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Abstract

Large Vision-Language Models (VLMs) exhibit impressive
multi-modal capabilities but suffer from prohibitive compu-
tational and memory demands, due to their long visual token
sequences and massive parameter sizes. To address these is-
sues, recent works have proposed training-free compression
methods. However, existing efforts often suffer from three
major limitations: (1) Current approaches do not decompose
techniques into comparable modules, hindering fair evalua-
tion across spatial and temporal redundancy. (2) Evaluation
confined to simple single-turn tasks, failing to reflect perfor-
mance in realistic scenarios. (3) Isolated use of individual
compression techniques, without exploring their joint poten-
tial. To overcome these gaps, we introduce LLMC+, a com-
prehensive VLM compression benchmark with a versatile,
plug-and-play toolkit. LLMC+ supports over 20 algorithms
across five representative VLM families and enables system-
atic study of token-level and model-level compression. Our
benchmark reveals that: (1) Spatial and temporal redundan-
cies demand distinct technical strategies. (2) Token reduc-
tion methods degrade significantly in multi-turn dialogue and
detail-sensitive tasks. (3) Combining token and model com-
pression achieves extreme compression with minimal perfor-
mance loss. We believe LLMC+ will facilitate fair evaluation
and inspire future research in efficient VLM.

Code — https://github.com/ModelTC/LightCompress

1 Introduction
Recently, Large Language Models (LMMs) (Touvron et al.
2023; Liu et al. 2024a; Brown et al. 2020) have achieved
rapid advancements in Natural Language Processing (NLP),
which has become a significant milestone in the AI
revolution. This breakthrough has quickly extended to
vision modalities: mainstream Vision Language Models
(VLMs) (Liu et al. 2023, 2024b; Wang et al. 2024a; Chen
et al. 2024b) typically encode visual inputs into tokens
and unify multiple modalities within a shared embedding
space, demonstrating strong visual-language understanding
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and generation capabilities in various tasks (Singh et al.
2019; Antol et al. 2015; Hudson and Manning 2019).

However, their remarkable capabilities can be largely at-
tributed to two aspects: 1) The number of visual tokens of-
ten reaches hundreds or even thousands, dominating the in-
put. For example, images in LLaVA-NeXT (Li et al. 2024a)
are converted into 2,880 tokens. While in video streams or
high-resolution scenarios, the number of tokens increases
dramatically, further intensifying the computational costs. 2)
VLMs have massive memory footprints (e.g., billion-scale
parameters). Some large-scale VLMs, such as Qwen2.5-VL-
72B (Wang et al. 2024a), consume approximately 140GB of
memory for storage, becoming a major GPU memory bot-
tleneck during inference. These two issues constrain their
widespread application on resource-limited devices.

To effectively mitigate intractable computational and
memory overhead, several training-free compression works
have been proposed successively, which can be briefly clas-
sified into two fields: 1) token-level compression. These
methods typically reduce less salient visual tokens through
token reduction (Bolya et al. 2022; Chen et al. 2024a).
2) model-level compression. Their primary objective is to
squeeze model weights through techniques like quantiza-
tion (Gong et al. 2025b), network pruning (Sun et al. 2023),
and low-rank factorization (Wang et al. 2024b).

Nevertheless, three worrisome problems still appear in
current training-free compression research for VLMs. First,
existing methods often target different types of redundancy
(e.g., spatial or temporal) with distinct technical dimensions,
leading to a lack of fair comparison and in-depth analysis
across these dimensions. Second, these methods are lim-
ited to evaluation on general single-turn VQA tasks, lack-
ing comprehensive assessments on challenging and practi-
cal tasks. Third, they typically rely on a single compression
measure, without exploring the risks and potential of joint
multiple compression strategies.

To this end, this paper presents LLMC+, a VLM com-
pression benchmark with a versatile toolkit covering token-
level and model-level compression. Specifically, LLMC+
supports over 20 compression algorithms and five differ-
ent families of VLMs. 1) Based on LLMC+, we introduce
a novel token reduction taxonomy specifically for handling
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Figure 1: Illustration of our proposed powerful toolkit, LLMC+. Due to its high flexibility and versatility, we build a VLM
compression benchmark upon it and conduct an in-depth analysis.

spatial and temporal redundancy. We further distill their core
technical dimensions, covering metrics (attention-based vs.
similarity-based), solutions (merge vs. prune), and video
segmentation strategies (fixed vs. dynamic). Extensive exper-
iments are conducted along these dimensions, accompanied
by in-depth analysis. 2) Besides, we evaluate VLMs on prac-
tical task scenarios, such as multi-turn dialogue and detail-
sensitive tasks like OCR and DocVQA, to uncover potential
risks introduced by compression. 3) Finally, we combine to-
ken reduction and quantization to achieve extreme compres-
sion. We deploy quantized kernels on hardware to validate
real acceleration and memory saving. Our benchmark re-
veals that 1) Spatial and temporal redundancy require dis-
tinct core strategies to be handled effectively. 2) Token re-
duction methods suffer from non-trivial performance degra-
dation on practical tasks. 3) Combining multiple techniques
enables extreme compression with accuracy guarantees.

We emphasize that the contributions of our LLMC+ can
be summarized as follows:
• Versatile Toolkit. LLMC+ is the first plug-and-play com-

pression toolkit specifically designed for VLMs, support-
ing over 20 compression algorithms across five different
families of VLMs with flexible configuration.

• Modular Comparison. We construct a comprehensive
taxonomy for token reduction that comprises all core
technical modules, and conduct systematic evaluations
for each module to ensure fair comparison.

• Practical Evaluation. Our findings highlight flaws in cur-
rent evaluation practices and advocate for integrating
our proposed practical evaluations into future evaluation
standards.

• Best Practice. By following the modular guidelines pro-
posed in this paper and combining token reduction with
quantization, we achieve extreme compression.

2 LLMC+ Implementation
To enable comprehensive and fair comparison, we develop
a versatile compression toolkit for VLMs. We highlight sev-
eral key features in Fig. 1.

2.1 Various Algorithms and Models
LLMC+ supports a wide range of compression schemes,
which can be broadly categorized into two fields. The
first category includes 15 token reduction algorithms that
concentrate on accelerating inference speed. The second
category comprises model compression methods, cover-
ing 6 quantization algorithms, including both weight-only
and weight-activation quantization. Moreover, LLMC+ in-
tegrates VLMs from different families, ranging from tradi-
tional image-based VLMs to video-oriented ones, includ-
ing LLaVA-1.5 (Liu et al. 2023), LLaVA-NeXT (Li et al.
2024a), Qwen2.5-VL (Bai et al. 2025), Video-LLaVA (Lin
et al. 2023), and LLaVA-OneVision (Li et al. 2024a).

2.2 Flexible Configuration
The modular design of LLMC+ facilitates modality-aware
compression (e.g., Vision Tower and LLM), seamless inte-
gration of diverse compression techniques (e.g., token re-
duction and quantization), multi-turn dialogues, and conve-
nient configuration for latency/memory profiling and visual-
ization. LLMC+ enables developers to perform customized
analysis and compression tailored to their specific needs.

2.3 Benchmarks
LLMC+ is integrated with LMMs-Eval (Zhang et al. 2024a)
for evaluation. For image tasks, we conduct experiments
on nine widely used image understanding benchmarks,
including visual question answering benchmarks such as
GQA (Hudson and Manning 2019), ScienceQA (Saikh et al.
2022), TextVQA (Singh et al. 2019), and VizWiz (Bigham
et al. 2010), as well as multi-modal reasoning benchmarks
such as MMBench (Liu et al. 2024d), MME (Fu et al. 2023),
POPE (Li et al. 2023), OCRBench (Liu et al. 2024e), and
DocVQA (Tito, Karatzas, and Valveny 2023). For video
tasks, we select four standard video understanding bench-
marks: MVBench (Li et al. 2024b), LongVideoBench (Wu
et al. 2024), MLVU (Zhou et al. 2024), and VideoMME (Fu
et al. 2025). These benchmarks cover complex scenarios and
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Method Venue
Vision Language

Progressive
Prune Merge Prune Merge

ToMe ICLR 2023 ✗ S ✗ ✗ ✓

FastV ECCV 2024 ✗ ✗ A ✗ ✗

SparseVLM ICML 2025 ✗ ✗ A S ✓

PDrop CVPR 2025 ✗ ✗ A ✗ ✓

VisionZip CVPR 2025 A S ✗ ✗ ✗

VisPruner ICCV 2025 A+S ✗ ✗ ✗ ✗

DART EMNLP 2025 ✗ ✗ S ✗ ✗

DivPrune CVPR 2025 S ✗ ✗ ✗ ✗

MustDrop arXiv 2024 A S A ✗ ✗

HoliTom NeurIPS 2025 ✗ S ✗ S ✗

Table 1: Solutions for spatial redundancy. “A” and “S” de-
note attention- and similarity-based metrics, respectively.

Method Venue Segment Prune Merge

DyCoke CVPR 2025 F ✓ ✗

PruneVid ACL 2025 D ✗ ✓

FastVID NeurIPS 2025 D ✗ ✓

HoliTom NeurIPS 2025 D ✗ ✓

Table 2: Solutions for temporal redundancy. “F” and “D”
denote Fixed and Dynamic segmentation strategies.

varying durations, enabling a comprehensive evaluation of
effectiveness and generalization ability for these methods.

3 Dive into Token Reduction
In this section, we first present our taxonomy for address-
ing spatial and temporal redundancy (Sec. 3.1), which com-
prises two core technical aspects, respectively. For spatial
redundancy, we conduct experiments in the vision (Sec. 3.2)
and language components (Sec. 3.3) separately. For tempo-
ral redundancy, we distill a two-step pipeline and evaluate
key techniques at each step (Sec. 3.4).

3.1 Taxonomy
Token reduction primarily aims to eliminate redundancy
in visual inputs. While images exhibit spatial redundancy,
videos additionally contain temporal redundancy.

First, we present a taxonomy of methods designed to ad-
dress spatial redundancy, as demonstrated in Tab. 1. Based
on different perspectives, we divide them into the following
categories:
• Attention-based vs. Similarity-based metric. Attention-

based metrics typically rely on the question prompt or
the [CLS] token, while similarity-based metrics measure
the pairwise distance between tokens.

• Prune vs. Merge. Pruning discards insignificant visual to-
kens, whereas merging fuses them into other tokens.

Similarly, we categorize methods (see Tab. 2) addressing
temporal redundancy into the following types:
• Fixed vs. Dynamic segmentation. Fixed segmentation

partitions frames into segments of equal length, whereas
dynamic segmentation generates segments that may vary
in length.

• Prune vs. Merge. Similar to the above, but primarily ap-
plied to consecutive frames.

3.2 Token Reduction in Vision Tower
We report the detailed results of token reduction schemes
for Vision Tower in Tab. 3. It is worth noting that for each
row, like “VisionZip PA” indicates the use of an Attention-
based metric to Prune the unimportant tokens. We have
several key observations: (1) Prune-based methods gener-
ally outperform Merge-based ones in Vision Tower. For ex-
ample, three prune-based methods significantly outperform
“ToMe MS” by a large margin. (2) Similarity-based and
Attention-based metrics, such as VisionZip PA (Yang et al.
2025) and DivPrune PS (Alvar et al. 2025), exhibit only
trivial differences in accuracy for most settings. In detail,
[CLS] attention serves as a strong indicator of token impor-
tance within the encoder and has demonstrated superior per-
formance compared to other methods, as evidenced by its
adoption in several previous works (Yang et al. 2025; Zhang
et al. 2024b; Liu et al. 2024c). However, for some advanced
Vision Towers that cannot obtain [CLS] attention, such as
SigLIP (Zhai et al. 2023). We believe there are two possi-
ble solutions. The first is to apply a similarity-based token
pruning method, such as DivPrune PS (Alvar et al. 2025).
The second is to reintegrate the SigLIP head into the model
to generate [CLS] token, which incurs negligible computa-
tional overhead.

Besides, some methods apply token reduction in the shal-
low layers of Vision Tower. For instance, MustDrop MS (Liu
et al. 2024c) performs spatial merge with sliding windows in
the first layer of Vision Tower, while ToMe MS (Bolya et al.
2022) adopts a progressive token reduction strategy, where
tokens are gradually pruned layer by layer during forward
inference. To compare the impact of applying these methods
at different depths, we measure their performance when ap-
plied to either shallow or deep layers of Vision Tower. Tab. 4
shows that applying token reduction to shallow layers leads
to significant accuracy degradation, while offering slight im-
provements in prefill time. Therefore, we recommend per-
forming token reduction at the last layer of Vision Tower for
a better trade-off between efficiency and accuracy. However,
these methods are not applicable to models like Qwen2.5-
VL (Bai et al. 2025), because they occur before the model’s
built-in spatial token merger module.

3.3 Token Reduction in LLM
In contrast to text-agnostic token reduction methods applied
within Vision Tower, token reduction within the LLM of-
ten leverages the question prompt as guidance for identi-
fying important tokens. These methods typically perform
token reduction in the shallow layers of the LLM. For a
fair comparison, we implement all methods in our taxon-
omy (Tab. 1) at 5-th layer of the LLM during assessment.
The effectiveness of methods in LLM varies substantially

1The seven benchmarks include GQA, MMB EN, MME,
POPE, TextVQA, VizWiz VQA, and ScienceQA. Detailed results
are provided in the Appendix.
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Model Method Type Acc. Rel. Acc. Rel. Acc. Rel.
Upper Bound, 576 Tokens (100%)

Vanilla - 64.3 100% 64.3 100% 64.3 100%

192 Tokens (↓ 66.7%) 128 Tokens (↓ 77.8%) 64 Tokens (↓ 88.9%)

LLaVA-1.5-7B (Liu et al. 2024b)

VisionZip (Yang et al. 2025) PA 62.9 97.9% 62.1 96.7% 60.5 94.1%
VisPruner (Zhang et al. 2024b) PS 62.5 97.2% 61.3 95.4% 59.7 92.8%
DivPrune (Alvar et al. 2025) PS 62.9 97.8% 62.4 97.1% 60.9 94.7%
ToMe (Bolya et al. 2022) MS 61.6 95.8% 61.0 94.9% 59.2 92.1%
VisionZip (Yang et al. 2025) MS 60.8 94.5% 59.4 92.4% 56.3 87.5%
MustDrop (Liu et al. 2024c) MS 61.7 95.9% 59.3 92.3% 52.0 80.9%
VisionZip (Yang et al. 2025) PA+MS 62.9 97.9% 62.2 96.7% 60.4 93.9%

Upper Bound, ∼2880 Tokens (100%)
Vanilla - 68.6 100% 68.6 100% 68.6 100%

∼640 Tokens (↓ 66.7%) ∼320 Tokens (↓ 77.8%) ∼160 Tokens (↓ 88.9%)

LLaVA-NeXT-7B (?)

VisionZip (Yang et al. 2025) PA 66.8 97.3% 64.9 94.6% 62.2 90.6%
VisPruner (Zhang et al. 2024b) PS 64.9 94.6% 62.7 91.4% 59.6 86.8%
DivPrune (Alvar et al. 2025) PS 65.6 95.5% 63.8 93.0% 62.3 90.8%
VisionZip (Yang et al. 2025) MS 62.7 91.4% 60.1 87.6% 56.1 81.8%
MustDrop (Liu et al. 2024c) MS 64.9 94.5% 61.3 89.2% - -

Upper Bound, 100% Tokens
Vanilla - 79.3 100% 79.3 100% 79.3 100%

33.3% Tokens (↓ 66.7%) 22.2% Tokens (↓ 77.8%) 11.1% Tokens (↓ 88.9%)

Qwen2.5-VL-7B (Bai et al. 2025)

VisionZip (Yang et al. 2025) PA 77.9 98.2% 75.9 95.7% 70.7 89.2%
VisPruner (Zhang et al. 2024b) PS 76.8 96.8% 74.4 93.9% 68.8 86.7%
DivPrune (Alvar et al. 2025) PS 77.3 97.4% 75.6 95.3% 71.5 90.2%
VisionZip (Yang et al. 2025) MS 76.9 97.0% 74.6 94.1% 68.3 86.1%

Table 3: Average performance of different token reduction methods in Vision Tower across seven benchmarks1.

Method Type Acc. Rel. Prefill
Upper Bound, 576 Tokens (100%)

LLaVA-1.5-7B (Liu et al. 2024b) - 64.3 100% 27.3 ms

Retain 192 Tokens in Average (↓ 66.7%)
ToMe* (Bolya et al. 2022) MS 53.5 83.2% 16.6 ms
ToMe† (Bolya et al. 2022) MS 62.4 97.0% 16.6 ms
MustDrop* (Liu et al. 2024c) MS 58.8 91.4% 16.6 ms
MustDrop† (Liu et al. 2024c) MS 61.7 95.9% 16.6 ms

Retain 128 Tokens in Average (↓ 77.8%)
ToMe* (Bolya et al. 2022) MS 45.3 70.5% 15.8 ms
ToMe† (Bolya et al. 2022) MS 60.3 93.8% 16.0 ms
MustDrop* (Liu et al. 2024c) MS 54.2 84.3% 16.0 ms
MustDrop† (Liu et al. 2024c) MS 59.3 92.3% 16.2 ms

Table 4: Results of token reduction at different layers in Vi-
sion Tower. * and † denote merging in the first and last layer.

across model families. For instance, within the LLaVA fam-
ily, prune-based approaches (i.e., FastV PA (Chen et al.
2024a), SparseVLM PA (Zhang et al. 2024c), and DART
PS (Wen et al. 2025)) consistently outperform merge-based
schemes (e.g., HoliTom MS (Shao et al. 2025)). In contrast,
for Qwen2.5-VL, HoliTom MS (Shao et al. 2025) demon-
strates competitive performance. Token reduction methods
applied within the LLM typically introduce additional com-
putational overhead but tend to achieve better performance
compared to those applied in Vision Tower. For instance,
DART PS (Wen et al. 2025) can maintain nearly lossless
performance on LLaVA-1.5-7B even when preserving only
one-third of the visual tokens. This also highlights a key lim-
itation of attention-based metrics within the LLM. They tend
to assign higher attention scores to visual tokens that are spa-

Time

(a) Temporal Merge (b) Temporal Prune

Step 1

Step 2

1 1 2 22 2

Time

Figure 2: The pipeline of removing temporary redundancy
in the two steps.

tially closer to text tokens (Zhang et al. 2024b) (See in the
Appendix). Therefore, it is necessary to reconsider the use
of attention-based metrics for token reduction in LLM.

After comparing prune and merge algorithms in both
the vision and language components, we further investi-
gate whether combining token prune and merge can lead
to improved performance. Recent works (Yang et al. 2025;
Zhang et al. 2024c) usually follow a two-step pipeline to
integrate prune and merge: important tokens are first pre-
served through pruning, and then the remaining less infor-
mative contextual tokens are merged. Therefore, we select
a representative algorithm from each of the vision and lan-
guage parts for our experiments. As shown in Tab. 3 and
Tab. 5, the standalone prune method and the combination
(i.e., PA+MS) are compared. It can be observed that in most
cases, introducing merge in addition to pruning does not sig-
nificantly improve the model’s performance, and in some
settings, it even leads to slightly lower accuracy compared
to prune alone.
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Model Method Type Acc. Rel. Acc. Rel. Acc. Rel.
Upper Bound, 576 Tokens (100%)

Vanilla - 64.3 100% 64.3 100% 64.3 100%

192 Tokens (↓ 66.7%) 128 Tokens (↓ 77.8%) 64 Tokens (↓ 88.9%)

LLaVA-1.5-7B (Liu et al. 2024b)

FastV (Chen et al. 2024a) PA 62.4 97.1% 60.9 94.7% 56.8 88.3%
SparseVLM (Zhang et al. 2024c) PA 63.3 98.5% 62.4 97.1% 60.0 93.3%
DART (Wen et al. 2025) PS 63.7 99.0% 62.9 97.9% 61.4 95.5%
HoliTom (Shao et al. 2025) MS 61.5 95.6% 60.1 93.5% 57.5 89.4%
SparseVLM (Zhang et al. 2024c) PA+MS 63.2 98.2% 62.6 97.3% 60.5 94.0%

Upper Bound, ∼2880 Tokens (100%)
Vanilla - 68.6 100% 68.6 100% 68.6 100%

∼640 Tokens (↓ 66.7%) ∼320 Tokens (↓ 77.8%) ∼160 Tokens (↓ 88.9%)

LLaVA-NeXT-7B (?)

FastV (Chen et al. 2024a) PA 65.8 95.9% 61.7 89.9% 56.0 81.5%
SparseVLM (Zhang et al. 2024c) PA 66.9 97.5% 64.8 94.5% 61.3 89.2%
DART (Wen et al. 2025) PS 67.2 98.0% 65.2 95.0% 62.1 90.5%
HoliTom (Shao et al. 2025) MS 64.7 94.2% 61.5 89.6% 54.6 79.6%

Upper Bound, 100% Tokens
Vanilla - 79.3 100% 79.3 100% 79.3 100%

33.3% Tokens (↓ 66.7%) 22.2% Tokens (↓ 77.8%) 11.1% Tokens (↓ 88.9%)

Qwen2.5-VL-7B (Bai et al. 2025)

FastV (Chen et al. 2024a) PA 75.9 95.7% 72.5 91.4% 64.5 81.3%
SparseVLM (Zhang et al. 2024c) PA 77.6 97.9% 76.1 95.9% 72.0 90.7%
DART (Wen et al. 2025) PS 76.6 96.6% 74.6 94.1% 69.2 87.3%
HoliTom (Shao et al. 2025) MS 77.2 97.4% 75.0 94.6% 69.8 88.1%

Table 5: Average performance of different token reduction methods in LLM across seven benchmarks.

Method MR RR Segment Prefill MVBench LongVideoBench MLVU VideoMME Score %

Duration 16 sec 1∼60 min 3∼120 min 1∼60 min

Vanilla - 100% - 290.7ms 58.35 56.55 63.10 58.51 59.13 100.0%

Fixed 50% 56.2% 0 ms 164.7 ms 58.67 55.87 63.65 59.22 59.35 100.4%
PruneVid 50% 54.6% 3.3 ms 159.5 ms 58.45 55.80 62.76 58.70 58.93 99.7%
FastVID 50% 56.2% 2.5 ms 165.7 ms 58.35 54.90 62.98 59.00 58.81 99.5%

Fixed 80% 30.3% 0 ms 88.1 ms 57.98 54.37 60.79 58.18 57.83 97.8%
PruneVid 80% 27.7% 3.3 ms 82.5 ms 57.80 54.53 61.89 57.34 57.89 97.9%
FastVID 80% 30.3% 2.5 ms 88.1 ms 57.90 54.82 61.69 57.81 58.06 98.2%

HoliTom - 52.4% 35.5 ms 149.0 ms 57.70 56.17 63.42 59.33 59.16 100.1%
HoliTom - 68.9% 35.5 ms 199.6 ms 58.35 55.80 63.30 58.85 59.08 99.9%

Table 6: Comparison of four video segmentation methods on LLaVA-OneVision (Li et al. 2024a). Merge Rate (MR) denotes
the intra-segment merge ratio, whereas Retention Rate (RR) measures the overall token retention for an input. This also implies
that even with the same Merge Rate, different segment lengths will lead to varying Retention Rates.

3.4 From Image to Video

Although several token reduction methods for spatial redun-
dancy have been discussed in the aforementioned sections,
directly applying these solutions to video tasks overlooks a
key characteristic of video data that necessitates a rethink-
ing of traditional pruning strategies. Compared with images,
videos naturally introduce an additional form of consid-
erable redundancy: temporal redundancy. This redundancy
primarily arises from similar tokens in adjacent frames,
which fail to provide additional informative content. There-
fore, recent studies (Tao et al. 2025; Fu et al. 2024; Shao
et al. 2025; Huang, Zhou, and Han 2024; Shen et al. 2025)
aim to reduce such redundancy.

Specifically, these approaches tailored for videos mainly
follow a two-step paradigm (Fig. 2). In the first step, these al-
gorithms partition a video into temporally ordered segments

with high similarity, which often correspond to the same
scene. In the second step, they reduce unimportant visual
tokens within each segment while preserving informative
ones. The remainder of this section explores how to perform
these two steps to effectively reduce temporal redundancy.

First step: To thoroughly explore different segment par-
tition strategies, we summarize four representative meth-
ods, covering DyCoke (Tao et al. 2025), FastVID (Shen
et al. 2025), PruneVid (Huang, Zhou, and Han 2024), and
HoliTom (Shao et al. 2025). To ensure a fair comparison,
we apply a uniform merge strategy to highly similar tokens
within each segment after partitioning. In addition to report-
ing performance under comparable compression ratios, we
also provide the segmentation time and overall prefill time.

In Tab. 6, we report the detailed results of these schemes.
When the merge rate is relatively low (around 50%), all
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Method MVBench LongVideoBench MLVU VideoMME Avg.

Duration 16 sec 1∼60 min 3∼120 min 1∼60 min

DyCoke∗ 58.35 63.10 63.58 59.44 61.12
DyCoke† 58.23 63.10 62.99 58.74 60.77
PruneVid∗ 57.28 63.30 63.30 59.55 60.86
PruneVid† 56.58 63.31 63.31 59.40 60.65

Table 7: Comparison between Temporal Merge (superscript
∗) and Temporal Prune (superscript †).

methods achieve near-lossless performance, demonstrating
the substantial temporal redundancy inherent in video tasks.
As more tokens are merged, the fixed segmentation strategy
exhibits a noticeable drop in accuracy. In contrast, dynamic
segmentation methods such as PruneVid (Huang, Zhou, and
Han 2024) and FastVID (Shen et al. 2025) achieve better
performance while retaining the same or even fewer tokens.
In terms of segmentation latency, HoliTom incurs an addi-
tional overhead of 35.5ms largely due to its use of dynamic
programming to determine segment boundaries, which in-
troduces an O(n2) computational cost. In contrast, other dy-
namic segmentation methods (e.g., PruneVid, FastVID), re-
quire only 3.5ms and 2.5ms, making their latency negligible.

Second step: After obtaining high-quality segments, a
natural question arises: How can we eliminate the temporal
redundancy of consecutive frames within each segment? Dy-
Coke (Tao et al. 2025) preserves the visual tokens in the first
frame while pruning those in subsequent frames (Fig. 2 (b)),
whereas PruneVid (Huang, Zhou, and Han 2024) merges
similar tokens to reduce redundancy (Fig. 2 (a)). To com-
pare these two schemes, we conduct both temporal merge
and prune experiments for DyCoke and PruneVid.

Interestingly, we observe similar results for these two al-
gorithms (Tab. 7). Temporal merge outperforms temporal
prune (61.22 vs. 60.77 for DyCoke and 60.86 vs. 60.65 for
PruneVid). These findings indicate that merge may be more
suitable than prune for overcoming temporal redundancy.
The main reason is the high similarity between tokens at cor-
responding positions across consecutive frames within the
same segment. See the Appendix for details.

Finding 1. Spatial Redundancy: ➀ Vision Tower:
Similarity-based and Attention-based metrics per-
form comparably, while Prune generally outperforms
Merge. ➁ LLM: Sophisticated metrics and solutions
should be chosen to suit different scenarios. Temporal
Redundancy: Dynamic segment outperforms Fixed
ones. Merge is slightly more effective than prune.

4 Compression Struggles in Practical Tasks
Although the aforementioned methods (Yang et al. 2025;
Zhang et al. 2024c; Wen et al. 2025; Alvar et al. 2025)
have demonstrated strong performance on general single-
turn VQA tasks, they neglect systematic evaluation on prac-
tical tasks. First, real-world applications often involve fine-
grained tasks that require a far more precise understand-
ing of visual details, such as DocVQA (Tito, Karatzas, and
Valveny 2023) and OCRBench (Liu et al. 2024e). Second,

Method
∼640 Tokens ∼320 Tokens ∼160 Tokens

DOC OCR DOC OCR DOC OCR

Vanilla 68.5 52.1 68.5 52.1 68.5 52.1

FastV 46.6 38.9 29.7 24.8 17.8 15.4
DART 54.6 44.2 42.3 35.4 29.4 26.8
SparseVLM 49.1 40.6 31.1 29.0 17.3 18.6
VisionZip 56.9 48.5 42.5 39.5 28.8 29.5
VisPruner 53.9 44.8 39.6 37.3 27.4 31.7
DivPrune 44.8 37.6 32.8 33.0 26.1 26.6

Table 8: DocVQA (Tito, Karatzas, and Valveny 2023) and
OCRBench (Liu et al. 2024e) results of token reduction.

Method Text Info Score

VisionZip (Yang et al. 2025) None 0.938
DivPrune (Alvar et al. 2025) None 0.929
DART (Wen et al. 2025) Low 0.903
FastV (Chen et al. 2024a) High 0.896
SparseVLM (Zhang et al. 2024c) High 0.882

Table 9: Performance comparison of various methods on
multi-turn dialogue tasks.

modern inference engines (Zheng et al. 2024; Gong et al.
2025a) for VLMs widely use prefix caching in multi-turn
dialogue, reusing encoded visual-text prefixes to reduce re-
dundant computation. Hence, evaluating the effectiveness of
compression techniques on both task types is essential.
Fine-Grained Tasks. We select two detail-sensitive tasks,
DocVQA (Tito, Karatzas, and Valveny 2023) and OCR-
Bench (Liu et al. 2024e), to evaluate the accuracy degra-
dation introduced by token reduction under different com-
pression ratios on LLaVA-NeXT-7B (Li et al. 2024a). In
Tab. 8, we observe that the accuracy of token reduction on
these tasks is still far from satisfactory. For example, retain-
ing approximately 160 tokens leads to non-trivial perfor-
mance degradation on these tasks, with accuracy dropping
to around 50%, in stark contrast to the around 80% accuracy
achieved on general VQA benchmarks (Tab. 3 and Tab. 5).
Therefore, subsequent works should place greater emphasis
on these more challenging fine-grained tasks.
Multi-Turn Tasks. We further build a multi-turn dialogue
dataset tailored for token reduction in a simple-yet-effective
manner. Instead of constructing a dataset from scratch, we
build upon the existing visual question answering bench-
mark, GQA (Hudson and Manning 2019), by selecting two
semantically distinct questions for each image, serving as
the first-turn and second-turn questions. Since the first-turn
and second-turn questions are different, and their difficulty
levels may vary randomly, we further swap the order of the
two questions to create a new question pair. As a result, each
question appears once in the first turn and once in the second
turn, allowing us to eliminate randomness.

Moreover, rather than relying solely on traditional
accuracy-based metrics, we focus on evaluating an algo-
rithm’s consistency in multi-turn dialogue. Specifically, we
are interested in the probability that a question is answered
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Method GQA MMB EN MME POPE TextVQA Avg.

LLaVA-1.5-7B 61.2 62.9 1805 85.5 48.6 100%

FastV 56.1 61.8 1744 79.5 42.8 93.4%
GPTQ 60.9 62.8 1790 85.1 48.3 99.5%
GPTQ + FastV 55.3 60.5 1732 79.2 42.6 92.5%
SQ 61.2 63.7 1781 85.4 48.5 99.9%
SQ + FastV 56.0 61.2 1702 79.6 42.9 92.9%

LLaVA-1.5-13B 62.6 68.3 1854 85.7 52.8 100%

FastV 58.6 66.8 1747 80.7 45.1 93.0%
GPTQ 62.2 67.4 1840 85.8 52.6 99.4%
GPTQ + FastV 58.5 65.6 1749 80.8 44.9 92.6%
SQ 62.6 68.5 1840 85.6 53.0 100.0%
SQ + FastV 58.3 66.1 1757 80.6 44.9 92.8%

Table 10: Results of joint token reduction and quantization
on LLaVA-1.5, where SQ denotes SmoothQuant and 192 vi-
sual tokens are preserved for FastV.

correctly in the second turn, if it can be answered correctly
in the first turn. To compute this, we propose a novel metric
that measures this conditional accuracy:

P (QT
2 |QT

1 ) =
P (QT

2 , Q
T
1 )

P (QT
1 )

≈ N(QT
2 , Q

T
1 )

N(QT
1 )

(1)

where QT
i indicates that the question at turn i is answered

correctly. P and N denote the probability and corresponding
number. We select several representative algorithms and cat-
egorize them based on the extent to which they utilize textual
information. As we can see in Tab. 9, text-agnostic schemes,
such as VisionZip and DivPrune, surpass text-relevant ones
(i.e., FastV and SparseVLM). This suggests that question-
dependent approaches may prune visual tokens that are re-
quired in subsequent turns, leading to performance degrada-
tion in multi-turn dialogue scenarios. Visualization results
can be found in the Appendix.

Finding 2. Token reduction suffers from significant
accuracy drops on fine-grained tasks, and prompt-
dependent methods yield unsatisfactory results in
multi-turn dialogue. Future work should give more at-
tention to the performance in these tasks.

5 Achieving Extreme Compression
Although token reduction can significantly reduce inference
latency, it does not lower the peak memory usage during in-
ference. The rationale lies in the fact that model weights
dominate memory consumption, which often accounts for
over 90%, while token reduction primarily reduces the stor-
age cost of the KV Cache (shown in Fig. 3). To further ad-
dress the memory bottleneck in VLM inference, we adopt
post-training quantization (Xiao et al. 2023; Frantar et al.
2022; Lin et al. 2024), which is more practical during de-
ployment and application.

Following the categorization of quantization methods,
we choose GPTQ (Frantar et al. 2022) as a representa-
tive algorithm for weight-only quantization (W4A16), and

2.54×

1.64×

2.54×

1.64×

Figure 3: Real inference efficiency on LLaVA-NeXT.

SmoothQuant (Xiao et al. 2023) for weight-activation quan-
tization (W8A8). In Tab. 10, we present detailed results for
the joint application of token reduction and quantization. We
summarize the following key observations: 1) Using quan-
tization alone (e.g., W8A8 and W4A16) can retain near-
lossless accuracy on VLMs. When combined with token re-
duction, overall performance mainly depends on the effec-
tiveness of the token reduction method. 2) W8A8 consis-
tently achieves better accuracy than W4A16, regardless of
whether token reduction is applied.

To further validate the actual speedup and memory sav-
ings of quantized VLM, we deploy LLaVA-NeXT-7B on an
NVIDIA RTX 4090 GPU. We utilize the int8 kernel from
vLLM (Kwon et al. 2023) for “LLM Backbone” and the
int8 kernel for “Vision Tower”. When the number of visual
tokens decreases from 2487 to 1243 (50% is considered a
safe pruning ratio (Chen et al. 2024a)), the model achieves
a 1.56× speedup, but with negligible change in memory us-
age. However, when combined with quantization, the model
achieves a 2.54× speedup along with a 1.64× reduction
in memory consumption. Therefore, our recommended best
practice is to combine token reduction with efficient model-
level compression techniques, such as quantization.

Finding 3. Introducing relatively stable W8A8 or
W4A16 quantization into token reduction yields
greater compression rates without a significant perfor-
mance drop.

6 Conclusion
In this study, we introduce LLMC+, a VLM compression
benchmark with a versatile toolkit. We address key limita-
tions in prior research and systematically evaluate various
compression methods. Our contributions are threefold: 1)
analyzing techniques for spatial and temporal redundancy
with modular comparisons. 2) assessing compression perfor-
mance on fine-grained tasks and multi-turn dialogue, high-
lighting practical limitations. 3) Examining the effectiveness
and trade-offs of combining methods such as token reduc-
tion and quantization. LLMC+ offers insights and guidance
for advancing efficient VLM compression.
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