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Frequency-Modulated Visual Restoration for Matryoshka Large
Multimodal Models

Supplementary Material

This supplementary material contains several sections
that provide additional details related to our work. Specifi-
cally, it will cover the following topics:

e In Appendix A, we provide details of the experimen-
tal setup, including model architectures and evaluation
benchmarks.

* In Appendix B, we provide addition experiments, in-
cluding FMVR for advanced open-source LMM, FMVR
for larger language model, Ablation study on other Ma-
tryoshka visual token sampling methods, and case results.

A. Details of Experimental Setup
A.1. Model Architectures

LLaVA-1.5 [18]. As a representative line of open-source
multimodal large language models, the LLaVA family is
widely adopted for its efficiency and strong capability. It
mainly has three components, where CLIP [24] is used to
extract visual representations, Vicuna [9] serves as the lan-
guage backbone, and a lightweight projection module maps
visual features into the LLM’s embedding space. With vi-
sual instruction tuning, this basic setup enables the model
to perform a wide range of image—text tasks. LLaVA-1.5
significantly enhance multimodal reasoning ability. At the
common resolution of 336x336, the model outputs 576 vi-
sual tokens for each image.

LLaVA-Next [19]. LLaVA-NeXT (also referred to as
LLaVA-1.6) pushes the LLaVA architecture further by in-
troducing a dynamic-resolution strategy aimed at strength-
ening the model’s visual understanding. Instead of relying
on a fixed input size, it adjusts the aspect ratio according to
the native dimensions of the image and allows the effective
resolution to scale by up to four times. Importantly, the vi-
sual encoder itself remains unchanged. The high-resolution
input is partitioned into multiple tiles, each matching the
original input size, and every tile is processed independently
before their visual features are concatenated and passed
to the language model. This tiling-based high-resolution
pipeline substantially boosts performance on tasks requiring
fine-grained perception, such as OCR, detailed reasoning,
and factual recognition. For consistency in our evaluations,
we standardize the resolution to 672x672—four times the
original—yielding a total of 2,880 visual tokens.
Qwen2.5-VL [3]. Qwen2.5-VL represents a member of

Qwen-VL family. Its visual backbone has been thoroughly
redesigned, adopting a revised Vision Transformer that in-
corporates windowed attention, SwiGLU activations, and
RMSNorm, following the architectural paradigm of the
Qwen2.5 language model. Beyond static image under-
standing, it embraces a dynamic visual processing pipeline,
supporting flexible input resolutions and adaptive frame
rate handling. Thanks to these advantages, Qwen2.5-VL
achieves comparable performance in detailed visual percep-
tion tasks such as detection, OCR, layout and document
parsing, as well as structured information extraction.

A.2. Evaluation Benchmarks

A.2.1. General Image Benchmarks

VQAvV2 [10]. It is the version of the VQA benchmark [2],
constructed to assess a model’s integrated understanding
of visual content, natural language, and commonsense rea-
soning. The dataset contains 265,016 images drawn from
COCO [17] as well as synthetic abstract scenes, with each
image paired with an average of 5.4 questions. Every ques-
tion is further provided with 10 reference answers and 3 ad-
ditional plausible distractor responses. Following common
practice, we adopt the test-dev split for evaluation.

GQA [13]. Itis alarge-scale VQA dataset constructed from
real-world images sourced from the Visual Genome corpus
[11], aimed at evaluating the model’s capacity for composi-
tional reasoning and fine-grained visual comprehension. It
contains more than 22 million question—answer pairs, and
every image is accompanied by a richly annotated scene
graph that captures object categories, attributes, and inter-
object relationships. For our experiments, we report results
on the test-dev balanced split.

VizWiz [11]. This benchmark targets visual question an-
swering in a real-world accessibility scenarios: blind or
low-vision users take photos in everyday environments and
verbally pose questions about them. Each visual ques-
tion is accompanied by ten answers, offering diverse per-
spectives on noisy and incomplete visual information. The
dataset defines two core tasks—providing answers to the vi-
sual questions and detecting when a question cannot be an-
swered from the image alone—thereby emphasizing real-
world challenges such as low-quality imagery, occlusion,
and ambiguous scene content. We evaluate our model on
the official test split.
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ScienceQA [21]. This dataset is a large-scale multimodal
multiple-choice QA benchmark that covers a broad spec-
trum of scientific disciplines. It comprises 21,208 questions
drawn from natural sciences, language sciences, and social
sciences, which are further organized into 26 topics, 127
fine-grained categories, and 379 skill types. The questions
vary in modality: 48.7% provide visual content, 48.2% in-
clude textual context, and 30.8% offer both forms of infor-
mation. For evaluation, we follow prior works and adopt the
test split that contains image-based questions (ScienceQA-
IMG).

POPE [16]. This benchmark targets the evaluation of object
hallucination in large vision—language models. It is con-
structed using images from COCO [17], enabling the mea-
surement of hallucinated predictions. The performance is
summarized using precision, recall, and F1 scores. Follow-
ing prior works, we report results on the test split.

MME [6]. It evaluates both the perceptual and cogni-
tive abilities of multimodal large language models across
14 subtasks. The perception tasks cover coarse- and fine-
grained recognition as well as OCR, ranging from basic ob-
ject presence, count, and attributes to identifying specific
scenes, landmarks, and artworks. The cognition tasks as-
sess commonsense reasoning, numerical calculation, trans-
lation, and code understanding.

MMBench [20]. This benchmark provides a broad eval-
uation of vision—language abilities across diverse tasks. It
offers a larger varied set of questions and skills than prior
benchmarks. MMBench also proposes a CircularEval pro-
tocol, which uses ChatGPT to convert open-ended outputs
into structured choices for more stable and consistent scor-
ing.

MM-Vet [32]. It examines the integration of multiple multi-
modal abilities. It covers six core capabilities—recognition,
OCR, knowledge, language generation, spatial reason-
ing, and mathematics—through 218 challenging examples.
Evaluation is conducted using a ChatGPT-based assessor,
which provides unified metrics for answers of different for-
mats.

A.2.2. Text-oriented benchmarks

TextVQA [26]. This benchmark examines the model’s ca-
pacity to recognize and reason over textual content embed-
ded in images. The visual data, largely drawn from Open
Images v3 [15], contains real-world settings such as signs,
advertisements, and product labels, all featuring substantial
scene text. As a result, the benchmark provides an assess-
ment of OCR integration and text-sensitive visual reason-
ing. We evaluate on the validation split.

ChartQA [23]. It is a large benchmark for chart-based
question answering, emphasizing visual understanding and
logical or complex reasoning. It contains 9.6K human-
written questions and 23.1K questions generated from
chart summaries. Unlike earlier template-driven datasets,

Table 1. Performance comparison of different pruning methods on
Qwen2.5-VL-7B.

#Vision EN | Avg.
Methods ‘ Tokens TextVQA ChartQA AI2D MMB (%)
Qwen25-VL | 1296 | 848 861 804 828 | 835
FastV 128 7338 522 714 729 | 676
DivPrune 128 67.0 504 721 718 | 668
CDPruner 128 7738 592 740 762 | 718
FMVR (Ours) | 81 763 622 715 796 | 739

ChartQA requires multi-step reasoning over both chart vi-
suals and their underlying data. We use the test split for
evaluation.

AI2D [14]. AI2D is a diagram-based question answering
benchmark containing over 5,000 grade-school science dia-
grams, annotated with more than 150,000 structured labels
and syntactic parses. It also provides over 15,000 multiple-
choice questions paired with the diagrams, supporting re-
search on visual reasoning and scientific diagram under-
standing. We use the masked test split for evaluation.

A.2.3. Video benchmarks

MSVD [7]. MSVD is a video question answering bench-
mark, containing roughly 2k short video clips and about 50k
question—answer pairs. It evaluates a model’s ability to un-
derstand visual content over time, including actions, events,
and temporal relationships, as well as its capacity to ground
and answer natural language queries about the video.

MSRVTT [30]. It is a large-scale video captioning and
video understanding dataset consisting of 10k video clips
collected from real-world web videos. Each video is paired
with 20 captions, covering a broad range of everyday
events, activities, and scenes. The dataset is widely used
for video-language tasks such as video captioning, video re-
trieval, and video question answering, serving as a standard
benchmark for evaluating multimodal temporal understand-
ing.

ActivityNet [4]. It is a large-scale benchmark for human
activity understanding in untrimmed videos. It contains
around 20k videos spanning 200 activity categories, cov-
ering a wide range of daily human actions. Designed for
tasks such as action recognition, temporal action localiza-
tion, and temporal segmentation, ActivityNet provides di-
verse and long-duration videos that evaluate both visual per-
ception and temporal reasoning capabilities of multimodal
models.

Video-based Generative Performance Benchmark [22].
It contains five dimensions: correctness, detail orienta-
tion, contextual understanding, temporal understanding,
and consistency. The evaluation pipelines for both the open-
ended question-answering and the generative performance
benchmarks adhere to Video ChatGPT [22].
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Table 2. Performance comparison on LLaVA-1.5-13B across 10 image-based benchmarks. ‘#VisionTokens’ is the number of vision tokens.

A rows show the change vs. LLaVA-v1.5-13B.

Methods #Vision | G \v2 GQA VisWiz SQA™ME VQA™ POPE MME MMB™ MMB MMvet | Y%
Tokens (%)
LLaVA-L5-13B[18] | 576 | 800 633 536 728 612 860 15312 685 635 362 |662
FastV [8] 128 | 753 583 546 742 586 755 14606 661 623 328 |63.1
PyramidDrop [29] 128 | 782 610 538 733 602 836 14895 67.5 628 321 |647
Sparse VLM [35] 128 | 776 596 514 743 593 850 14879 684 626 352 |648
Prumerge+ [25] 128 | 762 583 528 733 561 827 14459 663 612 336 |63.3
TRIM [27] 128 | 764 594 497 724 550 868 14269 67.1 584 351 |632
VisionZip [31] 128 | 768 579 523 738 589 827 14492 674 625 360 |64.1
DART [28] 128 | 757 577 530 742 587 804 13950 654 622 348 |632
DivPrune [1] 128 | 771 592 535 728 580 868 14577 663 607 344 | 642
CDPruner [34] 128 | 777 597 529 732 584 873 14780 675 615 362 | 648
VisPruner [33] 128 | 761 588 534 728 579 860 14522 664 613 361 |64.1
MQT-LLaVA [12] 144 | 779 594 541 736 602 861 14713 665 610 314 |64.4
M3 [5] 144 | 792 606 535 729 604 877 14783 672 598 323 |648
Ours
1 722 576 503 694 539 825 13847 622 558 278 |60.1
9 763 602 518 709 584 847 1470.5  65.1 604 307 |632
FMVR-LLaVA 36 | 784 612 534 715 605 866 14778 663 625 327 |647
144 | 797 636 567 720 613 872 14894 683 638 342 |66.1
576 | 807 642 572 724 607 881 15289 69.5 651 354 |67.0
Avs.LLaVA-V1.5-13B| 144 | -03 +03 +3.1  -0.8  +0.1 +12 418 02  +03 20 |-01

Table 3. Ablation study on Matryoshka visual token sampling, including average pooling, sequential sampling, spatial sampling, and max

pooling.
. TextVQA MMBench
Num of Vis Tokens Avg Pooling  Sequential ~Spatial Max Pooling | Avg Pooling Sequential Spatial Max Pooling
1 49.2 46.3 45.9 47.1 60.7 579 58.6 59.8
9 50.8 46.7 46.4 48.2 64.2 60.4 61.5 63.9
36 55.3 51.2 49.0 52.8 65.2 61.8 63.1 64.5
144 55.5 53.7 50.6 533 65.8 64.2 63.7 64.9
576 57.8 55.6 52.6 54.7 65.9 64.7 64.0 65.3

B. Additional Experimental Results

B.1. FMVR for advanced open-source LMM

In addition to LLaVA, we further apply FMVR to one of
the most advanced open-source LMM, i.e., Qwen2.5-VL.
The input image is resized to 1008x1008 and the visual en-
coder produces a total of 1,296 tokens. We directly insert
the trained FMVR into the back of the Qwen2.5-VL’s visual
encoder. We compare our FMVR with FastV DivPrune,
and CDPruner. As shown in Table |, FMVR consistently
achieves the best results across on four benchmarks. FMVR
with 81 visual tokens outperforms the next-best method,
CDPruner with 128 visual tokens, by 2.1% in average. It
demonstrates the strong generalizability of FMVR on ad-
vanced LLM architectures.

B.2. FMVR for larger language model

To further examine whether our approach scales to stronger
language backbones, we conduct experiments on LLaVA-
1.5-13B. As shown in Table 2, Increasing the size of LLM
yields substantial performance gains. Across all token prun-
ing methods with 128 visual tokens except for Sparse-
VLM, CDPruner, and M3, FMVR with only 36 visual to-
kens consistently achieves the highest performance 64.7%.
It is worth noting that our FMVR with 144 visual tokens
achieved comparable performance to LLaVA-1.5-13B with
576 visual tokens, i.e., 66.1% vs. 66.2%, demonstrating its
effectiveness on larger language models.
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Table 4. Baseline results of token numbers on LLaVA-1.5-7B.

Tokens | Method | VQAv2 GQA VisWiz SQA™¢ VQA™ POPE MME MMB*™ MMB®N MMVet
576 | baseline | 785 62.0 50.0 66.8 58.2 859  1510.7 64.3 58.3 30.5
Ours 79.2 63.0 56.5 68.9 57.8 875  1510.1 65.9 58.0 343
144 | baseline | 77.8 61.1 48.3 67.5 57.3 85.0  1480.4 65.1 57.1 30.2
Ours 78.6 62.3 55.1 69.7 55.5 86.4 14739 65.8 57.6 334
36 baseline | 76.1 58.4 46.8 67.0 56.7 852 14483 64.5 57.7 29.4
Ours 76.5 60.9 52,9 69.5 55.3 859  1452.5 65.2 58.3 322
9 baseline | 73.4 56.3 46.0 67.3 52.2 83.6 14229 63.7 56.8 28.5
Ours 74.5 59.1 50.7 69.9 50.8 84.1  1415.0 64.2 57.5 29.0
| baseline | 67.4 542 455 66.4 49.6 795 1291.0 58.2 53.9 26.2
Ours 68.3 55.2 49.7 68.6 49.2 81.1 12848 60.7 534 26.4
Instruction:

what does the sign say in the background?

Ours (144 tokens): water & light power autographs

M3 (144 tokens): Water's Light! Auto Power

LLaVA-v1.5 (576 tokens): Water & Light Power

Figure 1. Example demonstrating FMVR’s image understanding capability on more challenging OCR task. Response marked in red

indicates errors.

B.3. Ablation study on other Matryoshka visual to-
ken sampling methods

We evaluate four strategies for selecting visual tokens in
Matryoshka visual token construction, including average
pooling, spatial sampling, sequential sampling, and max
pooling. As illustrated in Table 3, average pooling con-
sistently outperforms the other three approaches because it
preserves the complete local semantic information by ag-
gregating all tokens within each spatial region. In contrast,
spatial sampling and sequential sampling select only one to-
ken from each region or sequence, which discards important
information and disrupts spatial consistency. Max pooling
keeps only the strongest activation, ignoring other seman-
tic information. As a result, average pooling provides the
most informative representation, leading to superior perfor-
mance.

B.4. Additional case results

Fig. | presents an example that highlights FMVR’s strength
on a challenging OCR task. The text in the image varies in

size and is somewhat obscured, which typically degrades
recognition performance in LLMs. Despite this difficulty,
our FMVR correctly read all the text using only 144 vi-
sual tokens. In contrast, M3 misidentify key words, such
as mistakenly identifying *autographs’ as’auto power’ and
introduce an incorrect ”’s’. Furthermore, LLaVA-v1.5 fails
to recognize ’autographs’. These results demonstrate that
FMVR possesses more detailed visual perception capabili-
ties.

B.5. Baseline results of token numbers

Table 4 reports the baseline and our method under dif-
ferent token budgets on LLaVA-1.5-7B. As token num-
bers decrease from 576 to 1, performance gradually drops.
However, our method consistently outperforms the base-
line on most benchmarks, demonstrating stronger ro-
bustness and effectiveness under aggressive token reduc-
tion.
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