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Abstract. Significant progress has been made in general multi-modal tasks lev-
eraging pre-trained visual and language models. However, in visual document
understanding tasks, enhancing performance by utilizing existing models en-
counters difficulties due to the fundamental differences between natural and doc-
ument images. In this paper, we introduce DocHQ, a multi-modal document im-
age understanding model with pre-trained visual and language models, employ-
ing a hybrid feature query for feature alignment between document visual infor-
mation and language text. Our approach combines learnable and fixed task-ori-
ented queries within a cross-attention visual-language alignment module to ex-
tract more fine-grained information from document images. Moreover, we utilize
large-scale document images for alignment training between the pre-trained im-
age encoder and the language model. Experimental results demonstrate that our
method achieves outstanding performance across three different types of docu-
ment image understanding tasks compared to existing approaches.

Keywords: Document Image Understanding, Multi-modal Feature Alignment,
Document Pretrain model.

1 Introduction

In recent years, with increasing commercialization in various digital scenarios such as
banking digitization, intelligent education, and smart office solutions, Document Al [1]
has garnered significant attention from industrial and academic researchers. This in-
creased interest has spurred the development of numerous document pre-training mod-
els [2,3,4,5,6,7], which typically employ self-supervised pre-training on large-scale
document image datasets [8], followed by fine-tuning on various document processing
tasks. These models have demonstrated remarkable performance improvements across
tasks such as document information extraction [9, 10], table recognition and under-
standing, document image classification [11, 12], and document visual question an-
swering [13].

To reduce the energy consumption and complexity associated with the retraining of
multi-modal foundational models, [14, 15] connects visual and large language models
through a multi-modal projector module, achieving significant success in most general
multi-modal tasks, spanning natural images, videos, and speech tasks. [16] utilized a



plug-and-play module to generate image-relevant exemplar prompts for LLM, enabling
zero-shot VQA tasks without end-to-end training. However, the oversimplification of
the generated image-relevant prompts poses challenges in applying the model to more
complex document image tasks with richer textual information. Furthermore, mPLUG-
DocOwl 1.5 [17] proposed a unified framework that emphasizes structured information
processing on documents, web pages, tables, charts, and natural images. In BLIP-2 [15],
a cross-attention transformer model was used to train an alignment module between
pre-trained visual and language models. Although the proposed learnable queries in
BLIP-2 can extract visual representations informative of the text, they may still struggle
to identify detailed textual information within document images. [18] proposed a train-
able bridging module with diverse instructions in a unified format to connect document
images, image encoders, and large language models (LLMs). However, despite efforts
to bridge document image encoders and LLM models to enhance the performance of
visual document understanding tasks, these models still fall short of achieving the ex-
pected effectiveness because of the inherent difference between natural and document
images, which makes it difficult to understand more fine-grained text information in
documet images.
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Fig. 1. The difference between document and natural image.

As shown in Fig 1, we summary the main differences between document images and
natural images. (a) shows the receipt image with low resolution and image distortion in
the CORD [10] dataset; (b) shows document image with abundant textual information
in the RVL-CDIP [11] dataset; (c) is form and chart image with complex formatting
and intricate textual details in the DocVQA [13] dataset; (d) rich text information in
document image; (e) is a promotional poster image with various formats; (f) shows the
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natural image with coarse-grained semantic information such as people, places, and
activities.

As depicted in Figure 1, there are differences between document images and natural
images. Firstly, natural images typically exhibit coarser-grained semantics compared
to document images. Natural images often depict broad semantic content like locations,
people, activities, and landscapes, whereas document images contain finely-grained,
human-readable text. Additionally, document images often have lower pixel quality
than natural images, necessitating document image understanding models to focus on
fine-grained pixel information within small local regions. Overall, these disparities pose
significant challenges in improving document image understanding capabilities by lev-
eraging existing visual and language models.

Considering these differences between document and natural images, we design a
Document image understanding model via Hybrid feature Queries (DocHQ) to enable
efficient and effective feature alignment between pre-trained visual and language mod-
els. We fuse learnable queries with the OCR-text token embeddings as the textual token
queries of document images and input them into a multi-layer cross-attention module
to learn the fine-grained text information of the document images. Finally, the queried
visual information is fed into the LLM for an accurate understanding of the document
images.

In summary, we present our main contributions as follows: (1) We propose a visual
document understanding model that avoids costly end-to-end training by leveraging
existing document image encoders and LLMs. This is achieved through two training
stages: multi-modal feature alignment learning and downstream task fine-tuning, which
effectively bridge the pre-trained document image model and LLM. (2) A hybrid fea-
ture queries-based multi-modal alignment module comprising learnable and fixed task-
oriented queries is designed to tackle the challenge of capturing textual information in
document images. (3) The experimental results show the superior performance of our
proposed model in five datasets covering three types of visual document understanding
tasks, including document image classification, document information extraction, and
document visual question answering.

2 Related Work

2.1 Document Pre-training Model

The trends in document image understanding tasks are primarily influenced by ad-
vancements in large language models (LLMs) and visual pre-training models, focusing
on three key areas. First, self-supervised pretraining on large-scale document image
datasets has become popular, improving model performance across various tasks, as
seen in models like LayoutLMv3 [4] and UDOP [19]. Second, there is a trend towards
merging multi-modal information, such as OCR-extracted text and layout, into trans-
former models, exemplified by works like mPLUG-DocOwl [ 17]. However, leveraging
existing pre-trained visual and LLMs for generalization across tasks, while minimizing
computational complexity, is suggested as a more efficient path. Finally, integrating
multiple downstream tasks, including information extraction, table understanding, and



visual question answering, into unified model architectures is gaining traction, as seen
in models like UniDoc [20]. The main differences among existing models lie in inputs,
architectures, and pre-training objectives. Image-only models such as Donut [6], text-
layout models like LayoutL.M [2], and hybrid models that integrate image, text, and
layout information, such as GeoLayoutLM [21], demonstrate various approaches to im-
proving document image understanding.

2.2 Multi-modal Models with pre-trained visual-language model

With the rapid growth of large language models (LLMs), research has increasingly
focused on enhancing multi-modal tasks by fine-tuning pre-trained visual and language
models [22, 23]. While models like BLIP-2 [15], and MiniGPT-4 [14] have made sig-
nificant strides in natural image-language tasks, similar approaches in document image
pre-training remain limited. Challenges include the diverse content of document images
and the complexity of aligning them with language models. Efforts like the Q-Former
alignment model [15] and approaches by MiniGPT-4 [14] aim to bridge this gap, ad-
vancing multi-modal document understanding. Furthermore, [24] introduced a multi-
modal model with few shot learning capabilities across image, text, and video data,
utilizing a special Perceiver-Resampler and gated-attention structure.

Unlike existing visual document understanding model architectures, we integrate
OCR-extracted tokens embedding with learnable queries as hybrid feature queries into
a cross-attention multi-modal projector. Through two-stage training, our approach ex-
hibits superior model capabilities across multiple tasks.

3 Method

3.1 Model Architecture

We propose DocHQ, a multi-modal document understanding via hybrid feature queries,
illustrated in figure 2, adopts a two-stage training approach. It consists of three main
components: the image encoder, a cross-attention-based alignment model with hybrid
feature queries, and the LLM generation decoder. In the multi-modal feature alignment
training stage, the alignment model is trained with three similar objectives designed in
[15]: image-text matching, image-text contrastive, and image-ground generation, while
keeping the image encoder frozen. Subsequently, during the stage of fine-tuning of vis-
ual document understanding tasks, we use LORA [25] to finetune the LLM decoder.
3.2 Image Encoder

In our approach, we leverage the Nougat model [26] as the document image feature
extractor, which is specifically designed for neural optical understanding of academic
documents and pre-trained on millions of Arxiv PDF images. This pre-training process
ensures that Nougat possesses powerful document image representation capabilities.

Let I denote the document image input, represented as an RGB image with three
channels. The output of the document image encoder, denoted as Fy,4, has a size of
512x1024. To align with the input requirements of the alignment model, we utilize a
simple linear layer to map the image features to 768 dimensions.
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Fig. 2. The two-stage training architecture of our proposed DocHQ model. (a) Docu-
ment image and language alignment pretraining with three objectives. (b) The detail of
cross-attention alignment model with hybrid feature queries. (c) The fine-tuning stage
on visual document understanding tasks.

3.3 Feature Alignment Module with Hybrid Queries

In Figure 2(b), we introduce a novel document image alignment model that lever-ages
cross-attention mechanisms, incorporating both learnable and task-oriented textual to-
ken queries to enhance the model’s performance in document image pro-cessing. Tra-
ditional models in the field often rely exclusively on learnable queries, which are typi-
cally initialized as fixed vectors and then refined through training. In contrast, our ap-
proach integrates textual token queries derived from optical charac-ter recognition
(OCR) outputs, specifically from the OCR-text token embeddings, which allows the
model to incorporate fine-grained textual information from the document images. This
innovation enhances the model's ability to capture detailed relationships between text
and visual features within the document, a critical aspect for tasks such as document
retrieval, text understanding, and alignment in multi-modal settings.

We used the widely adopted and open-source Tesseract-OCR tool for OCR text ex-
traction from documents. We initialize the model with the Q-Former from BLIP-2 and
generate task-oriented queries Qp by embedding the top 256 tokens from the OCR-text.
The task-oriented textual queries Qp are constructed by embedding the top 256 tokens
from the OCR-extracted text. These queries are represented as a matrix of size
256x2048, capturing detailed token-level information. However, to ensure proper in-
teraction with the cross-attention mechanism, these queries are projected down to a
lower-dimensional space of size 256x768 via a linear transformation layer.

In the self-attention module, we define the output as Q;, which represents the learn-
able queries. These queries are updated through the self-attention mechanism, where
the query matrix Q;, is iteratively refined as Q,=self-attention(Q;). The self-attention
module allows the model to capture intricate dependencies within the learnable queries,
which can be used for various downstream tasks in document processing.



The cross-attention module plays a critical role in aligning the textual token queries
with image features. In this module, the image features are treated as keys (K) and val-
ues (¥), which are used to compute the cross-attention between the queries and the
image features. Specifically, the cross-attention for the learnable queries is defined as
C =Attention(Q, ,K,V), where Cr denotes the cross-attention output corresponding to
the learnable queries. Similarly, the cross-attention for the task-oriented textual token
queries is defined as Cr=Attention(Q,K,V), where Cr is the output for the task-specific
queries. It is important to note that the cross-attention layers for both @, and Qr operate
independently with distinct parameters. This ensures that each type of query, the learn-
able and the textual token queries, can interact with the image features in a specialized
manner.

Furthermore, the feed-forward layers following the cross-attention operations do not
share parameters between the learnable and task-oriented queries, preserving the inde-
pendence of the two query types. After the cross-attention and feed-forward operations,
the outputs of the final layer are projected through a linear layer, ensuring that the di-
mensionality matches the required input size for large language models (LLMs), facil-
itating further multimodal processing.

3.4  Visual Document Understanding Decoder with LLM

In this paper, we use Tinyllama [22] as the text generation module for downstream
tasks. Tinyllama is a decoder-only pre-trained language model with 1.1 billion param-
eters, comprising 22 decoder layers and a hidden size of 2048. It was trained on a text
dataset containing 3 trillion tokens. Additionally, for our ablation experiments, we in-
corporate GPT-Neo-1.3B, a transformer model with 1.3 billion parameters. This model
was designed using EleutherAl's replication of the GPT-3 [27] architecture, featuring a
hidden size of 2048 and 24 transformer layers.

During the fine-tuning stage, the decoder model (LLM) receives inputs from the
feature align module, the OCR results of the input image, and the instruction text related
to the visual document understanding task. We employ the image-grounded next token
prediction objective using the LORA method. Moreover, we introduce special tokens
associated with the task into the LLM tokenizer to denote the beginning and end of the
downstream task.

4 Experiments

4.1 Visual-Language Feature Alignment Training

Training Dataset: We conducted pre-training using the IIT CDIP collection [8] da-
taset. To ensure data quality, we filtered out short texts and non-Latin languages, rotated
images, and applied the Nougat model to exclude samples with more than 30% line
breaks or significant duplicate text in the extracted content.

Training Objectives: We adopted objectives similar to Q-former's pre-training in [15],
including image-text matching, image-text contrastive, and image-grounded genera-
tion. The image-text contrastive objective maximizes the mutual information between
the document image and the OCR text, while image-text matching involves fine-
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grained binary classification for pair alignment. The image-grounded text generation
trains the model to generate text based on document image features, with information
transfer via queries and self-attention layers.

Training Details: About three million high-quality image-text samples were obtained
after pre-processing. The pretraining batch size was set to 512, with a gradient accumu-
lation interval of 32. The model was trained for 10 epochs with an initial and stop learn-
ing rate of 3e-5 and le-5 respectively. The warming step was set to 10% of the total
steps. Adam optimizer with f1= 0.9, and 2 = 0.98, was utilized, along with AMP
mixed precision training. The pre-training phase was conducted on 16 V100 GPUs for
12 hours.

4.2  Fine-tuning on VDU Tasks

Downstream Tasks and Metrics. We fine-tuned and evaluated our model on three
document understanding tasks. For document Image classification, we finetuned on the
RVL-CDIP dataset (16 classes, 320K train-set) and Tobacco-3482 (10 classes, 2782
training images). For document image content understanding, we used FUNSD and
CORD datasets, with CORD containing 1,000 receipts and FUNSD consisting of 199
forms with over 9,700 semantic entities. For Document Visual Question Answering,
we evaluated our model on the DocVQA dataset, which includes 50k questions on 12k+
images. We used accuracy for document image classification, F1 score for content un-
derstanding, and the commonly-used edit distance-based metric ANLS (also known as
Average Normalized Levenshtein Similarity) for DocVQA as evaluation metrics.
Table 1. Results of the document image classification task on RVL-CDIP and To-
bacco3482 dataset.

Method Visual Encoder RVL-CDIP (ACC) Tobacco3482 (ACC)
StructalLM [28] - 96.08 -
LayoutLM [2] - 91.90 -
TransferDoc [29] ViT-B/16 93.18 -
EmmDocClassifier [30] EfficientNet-BO 95.70 90.30
VLCDoC [31] ViT-B/16 - 90.94
SelfDoc [32] FasterR-CNN 92.81 -
DocFormer [33] ResNet-50 96.17 -
LayoutLMv2 [3] ResNeXt-FPN 95.64 -
LayoutLMv3 [4] Linear 95.93 -
UDOP [19] - 96.00 92.10
DocHQ (ours) SwinTransformer 96.47 94.30

Baseline models. We compare our DocHQ with the following baseline methods. The
LayoutLM series (v1, v2, and v3) [2, 3, 4] are pre-trained models designed for docu-
ment understanding tasks that combine textual and layout information. OCR-free mod-
els analyze and interpret document content directly from images, including Donut [6],
UniDoc [20], and StrucTexTv2 [35]. Structure-centric models, like GeoLayoutLM [21]



and StructalLM [28], focus on learning and leveraging geometric and relational struc-
tures within documents to improve content comprehension. Other influential models,
such as DocFormerv2 [7], and Formnet [36].

4.3  Results and Analysis

Document Image Classification. As demonstrated in Table 1, our model has achieved
remarkable state-of-the-art (SOTA) performance on two widely recognized document
image classification datasets. Notably, our model outperformed the second-best model
by an impressive margin of 0.3% in accuracy on the first dataset and 0.8% on the second
dataset. These results underscore the effectiveness of our approach in accurately clas-
sifying document images.

Table 2. Experiment Results on FUNSD and CORD.

Method Visual Encoder FUNSD (F1) CORD (F1)
StructalLM [28] - 85.14 -
LayoutLM [2] - 77.89 -
BROS [5] - 84.52 97.28
DocFormerv2 [7] ViT 88.89 97.70
SelfDoc [32] FasterR-CNN 83.36 -
DocFormer [33] ResNet-50 84.55 96.69
LayoutLMv2 [3] ResNeXt-FPN 84.20 96.01
LayoutLMv3 [4] Linear 92.08 97.46
UDOP [19] - 91.62 97.58
FormNetV2 [34] 3-layerConvNet 86.35 97.37
GeoLayoutLM [21] ConvNeXt 92.86 97.97
DocHQ (ours) SwinTransformer 96.47 94.30

Document Image Content Understanding. In terms of document image content un-
derstanding, we present the comparative results of our proposed model on the bench-
mark datasets FUNSD and CORD. The findings highlighted in Table 2 reveal that our
model achieves F1 scores that rank first and second for these tasks, respectively. This
signifies a superior ability to understand and interpret the content embedded within
document images.

Document Visual Question Answering. Regarding the document visual question an-
swering task, we rigorously compared our model with the latest architectures, including
UDOP and LayoutLMv3, on the challenging DocVQA dataset. As shown in Table 3,
our model demonstrated similarly excellent performance. Additionally, the cases illus-
trated in Fig 3 clearly indicate that our model effectively captures intricately detailed
content information from document images.
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4.4  Ablation Study

Hybrid Feature Queries. As shown in Table 4, our model outperforms the methods of
using only learnable queries or only textual token queries on all three types of document
image tasks. This is because by adding textual token queries, the model can retrieve
features from the document image feature space through the cross-attention module that
are more relevant to the input vector space of the LLM decoder model compared with
the learnable queries. At the same time, the learnable queries make the model focus on
some diverse and dynamic features within the document image.

Table 3. Experiment results of the document visual question answer task on DocVQA.

Method Visual Encoder DOCVQA (ANLS)
Donut [6] SwinTransformer 67.5
DocFormerv2 [7] ViT 87.8
StructalLM [28] - 83.9
LayoutLMv2 [3] ResNeXt-FPN 78.8
LayoutLMv3 [4] Linear 83.4
UDOP [19] - 84.7
DocHQ (ours) SwinTransformer 86.5

Table 4. Ablation study results of the effectiveness of the hybrid feature queries and
the LLM decoder models on FUNSD, RVL-CDIP, and DocVQA dataset.

Method RVL-CDIP (ACC) FUNSD (F1) DocVQA (ANLS)
Only Learnable Queries 92.5 89.19 84.9
Only textual token queries 86.13 86.50 83.67
DocHQ (with tinyllama) 96.47 93.30 86.58
DocHQ (with GPT-Neo-1.3B) 95.89 92.55 852

For the analysis of the number of learnable queries (LQ) and textual token queries
(TQ), as shown in Table 4, the results indicate that changes in the number of learnable
queries have almost no effect on model performance while increasing the number of
textual token queries results in a slight performance improvement. We think that the
learnable queries are learnable vectors, so their size only changes the vector space di-
mensions of the latent representation without affecting the representation capability.
However, changes in the number of textual token queries to adding extra prior infor-
mation can influence model performance to some extent.

The Influence of Different Image Encoders and LLM Decoders. We conducted a
set of comparative experiments on the influence of different image encoders and LLM
decoders. The results in Table 4 indicate that using ViT-L/14 or EfficientNet-BO0 as the
document image encoder performs significantly worse than using the Nougat encoder,
which is pre-trained on a large-scale document image dataset, whereas ViT-L/14 or
EfficientNet-BO0 is pre-trained on general images. As shown in Table 5, we report the



two DocHQ models with different LLM decoders, respectively, which validates the
effectiveness of our approach across different LLM models. The two LLM decoders
are Tinyllama and GPT-Neo-1.3B.

Table 5. Ablation study of the components of our method.

Method RVL-CDIP (ACC)  FUNSD (F1)  DocVQA (ANLS)
DocHQ (ViT-L/14) 77.80 75.83 67.33
DocHQ (EfficientNet-B0) 58.35 64.16 61.57
DocHQ (SwinEncoder) 96.47 93.30 86.58
DocHQ (LQ=24, TQ=256) 95.53 93.57 86.14
DocHQ (LQ=32, TQ=256) 96.47 93.30 86.58
DocHQ (LQ=40, TQ=256) 95.46 92.40 85.91
DocHQ (LQ=48, TQ=256) 96.15 93.18 86.38
DocHQ (LQ=32, TQ=224) 93.15 91.50 84.59
DocHQ (LQ=32, TQ=256) 96.47 93.30 86.58
DocHQ (LQ=32, TQ=288) 96.39 93.41 86.62
DocHQ (LQ=32, TQ=320) 96.46 93.78 86.20
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Fig. 3. Three cases from DocVQA test set compared with LayoutLM

5 Conclusion

In this paper, we introduce a novel multi-modal document understanding model de-
signed to enhance the analysis of document images. Our approach leverages hybrid
feature queries in conjunction with pre-trained visual and language models to achieve
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this goal. Through extensive experiments conducted on three distinct types of five-doc-
ument visual understanding datasets, our method consistently demonstrates superior
performance compared to existing models. These remarkable results not only validate
the effectiveness of our proposed model but also highlight its significant potential in
enhancing various document image understanding tasks.
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