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Abstract

Multi-modal Large Language Models (MLLMs) have in-
troduced a novel dimension to document understanding,
i.e., they endow large language models with visual com-
prehension capabilities; however, how to design a suit-
able image-text pre-training task for bridging the visual and
language modality in document-level MLLMs remains un-
derexplored. In this study, we introduce a novel visual-
language alignment method that casts the key issue as a
Visual Question Answering with Mask generation (VQA-
Mask) task, optimizing two tasks simultaneously: VQA-
based text parsing and mask generation. The former al-
lows the model to implicitly align images and text at the
semantic level. The latter introduces an additional mask
generator (discarded during inference) to explicitly ensure
alignment between visual texts within images and their cor-
responding image regions at a spatially-aware level. To-
gether, they can prevent model hallucinations when parsing
visual text and effectively promote spatially-aware feature
representation learning. To support the proposed VQAMask
task, we construct a comprehensive image-mask generation
pipeline and provide a large-scale dataset with 6M data
(MTMask6M). Subsequently, we demonstrate that introduc-
ing the proposed mask generation task yields competitive
document-level understanding performance. Leveraging
the proposed VQAMask, we introduce Marten, a training-
efficient MLLM tailored for document-level understanding.
Extensive experiments show that our Marten consistently
achieves significant improvements among 8B-MLLMs in
document-centric tasks. Code and datasets are available
at https://github.com/PriNing/Marten.

1. Introduction
Large Language Models (LLMs) have shown a comprehen-
sive generalization ability across a wide range of language-
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Figure 1. Different pre-training paradigms of MLLMs for doc-
ument understanding: (a) Visual Question Answering (VQA)
paradigm that implicitly aligns visual and language modality at
the semantic level; (b) our proposed Visual Question Answering
with Mask generation (VQAMask) paradigm. Building on VQA,
we introduce an additional Mask Generator during training to ex-
plicitly align visual texts and their corresponding image regions at
a spatially-aware level. During the inference stage, the mask gen-
erator is discarded.

related tasks [1, 2]. These successful experiences have in-
spired researchers to explore Multi-modal Large Language
Models (MLLMs) in the context of Visual Question An-
swering (VQA), i.e., empower the LLMs with visual com-
prehension capabilities. However, a significant challenge
arises in understanding text within document images, pos-
sibly due to high resolution, densely packed, small visual
texts, and diverse image forms.

To enhance visual comprehension, several studies [9, 28,
29, 36, 41, 44, 45, 51, 74, 87, 97] have focused on designing
pre-training tasks specifically tailored for document images
to achieve visual-language alignment. These tasks include
full-text recognition or transcription, text spotting, and vi-
sual text grounding, etc, following various prompts. For
instance, KOSMOS-2.5 [52] proposes a visual text ground-
ing task, which inputs the texts within images and produces
the corresponding bounding boxes. Vary [80] and mPLUG-
DocOWL [27] introduce the learning of struct-aware docu-
ment parsing, table parsing, chart parsing and natural image
parsing for different image forms to enhance fine-grained
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textual perception.
Although existing methods demonstrate promising ca-

pabilities, we argue that these training tasks predominantly
emphasize semantic alignment and only implicitly capture
the spatial location of text within document images. How-
ever, spatial alignment is also a crucial factor for accurately
interpreting document images. Without spatially-aware su-
pervision, the outputs may disproportionately rely on the
powerful semantic context capabilities of large language
models (LLMs) rather than optimizing image features from
visual encoders, potentially leading to model hallucinations.

To address this issue, we propose a novel vision-
language alignment method for visual document under-
standing, Visual Question Answering with Mask gener-
ation (VQAMask), to explicitly facilitate spatially-aware
feature representation learning. As illustrated in Figure 1
(b), visual tokens and language tokens are input into the
LLM to jointly optimize two tasks: VQA-based text pars-
ing and mask generation. For the task of VQA-based text
parsing, the model predicts the corresponding answer, fol-
lowing different OCR-related prompts. This task can facili-
tate the model to align images and text at the semantic level.
For the task of mask generation, we introduce an additional
Mask Generator Module (MGM) to explicitly align images
and text at the spatially-aware level. Specifically, in the in-
termediate layer of the LLM, we take the cross-attention
interaction between the part of the visual modality (query)
and the part of the language modality (key) to obtain at-
tention maps. These attention maps, followed by several
deconvolution layers, are restored to the original image res-
olution. Subsequently, we constrain them to ensure spatial
alignment between visual texts within images and their cor-
responding image regions, under the groundtruth mask su-
pervision constructed by our established mask acquisition
pipeline. Additionally, it is important to note that this mask
generation task is discarded during the inference stage, and
it does not add any additional cost to the inference process.
Experiments demonstrate the proposed VQAMask works
well in various visual encoders and language models.

Utilizing the proposed VQAMask, we introduce a
training-efficient MLLM, Marten, which consistently
achieves significant improvements among 8B-MLLMs in
document-centric tasks. Our contributions are as follows:

1) We introduce a novel Visual Question Answering with
Mask generation (VQAMask) task to facilitate spatially-
aware and semantic-aware feature representation learning
for visual language alignment.

2) We establish a mask acquisition pipeline to generate mask
labels without manual annotation, and provide a large-
scale dataset (MTMask6M) with 6M image-mask pairs.

3) Extensive experiments demonstrate the effectiveness of
the VQAMask task and outperform the previous state-of-
the-art method by 0.4%, 0.4%, 6.2%, 1.8%, 6.2%, 4.0%,

1.5%, and 10.1% on DocVQA, InfoVQA, DeepForm,
KLC, WTQ, TabFact, FUNSD, and SROIE datasets.

2. Related Work
2.1. Multi-modal Document Understanding

Multi-modal Document Understanding aims to extract
meaningful information from text images of various types,
such as charts, tables, documents, and other scene texts,
through a question-driven image-to-sequence task. Some
early studies [85] have explored end-to-end solutions within
a specialist model, which may not provide broad robust-
ness and generality for various scenarios. The recent emer-
gence of Multi-modal Large Language Models (MLLMs)
has introduced a novel dimension to the field by linking vi-
sual image tokens and language tokens in a sequence-to-
sequence format, thereby facilitating task unification. This
structure seamlessly integrates computer vision with natu-
ral language processing, allowing MLLMs to significantly
enhance text reading capabilities, supported by large-scale
data and GPU resources. These methods can be roughly cat-
egorized into two types: OCR-dependent MLLMs [36, 41,
45, 51, 74] and OCR-free MLLMs [9, 28, 29, 44, 87, 97].
OCR-dependent MLLMs enhance document understand-
ing by integrating text, layout, and other data extracted from
external OCR tools [43] into large language models. Lay-
TextLLM [51] and DocLayLLM [45] both utilize an exter-
nal OCR engine to extract layout and text, integrating them
into a LLM for document understanding. However, this in-
tegration complicates the workflow and leads to an excess
of auxiliary tokens, particularly in images with dense texts.
OCR-free MLLMs perform the multi-modal document un-
derstanding task by directly producing question-driven out-
puts in an end-to-end manner. These methods typically fo-
cus on high-resolution image processing [15, 27, 44, 87], ef-
ficient token compression [28, 91, 95], and refined attention
mechanisms [29, 67]. In the study, we focus on exploring
suitable pre-training tasks, tailored for document images.

2.2. Vision Language Pre-training

Inspired by recent advancements [6, 18, 37, 66, 92] in
pre-training techniques, the integration of image and text
multi-modal information into OCR-related tasks has gained
increasing attention. Using cross-modal visual-language
priors, early works focused on endowing visual founda-
tion models with semantic knowledge [13, 19, 22, 70, 76,
84, 88, 89] for applications such as text spotting, detec-
tion [17? ], recognition [20, 21, 53? ], removal, and
super-resolution. As MLLMs rapidly develop, researchers
are further capitalizing on these visual-language priors to
bridge visual and language modalities through diverse pre-
training tasks [9, 15, 27, 36, 45, 49, 51, 78, 87, 97].
For instance, UReader [87] introduces the Read Full Text
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Figure 2. Overview of our proposed Marten architecture. The training of the model is divided into two stages: 1) VQAMask Alignment
Training: the proposed vision-language alignment method, VQAMask, includes two pre-training tasks: VQA-based text parsing and mask
generation. By integrating these two tasks, VQAMask not only effectively enables the Marten model to implicitly learn the visual text
within images at the semantic level but also explicitly aligns images and text at the spatially-aware level; 2) Vision-Language Generative
Training: In the stage, we discard the mask generation task. A wide range of high-quality instruction data is collected to conduct VQA
tasks for general document-level understanding.

(RFT) task in VQA form for enhancing document-level
understanding. Park et al. [64] propose two new pretext
tasks: Reading Partial Text (RPT) and Predicting Text Posi-
tion (PTP). Similarly, KOSMOS-2.5 [52] designs a Visual
Text Grounding (VTG) task, which inputs the texts within
images and produces the corresponding bounding boxes.
mPLUG-DocOWL [27] integrates multiple tasks to conduct
the struct-aware parsing in documents, tables, charts, and
natural scenes. However, these question-driven image-to-
sequence tasks predominantly emphasize semantic align-
ment, and may rely on the powerful semantic context capa-
bilities of LLMs when responding. Following these VQA
forms, we further introduce an additional mask generation
pre-text task (VQAMask) to explicitly facilitate spatially-
aware visual-language alignment.

3. Methodology
In this section, we first review the representative MLLM
method that connects the visual modality and language
modality into LLM to generate responses. Building on this
foundation, we present our proposed pre-training method,
Visual Question Answering with Mask generation (VQA-
Mask), designed specifically for Multi-modal Document
Understanding.
Preliminary. Typically, Multi-modal Large Language
Models (MLLMs) include a visual foundation model
(VFM), a modality connector, and a large language model

(LLM). Initially, following the prevalent multi-scale adap-
tive cropping strategy, the input high-resolution image X ∈
RH×W is first cropped into several non-overlapping sub-
images. H and W represent the image height and width.
These sub-images are then processed by the visual foun-
dation model to obtain image patches, concretely repre-
sented by [x1, ...,xn], along with their corresponding vi-
sual embeddings V = [v1, ...,vn]. Here, n denotes the
number of image patches. For language input, the ques-
tion and the answer (option for training) is tokenized using
the BPE tokenizer, resulting in l question tokens embed-
ded as Q = [q1, ...,ql] and m answer tokens embedded
as A = [a1, ...,am]. Subsequently, the modality connector
acts a bridge between the visual embeddings and language
(question and answer) embeddings. Finally, the visual em-
beddings V and language embeddings Q and A are fed into
the LLM to generate more precise and comprehensive an-
swers. Specifically, the LLM process can be described as:

Vk+1,Qk+1,Ak+1 = LayerLLM([Vk,Qk,Ak,E]) (1)

where k ∈ {0, 1, ...,K} and Vk+1, Qk+1, and Ak+1 refers
to the outputs of k-th layer of LLM. E refers to the attention
mask, which is usually a lower triangular matrix used to
prevent attention to certain positions. Note that we omit the
superscript for k = 0, because these vectors are the initial
value fed into the LLM. During inference, the input answer
tokens A are replaced as the previous predicted tokens.
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Notably, some works introduce the pixel shuffle oper-
ation [9] to reduce the number of visual tokens, a strat-
egy also adopted in our proposed method. However, the
global operation changes the original spatial structure of
these visual tokens. Differently, inspired by the Swin Trans-
former [50], we conduct pixel shuffle in each local window
(4× 4 by default) to adapt to our subsequent VQAMask.
3.1. VQA with Mask Generation
To bridge the gap between visual and language modality for
multi-modal document understanding, previous MLLMs
have formulated various pre-training tasks, including text
transcription and visual text grounding, i.e., given cus-
tomized task prompts, these methods generate prompt-
related text responses. The pre-training paradigm lacks
spatially-aware supervision, which may result in model hal-
lucinations. To address this, we introduce a novel pre-
training method, Visual Question Answering with Mask
generation (VQAMask). This method incorporates an ad-
ditional mask generation task to ensure spatial alignment
between visual texts within images and their corresponding
image regions, as illustrated in Figure 2. Specifically, the
proposed VQAMask includes two tasks as follows:
VQA-based Text Parsing. Following existing works [27,
28, 49, 80], we introduce the text parsing task to implicitly
align images and text at the semantic level. The specific
task prompts are presented in Figure 3. The outputs of the
last layer of LLM are utilized to predict these answers, and
the optimization loss is formulated as follows:

Lvqa = A log p(AK+1|V,Q) (2)
Mask Generation. In the subsection, we integrate a mask
generation module (MGM) into the hidden layers of the
LLM to explicitly enhance vision-language alignment at a
spatial-aware level. Specifically, we first feed the hidden
states (Vk, Qk, and Ak) of the selected layer k − 1 into
a four-layer transformer module, with each layer including
two sub-layers: a multi-head cross-attention mechanism,
and a positionwise fully connected feed-forward network.
The specific implementation is as follows:

Hk = [Qk,Ak]

Attn = σ

(
VkWquery · (HkWkey)

⊺

√
d

)
HkWvalue,

Vattn = max(0,Attn ·W1 + b1)W2 + b2,

where [·] denotes the concatenation operation and σ(·)
refers to the softmax activate function. The projections are
parameter matrices W1,W2,Wquery,Wkey,Wvalue and
d denotes the dimension.

By fully interacting with the answer tokens, the visual
tokens corresponding to the visual text regions are high-
lighted. Subsequently, these one-dimensional visual tokens
are re-organized into two-dimensional image space. Fol-
lowed by several transposed convolutions ϕ, we then restore
these visual tokens to the resolution of the input image. The

specific process is as follows:
M̃ = ϕ(Vattn) (3)

where M̃ refers to the final predicted mask. Finally, a Dice
loss [60] and Cross-Entropy loss are employed to optimize
the segmentation network:

Lmask = lDICE(M̃,M) + lCE(M̃,M) (4)
where M denotes the groundtruth mask of the input image,
which will be introduced in Sec. 3.2.

3.2. Mask Acquisition Pipeline

We note that in document scenarios, the boundary between
text and background is typically distinct, allowing for easy
separation of text from the entire image using a threshold.
Previous research, such as CCD [19], has explored and con-
firmed this observation. Inspired by CCD [19], we propose
a clustering-based binarization method for foreground con-
struction, comprising three stages: preparation, clustering,
and generation. The specific process is as follows:
Preparation. We utilize PaddleOCR [43] to detect all vi-
sual text regions within an image and obtain corresponding
cropped text instance images based on the bounding boxes.
Clustering. For each cropped text instance image, we em-
ploy a simple yet effective clustering model (K-means) to
classify image pixels into two clusters. Given that visual
text tends to be concentrated in the center region of an im-
age, we calculate the distance of the pixels in each cluster
from the center position of the cropped image. The clus-
ter with pixels closer to the center is identified as the fore-
ground (with a pixel value of 1), while the other is identified
as the background (with a pixel value of 0). Subsequently,
a secondary calibration is conducted to verify the correct-
ness of the obtained foreground cluster. Specifically, we
compare the average pixel value of the edge regions of the
cropped text instance image with the overall average pixel
value. If the former is higher, a 0-1 inversion is imple-
mented.
Generation. These foreground masks from all cropped text
instance images are reassembled according to their original
coordinates to obtain a complete mask image.

3.3. Training Strategy

As shown in Figure 2, we divide the training process into
two stages: our proposed VQAMask vision-language align-
ment training and vision-language generative training.
Stage 1: VQAMask Alignment Training. Currently, most
MLLMs for document understanding implement image-text
alignment to bridge the visual foundation model with the
LLM as the first training stage task. Although such align-
ment methods endow the MLLMs with basic text recogni-
tion capabilities, they lack spatial awareness of the visual
text within images. As a result, they struggle to accurately
locate complex text within text-rich images and understand
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Figure 3. Illustration of the VQAMask alignment training for document parsing question answering. We introduced a total of six tasks,
which can be broadly categorized into 1) Read Full Text, Reading Partial Text within Localization, and Visual Text Grounding; 2) Tran-
scription involves converting formulas into LaTeX, tables into markdown or LaTeX, and charts into CSV and markdown formats.

the structural information of documents. To enhance the
spatial awareness of visual text in documents, we propose a
VQAMask vision-language alignment training to bridge the
visual foundation model with the language model.

Regarding data usage, as displayed in Table 1, we uti-
lized the pipeline proposed in Section 3.2 to construct
6 million samples, referred to as MTMask6M, including
DocStruct4M [27], IIT-CDIP [42] and DocGenome [82],
Scene Text Datasets [23, 34, 35, 69]. Each sample in-
cludes the image, question, answer, and the correspond-
ing mask. DocStruct4M is provided by DocOwl 1.5 [27],
which includes five categories: natural images, docu-
ments (CCPdf [75], DUE [4], RVL-CDIP [24]), tables
(TURL [12], PubTabNet [96]), charts (ChartQA [56], Fig-
ureQA [33], DVQA [32], PlotQA [59]), and web pages (Vi-
sualMRC [73]). DocGenome [82] includes three types of
scenarios: documents, formulas, and tables. We name them
DocGenome-D, DocGenome-F, and DocGenome-T, re-
spectively. Additionally, we also introduce ICDAR13 [34],
ICDAR15 [35], SynthText [23], TextOCR [69], and Open-
VINO [38] as the scene text datasets.

For VQA-based text parsing tasks, we construct six types
of QA pairs, as illustrated in Figure 3. These include read-
ing full text, visual text recognition with coordinates, vi-
sual text grounding, and markdown, LaTeX and CSV for-
mat transcription.

During pre-training, the weights of vision foundation
model, MLP, and MGM are updated, while the LLM re-
mains frozen. The goal is to preserve the inherent semantic
context capability of the LLM while specifically enhanc-
ing the overall MLLM’s spatial awareness for visual texts

within images.
Stage 2: Vision-Language Generative Training. In this
stage, we collect existing VQA datasets related to docu-
ment understanding scenarios, as shown in Table 2. A gen-
erative training strategy is then employed to enhance gen-
eral document-level comprehension. Specifically, our vi-
sual foundation model and MLP inherit the weights from
stage 1. The proposed MGM is discarded in this stage. Ad-
ditionally, we unfreeze the weights of LLM and all param-
eters are updated to conduct supervised fine-tuning (SFT),
which includes full data training and high-quality data fine-
tuning. First, all data are included in the full data train-
ing. Then we collect a batch of high-quality instruction
data (one-tenth) from the full dataset to fine-tune the model.
The detailed data usage is summarized in Table 2. Through
the combined training of these two phases, our model is
able to extract more powerful visual representations and ex-
hibits significantly enhanced document understanding capa-
bilities.

4. Experiments
4.1. Implementation Details

Stage 1. In practical implementation, Marten selects
InternViT-300M [8] as the visual foundation model, and In-
ternLM2, a 7B large language model [5], as the language
decoder. We employ a dynamic image-slicing strategy in
which each image is cropped into a maximum of six sub-
images based on the aspect ratio and resolution, with a
fixed resolution of 448 × 448 for each sub-image. Sub-
sequently, we employ the Pixel Shuffle module, compatible
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Table 1. Details of MTMask6M used in VQAMask Alignment
Training (Stage 1). “Text R/G” refers to visual text recognition and
visual text grounding, with data sourced from the Multi-Grained
Text Localization section of DocStruct4M.

Task Samples Datasets

Document
parsing 3361.3k

IIT-CDIP [42], CCPdf [75]
DUE [4], VisualMRC [73]
RVL-CDIP [24], DocGenome-D [82]

Table
parsing 600k TURL [12], PubTabNet [96]

DocGenome-T [82]
Chart

parsing 475.1k ChartQA [56], FigureQA [33]
DVQA [32], PlotQA [59]

Formula
parsing 200k DocGenome-F [82]

Scene text
parsing 395.6k

ICDAR13 [34], ICDAR15 [35]
SynthText [23], Textocr [69]
OpenVINO [38]

Text R/G 1000k DocStruct4M-subset [27]
Total 6032k

Table 2. Details of the training datasets used in Vision-Language
Generative Training (Stage 2). † denotes the selected high-quality
instruction data, utilized for supervised fine-tuning again.

Task Samples Datasets

Document VQA 2301.5k
DocVQA† [57], InfoVQA† [58]
DeepForm† [72], KLC† [71]
DocMatix [40]

Table VQA 107.6k TableFact† [7], WTQ† [65]
TableBench [81]

Chart VQA 318.1k ChartQA† [56], FigureQA [33]
DVQA† [32]

Formula VQA 274.5k UniMER [77],
CROHME† [54, 62, 63]

Sence Text VQA 289.3k
TextVQA† [68], ST-VQA† [3]
OCR-VQA [61], IAM [55]†
EST-VQA [79]

KIE 6.2k FUNSD† [31], SROIE† [30]
Total 3297.2k

with VQAM, to reduce the number of tokens to 256. We
perform one epoch on MTMask6M in Table 1. The learn-
ing rate for the MGM module is set to 2e-4, while for other
parameters, it is set to 2e-5. The batch size on each GPU is
64, and the training is conducted on 24 GPUs for two days.
Stage 2. The dataset of Table 2 is used in the stage. The
learning rate and batch size are 2e-5 and 64, respectively.
The training phase is conducted on 24 H800 GPUs over 56
hours. More details are introduced in Section 3.3.

4.2. Results

Text-rich Result. We compared Marten with OCR-free
multimodal large language models on 11 text-rich im-
age benchmarks, which cover documents (DocVQA [57],
InfoVQA [58], DeepForm [72], KLC [71]), tables
(WTQ [65], TabFact [7]), charts (ChartQA [56]), sence

text (TextVQA [68]), and KIE (FUNSD [31], SROIE [30],
POIE [39]). The evaluation metrics used are derived
from the official metrics provided. It is important to note
that TextVQA is evaluated using the validation set, while
the other datasets are evaluated using their respective test
sets. As shown in Table 3, Marten demonstrates supe-
rior performance compared to existing MLLMs, particu-
larly excelling in text-dense and smaller document scenar-
ios. Marten achieve consistently and significantly perfor-
mence improvements on multiple benchmarks, leading in
datasets such as DocVQA, InfoVQA, DeepForm, KLC,
WTQ, TabFact, FUNSD, and SROIE, indicating a more
comprehensive capability in visual document understand-
ing. Compared to the existing best methods under each
benchmark, Marten achieves an average improvement of
1.97% in document benchmarks, 5.09% in table bench-
marks, and 3.73% in key information extraction bench-
marks. This demonstrates that our alignment strategy aids
Marten in better locating the position of visual texts and
accurately finding the answers. However, in the chart and
sence text benchmarks, Marten’s performance is lower than
that of InternVL2, which is trained on hundreds of millions
of samples. This indicates that Marten still lacks under-
standing in charts and perception abilities in natural scenes,
which will be a focus for future optimization efforts.
OCRBench. To comprehensively evaluate the performance
of Marten, Table 4 presents a comparison of Marten with
existing MLLMs on OCRBench [48]. OCRBench is a re-
cently developed benchmark designed to assess the opti-
cal character recognition (OCR) capabilities of MLLMs.
It encompasses a wide range of text-related visual tasks,
divided into five subtasks: Text Recognition, Scene Text-
centric VQA, Doc-oriented VQA, Key Information Ex-
traction (KIE), and Handwritten Mathematical Expression
Recognition (HMER). In total, it includes 29 datasets and
aims to produce an overall score. Specifically, Marten
achieved a score of 820 on OCRBench, which is 26 points
higher than InternVL2 and 18 points higher than MiniMon-
key, demonstrating Marten’s efficient performance across
a broad spectrum of text-related visual tasks. Addition-
ally, Figure 4 illustrates Marten’s scores compared to recent
MLLMs in the five subtasks. It is observed that by em-
ploying the VQAMask vision-language alignment method,
Marten demonstrates superior performance in both VQA
tasks and transcription tasks. It is noteworthy that since the
Text Recognition task lacks layout information, our method
does not provide effective improvements in this area.

4.3. Ablation Study

Extensive ablation experiments are conducted to verify the
effectiveness of the module. The results of both the first
and second training stages are validated separately. To as-
sess the effectiveness of the MGM, different model combi-
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Table 3. Comparison with OCR-free methods on various types of text-rich image understanding tasks. All evaluation benchmarks use the
officially designated metrics. “size” refers to the number of parameters in the model, and “Val” refers to the validation set.

Model size Venue DocVQA InfoVQA DeepForm KLC ChartQA TextVQAVal WTQ TabFact FUNSD SROIE POIE

DocPeida [16] 7.1B arxiv’23 47.1 15.2 - - 46.9 60.2 - - 29.9 21.4 39.9
DocOwl [86] 7.3B arxiv’23 62.2 38.2 42.6 30.3 57.4 52.6 26.9 67.6 0.5 1.7 2.5

LLaVA1.5 [47] 7.3B NeurIPS’23 - - - - 9.3 - - - 0.2 1.7 2.5
UReader [87] 7.1B EMNLP’23 65.4 42.2 49.5 32.8 59.3 57.6 29.4 67.6 - - -

CHOPINLLM [14] 7B arxiv’24 - - - - 69.98 - - - - - -
TextHawk [90] 7.4B arxiv’24 76.4 50.6 - - 66.6 - 34.7 71.1 - - -
DocKylin [94] 7.1B arxiv’24 77.3 46.6 - - 66.8 - 32.4 - - - -
MM1.5 [93] 7.3B arxiv’24 88.1 59.5 - - 78.6 76.8 46.0 75.9 - - -

Mini-Monkey [29] 2B arxiv’24 87.4 60.1 - - 76.5 75.7 - - 42.9 70.3 69.9
DocOwl-1.5 [27] 8.1B EMNLP’24 81.6 50.4 68.8 37.9 70.5 68.8 39.8 80.4 - - -

DocOwl-1.5-Chat [27] 8.1B EMNLP’24 82.2 50.7 68.8 38.7 70.2 68.6 40.6 80.2 - - -
CogAgent [26] 17.3B CVPR’24 81.6 44.5 - - 68.4 76.1 - - - - -
Monkey [44] 9.8B CVPR’24 66.5 36.1 40.6 - 65.1 67.6 25.3 - - - -

TextMonkey [49] 7.7B arxiv’24 73.0 28.6 - - 66.9 65.6 - - 32.3 47.0 27.9
HRVDA [46] 7.1B CVPR’24 72.1 43.5 63.2 37.5 67.6 73.3 31.2 72.3 - - -
InternVL2 [9] 8.1B CVPR’24 91.6 74.8 - - 83.3 77.4 - - - - -
Park et al. [64] 7.2B NeurIPS’24 72.7 45.9 53.0 36.7 63.3 59.2 34.5 68.2 - - -

MOAI [41] 7B ECCV’24 - - - - - 67.8 - - - - -
Vary [80] 7.4B ECCV’24 76.3 - - - 66.1 - - - - - -

TextHawk2 [91] 7.4B arxiv’24 89.6 67.8 - - 81.4 75.1 46.2 78.1 - - -
PDF-WuKong [83] 8.5B arxiv’24 76.9 - - - - - - - - - -
Zhang et al. [95] 8.1B arxiv’24 78.3 50.2 65.7 35.9 68.9 66.6 38.6 79.3 - - -

Marten 8.1B - 92.0 75.2 75.1 39.5 81.7 74.4 52.4 84.4 44.4 80.4 69.5

Table 4. Comparison of Marten with existing OCR-free multimodal large language models on OCRBench.

dataset
model

Monkey [44] TextMonkey [49] DocOwl-1.5 [27] MM1.5 [93] TextHawk2 [91] GLM-4v [25] InternVL2 [9] MiniMonkey [29] Marten(ours)

OCRBench 514 561 599 635 784 786 794 802 820

"Text Recognition": 234,
   "Scene Text-centric VQA": 175,
   "Doc-oriented VQA": 156,
   "Key Information Extraction": 166,
   "Handwritten Mathematical Expression 
Recognition": 66,
   "Final Score": 797,
   "Final Score Norm": 79.7

{
   "Text Recognition": 250,
   "Scene Text-centric VQA": 173,
   "Doc-oriented VQA": 138,
   "Key Information Extraction": 168,
   "Handwritten Mathematical Expression 
Recognition": 71,
   "Final Score": 800,
   "Final Score Norm": 80.0
}

MiniMonkey

InternVL2 7B

0

50

100

150

200

250

300

Te
xt 

Rec
og

nit
ion

Sce
ne

 Te
xt-

ce
ntr

ic 
VQA

Doc
-or

ien
ted

 VQA

Key
 In

for
mati

on
 Extr

ac
tio

n

Han
dwritt

en
 M

ath
em

ati
ca

l E
xp

res
sio

n…

Fin
al 

Sco
re 

Norm

图表标题

MiniMonkey InternVL2 7B

"Text Recognition": 224,
   "Scene Text-centric VQA": 186,
   "Doc-oriented VQA": 160,
   "Key Information Extraction": 174,
   "Handwritten Mathematical Expression 
Recognition": 76,

Ours
Ours

Text Recognition Scene Text-centric 
VQA 

Doc-oriented 
VQA 

KIE HMER

InternVL2 
Mini-monkey
 Ours

0

62.5

125

187.5

250

224

181
165

174

76

250

234

175

156
166

66

173

138

168

71

OCRBench

Sc
or

e

Doc-oriented 

Figure 4. Bar chart of scores for each subtask in OCRBench.
“KIE” stands for Key Information Extraction, and “HMER” stands
for Handwritten Mathematical Expression Recognition.

nations are integrated for verification.
Stage 1. In the first training stage, we compared Marten’s
performance with and without the MGM, as shown in Table
5. The enhancement of Marten’s vision-language alignment
capability by MGM is verified through recognition results
in both natural and document scenarios. For natural scenes,

we use the ICDAR15 [35] and TotalText [11] datasets.
For document scenarios, one thousand images from IIT-
CDIP [42], not involved in training, are selected, and Pad-
dleOCR is used to recognize the visual texts, construct-
ing the recognition results for evaluation. Additionally,
we extract one thousand latex-formatted tables and equa-
tions from DocGenome [82], which are also not used dur-
ing training, to assess Marten’s transcription performance.
We discuss the impact of MGM on vision-language align-
ment under different model combinations. The visual foun-
dation model options include Swin-Transformer [50] and
InternViT [8], while the LLM choices are Vicuna1.5 [10]
and InternLM2 [5]. Since bounding box information is not
included during the training phase, the recognition output
is evaluated using Edit Distance. Experimental results in-
dicate that after adding MGM, Marten’s average Edit Dis-
tance in both natural and document scenarios decreases by
0.06. In transcription tasks, the average edit distance de-
creases by approximately 0.1, showing a more significant
improvement. This indicates that MGM helps align the vi-
sual foundation model with the LLM, thereby enhancing the
model’s ability to recognize and parse visual texts.

In Figure 5, we present the visualization output results of
Marten during VQAMask alignment training across three
tasks: full-image parsing, transcription, and partial text
recognition. The binary masks of the outputs for these
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Convert the table to latex format:

<tex>\begin{tabular}{|l|r|} 
\hline \rule[-
1ex]{0pt}{3.5ex} 
Absorber width & 18 ……

Recognize all text:

EEMA - PM’s licensees ability to pay f- 
or blended strips and cut-filler remains d- 
ifficult due to highinflation and lack …

Sample A Sample B

Sample C

Convert the table to markdown format:

| Absorber width | 18 μm |
| Absorber length | 1300 μm |
| Distance between absorbers  ……

Detect the text in the bounding box 
<bbox> 25, 243, 817, 718  </bbox>:

FK Jablonec

Sample C

Attn Predicted Mask Attn Predicted Mask Attn Predicted Mask

Figure 5. Visualization of output results in VQAMask alignment training. We present samples for three different tasks: 1) Sample A
represents full-image visual text recognition, 2) Sample B represents Markdown-style transcription, and 3) Sample C represents reading
partial text guided by the bounding box.

Table 5. Ablation study in stage 1. Edit Distance (ED) is used as
the evaluation metric. “BB” refers to the backbone.

BB LLM MGM Edit Distance (ED)
IC15↓ TT↓ IIT↓ DocG↓

Swin Vicuna1.5 × 0.344 0.484 0.289 0.346
✓ 0.262(-0.082) 0.397(-0.087) 0.234(-0.055) 0.242(-0.112)

Swin InternLM2 × 0.325 0.478 0.286 0.315
✓ 0.254(-0.071) 0.396(-0.082) 0.218(-0.068) 0.225(-0.09)

ViT InternLM2 × 0.339 0.451 0.271 0.319
✓ 0.278(-0.061) 0.381(-0.07) 0.193(-0.078) 0.211(-0.108)

tasks indicate that Marten generates relatively accurate vi-
sual texts, demonstrating the feasibility of the method. Ad-
ditionally, heatmaps are included to show the regions of the
image that Marten focuses on. It is observed that after ap-
plying VQAMask alignment training, the LLM’s percep-
tion of the image is concentrated on areas associated with
the QA content, confirming that VQAMask enhances the
model’s spatial awareness of visual texts.
Stage 2. In Table 6, we discuss the improvement in visual
document understanding performance brought by MGM
under different model combinations. The model configu-
rations remain consistent with those in Table 5. We conduct
comparisons on four text-rich image benchmarks, including
DocVQA, InfoVQA, ChartQA, and TextVQA. MGM im-
proves performance across all four benchmarks, with a par-
ticularly noticeable enhancement in DocVQA. Specifically,
in the combination of Swin-Transformer and InternLM2,
DocVQA shows an improvement of 4.73%. However,
when the Swin-Transformer is used as the visual foundation
model, its performance on InfoVQA is inferior to that of In-
ternViT. This is mainly because InfoVQA consists images
with super high aspect ratio, which makes it challenging
for Swin-Transformer, without employing a crop strategy,

Table 6. Ablation study in stage 2. “BB” refers to the backbone,
and “Val” refers to the validation set.

BB LLM MGM DocVQA InfoVQA ChartQA TextVQAVal

Swin Vicuna1.5 × 78.45 43.55 69.15 71.63
✓ 81.89(+3.44) 47.19(+3.64) 72.01(+2.86) 74.97(+3.34)

Swin InternLM2 × 81.12 48.50 73.75 71.34
✓ 85.85(+4.73) 52.21(+3.71) 76.77(+3.02) 74.92(+3.58)

ViT InternLM2 × 89.52 71.65 79.26 71.25
✓ 92.01(+2.49) 75.21(+3.56) 81.72(+2.46) 74.38(+3.13)

to effectively extract visual texts.

5. Conclusion

In this study, we introduce a novel visual language align-
ment method, Visual Question Answering with Mask gen-
eration (VQAMask), during the pre-training stage to bridge
the gap between visual and language modalities. While
keeping LLM weights frozen, VQAMask assists the MLLM
in simultaneously conducting VQA-based text parsing and
mask generation tasks. This optimization process not only
leverages the contextual capabilities of the powerful large
language model but also promotes the learning of spatially-
aware and semantic-aware feature representations for the
image encoder. To achieve this, we establish a compre-
hensive image-mask generation pipeline, and provide MT-
Mask6M with 6M data. Extensive ablation experiments
validate the effectiveness and significance of the proposed
VQAMask. Finally, leveraging the proposed VQAMask,
we introduce Marten, a training-efficient MLLM tailored
for general document-level understanding. In future work,
we aim to further explore more fine-grained and robust vi-
sual language alignment methods to enhance visual docu-
ment understanding.
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