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Table 6. Experiment results on the DreamDoc dataset

Method Edit Distance↓ F1-score↑ Precision↑ Recall↑ BLEU↑ METEOR↑
GOT [43] 0.473 0.744 0.723 0.794 0.354 0.657
MonkeyOCR [27] 0.435 0.798 0.770 0.848 0.414 0.641
DeepSeekOCR [44] 0.384 0.801 0.770 0.857 0.528 0.666
Paddle-VL [8] 0.353 0.823 0.812 0.855 0.521 0.724
DREAM(Ours) 0.248 0.869 0.863 0.893 0.735 0.819

7. Additional Comparison Results
This section provides additional results comparing the pro-
posed document recognition model with other methods on
DreamDoc dataset and OmniDocBench Dataset, comple-
menting Section 4.1.3.

7.1. Comparison With Other Methods on Dream-
Doc Dataset

To validate the effectiveness of our proposed method on the
self-built DreamDoc dataset, we evaluate not only GOT [43]
but also several mainstream VLM-based document recogni-
tion models, including MonkeyOCR [27], DeepSeekOCR in
the Gundam mode [44], and Paddle-VL [8]. The experimen-
tal results on DreamDoc test set are summarized in Table 6,
where bold indicates the best performance and underline
indicates the second-best.

Across all evaluated models, our DREAM model achieves
the state-of-the-art performance on the DreamDoc dataset.

7.2. Comparison With Other Methods on Om-
niDocBench Dataset

To further validate our methods on public dataset, we
conducted additional experiments on OmniDocBench
dataset [31]. The OmniDocBench dataset is a comprehensive
benchmark for evaluating OCR performance across diverse
real-world document types. It comprises 1355 PDF pages
spanning 9 document types, 4 layout styles, and 3 language
categories, offering a diverse testbed that covers both struc-
tured and unstructured documents.

We compare our method with several mainstream VLM-
based document recognition models, including expert VLMs
such as GOT [43] and Nougat [5], as well as general-purpose
VLMs such as GPT-4o [18], InternVL2-76B [7], and Qwen2-
VL-72B [40]. Evaluation is conducted using the edit distance
metric across 9 document categories. The results are reported
in Table 7.

The results show that our DREAM model achieves overall
performance ranking closely behind the best model. Notably,
our method achieves the best performance in the Newspaper

category, a document type characterized by highly complex
layouts and diverse font styles. That demonstrates that our
prototype memory module effectively captures these factors.

8. Additional Ablation Study

This subsection provides additional details complementing
the ablation results presented in Sec. 4.1.4.

We assume that local regions of the visual feature map
contain multiple compositional factors related to spatial lay-
out structures and visual styles. We refer to each independent
contributing factor as a prototype, and model them using
our explicit prototype memory module. In the proposed
DREAM model, the prototype memory module consists of a
set of memory slots, each storing a prototype representation
that is updated via an Exponential Moving Average (EMA)
mechanism during training.

However, the number of possible layout structures and
stylistic patterns in real documents is large, and thus deter-
mining an appropriate capacity for the prototype memory is
important. Table 8 in this section reports our ablation study
on the number of prototype memory slots (i.e., memory size)
used in the multiscale memory module within the document
recognition model described in Sec. 4.1.

The results show that the prototype memory model
achieves the best performance when the memory size is
set to 2048. This is likely because the spatial structures in
documents exhibit substantial complexity. When the mem-
ory size increases to 4096, however, the performance drops.
A possible reason is that an excessively large number of
memory slots makes it difficult for the model to assign a
semantically independent prototype to each slot, and satisfy
the sparsity regularization loss Lsparse. Therefore, for all
experiments presented in the previous sections of this paper,
we adopt this best-performing memory configuration and fix
the memory size to 2048.



Table 7. Experiment results on the OmniDocBench dataset, evaluation using edit distance

Method Book Slides
Financial

Textbook
Exam

Magazine
Academic

Notes Newspaper Overall
Report Paper Papers

GOT [43] 0.111 0.222 0.067 0.132 0.204 0.198 0.179 0.388 0.771 0.267
Nougat [5] 0.734 0.958 1.000 0.820 0.930 0.83 0.214 0.991 0.871 0.806
GPT4o [18] 0.157 0.163 0.348 0.187 0.281 0.173 0.146 0.607 0.751 0.316
InternVL2-76B [7] 0.216 0.098 0.162 0.184 0.247 0.150 0.419 0.226 0.903 0.3
Qwen2-VL-72B [40] 0.096 0.061 0.047 0.149 0.195 0.071 0.085 0.168 0.676 0.179
DREAM(Ours) 0.123 0.115 0.144 0.128 0.293 0.096 0.278 0.239 0.574 0.231

Table 8. Ablation study of different memory size on the Fox dataset

Memory Size Edit Distance↓ F1-score↑ Precision↑ Recall↑ BLEU↑ METEOR↑
CN EN CN EN CN EN CN EN CN EN CN EN

256 0.119 0.080 0.949 0.939 0.961 0.933 0.940 0.947 0.756 0.906 0.868 0.916
512 0.145 0.103 0.941 0.934 0.950 0.927 0.934 0.945 0.736 0.890 0.850 0.910
1024 0.106 0.104 0.949 0.927 0.959 0.920 0.939 0.939 0.759 0.888 0.871 0.917
2048 0.101 0.082 0.964 0.939 0.974 0.933 0.953 0.955 0.767 0.909 0.881 0.942
4096 0.114 0.122 0.939 0.901 0.950 0.895 0.932 0.918 0.759 0.868 0.866 0.895

9. Additional Visualization
In Section 4.1.5, we visualized how the prototype memory
module responds during the cross-attention routing process.
For each patch in the image feature map, we displayed the
index of the prototype with the highest attention weight, indi-
cating which prototype the patch is most strongly associated
with.

However, a patch may be influenced by multiple underly-
ing prototypical factors. To illustrate how our model captures
this phenomenon, we conducted an additional visualization
experiment: for each patch, we plot the full attention-weight
distribution over prototypes. Figure 5 presents the attention
distributions of two representative patches.

The results show that both patches exhibit strong peaks
at prototype indices 2 and 15, indicating that they respond
most strongly to the same two prototypes. Both patches
span a table boundary—blue background in the upper re-
gion and white background in the lower region—suggesting
that these two prototypes jointly encode this type of table-
edge structural pattern. At the same time, their attention
distributions differ: the patch on the right activates a larger
number of prototypes with non-zero weights, likely because
it contains more textual content, which triggers additional
text-style-related prototypes.

10. DreamDoc Dataset
10.1. Dataset Overview
Our self-built DreamDoc Dataset is a dataset for document
recognition contains 7 categories, containing 4800 pages for

trainning and 108 pages for testing.

10.2. Data Collection and Filtering
To construct the DreamDoc Dataset, we collect documents
from a diverse set of real-world sources that reflect common
scenarios encountered in document recognition tasks.

We obtain listed-company announcements and publicly
disclosed reports from open regulatory platforms. Uni-
versity textbooks, middle and high school slides, and pri-
mary/secondary school textbooks are sourced from campus-
internal digital repositories and publicly available electronic
teaching materials. Newspapers and magazines are collected
from publicly accessible digital archives and online reading
platforms. Handwritten notes are sourced from naturally
occurring student note-taking materials.

To ensure high-quality images, we remove pages with
duplicated content, corrupted files, extreme blur, incomplete
scans, or low-information pages (e.g., blank or near-blank).
After filtering, we manually verify a subset of the data to
ensure content integrity and category correctness.

10.3. Annotation Protocol
We adopt a semi-automatic annotation pipeline that com-
bines OCR-based text extraction with manual verification to
ensure both efficiency and high-quality annotations.

Automatic Text Extraction: We used Chandra [9] to
process the images and obtain the OCR results as an original
annotation.

Human Verification and Correction: To guarantee
annotation accuracy, all OCR-generated text is manually



Figure 5. Additional visualization of attention weights for the
prototype memory at scale M(32). The top shows a local region of
the original image, and the bottom displays the attention weights
distributions for two image patches. For clarity, the memory size is
set to 32.

checked by trained annotators. The annotators correct recog-
nition errors such as missing characters, hallucinated words,
incorrect punctuation, and mis-segmented lines. Special at-
tention is given to pages containing dense typesetting, com-
plex layouts (e.g., tables, multi-column text), or handwriting,
where OCR tends to be less reliable. Annotators also ensure
that text ordering follows the natural reading flow of the
document.

10.4. Dataset Statistics

As depicted in Fig. 6, the entire DreamDoc dataset (combin-
ing training and test sets) consists of 4,908 images. Specifi-
cally, there are 1,824 images of listed-company announce-
ments, 1,016 images of university textbooks, 184 images
of newspapers, 274 images of handwritten notes, 424 im-
ages of middle and high school slides, 1,084 images of pri-
mary/secondary school textbooks, and 102 images of maga-
zines.

Among these, the listed-company announcements, news-
papers, handwritten notes, middle and high school slides, and
primary/secondary school textbooks are in Chinese, totaling
3,790 images, while the university textbooks and magazines

Figure 6. Category distribution of the DreamDoc dataset. The
dataset contains seven document categories.

are in English, totaling 1,118 images.

10.4.1. Representative Sample Images
Representative sample images from all seven categories
are shown in Fig. 7. As illustrated, our dataset covers a
wide range of layout styles, including single-column, multi-
column, and highly complex layouts, as well as tables. It
also exhibits diverse font styles and includes handwritten
text.



(a) Announcement (b) University Textbook (c) Magazine

(d) Newspaper (e) Handwritten Note (f) Primary/Secondary School Textbook

(g) Slide

Figure 7. Representative sample images of DreamDoc dataset
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