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ABSTRACT

Vision encoders are indispensable for allowing impressive performance of Multi-
modal Large Language Models (MLLMs) in vision–language tasks such as visual
question answering and reasoning. However, existing vision encoders focus on
global image representations but overlook fine-grained regional analysis. They
are limited in fine-grained perception due to the scarcity of fine-grained annotated
data and the lack of a fine-grained pre-training paradigm. In this paper, we propose
GranViT, a novel Vision Transformer that integrates fine-grained feature extrac-
tion with semantic alignment to Large Language Models (LLMs) via region-level
autoregressive training. We first construct Gran-29M, a dataset comprising 29
million natural and OCR images paired with over 180 million high-quality region-
level annotations, to enable large-scale fine-grained pretraining. Consequently, we
develop a pretraining-adaptation framework along with a self-distillation mech-
anism to train fine-grained GranViT on Gran-29M. We sufficiently exploit the
fine-grained annotations from Gran-29M to resort to bounding-box-to-caption re-
gression to enhance localized visual representation of the vision encoder in the
pretraining and caption-to-bounding-box regression to improve vision feature uti-
lization and localization for LLM in the adaptation. We further incorporate a
self-distillation mechanism that imposes explicit localization constraints on the
vision encoder to strengthen its regional reasoning capability. Extensive exper-
iments show that GranViT surpasses existing vision encoders and attains strong
transferability to varying LLMs. Remarkably, it achieves state-of-the-art results
on fine-grained recognition, multimodal VQA, and OCR understanding.

1 INTRODUCTION

Multimodal Large Language Models (MLLMs) have stimulated substantially growing research in-
terests and efforts in recent years (Wang et al., 2024; Bai et al., 2025; Dong et al., 2025; Zhu et al.,
2025; Wang et al., 2025; Li et al., 2025c). Existing architectures for MLLMs usually consist of a
pretrained vision encoder that extracts visual information and a projection module that maps visual
information to visual tokens for image understanding and reasoning with Large Language Models
(LLMs). Projection modules such as multilayer perceptrons (MLPs) (Liu et al., 2023b) or Q-Formers
(Li et al., 2023b) bridge visual features to the semantic space of LLMs, whereas vision encoders are
primarily for the ability of capturing visual information for MLLMs.

Vision Transformers (ViTs) (Dosovitskiy et al., 2021) and their variants (Liu et al., 2021; Ravi et al.,
2025; Zheng et al., 2024a) have been widely adopted as vision encoders in MLLMs due to their
exceptional capabilities in visual feature extraction and scalability (Dosovitskiy et al., 2021; Carion
et al., 2020; Kirillov et al., 2023; Ravi et al., 2025; Li et al., 2025b). Existing ViTs are usually
trained to align visual representations with textual semantics. Contrastive Language–Image Pre-
training (CLIP) (Radford et al., 2021; Zhai et al., 2023; Tschannen et al., 2025; Shi et al., 2024)
is one prevailing paradigm that projects images and texts into a learned shared embedding space
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Figure 1: (a) Compared to existing vision encoders, GranViT demonstrates outstanding performance
across fine-grained natural image and OCR understanding. HBench denotes HallusionBench. (b)
Attention visualization of existing vision encoders according to the query token. The small red
rectangle indicates the query token. Best viewed with zoom in.

to aggregate matched image-text pairs, and non-matching pairs are discriminated to preserve the
semantic relationship. Another popular alternative is autoregressive modeling (Chen et al., 2024c;
Fini et al., 2025; Tschannen et al., 2025) that directly maps visual features into the textual space
by connecting a cascaded vision encoder and textual decoder. It allows superior alignment with
textual space but could sacrifice the discrimination ability of visual features. Nevertheless, these
approaches over-emphasize image-level global feature extraction but neglect essential fine-grained
details required for multimodal understanding.

To address the limitation, in this paper, we investigate integrating fine-grained localization capabil-
ities into the vision encoder within an LLM cascade architecture. It is non-trivial to address the
following two challenges, i.e., i) Data scarcity: scarcity of high-quality datasets with fine-grained
annotations, and ii) Fine-grained pre-training: lack of a dedicated framework to train fine-grained
vision encoders that effectively align with LLMs.

i) Data scarcity. We build a high-quality annotated dataset termed Gran-29M that contains 29
million natural and OCR images with image-level annotations along with 183 million region-level
annotations. Specifically, we leverage the UMG-41M (Shi et al., 2024), FLICKR30k (Young et al.,
2014), and LAION (Schuhmann et al., 2022) datasets to collect natural images of varying scales and
diversity and generate image-level and region-level annotations (e.g., bounding boxes) using ViTDet
(Li et al., 2022) and Qwen2.5-VL (Bai et al., 2025). Moreover, we consolidate publicly available
OCR datasets (Li et al., 2025c; 2024a) and utilize PaddleOCR (Cui et al., 2025) for localized text
detection and bounding box prediction. Gran-29M is achieved with rigorous filtering based on
bounding box aspect ratio, area, quantity, and image resolution.

ii) Fine-grained pre-training and adaptation. We propose a novel pretraining-adaptation frame-
work to improve fine-grained understanding of natural and OCR images beyond enhancing overall
perception. In the pretraining, the proposed framework optimizes the vision encoder with bounding-
box-to-caption (Bbox2Caption) regression for fine-grained feature extraction. Additionally, we
develop localized self-distillation to optimize the vision encoder and explicitly augment its ability to
extract fine-grained features. As for adaptation, the LLM is tunable for fine-grained vision feature
localization with caption-to-bounding-box (Caption2Bbox) regression.

To validate the effectiveness of GranViT, we perform comprehensive performance comparisons and
extensive visualizations after downstream supervised fine-tuning (SFT) (Li et al., 2025a), including
visual question answering, visual grounding, and OCR understanding. Fig. 1 shows that GranViT
achieves state-of-the-art performance on multiple benchmarks and exhibits strong generalization
capabilities. The contributions of this work are summarized as below.
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• We establish Gran-29M, a large-scale pretraining dataset containing 29 million natural and OCR
images with comprehensive global annotations and 183 million fine-grained captions.

• We propose a pretraining-adaptation framework that simultaneously enhances the fine-grained
feature extraction ability of GranViT with Bbox2Caption regression and localized self-distillation
using explicit local region supervision and adapts to varying LLMs with stronger capacity for local
region localization with Caption2Bbox regression.

• We demonstrate the robustness and generalization ability of GranViT compared with existing vi-
sion encoders via comprehensive analysis. GranViT achieves state-of-the-art performance on visual
grounding and OCR comprehension.

2 RELATED WORK

2.1 MULTIMODAL LARGE LANGUAGE MODELS

Multimodal large language models (MLLMs) (Wang et al., 2024; Bai et al., 2025; Dong et al., 2025;
Chen et al., 2024c;b; Zhu et al., 2025; Wang et al., 2025; Team et al., 2025b; Li et al., 2025c;
Lei et al., 2025b) attract wide attention for their potential in image understanding and reasoning.
Building on the robust textual understanding and reasoning capabilities of large language models
(LLMs) (Touvron et al., 2023; Yang et al., 2025; Guo et al., 2025a; Yang et al., 2025; Lei et al.,
2025a), most existing MLLMs augment their functionality with a pretrained vision encoder to enable
visual perception. These encoders are usually trained with contrastive learning (Radford et al., 2021;
Zhai et al., 2023; Tschannen et al., 2025; Shi et al., 2024) and projectors commonly adopt a two-
layer MLP architecture (Li et al., 2025a; Liu et al., 2023b), but pre-trained vision encoders cannot
handle high-resolution inputs (Zhai et al., 2023). Early models (Wang et al., 2024; Gu et al., 2024)
adopt an image tiling strategy (Chen et al., 2024c; Liu et al., 2023b; Lu et al., 2024a; Team et al.,
2025b): high-resolution images are divided into patches, from which local features are extracted
and aggregated. In comparison, newer MLLMs such as Qwen2.5-VL (Bai et al., 2025), Seed-VL1.5
(Guo et al., 2025b), and Kimi-VL (Team et al., 2025a) train vision encoders from scratch on diverse
datasets and support native-resolution input (Bai et al., 2025) to mitigate performance loss from
resolution reduction. Beyond architectural improvements, recent MLLMs increasingly focus on
post-training strategies (Cheng et al., 2025; Gu et al., 2024; Li et al., 2025c). These emphasize
large-scale, curated SFT datasets and leverage both SFT and reinforcement learning (Schulman
et al., 2017; Shao et al., 2024; Zheng et al., 2024b; 2026; 2024a) to enhance task-specific capability.

2.2 VISION FOUNDATION MODELS

Vision encoders are a critical component for extracting and representing visual information to sup-
port multimodal reasoning in MLLMs. Existing MLLMs usually employ vision encoders pre-trained
through contrastive learning, which inherently align visual and textual semantic spaces. Commonly
used encoders include CLIP (Radford et al., 2021) using cross-entropy loss (Mao et al., 2023),
and SigLIP (Zhai et al., 2023) using sigmoid loss. InternViT (Chen et al., 2024c) combines con-
trastive learning with an autoregressive loss and incorporates a text decoder to enhance alignment
by decoding visual features into text. SeedViT (Guo et al., 2025b) first undergoes generative self-
supervised pretraining (Xie et al., 2022; He et al., 2022) before contrastive learning. AIMv2 (Fini
et al., 2025) introduces the first vision encoder trained solely with an autoregressive loss, predict-
ing subsequent image patches and text tokens to achieve cross-modal alignment without contrastive
learning. SigLIP2 (Tschannen et al., 2025) integrates autoregressive and self-distillation losses in
SigLIP to enhance visual representations through multi-objective pretraining. SAILViT (Yin et al.,
2025) extends AIMv2 by incorporating alignment with LLMs and multi-stage pretraining with SFT
data, facilitating high-dimensional vision-language integration and infusing world knowledge into
visual encoding. However, these encoders predominantly emphasize global feature extraction at the
cost of fine-grained visual details, and are limited in fine-grained multimodal tasks.

3 GRAN-29M: FINE-GRAINED ANNOTATED DATASET

In this section, we elaborate on the construction of a large-scale fine-grained Gran-29M dataset for
pre-training, including data sources, data annotations, filtering criteria, and data reformatting.

Data Source. We collect diverse large-scale images from public datasets. For natural images, we ex-
pand the UMG-41M dataset (Shi et al., 2024) (including CC3M (Sharma et al., 2018), IN21k (Deng
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Figure 2: The details of data annotations of Gran-29M. We leverage ViTDet (Li et al., 2022) and
Qwen2.5-VL-7B (Bai et al., 2025) for bbox and caption generation. Then, we transfer the absolute
bbox coordinate to a relative one based on the image resolution and apply rigorous filtering based on
image resolution, bbox area, and the number of bboxes per image. Finally, we reformat the global
and local captions into QA pairs.

et al., 2009), SBU (Ordonez et al., 2011), CC12M (Changpinyo et al., 2021), YFCC15M (Kamath
et al., 2021), and VisualGenome (Krishna et al., 2017)) with samples from LAION (Schuhmann
et al., 2022) and FLICKR30k (Young et al., 2014). For OCR images, we collect four distinct types
of images from publicly available sources (Li et al., 2024a; 2025c): plain text images, chart and
table images, receipt images, and rich text images. Refer to Table 6 in the appendix for details.

Data Annotations Workflow. For natural images, we directly utilize bounding box (bbox) coor-
dinates provided by UMG-41M as localized annotations for local regions, and employ Qwen2.5-
VL-7B (Bai et al., 2025) to regenerate global and local captions to enhance caption quality. For the
LAION dataset (Schuhmann et al., 2022) and FLICKR30k (Young et al., 2014), we utilize ViTDet
(Li et al., 2022) to detect bboxes and Qwen2.5-VL-7B (Bai et al., 2025) to generate global and local
captions, as shown in Fig. 2. For OCR images, since global descriptions are often vague (e.g., “a
page of an academic paper”) and lack details, only local regions are annotated using PaddleOCR
(Cui et al., 2025) to provide accurate bboxes and textual contents simultaneously.

Filtering Criteria. To ensure high-quality annotations for both global and local regions, we apply
a filtering process based on image resolution and bbox criteria. For local region annotations, we
require that the shorter side of each image should be larger than 448 pixels, the aspect ratio of both
the entire image and each bbox should be between 1

3 and 3, the area of each bbox should be greater
than 1002 square pixels, and the number of bboxes per image should be at least one. The filtered
results are summarized in Table 7 in the appendix. In total, we obtain 29.51 million images with
183.55 million localized region annotations for large-scale pretraining.

Data Reformatting. To facilitate the training of GranViT, we reorganize existing global and lo-
cal region captions and reformat them into a standard question-answer pair structure. Using the
following question and answer prompts, we rewrite existing data to enhance its suitability for train-
ing. For bbox coordinates and corresponding captions, we perform bidirectional annotations through
Bbox2Caption and Caption2Bbox tasks for the vision encoder and LLM pretraining, respectively.
Furthermore, we convert the absolute bbox coordinates into relative coordinates based on image res-
olutions to eliminate the dependence on absolute coordinates.

Global Caption.
Q: Describe in detail what is shown in the image in one
paragraph
A: [global captions]

Bbox2Caption.
Q: Describe the content contained within the normalized
bounding box coordinates [bbox coordinates] in no more
than 10 words.
A: [local captions]

Caption2Bbox.
Q: Please provide the bounding box coordinate of the
region this sentence describes: [local captions]
A: [bbox coordinations]
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Figure 3: The fine-grained pretraining and transferring paradigm of GranViT. For pretraining, the vi-
sion encoder and projector are tuned via the global and Bbox2Caption task for fine-grained feature
extraction. The teacher vision encoder explicitly supervises the local region of features extracted
by the student vision encoder. For vision feature adaptation and transfer, based on the fine-grained
vision encoder, we apply LLM tuning to further strengthen the localization capability of the LLM
regarding fine-grained visual features via the global and Caption2Bbox task.

4 PROPOSED METHOD

4.1 FINE-GRAINED PRETRAINING PARADIGM WITH AUTOREGRESSIVE PERCEPTION

Owing to training solely on images and global captions (Radford et al., 2021; Zhai et al., 2023; Fini
et al., 2025), previous vision encoders struggle with fine-grained feature extraction for local regions,
while also lacking alignment between visual features and the textual feature of the LLM. To over-
come these issues with a unified framework, we leverage the LLM to provide supervision for the
fine-grained training of vision encoders. Specifically, we employ the same global image captioning
task (Radford et al., 2021; Zhai et al., 2023; Fini et al., 2025) throughout the entire pretraining pro-
cess to preserve the global perception capability. Furthermore, we enhance the ability of fine-grained
feature extraction by cascading the vision encoder with the LLM via the projector during pretraining,
and perform large-scale pretraining using both Bbox2Caption and Caption2Bbox tasks for local-
ized region recognition and grounding, respectively. As depicted in Fig. 3, the proposed framework
consists of pretraining and adaptation stages.

• Stage 1: Pretraining that tunes vision encoder and projector with LLM frozen. We
additionally employ the Bbox2Caption task for pretraining, which requires the MLLM to
generate a localized caption of the object within specified bboxes. The LLM can be viewed
as a decoder that converts visual features into texts, where the supervision is directly prop-
agated back to the extracted local features with bboxes, thereby enhancing the fine-grained
characteristics of the visual representations. The input prompt to the LLM incorporates the
bbox coordinates, thereby facilitating object recognition and localization. It is worth noting
that, in this stage, we employ a lightweight LLM (i.e., Qwen2.5-VL-1.5B (Bai et al., 2025))
to compel the vision encoder to extract generic fine-grained features, rather than relying on
the powerful reasoning capabilities of large LLMs for output generation.

• Stage 2: Adaptation and Transfer that tune projector and LLM with the vision en-
coder frozen. In contrast, we employ the Caption2Bbox task in this stage, which requires
the MLLM to recognize objects present in the image according to the prompts and out-
put their bbox coordinates. The primary objectives of this stage are to further enhance the
localization capability of the LLM based on fine-grained visual features and to ensure the
transferability of the vision encoder to other LLMs with comparable or larger size. Since in
MLLMs, it is required that the vision encoder provide more fine-grained features, while the
LLM should also be capable of utilizing these visual features. On the other hand, the vision
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(a) (b)
Figure 4: (a) The performance curve of Stage1 and Stage2. We sample 8M Bbox2Caption and
Caption2Bbox samples respectively for pretraining and adaptation and calculate ROUGE-L (Bar-
bella & Tortora, 2022) and ACC@IOU0.5 for Bbox2Caption and Caption2Bbox respectively. In
stage 1, the ACC@IOU0.5 of the Caption2Bbox task only achieves 13%, while the ROUGE-L of
the Bbox2Caption task achieves 52%. Conversely, in stage 2, the training of LLM leads to a no-
table increase in ACC@IOU0.5 for Caption2Bbox, while Bbox2Caption achieves only a minimal
improvement of 3%. (b) Visualization of predicted bbox coordinate of Caption2Bbox task in stage
1 and stage 2. Green bboxes indicate predicted regions, while red ones denote ground truth.

encoder can be adapted with different LLMs (i.e., Qwen2.5-VL-3B, Qwen2.5-VL-7B (Bai
et al., 2025)), ensuring compatibility and transferability to new architectures.

Across both stages, the autoregressive caption loss is applied to regulate the text output of the LLM
for supervising the vision encoder and the LLM, respectively. Given ground truth text T and output
text OLLM , the caption loss can be calculated by Lcaption = CrossEntropy(OLLM , T ). Through
this pretraining-adaptation pretraining paradigm, the vision encoder gains enhanced fine-grained
feature extraction abilities, with its outputs inherently aligned to the semantic space of the LLM.
The LLM, in turn, improves its capacity to utilize visual information for accurate localization. These
generalized capabilities enhance object recognition and spatial reasoning during downstream SFT,
thereby reducing visual understanding errors and mitigating hallucinations.

4.2 EXPLANATION OF FINE-GRAINED PRETRAINING PARADIGM

Pretraining-Adaptation framework with different tasks. To enhance the fine-grained feature ex-
traction capability of the vision encoder, in pretraining, we freeze the LLM and only train the vision
encoder and projector in stage 1. Both the Bbox2Caption and Caption2Bbox tasks are used ini-
tially; however, as illustrated in Fig. 4(a), the model shows strong performance in Bbox2Caption
but limited accuracy in Caption2Bbox, primarily due to the frozen LLM, which restricts learning
for the more language-reliant Caption2Bbox. Thus, we further apply stage 2 to adapt the pre-
trained vision encoder to LLMs to utilize fine-grained visual features. Meanwhile, the pretrained
vision encoder can be adapted with other LLMs for transferability. Specifically, in stage 2, we
keep the vision encoder frozen and tune the projector and LLM using both Bbox2Caption and
Caption2Bbox tasks. Results in Fig. 4(a) demonstrate a notable improvement in ACC@IOU0.5
for Caption2Bbox, while Bbox2Caption sees only marginal gains. This finding is consistent with
the visualization results in Fig. 4(b), confirming the superiority of training Caption2Bbox in stage
2. Since further optimizing Bbox2Caption in stage 2 yields minimal benefits at twice the compu-
tational cost, we finally adopted the pretraining-adaptation paradigm, separately optimizing the two
tasks in these two stages.

Freezing the vision encoder in the adaptation stage. We freeze the vision encoder and only tune
the LLM for adaptation and transfer in stage 2, enabling the LLM to better use the fine-grained
vision feature for the Caption2Bbox task. The vision encoder is kept frozen because it has already
been sufficiently pretrained in stage 1, and further tuning it would significantly increase adaptation
and transfer costs but yield marginal performance gains, as shown in Table 9 in the appendix.
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4.3 SELF DISTILLATION FOR FINE-GRAINED PRETRAINING PARADIGM

Although the vision encoder is implicitly supervised through the caption loss Lcaption from the out-
put text of LLM, it lacks explicit constraints on localized region features. Therefore, we incorporate
self-distillation training (Naeem et al., 2024; Maninis et al., 2025; Zhang et al., 2019) into stage 1.
As illustrated in Fig. 3, an additional frozen teacher vision encoder is introduced to constrain the
feature generated by the student vision encoder, thereby enhancing localized region features.

Specifically, given images x, the student vision encoder extracts the fine-grained features x′. Both
prompts and visual features x′ are sent to the LLM for generating localized captions. Besides,
the image regions xcrop are cropped from x according to the bbox coordinates and are sent to the
teacher vision encoder for localized feature extraction. The self-distillation loss is calculated be-
tween x′ and x′

crop by Ldistill = MSE(x′
crop, ROIAlign(x′)), where x′

crop and MSE denotes
the extracted features of xcrop and mean square error loss, respectively. The weights of the teacher
vision encoder are initialized from the student vision encoder and updated by the exponential moving
average (EMA) according to the student vision encoder, specifically θtea = αθtea+(1−α)θstu. The
overall loss can be written as L = Lcaption + λLdistill, where λ denotes the weighting coefficient.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETTINGS

Dataset. Three datasets are adopted for distinct purposes of projector pre-training, fine-grained
pretraining, and downstream SFT. Following (Liu et al., 2023b), we adopt the BLIP-LAION-CC-
SBU-558K dataset (Liu, 2024) for projector pretraining. For fine-grained pretraining, we employ the
constructed Gran-29M dataset. To balance natural and OCR images, we proportionally sample 50M
local region captions from OCR regions and use all the natural image local captions. During stage 1,
we use all global samples and approximately 130M Bbox2Caption samples. In stage 2, we sample
24M Caption2Bbox samples in addition to global samples to reduce the transfer overhead. For SFT,
we adopt the Open-LLaVA-NeXT 1M dataset (Chen & Xing, 2024) for downstream adaptation.

Implementation Details. We use the LLaVA-Next framework (Li et al., 2025a) for pre-training
and SFT of the vision encoder and LLM. By default, we initialize the vision encoder with SigLIP2
(Tschannen et al., 2025), and adopt Qwen2.5-VL-1.5B (Bai et al., 2025) as the LLM. The projector is
implemented with a two-layer MLP. In training, images are resized to 512×512, padded according to
their aspect ratio, and then fed into the vision encoder and LLM for feature extraction and inference.
We also implement GranViT with image tiling strategy, as shown in Table 8 in the appendix. We
employ AdamW optimizer (Loshchilov & Hutter, 2019) for pretraining and SFT with learning rate
10−5 for one epoch. The overall batch size is set to 256 with 128 Ascend 910B NPUs. λ is 1 and α
is 0.9 by default in our experiment. Abation study on λ and α is shown in Table 5 in the appendix.

5.2 BENCHMARK EVALUATION

We make extensive evaluations on the well-known OpenCompass benchmark (OpenCompass Con-
tributors, 2023) and additional fine-grained benchmarks. We focus on fine-grained and OCR bench-
marks that are divided into four classes: fine-grained (RefCOCO (Yu et al., 2016), RefCOCO+ (Yu
et al., 2016), RefCOCOg (Yu et al., 2016), BLINK* (Fu et al., 2024)1 and MMVP (Tong et al.,
2024)), mulitmodal VQA (MMBench (Liu et al., 2024b), MMStar (Chen et al., 2024a), Hallusion-
Bench (Guan et al., 2024), GQA (Hudson & Manning, 2019) and SEEDBench (Li et al., 2023a)),
multimodal reasoning (MMMU (Yue et al., 2024), MathVista MINI (Lu et al., 2024b), MMVet (Yu
et al., 2024), ScienceQA (Lu et al., 2022) and AI2D (Kembhavi et al., 2016)) and OCR under-
standing (OCRBench (Liu et al., 2024c), DocVQA (Mathew et al., 2021), ChartQA (Masry et al.,
2022), InfoVQA (Mathew et al., 2022) and TextVQA (Singh et al., 2019)). We compare GranViT
with diverse vision encoders, i.e., CLIP (Radford et al., 2021), SigLip (Zhai et al., 2023), SigLip2
(Tschannen et al., 2025), AIMv2 (Fini et al., 2025), InternViT (Chen et al., 2024c), and SAILViT
(Yin et al., 2025).

1We calculate the average score of fine-grained evaluation (Counting, Object Localization and Spatial Re-
lation) in BLINK, denoted as BLINK*
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Table 1: Performance comparison with low resolution version. The bold font represents the best
performance, and the underline represents the second performance.

Capability Benchmark CLIP SigLip SigLip2 AIMv2 InternViT SAILViT GranViT

Fine-Grained

RefCOCO testA 81.26 69.47 87.78 86.03 85.15 89.65 91.79
RefCOCO testB 64.51 56.78 76.90 73.54 71.40 79.82 83.88
RefCOCO val 74.71 63.71 83.26 80.28 78.48 85.32 89.13
RefCOCO+ testA 74.43 63.13 82.92 81.33 77.33 85.01 87.04
RefCOCO+ testB 51.25 44.65 66.47 62.50 58.58 69.66 73.24
RefCOCO+ val 65.25 55.84 75.46 72.84 69.18 78.10 81.55
RefCOCOg val 68.95 55.02 78.53 76.55 71.62 80.26 83.86
RefCOCOg test 68.52 55.57 78.94 75.78 72.71 80.92 83.82
BLINK* 51.87 50.67 50.35 52.59 52.62 52.54 56.80
MMVP 63.33 61.66 66.00 65.66 61.00 69.00 66.33
Average 66.41 57.67 75.61 73.50 70.53 77.95 80.78

VQA

MMBench 61.14 55.95 64.00 65.40 59.44 63.54 62.46
MMStar 39.46 39.93 39.33 42.53 40.20 43.86 43.73
HallusionBench 28.83 28.22 31.79 29.39 27.95 31.29 30.34
GQA 58.80 57.52 60.42 60.14 58.02 60.83 60.95
SEEDBench 66.89 66.28 69.30 70.20 66.79 69.75 70.36
Average 51.02 49.58 52.97 53.53 50.48 53.85 53.57

Reasoning

MMMU 40.00 38.66 42.00 38.66 44.00 38.66 38.00
MathVista MINI 38.10 35.50 38.40 37.70 39.50 41.70 40.40
MMVet 33.53 30.87 38.80 38.34 35.27 35.73 37.29
ScienceQA 67.87 66.53 66.98 67.57 66.63 72.78 67.42
AI2D 66.51 65.47 69.26 68.19 66.51 71.21 69.91
Average 49.20 47.41 51.09 50.09 50.38 52.02 50.60

OCR

OCRBench 406 365 515 498 461 590 551
DocVQA 35.34 34.26 56.32 50.56 44.95 58.75 67.92
ChartQA 50.84 51.96 64.44 61.36 60.68 63.24 67.96
InfoVQA 20.67 20.89 24.12 22.60 21.91 24.75 27.19
TextVQA 46.65 41.71 61.36 56.57 51.74 60.90 61.66
Average 38.82 37.06 51.55 48.18 45.08 53.33 55.97

Performance Comparison. Table 1 provides a performance comparison on various benchmarks.
For fine-grained and OCR tasks, GranViT achieves an average top-1 score of 80.78 and 55.97, and
surpasses the second best by 2.83 and 2.64, respectively. GranViT is comparable to SAILViT with a
marginal difference of only 0.3 in multimodal VQA tasks. For multimodal reasoning tasks, GranViT
suffers a slight performance loss of 0.4 compared to SigLIP2. This is because reasoning capability
does not rely heavily on fine-grained feature extraction, and GranViT prioritizes fine-grained tasks
rather than extensively training reasoning capabilities. Note that reasoning capability can be further
improved by applying reasoning VQA data in pretraining.

Transferability. Table 2 reports the performance comparison with larger LLMs (i.e., Qwen2.5-3B,
Qwen2.5-7B). Notably, other vision encoders directly employ the larger LLM for SFT, whereas
GranViT employs a lightweight LLM (i.e., Qwen2.5-1.5B) for pre-training in stage 1, transfers to
the larger LLM in stage 2, and subsequently undergoes SFT. GranViT also demonstrates outstanding
performance on fine-grained and OCR tasks, while achieving comparable or even state-of-the-art
performance on some VQA tasks (i.e., HallusionBench and SEEDBench).

5.3 SCALING LAWS

We evaluate the scaling capacity of pretraining-adaptation framework in Fig. 5. Specifically, for
stage 1, we leverage 8M, 16M and all the 130M regions for Bbox2Caption tasks, while we lever-
age 8M, 16M, 24M and all the 130M regions for Caption2Bbox tasks in stage 2. The average
score of fine-grained (RefCOCO testA, RefCOCO+ testA, RefCOCOg test, BLINK, MMVP) and
OCR (OCRBench, DocVQA, ChartQA, InfoVQA, TextVQA) tasks is reported. As the data scale in-
creases, both tasks exhibit significant performance improvements, indicating enhanced fine-grained
feature extraction capability of GranViT.
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Table 2: Performance comparison for transferring vision encoders to Qwen2.5-3B, Qwen2.5-7B
and LLaMA3-8B. The best results are highlighted in bold and the second best underlined. Ref, Ref+
and Refg denote the RefCOCO testA, RefCOCO+ testA and RefCOCOg test. MMB, HB, and SB
stand for MMBench, HallusionBench, and SEEDBench, and. SQA, OB, DVQA, and IVQA for
ScienceQA, OCRBench, DocVQA, and InfoVQA, respectively.

Model Ref Ref+ Refg MMB HB SB MMMU SQA OB DVQA IVQA Avg
Qwen2.5-3B

CLIP 86.60 81.73 75.26 65.09 31.67 68.55 39.33 73.12 413 38.70 24.08 56.86
SigLip 87.55 82.83 77.46 69.27 33.12 70.29 36.44 70.64 428 46.27 25.24 58.36
SigLip2 91.03 86.37 83.30 69.34 33.70 71.13 36.00 71.69 529 60.87 29.00 62.30
AIMv2 90.33 87.05 81.83 69.27 31.91 71.84 40.00 74.46 545 56.04 27.34 62.23
SAILViT 91.58 87.82 83.63 69.73 34.08 71.33 36.00 75.75 633 62.53 29.49 64.11
GranViT 93.22 89.32 86.17 67.56 33.77 72.34 38.66 73.24 590 71.09 29.96 64.94

Qwen2.5-7B
CLIP 90.01 86.25 80.44 70.58 36.39 70.70 46.00 75.26 466 43.02 24.88 60.92
SigLip 90.68 86.27 81.72 74.22 37.94 72.04 46.00 76.99 459 50.03 26.69 62.59
SigLip2 92.06 88.70 85.13 72.21 36.02 72.17 44.00 75.26 540 62.20 29.89 64.69
AIMv2 90.84 87.82 82.39 72.29 37.29 72.11 41.44 72.92 553 56.54 28.59 63.41
SAILViT 92.66 89.50 85.32 74.53 37.76 73.05 44.66 81.11 648 64.13 30.66 67.11
GranViT 92.98 90.46 87.96 73.37 39.37 74.45 44.66 75.85 582 73.14 31.69 67.47

LLaMA3-8B
CLIP 90.26 86.43 80.59 72.07 37.65 72.18 48.00 74.90 462 44.28 24.14 61.38
SigLip 90.47 86.44 81.44 74.02 35.25 74.55 48.97 76.48 473 50.69 23.37 62.63
SigLip2 92.85 88.59 85.59 72.31 37.99 74.36 45.62 76.04 562 64.72 27.56 65.62
AIMv2 91.30 88.03 83.67 72.49 37.02 73.77 40.77 73.81 529 58.85 24.04 63.33
SAILViT 93.06 89.94 85.89 74.08 39.02 75.35 45.66 79.59 640 68.97 28.08 67.60
GranViT 93.65 91.27 88.23 73.08 39.92 76.37 47.14 78.42 625 77.24 31.44 69.02

Figure 5: Scaling law of two-stage training.

5.4 ABLATION STUDY

We employ small-scale datasets for ablation studies on the contribution of each module. 8 million
global and Bbox2Caption QA pairs and 8 million global and Caption2Bbox QA pairs are sampled
from Gran-29M as training data for two stages, respectively. The entire dataset is used for training
the projector and conducting supervised fine-tuning (SFT).

Effectiveness of Training Paradigm. In Table 3, the progressive introduction of the two-stage train-
ing strategy along with self-distillation results in incremental performance gains on fine-grained and
OCR-related tasks. Specifically, with stage 1 pretraining, the MLLM exhibits a substantial improve-
ment in both fine-grained recognition capability and OCR understanding (2.2 and 1.2 gains). Self-
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Table 3: Ablation study on each component of the proposed GranViT.
SigLip2 Stage1 Self-Distillation Stage2 Fine-Grained VQA Reasoning OCR
! % % % 73.20 52.97 51.09 51.55

! ! % % 75.06 53.64 49.89 52.77

! ! ! % 75.55 53.90 50.32 53.02
! ! ! ! 76.54 53.77 48.99 53.78

Table 4: Performance with different vision encoder initialization for GranViT during pretraining.
Model Fine-Grained VQA Reasoning OCR
InternViT 69.76 50.48 50.38 45.08
GranViT (InternViT) 75.15 51.78 50.23 50.13
AIMv2 72.28 53.53 50.09 48.18
GranViT (AIMv2) 77.14 55.07 50.59 52.71
SAILViT 75.42 53.85 52.02 54.53
GranViT (SAILViT) 76.79 55.40 51.95 56.61

Table 5: Ablation Study of the coefficient in self-distillation.

λ α Fine-Grained VQA Reasoning OCR
1 0.9 75.55 53.90 50.32 53.02
1 0.99 75.25 53.45 50.89 53.30
1 0.999 74.86 53.53 50.13 52.31

0.01 0.9 74.81 53.47 50.13 52.80
0.1 0.9 74.75 53.48 50.58 53.16
0.5 0.9 75.02 53.80 51.65 53.32

distillation training further improves fine-grained and OCR evaluations. With stage 2 adaptation,
fine-grained and OCR evaluations yield additional gains of 1.0 and 0.7, respectively.

Different Initialization for Vision Encoder. In Table 4, we compare the performance of vision
encoders initialized with different models. All three distinct vision encoders (InternViT-300M (Chen
et al., 2024c), AIMv2 (Fini et al., 2025), and SAILViT-Huge (Yin et al., 2025)) exhibit significant
performance improvements after pre-training, with the most notable improvements in fine-grained
perception (i.e., 5.3 for InternViT, 4.8 for AIMv2, and 1.3 for SAILViT) and OCR understanding
(i.e., 5.1 for InternViT, 4.5 for AIMv2, and 2.1 for SAILViT).

Coefficient in Self-Distillation We ablate two parameters in the self-distillation process: λ and α.
To efficiently conduct the ablation experiments, during the pre-training stage, we only train stage 1
and then directly proceed to downstream SFT. As shown in Table 5, the evaluation performance of
the model on fine-grained tasks gradually improves as λ increases and α decreases. Therefore, we
set λ to 1 and α to 0.9 in our experiments.

Visualization. To illustrate the fine-grained feature extraction capability of GranViT, we visualize
in Fig. 1(b) the attention maps of different vision encoders. AIMv2 (Fini et al., 2025) and SAIL-
lViT (Yin et al., 2025) focus on global features and are severely deficient in local regions. SigLip2
(Tschannen et al., 2025) emphasizes local regions, but exhibits redundant attention to global fea-
tures. In contrast, GranViT can simultaneously consider local regions and exclude interference from
redundant features. This further validates the effectiveness of the proposed pre-training framework.

6 CONCLUSION

This paper proposed GranViT, a novel visual Transformer architecture that integrates fine-grained
perception and multimodal alignment for advanced multimodal understanding. GranViT is trained
on Gran-29M, a newly curated large-scale dataset containing global and region-level descriptive
annotations for both natural and OCR images. The region-level bounding box and text annotations
enable two dedicated tasks, i.e., Bbox2Caption for optimizing the vision encoder to strengthen
fine-grained feature extraction and Caption2Bbox for adapting vision features to different LLMs
with enhanced region localization. Self-distillation loss is further incorporated to explicitly enhance
local feature learning. GranViT is potential to serve as a robust foundation MLLM model that offers
strong capabilities for complex multimodal reasoning tasks.
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Marcin Eichner, Moin Nabi, Yinfei Yang, Joshua M. Susskind, and Alaaeldin El-Nouby. Mul-
timodal autoregressive pre-training of large vision encoders. In Proceedings of 2025 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), pp. 9641–9654, 2025.

Xingyu Fu, Yushi Hu, Bangzheng Li, Yu Feng, Haoyu Wang, Xudong Lin, Dan Roth, Noah A
Smith, Wei-Chiu Ma, and Ranjay Krishna. Blink: Multimodal large language models can see but
not perceive. In Proceedings of the 18th European Conference on Computer Vision, pp. 148–166,
2024.

Shuhao Gu, Jialing Zhang, Siyuan Zhou, Kevin Yu, Zhaohu Xing, Liangdong Wang, Zhou Cao,
Jintao Jia, Zhuoyi Zhang, Yixuan Wang, Zhenchong Hu, Bo-Wen Zhang, Jijie Li, Dong Liang,
Yingli Zhao, Songjing Wang, Yulong Ao, Yiming Ju, Huanhuan Ma, Xiaotong Li, Haiwen Diao,
Yufeng Cui, Xinlong Wang, Yaoqi Liu, Fangxiang Feng, and Guang Liu. Infinity-MM: Scal-
ing multimodal performance with large-scale and high-quality instruction data. arXiv preprint
arXiv:2410.18558, 2024.

Tianrui Guan, Fuxiao Liu, Xiyang Wu, Ruiqi Xian, Zongxia Li, Xiaoyu Liu, Xijun Wang, Lichang
Chen, Furong Huang, Yaser Yacoob, Dinesh Manocha, and Tianyi Zhou. Hallusionbench: An
advanced diagnostic suite for entangled language hallucination and visual illusion in large vision-
language models. In Proceedings of 2024 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 14375–14385, 2024.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Peiyi Wang, Qihao Zhu, Runxin Xu, Ruoyu
Zhang, Shirong Ma, Xiao Bi, Xiaokang Zhang, Xingkai Yu, Yu Wu, Z.F. Wu, Zhibin Gou, Zhi-
hong Shao, Zhuoshu Li, Ziyi Gao, Aixin Liu, Bing Xue, Bingxuan Wang, Bochao Wu, Bei Feng,
Chengda Lu, Chenggang Zhao, Chengqi Deng, Chenyu Zhang, Chong Ruan, Damai Dai, Deli
Chen, Dongjie Ji, Erhang Li, Fangyun Lin, Fucong Dai, Fuli Luo, Guangbo Hao, Guanting Chen,
Guowei Li, H. Zhang, Han Bao, Hanwei Xu, Haocheng Wang, Honghui Ding, Huajian Xin,
Huazuo Gao, Hui Qu, Hui Li, Jianzhong Guo, Jiashi Li, Jiawei Wang, Jingchang Chen, Jingyang
Yuan, Junjie Qiu, Junlong Li, J.L. Cai, Jiaqi Ni, Jian Liang, Jin Chen, Kai Dong, Kai Hu, Kaige
Gao, Kang Guan, Kexin Huang, Kuai Yu, Lean Wang, Lecong Zhang, Liang Zhao, Litong Wang,
Liyue Zhang, Lei Xu, Leyi Xia, Mingchuan Zhang, Minghua Zhang, Minghui Tang, Meng Li,
Miaojun Wang, Mingming Li, Ning Tian, Panpan Huang, Peng Zhang, Qiancheng Wang, Qinyu
Chen, Qiushi Du, Ruiqi Ge, Ruisong Zhang, Ruizhe Pan, Runji Wang, R.J. Chen, R.L. Jin, Ruyi
Chen, Shanghao Lu, Shangyan Zhou, Shanhuang Chen, Shengfeng Ye, Shiyu Wang, Shuiping Yu,
Shunfeng Zhou, Shuting Pan, S.S. Li, Shuang Zhou, Shaoqing Wu, Shengfeng Ye, Tao Yun, Tian

12

https://openreview.net/forum?id=YicbFdNTTy
https://openreview.net/forum?id=YicbFdNTTy


Published as a conference paper at ICLR 2026

Pei, Tianyu Sun, T. Wang, Wangding Zeng, Wanjia Zhao, Wen Liu, Wenfeng Liang, Wenjun Gao,
Wenqin Yu, Wentao Zhang, W.L. Xiao, Wei An, Xiaodong Liu, Xiaohan Wang, Xiaokang Chen,
Xiaotao Nie, Xin Cheng, Xin Liu, Xin Xie, Xingchao Liu, Xinyu Yang, Xinyuan Li, Xuecheng
Su, Xuheng Lin, X.Q. Li, Xiangyue Jin, Xiaojin Shen, Xiaosha Chen, Xiaowen Sun, Xiaoxi-
ang Wang, Xinnan Song, Xinyi Zhou, Xianzu Wang, Xinxia Shan, Y.K. Li, Y.Q. Wang, Y.X.
Wei, Yang Zhang, Yanhong Xu, Yao Li, Yao Zhao, Yaofeng Sun, Yaohui Wang, Yi Yu, Yichao
Zhang, Yifan Shi, Yiliang Xiong, Ying He, Yishi Piao, Yisong Wang, Yixuan Tan, Yiyang Ma,
Yiyuan Liu, Yongqiang Guo, Yuan Ou, Yuduan Wang, Yue Gong, Yuheng Zou, Yujia He, Yunfan
Xiong, Yuxiang Luo, Yuxiang You, Yuxuan Liu, Yuyang Zhou, Y.X. Zhu, Yanhong Xu, Yanping
Huang, Yaohui Li, Yi Zheng, Yuchen Zhu, Yunxian Ma, Ying Tang, Yukun Zha, Yuting Yan,
Z.Z. Ren, Zehui Ren, Zhangli Sha, Zhe Fu, Zhean Xu, Zhenda Xie, Zhengyan Zhang, Zhewen
Hao, Zhicheng Ma, Zhigang Yan, Zhiyu Wu, Zihui Gu, Zijia Zhu, Zijun Liu, Zilin Li, Ziwei
Xie, Ziyang Song, Zizheng Pan, Zhen Huang, Zhipeng Xu, Zhongyu Zhang, and Zhen Zhang.
DeepSeek-R1: Incentivizing reasoning capability in LLMs via reinforcement learning. arXiv
preprint arXiv:2501.12948, 2025a.

Dong Guo, Faming Wu, Feida Zhu, Fuxing Leng, Guang Shi, Haobin Chen, Haoqi Fan, Jian Wang,
Jianyu Jiang, Jiawei Wang, Jingji Chen, Jingjia Huang, Kang Lei, Liping Yuan, Lishu Luo,
Pengfei Liu, Qinghao Ye, Rui Qian, Shen Yan, Shixiong Zhao, Shuai Peng, Shuangye Li, Si-
hang Yuan, Sijin Wu, Tianheng Cheng, Weiwei Liu, Wenqian Wang, Xianhan Zeng, Xiao Liu,
Xiaobo Qin, Xiaohan Ding, Xiaojun Xiao, Xiaoying Zhang, Xuanwei Zhang, Xuehan Xiong,
Yanghua Peng, Yangrui Chen, Yanwei Li, Yanxu Hu, Yi Lin, Yiyuan Hu, Yiyuan Zhang, Youbin
Wu, Yu Li, Yudong Liu, Yue Ling, Yujia Qin, Zanbo Wang, Zhiwu He, Aoxue Zhang, Bairen Yi,
Bencheng Liao, Can Huang, Can Zhang, Chaorui Deng, Chaoyi Deng, Cheng Lin, Cheng Yuan,
Chenggang Li, Chenhui Gou, Chenwei Lou, Chengzhi Wei, Chundian Liu, Chunyuan Li, Deyao
Zhu, Donghong Zhong, Feng Li, Feng Zhang, Gang Wu, Guodong Li, Guohong Xiao, Haibin
Lin, Haihua Yang, Haoming Wang, Heng Ji, Hongxiang Hao, Hui Shen, Huixia Li, Jiahao Li,
Jialong Wu, Jianhua Zhu, Jianpeng Jiao, Jiashi Feng, Jiaze Chen, Jianhui Duan, Jihao Liu, Jin
Zeng, Jingqun Tang, Jingyu Sun, Joya Chen, Jun Long, Junda Feng, Junfeng Zhan, Junjie Fang,
Junting Lu, Kai Hua, Kai Liu, Kai Shen, Kaiyuan Zhang, Ke Shen, Ke Wang, Keyu Pan, Kun
Zhang, Kunchang Li, Lanxin Li, Lei Li, Lei Shi, Li Han, Liang Xiang, Liangqiang Chen, Lin
Chen, Lin Li, Lin Yan, Liying Chi, Longxiang Liu, Mengfei Du, Mingxuan Wang, Ningxin Pan,
Peibin Chen, Pengfei Chen, Pengfei Wu, Qingqing Yuan, Qingyao Shuai, Qiuyan Tao, Renjie
Zheng, Renrui Zhang, Ru Zhang, Rui Wang, Rui Yang, Rui Zhao, Shaoqiang Xu, Shihao Liang,
Shipeng Yan, Shu Zhong, Shuaishuai Cao, Shuangzhi Wu, Shufan Liu, Shuhan Chang, Songhua
Cai, Tenglong Ao, Tianhao Yang, Tingting Zhang, Wanjun Zhong, Wei Jia, Wei Weng, Weihao
Yu, Wenhao Huang, Wenjia Zhu, Wenli Yang, Wenzhi Wang, Xiang Long, XiangRui Yin, Xiao
Li, Xiaolei Zhu, Xiaoying Jia, Xijin Zhang, Xin Liu, Xinchen Zhang, Xinyu Yang, Xiongcai Luo,
Xiuli Chen, Xuantong Zhong, Xuefeng Xiao, Xujing Li, Yan Wu, Yawei Wen, Yifan Du, Yihao
Zhang, Yining Ye, Yonghui Wu, Yu Liu, Yu Yue, Yufeng Zhou, Yufeng Yuan, Yuhang Xu, Yuhong
Yang, Yun Zhang, Yunhao Fang, Yuntao Li, Yurui Ren, Yuwen Xiong, Zehua Hong, Zehua Wang,
Zewei Sun, Zeyu Wang, Zhao Cai, Zhaoyue Zha, Zhecheng An, Zhehui Zhao, Zhengzhuo Xu,
Zhipeng Chen, Zhiyong Wu, Zhuofan Zheng, Zihao Wang, Zilong Huang, Ziyu Zhu, and Zuquan
Song. Seed1.5-VL technical report. arXiv preprint arXiv:2505.07062, 2025b.

Ankush Gupta, Andrea Vedaldi, and Andrew Zisserman. Synthetic data for text localisation in natu-
ral images. In Proceedings of 2016 IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), pp. 2315–2324, 2016.

Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr Dollár, and Ross Girshick. Masked
autoencoders are scalable vision learners. In Proceedings of 2022 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 15979–15988, 2022.

Zheng Huang, Kai Chen, Jianhua He, Xiang Bai, Dimosthenis Karatzas, Shijian Lu, and CV Jawa-
har. ICDAR2019 competition on scanned receipt OCR and information extraction. In 2019 Inter-
national Conference on Document Analysis and Recognition (ICDAR), pp. 1516–1520, 2019.

Drew A Hudson and Christopher D Manning. GQA: A new dataset for real-world visual reason-
ing and compositional question answering. In Proceedings of 2019 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 6693–6702, 2019.

13



Published as a conference paper at ICLR 2026

Samira Ebrahimi Kahou, Vincent Michalski, Adam Atkinson, Ákos Kádár, Adam Trischler, and
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A APPENDIX

A.1 DECLARATION ON THE USE OF LARGE LANGUAGE MODELS

In preparing this paper, we used large language models (LLMs) solely to improve the clarity of the
writing. The core motivation, method design, and experimental setup are conceived and developed
entirely by ourselves, without the involvement of LLMs. In addition, during the construction of the
Gran-29M dataset, we employ Qwen2.5-7B for recaptioning image descriptions to improve textual
quality. All final writing, editing, and formatting of the manuscript are carefully reviewed and
completed by us.

A.2 ETHICS STATEMENT

We hereby confirm that the data collection, model development, and experimental methodologies
presented in this work adhere to the ICLR Code of Ethics. The Gran-29M dataset is constructed
exclusively from publicly available sources and does not contain personally identifiable information
or offensive content. The proposed GranViT model is designed for general-purpose visual-language
understanding, and we have conducted thorough analyses to identify and mitigate potential biases in
both training data and model outputs. All experiments are performed in accordance with responsible
research practices, and the model will be released for research use only to prevent potential misuse.
We acknowledge our responsibility to uphold ethical standards in all aspects of this research.
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Table 6: Detailed data sources of datasets used in Gran-29M.
Data Type Data Source #images #regions

Natural

CC3M 565521 2342622
IN21k 614367 1628363
LAION 17194230 54356988
SBU 21479 52259
CC12M 4909682 21714139
FLICKR30k 1269 4351
YFCC15M 655400 1884172
VisualGenome 2150 14825

OCR

Arxiv 2655630 22574019
InfoVQA 4343 21129
LRV-Instruction 8304 22152
OCRVQA 86 238
PDFVQA 12253 98783
POIE 898 12881
SROIE 994 25586
PubTables en 121330 522516
RenderedText 7031 20003
MMC-Instruction 58583 218288
AI2D gpt4v 1958 27919
AI2D internvl 11981 110438
ArxivQA 52517 1532997
Chart2Text 22051 698874
Diagram Image To Text 154 2244
Robut SQA 5714 740443
Robut WikiSQL 38935 7092396
Docx en 429182 3720371
AI2D original 2364 27348
FigureQA 96000 1316177
Hitab 2495 392662
Robut wtq 38241 5677381
TextCaps 20548 186867
TextOCR 23511 215809
Uber Text 118042 571779
CORD 955 3482
ChartQA 14650 45871
DocBank 25482 172933
SynthText 756552 3563689
Docmatrix 1019766 51945528

A.3 REPRODUCIBILITY STATEMENT

We have taken several steps to ensure the reproducibility of this work. All datasets used in our
experiments are publicly available, with their sources and processing methods detailed in Section
4. Model architectures and initializations are based on publicly released visual encoders and large
language models, as described in Section 5. All training hyperparameters, including optimizer set-
tings and learning rate schedules, are explicitly provided in Section 5.2. Code implementations and
configuration files will be made publicly available upon acceptance to further facilitate replication
of our results.

A.4 DETAILS ABOUT Gran-29M

We systematically document the data sources of both natural and OCR images utilized in the
Gran-29M dataset, as shown in Table 6 and Table 7. For natural images, CC3M (Sharma et al.,
2018), IN21k (Deng et al., 2009), SBU (Ordonez et al., 2011), CC12M (Changpinyo et al., 2021),
YFCC15M (Kamath et al., 2021), VisualGenome (Krishna et al., 2017), together with LAION
(Schuhmann et al., 2022) and FLICKR30k (Young et al., 2014), are contained. For OCR im-
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Table 7: Data sources of natural and OCR images in Gran-29M. #images and #regions denote
the number of images and annotated bounding boxes after filtering, respectively.

Data Type Data Source #images #regions

Natural
UMG-41M 6.7M 27.63M
LAION 17.19M 54.35M
FLICKR30k 1269 4351

OCR

Text Images 1.9M 42.57M
Chart, Table 325K 2.8M
Invoice Receipt 2847 41K
Rich Text Images 3.3M 56M
TOTAL 29.51M 183.55M

Figure 6: Visualization of Gran-29M.

ages, there are 30 datasets contained in toal for diversity: Arxiv, InfoVQA (Mathew et al., 2022),
LRV-Instruction (Liu et al., 2023a), OCRVQA (Mishra et al., 2019), PDFVQA (Ding et al., 2023),
POIE (Kuang et al., 2023), SROIE (Huang et al., 2019), PubTables en (Smock et al., 2022), Ren-
deredText (Wendler, 2024), MMC-Instruction (Liu et al., 2024a), AI2D gpt4v (Li et al., 2024a),
AI2D internvl (Chen et al., 2024c), ArxivQA (Li et al., 2024b), Chart2Text (Kantharaj et al., 2022),
Diagram Image To Text, Robut SQA (Zhao et al., 2023), Robut WikiSQL (Zhao et al., 2023),
Docx en, AI2D original (Kembhavi et al., 2016), FigureQA (Kahou et al., 2018), Hitab (Cheng
et al., 2022), Robut wtq (Zhao et al., 2023), TextCaps (Sidorov et al., 2020), TextOCR, Uber Text,
CORD (Park et al., 2019), ChartQA (Masry et al., 2022), DocBank (Li et al., 2020), SynthText
(Gupta et al., 2016) and Docmatrix (Laurençon et al., 2024). Fig 6 and Fig 7 visualize some data
samples in Gran-29M.

A.5 HIGH RESOLUTION PERFORMANCE OF GRANVIT

Additionally, we provide the evaluation results of GranViT with an image tiling strategy in the
pretraining. According to image tiling(Chen et al., 2024c; Gu et al., 2024; Wang et al., 2024; Lu
et al., 2024a; Team et al., 2025b), images are firstly converted into N 512 × 512 local patches and
one global patch. All patches are simultaneously fed into the vision encoder for feature extraction.
With a patch size of 16, we obtain N × 1024 visual patch features. We use pixel shuffle (Gu et al.,
2024; Wang et al., 2024)to compress these visual features to N ×256 patches. These visual features
are then recombined based on positions and fed into the projector and LLM for understanding. The
evaluation results are reported in Table 8.
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Figure 7: Visualization of Gran-29M.

A.6 THE REASON FOR FREEZING THE VISION ENCODER IN STAGE 2

In Table 9, we compare the performance gap between the vision encoder that is frozen and tunable
in stage 2. Tuning the vision encoder in stage 2 does not achieve significant improvement, while
leading to more training cost, since the vision encoder is trained well in stage 1 for fine-grained
feature extraction. Therefore, to reduce the training complexity, we freeze the vision encoder in
stage 2.

A.7 THE DIFFERENCE BETWEEN GRANVIT AND SAILVIT

SAILViT (Yin et al., 2025) addresses the problem of insufficient visual-language alignment through
a three-stage pre-training strategy that co-optimizes the vision encoder, projector, and LLM to
achieve better alignment. GranViT differs from SAILViT in two key aspects. First, GranViT lever-
ages both Bbox2Caption and Caption2Bbox tasks to strengthen fine-grained feature extraction
and local region localization in the vision encoder and LLM, while SAILViT relies solely on global
question-answering in the pretraining. Second, while SAILViT injects world knowledge into the
vision encoder using large-scale SFT data to improve task-specific performance, GranViT focuses
on enhancing the generic representation ability of the vision encoder. We contend that improved
generic representations facilitate better adaptation to downstream tasks. Notably, the two strategies
are complementary: after learning stronger generic features, task-specific adaptation following the
paradigm of SAILViT can further enhance the performance of MLLM on specialized applications.

A.8 CONTINUE PRETRAINING

We augment our two-stage training paradigm via continuous pretraining with SFT data, following
stage 3 in SAILViT (Yin et al., 2025). We leverage LLaVA-One-Vison (Li et al., 2024a) dataset
for pretraining and utilize Open-LLaVA-NeXT 1M dataset (Chen & Xing, 2024) for SFT. GranViT
is initialized from SigLip2 and pretrained with Gran-29M dataset (8M samples for both stages)
first. Then, we apply continuous pretraining with SFT data to both models. As shown in Table 11,
GranViT outperforms SigLiP2 on fine-grained and OCR evaluation significantly. This experiment
demonstrates that our method is compatible with the pretraining approach of SAILViT and that
SFT data can be subsequently incorporated after our pretraining paradigm to further performance
improvement.
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Table 8: Performance comparison with image tiling. The bold font represents the best performance,
and the underline represents the second performance.

Capability Benchmark CLIP SigLip SigLip2 AIMv2 SAILViT GranViT

Fine-Grained

RefCOCO testA 82.03 82.58 84.95 84.58 87.92 90.71
RefCOCO testB 66.53 67.47 74.91 70.02 76.85 82.04
RefCOCO val 76.01 77.25 80.11 77.97 83.12 87.21
RefCOCO+ testA 75.16 77.68 80.24 79.23 82.48 85.15
RefCOCO+ testB 32.00 55.67 63.81 59.97 67.13 70.52
RefCOCO+ val 65.74 68.32 72.26 70.71 75.59 79.05
RefCOCOg val 70.73 72.74 75.23 74.91 78.92 81.98
RefCOCOg test 70.81 72.18 74.75 74.48 77.98 81.63
BLINK* 51.40 52.84 53.49 56.25 52.33 52.42
MMVP 61.33 64.00 65.33 67.33 68.00 65.66
Average 67.31 69.07 72.51 71.55 75.03 77.64

VQA

MMBench 60.44 64.39 64.62 65.01 64.00 63.77
MMStar 39.06 41.26 42.73 41.80 45.60 40.80
HallusionBench 30.18 29.89 30.08 26.95 30.56 35.93
GQA 58.99 59.88 59.95 60.04 60.72 61.32
SEEDBench 67.35 68.75 69.60 69.52 70.07 69.54
Average 51.20 52.83 53.40 52.66 54.19 54.27

Reasoning

MMMU 38.11 35.44 41.33 40.66 40.44 35.66
MathVista MINI 36.80 35.80 37.40 38.90 38.50 40.00
MMVet 35.27 32.47 40.59 40.59 40.13 38.30
ScienceQA 66.18 68.66 68.36 66.98 74.71 66.28
AI2D 67.13 68.65 69.62 69.52 71.85 69.88
Average 48.70 48.20 51.46 51.33 53.13 50.02

OCR

OCRBench 414 450 545 522 551 583
DocVQA 53.16 58.36 68.74 64.58 71.81 72.81
ChartQA 60.12 62.60 65.04 65.48 67.36 71.96
InfoVQA 24.17 27.81 31.71 31.38 33.47 33.59
TextVQA 56.74 60.95 67.78 66.33 69.47 69.40
Average 47.12 50.94 57.55 55.99 59.44 61.21

Table 9: Performance comparison of whether the vision encoder is frozen in stage 2.

Vision Encoder State FLOPs MACs Fine-Grained VQA Reasoning OCR
Frozen 3.24T 1.62T 77.24 54.83 51.34 54.02
Tunable 4.25T 2.09T 77.17 54.83 52.48 54.06

Table 10: Performance comparison when the vision encoder is frozen during SFT training.

Vision Encoders Fine-Grained VQA Reasoning OCR
SigLip2 70.51 53.36 51.41 49.16
AIMv2 57.31 52.24 48.75 46.90

SAILViT 71.90 54.16 50.93 52.79
GranViT 75.16 53.07 49.12 54.81

A.9 FROZEN VISION ENCODER IN SFT

To isolate the training gains of the vision encoder during the SFT stage, we compared the perfor-
mance of different vision encoders with a frozen MLLM. As shown in Table 10, GranViT achieved
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Table 11: Continue training performance of GranViT. Ref, Ref+ and Refg denotes the Ref-
COCO testA, RefCOCO+ testA and RefCOCOg test respectively. MMB, HB, and SB denote the
MMBench, HallusionBench, and SEEDBench. SQA, OB, DVQA, and IVQA denote ScienceQA,
OCRBench, DocVQA, and InfoVQA, respectively.

Model Ref Ref+ Refg MMB HB SB MMMU SQA OB DVQA IVQA Avg
SigLip2 88.43 83.26 79.54 62.61 32.54 69.77 38.66 71.93 584 60.56 26.44 61.10
GranViT 91.26 86.67 84.32 61.37 32.44 70.48 36.77 70.59 623 68.16 28.61 62.99

the best performance in both fine-grained perception and OCR evaluations, outperforming SailViT
by an average of 3.2 and 2.1, respectively. This fully demonstrates the significantly stronger fine-
grained perception capability of GranViT.

A.10 ATTENTION MAP VISUALIZATION

Similar to Fig. 1(b), we provide additional visualizations of attention maps in complex multi-object
and OCR text scenarios in Fig. 8 and Fig. 9. Furthermore, to enhance the clarity of the attention
maps, we filter out pixels with attention values below a threshold of 0.3, which helps eliminate
diffuse activations and accentuate the model’s primary focus areas. The results demonstrate that
GranViT tends to concentrate more on local regions, while SailViT, SigLIP2, and AIMv2 exhibit a
stronger focus on global areas.

A.11 Bbox2Caption VISUALIZATION

In Fig. 10, we provide several visualizations for the Bbox2Caption task and compare the answers
between GranViT and SigLip2. The red rectangle box visualizes the bbox coordinates mentioned in
the questions. Unlike SigLIP2, which is limited to global image-level captioning, GranViT supports
fine-grained description generation for objects inside specified bboxes.

A.12 Caption2Bbox VISUALIZATION

Fig. 11 and Fig. 12 visualizes the bbox prediction results of the Caption2Bbox task in two-stage
training. Green bboxes indicate predicted regions, while red ones denote ground truth. It is evident
that training the Caption2Bbox task in Stage 1 yields inferior performance compared to training it
in Stage 2.

A.13 BAD CASE VISUALIZATION

we visualize some failure cases in Fig. 13 in the revised manuscript. GranViT still exhibits sub-
optimal performance in three challenging scenarios (from top to bottom): 1) when the bounding
boxes are excessively small or text is overly dense, 2) when objects severely overlap, and 3) when
precise localization is hindered by its relative coordinates. To address these limitations, we plan to
explore several directions in future work. First, we will investigate the use of absolute coordinates
(similar to Qwen3-VL) to improve spatial precision. Second, we will develop multi-scale pretrain-
ing strategies to enhance performance on extremely small objects. Third, we plan to incorporate
advanced data augmentation techniques specifically designed for dense and overlapping scenarios.
These improvements will help build a more robust and accurate visual grounding system.
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Figure 8: Attention map visualization. The red rectangle box denotes the query region for attention
maps.

25



Published as a conference paper at ICLR 2026

Figure 9: Attention map visualization. The red rectangle box denotes the query region for attention
maps.

26



Published as a conference paper at ICLR 2026

Figure 10: Bbox2Caption visualization. The red rectangle box visualizes the bbox coordinates
mentioned in the questions.
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Figure 11: Caption2Bbox visualization. Green bboxes indicate predicted regions, while red ones
denote ground truth.
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Figure 12: Caption2Bbox visualization. Green bboxes indicate predicted regions, while red ones
denote ground truth.
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Figure 13: Bad case visualization of bbox2caption tasks. The red rectangle box visualizes the bbox
coordinates mentioned in the questions. We visualize three cases (from top to bottom): 1) when the
bounding boxes are excessively small or text is overly dense, 2) when objects severely overlap, and
3) when precise localization is hindered by its relative coordinates.
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