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Abstract. Visual encoding followed by token condensing has become
the standard architectural paradigm in multi-modal large language mod-
els (MLLMs). Many recent MLLMs increasingly favor global native-
resolution visual encoding over slice-based methods. To investigate this
trend, we systematically compare their behavior on vision-language un-
derstanding and attention patterns, revealing that global encoding en-
hances overall capability but at the expense of greater computational
overhead. To address this issue, we present NaVLM-PVC, an MLLM cen-
tered upon our proposed Progressive Visual Compression (PVC) method,
which can be seamlessly integrated into standard Vision Transformer
(ViT) to enable efficient native-resolution encoding. The PVC approach
consists of two key modules: (i) refined patch embedding, which supports
flexible patch-size scaling for fine-grained visual modeling, (ii) windowed
token compression, hierarchically deployed across ViT layers to progres-
sively aggregate local token representations. Jointly modulated by these
two modules, a widely pretrained ViT can be reconfigured into an effi-
cient architecture while largely preserving generality. Evaluated across
extensive benchmarks, the transformed ViT, termed ViT-PVC, demon-
strates competitive performance with MoonViT while reducing TTFT
(time-to-first-token) by 2.4x, when developed within an identical MLLM
architecture. Building upon ViT-PVC, NaVLM-PVC also achieves com-
petitive performance to Qwen2-VL, while further reducing TTFT by
1.9x. We will release all code and checkpoints to support future research
on efficient MLLMs.
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1 Introduction

Recent advances in Multimodal Large Language Models (MLLMs) [23,50,59,60]
have significantly expanded the capabilities of vision-language understanding
across diverse scenario, including optical character recognition [19,42], remote
sensing [22,58,66], and mobile agents [48,61]. To efficiently support such broad
applicability, visual encoding followed by token condensing has become the gen-
eral vision embedding paradigm in MLLMs, enabling more standardized and
scalable multi-modal training.
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Fig.1: ViT-PVC and NaVLM-PVC exhibit a superior trade-off between efficiency
and performance. (a) Within the LLaVA training paradigm, ViT-PVC achieves higher
average performance across 6 benchmarks, such as MMBench and AI2D, compared
to state-of-the-art vision encoders, while maintaining substantially greater computa-
tional efficiency (e.g., achieving a 2.4x reduction in latency relative to MoonViT). (b)
NaVLM-PVC attains performance comparable to advanced MLLMs (e.g., Qwen2-VL)
across 15 diverse benchmarks, while delivering 1.9x efficiency gains.

This encode-then-compress framework, however, entails considerable compu-
tational overhead, as the vision encoder must process an excessive number of
tokens before any reduction, which is exacerbated when image resolution in-
creases [12,67,68]. Early MLLMs alleviated this problem through slice-based
encoding [17,25, 28, 71], which encodes smaller image crops independently to
reduce computation. However, this line of methods inevitably leads to a frag-
mented semantic context and limited global awareness. Previous studies [20,66]
manually design cross-slice interaction modules to supplement global informa-
tion, yet these adapters are generally lack large-scale pretraining and so far have
found limited adoption in industrial MLLMs.
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By contrast, there is a growing trend toward adopting global native-resolution
encoding in recent state-of-the-art MLLMs [18, 37,39, 59], which processes the
entire image in a single forward pass. Although intuitively well-motivated, the
principles behind this approach remain insufficiently explored.

In this work, we conduct controlled pilot experiments to investigate the mech-
anisms of global native-resolution versus slice-based encoding in terms of spatial
and semantic understanding. Moreover, we further analyze the internal patterns
of attention activation. Our experiments indicate that global native-resolution
encoding yields stronger cross-modal understanding, yet its associated compu-
tational overhead remains substantial.

To address this issue, we introduce NaVLM-PVC, an MLLM built upon
a novel Progressive Visual Compression (PVC) framework, which can be seam-
lessly integrated into standard ViT to enable efficient native-resolution encoding.
The PVC framework consists of two key components. (i) Refined patch em-
bedding (RPE). As the tokenizer of images, the ViT patch-embedding layer
fundamentally determines the granularity of visual tokenization. By scaling the
patch size to finer levels via an equivalent weight-transformation scheme [4], this
module supports more detailed visual modeling while preserving compatibility
with pretrained ViTs. (ii) Windowed token compression (WTC). We in-
sert lightweight, learnable local compressors within the encoder to progressively
merge tokens inside local windows (e.g.,2 x 2) across ViT layers, reducing se-
quence length during encoding. Initialized with average pooling and trained to
produce content-adaptive weights, the module preserves local semantics while
lowering ViT computation and LLM prefill cost. Jointly modulated by these two
modules, a widely pretrained ViT can be reconfigured into a more efficient archi-
tecture, e.g., via adjusting patch size, compressor count, and insertion indices.

Under the PVC framework, a widely pretrained ViT could be reconfigured
into ViT-PVC. In the LLaVA setting [17,25] with a Qwen2-7B [51] as the LLM,
ViT-PVC achieves competitive performance across 6 benchmarks under varying
input resolutions, while reducing time-to-first-token (TTFT) by up to 2.4x rel-
ative to MoonViT [50], as shown in Fig. 1(a). (Please refer to Appendix A.1 for
details.) Building on ViT-PVC, NaVLM-PVC attains comparable performance
on 15 vision-language benchmarks compared to Qwen2-VL, yet delivers 1.9x
lower TTFT latency, shown in Fig. 1(b).

Our contributions are threefold: (1) We conduct controlled probes of global
native-resolution versus slice-based encoding, evidencing superior cross-modal
understanding for the former and clarifying its underlying mechanisms. (2) We
introduce a PVC framework, which jointly modulates refined patch embedding
and windowed token compression to reconfigure widely pretrained ViTs into effi-
cient native-resolution ones. (3) Evaluations on extensive vision-language bench-
marks demonstrates the effectiveness and efficiency of ViT-PVC and NaVLM-
PVC.
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Question: The diamond is closer
to the parallelogram than the
pentagon.

Answer: No Distance

Question :What is the position of
the pentagon relative to the
diamond?

A.right B. bottom left C. left D.

above
Answer: C. left Location

Question : How many diamonds
arc in the image?

Answer: 1 .
Count

Question : The blue one has a
larger area than the red one.
Answer: Yes

Area
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Fig. 2: ShapeGrid and model performance. (a) Examples from ShapeGrid bench, with
each subset matched with color boxes. (b) Performance comparison between global
native-resolution encoding (GNE) and slice-based encoding (SBE) across different gen-
eral benchmarks and ShapeGrid subsets.

2 Pilot Experiment

First, we start with a series of controlled pilot experiments that systematically
contrast global native-resolution visual encoding (GNE) and slice-based encod-
ing (SBE) with respect to their capacities in semantic understanding and spatial
perception. To guarantee experimental fairness, we adopt an identical model ar-
chitecture, utilize an equivalent training corpus, and perform evaluation on a
consistent suite of general-purpose benchmarks. Moreover, to decouple spatial
perception from semantic understanding, we introduce a synthetic probe bench-
mark for spatial analysis.

2.1 Experimental Protocol

Probe benchmarking. For evaluating general semantic understanding, we
adopt a set of widely used multi-modal benchmarks, including MMBench, etc.,
shown in Fig. 2(b). These benchmarks comprehensively cover diverse capabili-
ties such as object attribution recognition, position relation recognition, optical
character recognition (OCR), and visual reasoning. To assess spatial perception,
it is important to note that the slicing operation intrinsic to slice-based visual
encoding tends to fragment objects in natural images, which in turn introduces
semantic discontinuities and makes it difficult to disentangle spatial perception
from semantic understanding. To solve this problem, we construct a controlled
synthetic dataset, ShapeGrid. The ShapeGrid bench is generated from a tem-
plate pool of parameterized geometric shapes, incorporating controlled variations
in color, scale, and position. Final images are composed using predefined layouts
aligned with slice-based encoding strategies. The dataset supports four spatial
perception tasks as shown in Fig. 2(a). See details in Appendix A.2.2.
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Question: What is the position of the
object relative to the red star?
A. top-left B. bottom-center C. right D. top-right
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Fig. 3: Illustration and analysis on ShapeGrid-Sudoku subset. (a) Example from the
Sudoku subset. (b) Accuracy heatmap of models with global native-resolution encoding
(GNE) vs. slice-based encoding (SBE) on the Sudoku subset. (¢) Attention score bias
map showing the difference in attention activation between GNE and SBE.

Model configuration and training setup. We adopt a standard MLLM ar-
chitecture with SigLIP2-SO400M [54] as the vision encoder, a pixel-unshuffle [11]
projector, and Qwen2-7B [51] as the LLM. Training follows a two-stage paradigm [71],
first optimizing the vision encoder and projector while freezing the LLM, then
fine-tuning all parameters. Both GNE and SBE methods are configured with

a maximum resolution of 1008x1008 pixels. Details are provided in Appendix
A.2.1.

2.2 Experimental Analysis

Overall performance. In Fig. 2(b), GNE method achieves significantly higher
performance than SBE method, with clear improvements on both the general se-
mantic benchmarks and the ShapeGrid. On average, it improves general seman-
tic understanding by 2.1% (69.6% vs. 67.5%) and spatial perception by 11.0%
(73.6% vs. 62.6%), indicating that preserving holistic visual context consistently
benefits both semantic understanding and spatial perception.

Behavior on spatial directional perception. To better evaluate spatial posi-
tional understanding, we extend the original location subset into a Sudoku-style
variant, where directional localization is explicitly isolated for clear evaluation.
As for data construction, each image follows a 3x3 layout with a fixed central
anchor and surrounding objects sampled from the template pool and additional
real-world categories, which contains 8,000 image-query pairs focused on relative
direction prediction, as shown in Fig. 3(a). Further details are provided in the
Appendix A.2.2.

As shown in Fig. 3(b), the GNE method maintains consistently high accu-
racy on the Sudoku subset across all evaluated directions, demonstrating a well-
balanced and robust capacity for spatial reasoning. In contrast, SBE method
suffers systematic degradation along the vertical and horizontal axes, forming a
clear cross-shaped bias. These results reveal an inherent systematic flaw in SBE
approach. The trend that GNE alleviates such flaws more effectively can also
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be observed when comparing Qwen2.5-VL (GNE) and MiniCPM-o 2.6 (SBE),
which is shown in Appendix A.2.3.

Attention pattern analysis. To further investigate this phenomenon, we ana-
lyze the attention activation patterns of GNE and SBE methods. Specifically, we
compute the average attention from answer text tokens to image tokens within
the ground-truth cell and visualize the differences in Fig. 3(c). The results reveal
a clear anisotropy in SBE: attention to the top, bottom, left, and right positions
is markedly weaker, whereas the four corners exhibit similar activation levels.
This suggests that image partitioning in SBE disrupts spatial uniformity, which
in turn introduces a systematic directional bias. In contrast, GNE maintains
a more evenly distributed and coherent attention pattern, thereby preserving
holistic spatial relationships and enabling more accurate localization.

2.3 Conclusions on Pilot Experiment

In summary, we demonstrate that global native-resolution encoding consistently
outperforms slice-based methods across both general semantic benchmarks and
spatial perception probes. The superiority is particularly pronounced in direc-
tional localization, where global encoding eliminates the cross-shaped bias in-
herent in slice-based methods and maintains balanced attention distributions.
These findings indicate that global encoding not only enhances overall capa-
bility in vision-language understanding but also provides mechanistic insights
into its advantage in spatial reasoning. Nevertheless, global encoding still incurs
substantial computational cost, as discussed in previous work [27,36,68], under-
scoring the urgent need for a native and efficient visual encoding paradigm.

3 NaVLM-PVC

Building upon conclusions of pilot experiments, we propose NaVLM-PVC, an
MLLM equipped with our Progressive Visual Compression (PVC) approach for
efficient native-resolution encoding. NaVLM-PVC follows the standard MLLM
architecture of a vision encoder, a projector, and a large language model (LLM),
as illustrated in Fig. 4. PVC framework is applied within the vision encoder,
where it integrates two modules: Refined patch embedding (RPE) and Windowed
token compression (WTC). By progressively condensing tokens while preserving
global contextual information, these components reconfigure a pretrained ViT
into an efficient and generalizable model, referred to as ViT-PVC.

3.1 ViT-PVC

ViTs are built upon the transformer architecture, where self-attention serves as
the core operation [56]. Although this design offers strong representational ca-
pacity, a key limitation lies in its quadratic complexity with respect to token
length. Higher input resolutions substantially increase visual token counts, re-
sulting in elevated memory demands and inference latency during both visual
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Fig. 4: Overview of the architecture of NaVLM-PVC. ViT-PVC first utilizes Refined
Patch Embedding (RPE) to tokenize images with native-resolution into fine-grained
tokens. Window Token Compression (WTC) modules are inserted at multiple stages
to progressively reduce token length while learning local semantics. The final vision
tokens are then projected into the LLM.

encoding and LLM pre-filling. A more fundamental alternative is to replace self-
attention with linear variants [8] or RNN-style architectures [46,65]. However,
such designs typically require large-scale training from scratch and fail to inherit
the well-established modeling capacity of pretrained transformer-based models.
Therefore, our core idea is to keep the token length within a controllable range
while enriching fine-grained visual features. To achieve this, we apply RPE to
flexibly expand visual granularity, and then employ WTC to progressively con-
dense tokens and reduce redundancy.

3.1.1 Refined patch embedding

Generally, the objective of this module is to reduce the patch size P employed
in patch embedding (e.g., from 14 x 14 to 10 x 10), which increases the modeling
granularity of visual tokens, while preserving the representational equivalence
of the original embeddings. Specifically, for an original patch embedding ker-
nel weights W € RPX(C*P*P) "where C' denotes the number of input channels
(e.g., 3 for RGB images), and D the embedding dimension, we define the trans-
formed weights W e RPX(C+P+P) where P < P. Given a patch vector of the
image t € R (C*P*P) and its finer-level counterpart ¢ € R (C*F*P) e can
derive a linear transformation matrix B € R(C*P*P)x(CxPP) that maps the
coarse patch to the finer one, i.e., ¢ = tB. To ensure representational equiv-
alence between the original patch embedding tW T € R™P and refined patch
embedding tWT e RIXD | we require tW T ~ {WT. Since { = tB, this condition
can be rewritten as BW T ~ W . Following previous work [4], we utilize the
least-squares solution to this relation and yields W = (BT)*W, where (BT)*
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denotes the pseudo-inverse of BT. Through this weight transformation, we up-
date a patch embedding weights W into new one W, which could encode each
finer-level patch vector into an image token.

So that, given an input image I of size H; x Wy, patch embedding with
transformed weights W e RD*(CxPxP) produces a token feature map of size
hr x w; = (H;/P) x (W;/P), which can be flattened into N visual tokens
{z; = tiWT}Z-ALl, where N = h; x wy, t; € RP¥(C*P*P) 5 j_th image patch
vector.

3.1.2 Windowed token compression

Following patch embedding, a large number of visual tokens are forwarded into
transformer layers for further encoding. Especially, when the patch size decreases
using RPE, the number of visual tokens increases quadratically, leading to heavy
computational overhead. To mitigate the burden on the ViT backbone as well as
the pre-filling stage of the LLM, we insert a set of lightweight compression layers
within the ViT. These layers hierarchically reduce the token sequence length,
thereby partitioning the backbone into J stages with progressive compression,
as shown in Fig. 4.

Plain pooling strategy. In the j-th compression stage, we predefine a local
window of size 2 x 2 and partition the entire feature map into non-overlapping
windows. Within each window, an average pooling strategy is applied to aggre-
gate the tokens as

2x2

1
Tavg = m in; (1)

i=1

so that after the j-th compression stage, the token feature map resolution is
downsampled by 2x and the number of visual tokens is condensed to {xz}i\;/f "
Although this simple pooling operation assigns uniform weights to all tokens
and ignores their semantic importance, our experiments show that it facilitates
more stable and effective convergence. In contrast, parameterized methods such
as pixel-unshuffle [60] intuitively provide enhanced local semantic modeling ca-
pacity but exhibit convergence challenges when inserted in early ViT layer (see
Appendix A.5.1).

Enhanced pooling mechanism. To enhance the expressiveness of pooling op-
eration while maintaining efficient convergence, we introduce a content-adaptive
pooling mechanism. Specifically, it first performs feature average pooling to ob-
tain an aggregated token z,,, € R'*P as mentioned in Eq. (1). This token
is then concatenated to each of the tokens {xi}?zl within the local window
to form extended representations &; = [x;; T4 € R1*?P| followed by passing
through an MLP (fg : R1*2P — R'*P) to compute channel-wise attention logits
a; = fo(&;). In the end, the Eq. (1) can be improved as a learnable weighted
aggregation like

2x2 4

T = w;x; = L(ai)m-. 2
avg ; 1l 224 (al) 7 ( )

i=1 22i=1XP
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During early training, attention weights w; tend to be uniform by zero ini-

tializing the MLP fy, which effectively approximates the average pooling for
stabilize optimization. As training progresses, fy gradually learns semantically
meaningful aggregation weights, allowing the model to preserve key spatial and
semantic structures while reducing the token count.
3.1.3 Joint modulation Building on the two proposed modules, the PVC
framework reconfigures a pretrained ViT by jointly modulating key structural
factors. The patch size P in refined patch embedding controls token granularity,
while the number of J WTC and their positions j in ViT layers govern hier-
archical token reduction. Following established design principles [30, 36], these
factors systematically transform a native-resolution ViT into a more efficient
architecture.

3.2 Vision Projector and LLM

MLP projector. Considering that ViT-PVC already integrates hierarchical
token compression within the vision encoder, the role of the projector is simplified
to the pure feature alignment. We concretely employ a simple MLP like [23,25]
to directly map the visual tokens into the language embedding space. Such a
design avoids redundant manual engineering and offers a more standardized and
scalable solution, facilitating large-scale MLLM training.

Large language model. Compared with slice-based methods such as [17,60,
68, our design encodes images at native-resolution and thus obviates the need
for inserting special tokens (e.g., “," and “/n") to explicitly inform the LLM of
slice layouts. Instead, we simply adopt the <image> and </image> placeholders
to delimit the visual context, allowing all tokens to be seamlessly injected into
the language model as contextual inputs.

4 Experiments

In this section, we introduce the training recipe, detail the experiment setting ,
analyze the model performance and further conduct the ablation study.

4.1 Training Recipe

Overall training strategy. We adopt a three-stage training paradigm to grad-
ually enhance the capabilities of NaVLM-PVC, more details are shown in the
Appendix A.4. Stage 1 focuses on vision-language alignment, where a plain ViT
initialized from MoonViT-SO-400M is transformed into ViT-PVC and aligned
with a Qwen2-7TB LLM via an MLP projector. Stage 2 conducts joint multi-
modal pre-training, aligning vision and language features in a unified space.
Stage 3 applies supervised fine-tuning with instruction and reasoning data [16]
for coherent response generation. The overall training period is ~300h with 32x
80G-A100 GPUs. Details are provided in Appendix A.3.
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Table 1: Performance comparison of NaVLM-PVC and state-of-the-art MLLMs on
general and knowledge benchmarks. The performance is reported from its technical
paper or OpenCompass leaderboard. "*" indicates the performance we reproduce using
VLMEval-Kit. "Ratio" denotes the compression ratio defined in Sec. 4.2.

General Knowledge

Model LLM #Data Ratio
MME MMB SEED-Image MMStar MMMU AI2D SQA MathVista

Academic Open-source MLLMs

FastVLM Vicuna-7B 1.6M 64 - - - - 37.3 - 74.1 -
VILA? Llama3-8B 57.5M 1 - 76.6 66.1 - 40.8 - 87.6 -
LLaVA-OneVision  Qwen2-7B 9.4M 4 1998.0 80.8 75.4 61.7 48.8 81.4 96.0 63.2
Cambrain-1 Llama-3-8B 9.5M 16 - 75.9 74.7 - 42.7 73.0 80.4 49.0
Valley2 Qwen2.5-7TB 27.2M 4 - 80.7 - 61. 57.0 82.5 - 64.6
Closed-source MLLMs

GPT-40-mini - - - 2041.0" 76.8* 72.5" 50.0" 54.1"  73.7" 82.6" 52.5"
Gemini-1.5-Pro - - - - 73.9 - 59.1 60.6 79.1 - 58.3
Step-1.5V-mini - - - - 79.7 - 54.7 51.7 81.3 - 57.8
Commercial Open-source MLLMs

InternVL2 InternLM2.5-7B ~100M 4 2210.3  79.5 76.2% 60.7 54.1 83.0 84.6 58.3
POINTS Qwen-2.5-7B 431.0M 4 21952 83.2 74.8 61.0 49.4 80.9 94.8 63.1
MiniCPM-V-2.6 Qwen2-7B 460.0M 16 2348.4 78.0 74.1 57.5 49.8 82.1 96.9" 60.6
Qwen2-VL Qwen2-7B ~700.0M 4 2326.8 80.7 75.3" 60.7 54.1 83.0 84.6" 58.2
DeepSeek-VL2 DeepSeekMoE-16B ~203.0M 4 2123.0 79.9 76.8" 57.5 49.7 81.7 96.2* 61.9
NaVLM-PVC (ours) Qwen2-7B 20.1M 64 2183.6 81.3 77.2 60.5 50.2 82.9 97.0 64.2

Table 2: Performance comparison of NaVLM-PVC and state-of-the-art MLLMs on
OCR&Chart and visual reasoning benchmarks.

Visual Reasoning OCR & Chart

Model LLM Data Rati
ode #Data Ratio i Bench RealworldQA CV-Bench-2D OCRBench TextVQA DocVQA ChartQA

Academic Open-source MLLMs

FastVLM Vicuna-7B 1.6M 64 - - - 67.4 62.8

VILA? Llama3-8B 575M 1 - - - - 734 - -
LLaVA-OneVision 9.4M 4 31.6 66.3 69.7* 62.2 75.9" 87.5 80.0
Cambrain-1 3 9.5M 16 - 64.2 B 62.4 7 .8 73.3
Valley2 Qwen2.5-7TB 27.2M 4 48.0 B B 84.2 B N N
Closed-source MLLMs

GPT-40-mini - - - 42.5* 67.2% 69.9* 78.5" 68.0" 78.2* 29.04*
Gemini-1.5-Pro - - - 45.6 B B 75.4 B S N
Step-1.5V-mini - - - 46.7 B N .3 B

Commercial Open-source MLLMs

InternVL2 InternLM2.5-7B ~100M 4 45.2 64.4 70.1* 79.4 74 91.6 83.3
POINTS Qwer 431.0M 4 46.0 67.3 - 72.0 - - -
MiniCPM-V-2.6 Llam 460.0M 16 48.1 65.5* 69.7* 85.2 80.1 90.8 79.4*
Qwen2-VL Qwe ~700.0M 4 50.6 70.1 76.0" 86.6 84.3 94.5 83.0
DeepSeek-VL2 DeepSeekMoE-16B ~203.0M 4 43.8 65.4 N 83.2 83.4 92.3 84.5
NaVLM-PVC (ours) Qwen2-7B 20.1M 64 52.2 70.3 73.5 82.7 79.8 92.8 82.8

Ablation training strategy. The MLLM uses SigLIP2-SO-400M as the vi-
sion encoder, an MLP projector, and Qwen2-7B as the LLM, with training and
inference fixed at a resolution of 1024x1024. We follow the LLaVA pipeline,
using LLaVA-Pretrain-558K for vision-language alignment and SFT-858K [71]
for supervised fine-tuning. For the baseline, we insert a WTC layer using pixel-
unshuffle in the last ViT layer. For the PVC incremental setting, an extra ViT
pre-alignment stage is added before standard LLaVA training to mitigate the
perturbation of ViT feature modeling introduced by PVC. The pre-alignment
data is a subset of stage 1. More details are supplied in Appendix A.4.
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4.2 Experiment Setting

Benchmarks. We evaluate our model on a comprehensive suite of multi-modal
benchmarks, which are divided into four categories: (1) General benchmarks
including MME [14], MMB [33], SEED [24] and MMStar [6]. (2) Knowledge
benchmarks such as SQA [11], MMMU [69], AI2D [21] and MathVista [40]. (3)
OCR&Chart benchmarks consist of OCRBench [35], Text VQA [47], DocVQA [44]
and ChartQA [43]. (4) Visual reasoning benchmarks like HallusionBench [15],
RealWorldQA [64] and CV-Bench [53].

Evaluation Metrics. (1) We present the amount of training image-text pairs
(#Data) for fair comparison. For methods that reports the number of training
tokens (#token), we roughly compute the number of image-text pairs by dividing
#token by a standard maximum token limitation (i.e., 4096) in a single batch.
(2) We compute the compression ratio as the final LLM token count divided
by the number of tokens after the ViT patch embedding, where a higher value
indicates denser visual information and more efficient inference. (3) We report
Time-to-First-Token (TTFT) under a fixed resolution of 1024 x 1024, averaged
across 100 inferences, using FlashAttention2 [9] and bf16 data type on one single
80G-A100 GPU for the whole model. (4) In ablation study, we report the average
accuracy of benchmarks within each sub-category.

Counterparts. The compared models are categorized as three manifold. (1)
Commercial open-source MLLMs, trained large corpora (e.g. over 100M vision-
language samples) by industry labs, which includes MiniCPM-V2.6 [68], Qwen2-
VL [59], DeepSeek-VL2 [62], InternVL2 [7], POINTS [34], VILA? [13] and etc. (2)
Academic-scale MLLMs like LLaVA-OneVision [23], Cambrain-1 [53], Fast VLM [55],
Valley2 [63]) and ete. (3) Closed-source MLLMs such as GPT-4o-mini [45],
Gemini-1.5-Pro [49] and Step-1.5V-mini [52].

4.3 Model Performance

In Tab. 1, compared with commercial open-source MLLMs, our NaVLM-PVC
achieves strong performance despite using one order of magnitude less training
data than Qwen2-VL ( 20.1M vs. 700.0M). On general benchmarks, it demon-
strates notable gains—such as improvements on MMB (81.3 vs. 80.7) and SEED-
Image (77.2 vs 75.3), showing the effectiveness of our approach in general mul-
timodal understanding. On knowledge benchmarks, especially MathVista, our
model surpasses both InternVL2 and MiniCPM-V-2.6, highlighting the superior
capability of our global encoding mechanism in capturing complex geometric
and spatial relationships.

Visual reasoning and OCR&Chart tasks require more fine-grained visual
representations. As illustrated in Tab. 2, although our NaVLM-PVC has the
highest compression ratio (64), it significantly outperforms the slice-based en-
coding methods MiniCPM-V-2.6 (ratio = 16) and Intern-VL-2 (ratio = 4) on
spatial reasoning datasets such as HallusionBench and CV-Bench. Moreover, on
the OCR&Chart subset, our MLLM delivers comparable performance compared
to Qwen2-VL and MiniCPM-V-2.6, demonstrating that our high-compression
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Table 3: Evaluation on proposed modules including refined patch embedding (RPE)
and windowed token compression (WTC). “4# WTC" denotes the number of inserted
WTC in ViT, “CA pooling" the brief of content-adaptive pooling described in Sec. 3.1.
For all configurations, the WTC inserted at the 27th layer is implemented using pixel-
unshuffle.

Method Patch Size # WTC Layer Id Tokens| TTFT (ms)} Avgt Generalt OCR&Chat? Visual Reasoning? Knowledge?t
Baseline 16 1 27 1024 233 62.1 69.8 61.8 55.7 59.7

+ WTC

- Avg-pooling 16 2 418 256 82 59.2  68.9 53.4 53.2 59.6

- CA-pooling 16 2 4,18 256 83 60.7 70.5 55.6 55.2 59.9

- Pixel-unshuffle 16 2 4,18 256 83 57.5  64.9 53.5 52.9 57.5
+ RPE 8 3 4,18,27 256 160 63.0 70.3 64.6 55.6 59.8

global encoding not only preserves but also enhances fine-grained visual under-
standing required for text-rich and structured visual tasks.

4.4 Abalation Studies

Effect of Individual Components To better understand the contributions
of the proposed components in ViT-PVC, we conduct a comprehensive ablation
study. As shown in Tab. 3, introducing WTC using average pooling substan-
tially improves inference efficiency (from 233 ms to 82 ms). However, the sharp
token reduction (1024 to 256) weakens fine-grained representation, leading to
severe OCR&Chart degradation. In contrast, our content-adaptive pooling alle-
viates this issue and improves performance on the general subset, highlighting
the importance of dynamically modeling local semantics, while incurring nearly
no extra cost compared to average pooling. Utilizing a parameterized module like
pixel-unshuffle as WTC causes notable performance degradation due to conver-
gence challenges. Combining RPE with 3 WTC layers yields a favorable trade-
off, delivering 1.5x higher efficiency (160 ms vs. 233 ms) and boosting average
accuracy (63.0 vs. 62.1) across all benchmarks.

(16384 tokens) | 9¢ None 0000 - TTFT Bound
1910 @® 4x! and 16x! Perfo&Effi Tradoff
B 64x! and 256x¢

2000

4096 tokens]

—_—

636

498

1024 tokens]

256 tokens]

’—Jﬁo 64 tokens]
19 123 117

None 18 4 4-18  4-14-27 4-18-27 4-24-27 4-14-24-27
Compression Position (Layer id)

Fig. 5: Efficiency of varying compression position. Optimal trade-off are shown in the
light blue region. 4x denotes a different compression ratio.



NaVLM-PVC 13

Table 4: Performance of baseline and ViT-PVC with the same Pre-alignment Stage

Encoding Strategy  Vision Encoder PVC Max Tokens| Avgt MME POPE HallusionBench MMMU AI2D MMStar TextVQA

GNE MoonViT X 776 64.11 1522.97 85.38 39.94 46.44 78.04 49.93 72.93
GNE with PVC(Ours)  ViT-PVC v 380 64.26 1532.33 88.25 39.11 46.55 T77.97 49.66 71.73

Joint modulation for superior trade-off. We evaluate the impact of different
configurations of WT'C on the TTFT latency of NaVLM-PVC under a patch size
of P = 10 and an input resolution of 1024x1024. As shown in Fig. 5, adding
1 or 2 WTC layers significantly improves efficiency, with earlier inserted layers
yielding greater latency reduction. Interestingly, the efficiency gain saturates
after introducing 3 WTC layers, and further increasing their number or altering
their placement offers negligible improvement.

=—e— AvgOverall W General W Visual Reasoning Knowledge OCR&Chart

Performance

6 8 10
Patch Size

Fig. 6: Performance across different patch sizes. The average score decreases with larger
patch size, with consistent drops in Visual Reasoning and OCR and Chart tasks.

Patch-Size Scaling Recent studies such as [4] [57] systematically investigated
the effect of patch size in Vision Transformers across classification, detection,
and segmentation tasks. Their results demonstrate a consistent trend: smaller
patch sizes lead to stronger visual representation and improved downstream
performance, provided the model is properly trained or adapted. We extend this
investigation to multimodal large language model (MLLM) settings and observe
a similar trend, as illustrated in Fig. 6. Based on empirical analysis and latency
profiling, we adopt a patch size of 10 as a balanced configuration, which provides
strong encoding capability while maintaining acceptable inference cost.
Pre-alignment stage ablations. To construct our ViT-PVC, we integrate the
RPE and WTC modules into a well-pretrained vision encoder. This modification
alters the original encoding flow and disrupts the pretrained feature distribution.
To stabilize the representation space and preserve the benefits of pretraining,
we introduce an additional pre-alignment stage using 4M samples. This stage
effectively restores the embedding space and enables efficient optimization while
retaining GNE’s strong performance.
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To further study the role of this pre-alignment process and ensure a fair
comparison with existing approaches, we apply the same pre-alignment training
to both MoonViT(GNE) and ViT-PVC(GNE with PVC), followed by identical
pretraining (558K samples) and SFT (858K samples). As shown in Tab. 4, under
the same data regime, ViT-PVC achieves comparable performance while using
significantly fewer tokens.

e =

Latency (ms)
Latency (ms)

Resolution (pixels) o . Resolution (pixels)

(a) Vision Encoder latency (b) MLLM latency

Fig. 7: (a) Evaluation of Vision Encoder latency of GNE(global native-resoluion en-
coding), SBE(slice-based encoding) and GNE with our proposed PVC method in differ-
ent input resolution.(b) Evaluation of MLLM latency of GNE(global native-resoluion
encoding), SBE(slice-based encoding) and GNE with our proposed PVC method in
different input resolution.

Efficiency ablations of Encoding strategies. With the integration of our
PVC framework, the proposed ViT-PVC(GNE with PVC) retains the advantages
of GNE while progressively compressing visual tokens throughout the encoding
stage. As illustrated in Fig. 7, this design enables faster inference than SBE
methods, while the model maintains comparable performance to GNE models,
as validated in Tab. 4. In essence, ViT-PVC combines the strengths of both GNE
and SBE — achieving global contextual understanding with high efficiency.

Experiment on Different WTC As shown in Fig. 8(a), when integrating
WTC with pixel-unshuffle into the ViT architecture, we observe that placing
WTC at lower layers leads to greater disruption of training convergence. This
demonstrates the point discussed in Appendix 7?7, namely that inserting addi-
tional modules directly into the ViT disturbs the pre-trained feature modeling
flow, thereby necessitating an extra pre-alignment stage to stabilize the network.
Moreover, in Fig. 8(b), we find that avg-pooling, despite being parameter-free,
achieves better convergence stability than pixel-unshuffle when inserted at the
same positions (i.e., 4-th and 18-th layers). Finally, our content-adaptive pool-
ing further enhances convergence stability and efficiency, shown in Fig. 8(b),
yielding faster convergence and achieving superior average performance across
15 benchmarks, as illustrated in Fig. 8(c).
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= Pixel-Unshuffle
Avg-Pooling 615 6116
CA-Pooling 60.87

Final Loss

56.84

Avg-15 Performance (%)

N 58.5

g 1T 12 13 14 15 16
Compression Position Training Step Avg-Pooling Pixel-Unshuffle CA-Pooling

(a) Final loss of different position (b) Loss curve of different WTC (c) Performance of difference WTC

Fig. 8: Evaluations on hyper-parameters of WTC type and layer position. All the
ablation is conducted on SigLIP2 at 1024x1024 with patch size 16. (a) illustrates the
final loss when using pixel-unshuffle in different layer position. (b) shows the training
loss curve when using different WTC. (c) gives the performance comparison of different
WTC.

5 Related works

Sliced-based Visual Encoding. Slice-based encoding improves efficiency by
dividing high-resolution images into smaller slices, processing each indepen-
dently with a ViT, and then concatenating their features [20,29,31,70]. LLaVA-
UHD [17] computes an optimal slicing strategy while preserving aspect ratios,
and SPHINX [29] reduces sequence length by padding partial slices with “/n"
tokens.

Native-Resolution Image Encoding. native-resolution encoding directly pro-
cesses images at their original resolution without resizing [10], preserving holistic
spatial information. Recent works such as Qwen2.5-VL [2] and MiMo-VL [48]
improve this approach through window attention mechanism and position em-
bedding like 2d-RoPE.

Visual Feature Compression. To handle the long token sequences output
by ViTs, existing MLLMs commonly rely on projectors for feature compres-
sion and alignment. Common designs include MLPs [32], Q-Formers [26], and
Re-samplers [1, 3], with recent variants exploring pooling and attention-based
compression [5, 38].

6 Conclusion

We introduced NaVLM-PVC, an MLLM built upon Progressive Visual Com-
pression (PVC) for efficient native-resolution encoding. By integrating refined
patch embedding and windowed token compression, a standard ViT will be
reconfigured into an efficient yet generalizable encoder. Extensive evaluations

demonstrate competitive performance and significantly reduced inference latency
compared with SoTA ViTs and MLLMs.
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