-resolution settings.

5. Conclusions

In this work, we present MR-Pruner, a novel training-
free, graph-based token pruning framework for multi-
resolution MLLMs. Unlike prior single-resolution meth-
ods, MR-Pruner accounts for both the distinct informa-
tiveness and complementarity of tokens across resolutions.
By combining Intra- and Cross-resolution Token Scor-
ing with Informativeness-aware Pruning, it adaptively al-
locates pruning ratios and propagates information to pre-
serve critical visual content. Experiments on eight bench-
mark datasets show that MR-Pruner achieves superior ef-
ficiency—performance trade-offs. Under extreme pruning
scenarios and qualitative analyses, it also proves more ro-
bust and effective than existing methods. For future work,
we aim to extend MR-Pruner to more than two visual res-
olutions and develop robust strategies for extreme pruning
scenarios (e.g., 95%) in highly constrained environments.
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