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Abstract

We propose DocFormerv2, a multi-modal transformer for
Visual Document Understanding (VDU). The VDU domain
entails understanding documents (beyond mere OCR pre-
dictions) e.g., extracting information from a form, VQA
for documents and other tasks. VDU is challenging as it
needs a model to make sense of multiple modalities (vi-
sual, language and spatial) to make a prediction. Our ap-
proach, termed DocFormerv2 is an encoder-decoder trans-
former which takes as input - vision, language and spatial
features. DocFormerv2 is pre-trained with unsupervised tasks
employed asymmetrically i.e., two novel document tasks on
encoder and one on the auto-regressive decoder. The unsu-
pervised tasks have been carefully designed to ensure that
the pre-training encourages local-feature alignment between
multiple modalities. DocFormerv2 when evaluated on nine
challenging datasets shows state-of-the-art performance on
all over strong baselines - On TabFact (+4.3%), InfoVQA
(+1.4%), FUNSD (+1.0%). Furthermore, to show generaliza-
tion capabilities, on three VQA tasks involving scene-text,
DocFormerv2 outperforms previous comparably-sized mod-
els and even does better than much larger models (such as
GIT2, PaLI and Flamingo) on these tasks. Extensive ablations
show that due to its novel pre-training tasks, DocFormerv2
understands multiple modalities better than prior-art in VDU.

Introduction
Documents have become ubiquitous carriers of information,
including forms, tables, invoices, and other structured docu-
ments. Many such documents require visual and layout un-
derstanding to make sense (just the text string is insuffi-
cient). Visual Document Understanding (VDU) is the task
of leveraging machine learning techniques to comprehend
such scanned documents, such as PDFs or images. Popu-
lar VDU tasks include Document and Tables VQA (Mathew
et al. 2020; Chen et al. 2019), sequence labeling for key-
value identification in forms (Jaume, Ekenel, and Thiran
2019), entity extraction (Seunghyun et al. 2019), and doc-
ument classification (Harley, Ufkes, and Derpanis 2015).
While modern deep-learning based OCR models (Litman
et al. 2020) have proven to be effective in extracting text
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Figure 1: Visual Document Understanding: Snippet of a doc-
ument receipt from DocVQA (Mathew, Karatzas, and Jawa-
har 2021). VDU tasks could include a model asked to predict
”SOLD TO” address (VQA) or predict all relations (”SOLD
TO” → <address>, ”SHIP TO” → <address>) or asked to
infer info from table (at the top).

from documents, the naive approach of linearizing the OCR-
text and feeding it to a language model is sub-optimal. This
is because the content of a document is presented accord-
ing to a visual layout and structure that must be taken into
account for accurate understanding. Naively linearizing the
text from left-to-right will result in sub-optimal performance
as the semantic meaning alters based on layout, as shown in
Figure 1 - Table 5,4 has experiments demonstrating this. In-
stead, VDU requires a multi-modal approach that can com-
prehend text and visual features in the context of a docu-
ment’s 2D layout.

Multi-modal training in general entails feature alignment.
Specific to vision-language learning this means aligning a
piece of text with an arbitrary span of pixels in visual space
(Ho et al. 2022; Kim, Son, and Kim 2021; Radford et al.
2021; Wang et al. 2022a; Alayrac et al. 2022; Biten et al.
2022; Appalaraju et al. 2021; Hao et al. 2023; Appalaraju
et al. 2020; Li et al. 2022; Chen et al. 2022b). How those fea-
tures are aligned makes a big difference. In VDU, a majority
of the tasks require local and layout-relative understanding
of the document. For example, in document VQA, semantic
labeling or entity extraction, a model needs to make sense
of text in-relation to where the text is placed in a document.
E.g.: ”1” when placed at the top-right/bottom-left of a doc-
ument is to be interpreted as a page-number vs as a number
when placed anywhere else.

Based on this domain understanding of VDU and its
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Model Year Conf. Arch. Input Mod.

LayoutLMv1 2020 KDD E T + S
DocFormerv1 2021 ICCV E T + V + S
LayoutLMv2 2021 ACL E T + V + S
SelfDoc 2021 CVPR E -
LayoutLMv3 2022 ACM E T + V + S
BROS 2022 AAAI E T + S
XYLayoutLM 2022 CVPR E T + V + S
FormNet 2022 ACL E -
ERNIE-Layout 2022 EMNLP E T + V + S
LiLT 2022 ACL E T + S
XDoc 2022 EMNLP E T

TILT 2021 ICDAR E + D T + V + S

DocFormerv2 2024 AAAI E + D T + V + S

Table 1: VDU Related Work: In this table, a summary of
VDU prior art is presented with their architecture (E: En-
coder, D: Decoder), the input (T: text, V: vision, S: spatial
features), the vision features branch and core idea behind
the work.

Figure 2: VDU Paradigms: Broad state of Visual Document
Understanding (VDU) approaches. In a) E-only LayoutLM
(Xu et al. 2020a) and variants. b) E+D but only language-
task TILT (Powalski et al. 2021). c) Ours.

challenges, we present DocFormerv2 (DFv2) which is an
encoder-decoder multi-modal transformer. In this work, we
meticulously devise two novel unsupervised pre-training
tasks with the objective of incorporating local semantic in-
formation of a document into the model. These pre-training
tasks impart the ability to the model to accurately locate rel-
evant information within the document. We also depart from
VDU prior-art(Powalski et al. 2021; Tang et al. 2022) as we
introduce a novel asymmetrical method of pre-training. i.e.,
multi-task pre-training on encoder (two tasks) and decoder
(one task). We propose two novel pre-training tasks on en-
coder with the intent to enrich the encoder with local se-
mantic information. The tasks aid in by fusing and align-
ing multi-modal input and generating efficient representa-
tions for the decoder. We show that these pre-training tasks
are necessary for effective VDU (see ablation sec.). Further-
more, we demonstrate that a simplified linear visual layer is
sufficient to encapsulate visual features, simplifying the ar-
chitecture from previous VDU research (Xu et al. 2020b; Li
et al. 2021c; Powalski et al. 2021) which required specific
visual encoders (Dosovitskiy et al. 2020; Liu et al. 2021; He
et al. 2016).

Experimentally we demonstrate that DocFormerv2

achieves state-of-the-art performance on five VDU tasks. In
addition, we demonstrate the versatility of DocFormerv2
by utilizing its pre-trained model and fine-tuning it on
text-VQA tasks from a completely different domain. Our
approach yields superior performance on three distinct
text-VQA datasets, surpassing comparable models and in
some datasets much bigger models like GIT2 (Wang et al.
2022a), PaLI (Chen et al. 2022b) and Flamingo (Alayrac
et al. 2022). Therefore, the primary contributions of this
paper are as follows:

• Asymmetrical method of pre-training for VDU: Two
novel tasks on the encoder which encourage local
multi-modal feature collaboration (Token-to-Line task and
Token-to-Grid task) and one on the decoder (see Approach
sec).

• Simplified Visual branch: DocFormerv2 is end-to-end
trainable and it does not rely on a pre-trained object
detection network for visual features simplifying its ar-
chitecture. On five varied downstream VDU tasks, Doc-
Formerv2 achieves state-of-the-art results (See experi-
ments sec.).

• We also show DocFormerv2 versatility by fine-tuning
it on a totally different domain - text-VQA datasets
without changing the pre-training. DocFormerv2 beats
strong baselines and achieves state-of-the-art numbers
on three text-VQA datasets amongst similar model
sizes. Selectively, on Text-VQA it out-performs much
larger models like PaLI-3B +6.8%, PaLI-15B +1.5%
and Flamingo(Alayrac et al. 2022) (+9.9%) (106x Doc-
Formerv2 size in the num. of parameters) by absolute ac-
curacy (see TextVQA experiments).

Furthermore, we conducted comprehensive ablation exper-
iments to demonstrate the advantages of our pre-training
tasks, the model’s resilience to input noise, and the efficacy
of the simplified visual branch.

Related Work
VDU research has attracted considerable attention over the
past few years (Wang et al. 2022b; Xu et al. 2020a; Fujinuma
et al. 2023; Xu et al. 2020b; Appalaraju et al. 2021; Li et al.
2021c; Powalski et al. 2021; Li et al. 2021b; Huang et al.
2022; Appalaraju et al. 2023; Hong et al. 2020; Gu et al.
2022a; Tang et al. 2023b; Gu et al. 2022b; Lee et al. 2022;
Wang, Jin, and Ding 2022; Chen et al. 2022a; Tang et al.
2022; Łukasz Borchmann et al. 2021; Peng et al. 2022; Li
et al. 2021a; Tang et al. 2023a). Prominent published re-
search papers in this area are catalogued in Table 1 - the
research focus has been lopsided towards encoder-only mod-
els. While TILT (Powalski et al. 2021) proposed a encoder-
decoder transformer for VDU, they only train it on one pre-
training task (masked language modeling) and also use a
bulky visual CNN. Our approach DocFormerv2 , simplifies
the architecture by not using a separate visual module (CNN
or Transformer based) and has multiple unsupervised pre-
training tasks. See supplemental for more on prior art.
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Figure 3: DocFormerv2 Pre-train Architecture: After pre-
train, the two prediction heads (token-to-line and grid) on
encoder are removed, rest of the architecture remains the
same for down-stream tasks. Read section for more details
on Ts and Vs. All components are end-to-end trainable. Best
viewed in color.

Approach
Architecture
DocFormerv2 (DFv2 ) is a multi-modal encoder-decoder
transformer architecture (see fig. 3). Three variations of
DFv2 are designed - small, base and large variants (see sup-
plemental material for details). DFv2 takes multi-modal in-
puts, the image of the document I , text T extracted by an
OCR model along with OCR bounding box co-ordinates as
spatial features S. DFv2 has a unified multi-modal encoder
where the multi-modal features fuse and align with the help
of novel pre-training tasks (see Fig. 3).
Visual features: DFv2 has a simplified visual branch con-
trary to most VDU prior-art (fig. 2). DFv2 consumes a
flattened image sequence as visual input. Specifically, let
v ∈ R3×h×w be the image of a document. A simple
V = linear(conv2×2(v)) is used to create an image embed-
ding. The weights are randomly initialized for pre-training.
As documents tend to have lots of white-space, the linear
down-sampling layer gives an opportunity for the model
to only keep relevant visual features. Based on our abla-
tion experiments (see supplemental material), this simple
approach gives better results than using expensive image
encoders such as Swin, ViT (Liu et al. 2021; Dosovitskiy
et al. 2020; Ronneberger, Fischer, and Brox 2015) or bulky
object-detection networks like FRCNN variants (Ren et al.
2015) as was used in VDU prior-art (Powalski et al. 2021;
Appalaraju et al. 2021; Xu et al. 2021). Since transformer
layers are permutation-invariant, a learnable 2D-positional
encoding Ps is also computed. Finally, Vs = V + Ps

Language features: Let t be the predicted text extracted via
an OCR model for a document image. DFv2 uses a sentence-
piece sub-word tokenizer (Kudo and Richardson 2018) to
get tokens ttok. A maximum sequence limit s is applied dur-
ing training and testing, so if the number of OCR tokens is
greater than s, the rest is ignored. If the sequence length is
less than s, the sequence is padded. The OCR tokens ttok

are sent to a learnable embedding layer Wt to create a text
embedding T = Wt(ttok).
Spatial features: For each OCR word ti, the OCR model
predicts its bounding-box location in the normalized form
bi = (x1, y1, x3, y3). This information is encoded using
four learnable spatial embedding layers - Wx for encod-
ing a word horizontal spatial information xi, Wy for the
vertical coordinate yi, Wh for word height hi and Ww for
the width wi. The spatial features not only encode the lo-
cation of a word in the document but also provides cues
about a word’s font-size and thereby its importance in a doc-
ument (via hi and wi). Specifically, spatial features S =
Wx(x1, x3) +Wy(y1, y3) +Wh(y3 − y1) +Ww(x3 − x1).
Finally, Ts = T + S.
Other features: Ts and Vs features are different modali-
ties (fig. 3). As the model has no idea it is being fed multi-
modal input, another learnable embedding Wm is used to
provide cues to the model about the multi-modal input. A
modality-embedding Wm learns nuances of different modal-
ities, which generates Mv embedding for visual modality
and Mt for text. Finally, V = Vs +Mv and T = Ts +Mt,
whereby T and V are concatenated (V ⊙T ) in the sequence
dimension to form the input sequence to the DFv2 encoder.

Unsupervised Document Pre-training
In DocFormerv2 we follow the now well established prac-
tice of unsupervised pre-training followed by downstream
task fine-tuning. Furthermore, with the intent of eliciting
the maximum benefit from unsupervised pre-training, we
designed the pre-training tasks as a close proxy for down-
stream tasks. We now describe the two novel pre-training
tasks employed on the encoder and the language modeling
task on decoder. All three tasks are performed at the same
time and the final loss is a linear combination of all three
losses for each iteration.
Encoder Token-to-Line Task: We share the intuition that
for VDU tasks local feature semantic alignment is important.
Most of the related information for key-value prediction in
a form or VQA is either on the same line or adjacent lines
of a document e.g., see fig. 4, in order to predict the value
for "TOTAL" (box a), the model has to look in the same
line (to its right - "$4.32" box d). We teach the model
the relative position information between tokens. For imple-
mentation, we randomly pick two language tokens and ask
the model to predict the number of lines between them. Fur-
thermore, as a document could have an arbitrary number of
lines of text, the task is quantized. i.e., there are only three
labels: {0, 1, 2}. All token pairs that are more than 2
lines apart are labelled as 2 because distant tokens are not
likely related and the model should learn to ignore them.
Assume that a, b, c, d (fig. 4) are lines. Let F be the DFv2
encoder head function trying to predict a label for this task.
then:

F (a, d) = 0; F (a, b) = 1; F (b, c) = 2 (1)

Based on the ablation (table 8), this task gives +2.2% benefit
on DocVQA task. The loss for this task is tracked as Ltol.
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Figure 4: Token-to-Line
Figure 5: Token-to-Grid:
4x4

Encoder Token-to-Grid Task: Different semantic informa-
tion is concentrated in different regions of the document. For
example, a) In a financial document, the top block contains
the header, the middle block contains information to be filled
and the bottom block typically contains footer elements/in-
structions. b) Page numbers are typically at the top or the
bottom. c) In a receipt/invoice the company name is typically
at the top. The content of a document is presented accord-
ing to a visual layout and structure that must be taken into
account for accurate understanding. Based on this intuition,
this task pairs language semantics with the location (visual,
spatial or both) in a document. Specifically, the document is
virtually divided into a m x n grid. Each OCR token is as-
signed a grid number and DFv2 is tasked with predicting the
grid number for each token. For each OCR token ti, its top-
left location (x1, y1) is used to determine its grid-number gi.
Grids are in raster-scan order, so if a particular token falls on
the boundary of multiple grids, the scan-order is used to dis-
ambiguate. If a token falls on the boundary of normalized
image co-ordinates, they are ignored for prediction. See fig.
5 for viz. Specifically, we have:

gi = ⌊ x1

∆x
⌋+ ⌊ y1

∆y
⌋ ·m,

where ∆x and ∆y are the widths and heights of each grid,
respectively, and m is the number of grids in a row. The loss
Ltog .
Decoder Language Modeling: Since VDU predictions are
in the language domain, language understanding forms an
important component of DFv2 pre-training. We do the de-
noising masked language modeling popularized by T5 (Raf-
fel et al. 2019). During pre-training, not only are the input
tokens randomly MASKED it’s spatial features (mentioned in
§) are also masked. Masking the spatial features S for the
masked tokens makes the grid prediction and line prediction
hard because the model does not have 2D-position informa-
tion of the masked tokens. It has to infer from other available
context. The loss for this operation is denoted Ldlm.
Final pre-training loss: The final loss is a linear combina-
tion of all three pre-training losses i.e., Lfinal = k∗Ltol+l∗
Ltog +m ∗Ldlm, where k, l,m are empirically determined.
Downstream Tasks: Once pre-training is done, we remove
the token-to-line and token-to-grid linear prediction heads.

The rest of the pre-trained model is fine-tuned on the re-
spective downstream train data.

Experiments
Implementation details: Following prior-art (Appalaraju
et al. 2021; Powalski et al. 2021; Biten et al. 2022; Xu
et al. 2020a, 2021; Huang et al. 2022) we use the Indus-
trial Document Library (IDL)1 dataset for pre-training. The
IDL is a collection of industry documents hosted by UCSF.
It hosts millions of documents publicly disclosed from var-
ious industries like tobacco, drug, food etc. The data from
the website amounts to about 13M documents, translating to
about 70M pages of various document images. We further
extracted OCR for each document. Data was cleaned and
about 6M documents were pruned, the resulting 64M doc-
ument images and OCR-text (with spatial co-ordinates) is
used for unsupervised pre-training. The data distribution for
IDL 64M is presented in supplemental section.
Downstream experiments: The model is fine-tuned on the
provided training set and numbers are reported on the cor-
responding validation/test set. No dataset specific hyper-
parameter tuning is done. This is an advantage of our ap-
proach and we believe that the numbers may be higher if
dataset specific fine-tuning is done. Details about fine-tuning
datasets are in the supplemental section. We used Pytorch
(Paszke et al. 2019) and the Huggingface library (Thomas
et al. 2019).
Evaluation Metrics: A dataset specific evaluation met-
ric is adopted. For DocVQA(Mathew et al. 2020), In-
foVQA(Mathew et al. 2022), ST-VQA(Biten et al. 2019b),
Average Normalized Levenshtein Similarity (ANLS) (Biten
et al. 2019a) is used. ANLS measures the similarity be-
tween the predicted results and ground truth and ranges
from (0,100). For FUNSD(Jaume, Ekenel, and Thiran
2019), CORD(Seunghyun et al. 2019) F1-score is used. For
TextVQA (Singh et al. 2019) and OCR-VQA(Mishra et al.
2019) accuracy is used. In all metrics, higher the better.

Table VQA
WikiTable and TabFact (Chen et al. 2019; Łukasz Borch-
mann et al. 2021): These datasets study table understanding
and fact verification with semi-structured evidence over ta-
bles collected from Wikipedia. Entailed and refuted state-
ments corresponding to a single row or cell were prepared
by the authors of TabFact. This task poses challenges due to
the complex linguistic and spatial reasoning involved. In Ta-
ble 2, we can see that DocFormerv2 out-performs prior art
by a large margins (+1.1%) and (+4.3%) resp.

Document VQA
DocVQA (Mathew et al. 2020) and InfographicsVQA
(Mathew et al. 2022) are datasets for the document VQA
task. DocVQA (Mathew et al. 2020) focuses on VQA for
real-world industry documents and requires that the model
understand images, texts, tables, forms. InfographicsVQA
(Mathew et al. 2022) focuses on VQA for infographics and

1https://www.industrydocuments.ucsf.edu/
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Model WikiTable
Acc. (%)

TabFact
Acc. (%)

methods based on only text / (text + spatial) features:

T5large 33.3 58.9
T5large+U 38.1 76.0
T5large+2D 30.8 58.0
T5large+2D+U 43.3 78.6

methods based on image + text + spatial features:

LayoutLMv3large 45.7 78.1
UDOP 47.2 78.9

DocFormerv2large 48.3(+1.1%) 83.2(+4.3%)

Table 2: Comparison on Table VQA Datasets: DocFormerv2
outperforms the previous state of the art on WikiTableQues-
tions and TabFact datasets. bold is SOTA and underline in-
dicates the prev SOTA. See supp. for viz. p.s. had to remove
citations due to AAAI width and font rules.

requires that the model understand plots/graphs, texts, lay-
out, figures. A model needs to reason multi-modally to gen-
erate an answer for this data. Please see the supplemental for
data statistics and samples.

Sequence Labeling Task

We study the performance of DocFormerv2 on the semantic
entity-labeling task (i.e., group tokens which belong to the
same class). We test the model on FUNSD dataset (Jaume,
Ekenel, and Thiran 2019), which is a forms dataset contain-
ing 199 noisy documents (149 images for train, 50 images
for test). There are four classes: question, answer, header,
and other. We measure entity-level performance using F1
score (Table 4). The input sequence to Docformerv2 in-
cludes individual texts as prompts and all document texts
as context, and the decoder sequence contains the entity
texts and predicted labels. Docformerv2 achieves 88.89%
F1 score (Table 4), and outperforms the existing methods
without using entity box priors in pretraining and finetuning
(grayed models in the table).

Following common practice (Łukasz Borchmann et al.
2021; Powalski et al. 2021; Xu et al. 2020b), we train Doc-
Formerv2 on the combination of the training and validation
sets and do evaluation on the test set for each dataset. In
addition, we also follow (Powalski et al. 2021; Xu et al.
2020b) to train DocFormerv2 on an extra document VQA
dataset with 850k question-answer pairs and then fine-tune
on DocVQA/InfographicsVQA for higher accuracy.

DocFormerv2 outperforms (Table 3) the previous state of
the art for document VQA even without using any extra doc-
ument VQA pre-training data. After pre-training on the extra
data, DocFormerv2 surpasses the previous state of the art by
0.79% on DocVQA and 1.4% on InfographicsVQA, which
confirms the effectiveness of our approach.

Model DocVQA
test ANLS (%)

InfoVQA
test ANLS (%)

methods based on only image:

Donutbase 67.5 11.5
Pix2Structlarge 76.6 40.0

methods based on only text / (text + spatial) features:

T5large 70.4 36.7
T5large+U 76.3 37.1
T5large+2D 69.8 39.2
T5large+2D+U 81.0 46.1

methods based on image + text + spatial features:

LayoutLMv3large 83.4 45.1
UDOP 84.7 47.4
LayoutLMv2†large 86.7 -
TILT†

large 87.05 -

DocFormerv2large 87.2 -
DocFormerv2†large 87.84(+0.79%) 48.8(+1.4%)

Table 3: Comparison on Document VQA datasets: Our
work, DocFormerv2 outperforms the previous state of the
art. † indicates training with extra document VQA data.

Entity Extraction Task
We evaluate DocFormerv2 for the entity extraction task on
the CORD dataset. CORD (Seunghyun et al. 2019) consists
of 1000 receipts (800/100/100 images for train/val/test). It
defines 30 fine-grained fields under 4 coarse-grained cate-
gories. To extract all entities, in the input sequence, we add
a question of “What are entities of <CLASS>?” in front of
all text context tokens. The output of the decoder includes all
entities which are separated by a separator token. Following
the standard evaluation metric for entity extraction, we mea-
sure entity-level performance using F1 score. Docformerv2
(Table 5) achieves 97.7% F1 score, and outperforms exist-
ing methods. Docformerv2 enables multiple entities decod-
ing in an auto-regressive way which shows that the model
is able to learn both intra-entity and inter-entity structures.
Note that it is unfair to directly compare Docformerv2 with
LayoutLMv3(LaMv3), because LaMv3 uses segment-level
layout positions, while the other works use word-level lay-
out positions 2. More importantly, the task studied in Table
5 is entity extraction: predicting words and classes of all en-
tities, against this problem setting if one uses segment-level
boxes as inputs.

Generalization Experiments - Scene-Text VQA
In this section, we show the strength of DocFormerv2 on
a different task - Scene-Text VQA. Unlike document under-
standing which focuses on document images, the Scene-Text
VQA task answers questions for natural images with scene

2LaMv3 (Huang et al. 2022) highlighted that using segment-
level positions may benefit the semantic entity labeling task, so the
two types of work are not directly comparable.
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Model Precision Recall F1

methods based on only image:

Dessurtbase - - 65.0

methods based on only text / (text + spatial) features:

BERTbase 54.69 61.71 60.26
RoBERTabase 63.49 69.75 66.48
UniLMv2base 63.49 69.75 66.48
LayoutLMv1base 76.12 81.55 78.66
BROSbase 80.56 81.88 81.21
BERTlarge 61.13 70.85 65.63
RoBERTalarge 67.80 73.91 70.72
UniLMv2large 67.80 73.91 70.72
LayoutLMv1large 75.36 80.61 77.89
StructuralLMlarge 83.52 86.81 85.14
FormNet 85.21 84.18 84.69

methods based on image + text + spatial features:

LayoutLMv1base 76.77 81.95 79.27
LayoutLMv2base 80.29 85.39 82.76
LayoutLMv2large 83.24 85.19 84.20
DocFormerbase 80.76 86.09 83.34
DocFormerlarge 82.29 86.94 84.55
SelfDoc - - 83.36
UDoc - - 87.93
StrucTexT✢ 85.68 80.97 83.09
LayoutLMv3base

❅ 77.39 81.65 79.46
LayoutLMv3large

❅ 81.35 83.75 82.53
LayoutLMv3base

❍ 89.55 91.65 90.29
LayoutLMv3large

❍ 92.19 92.10 92.08
UDOP❍ - - 91.62

DocFormerv2base 89.15 87.6 88.37
DocFormerv2large 89.88 87.92 88.89(+1.0%)

Table 4: FUNSD comparison: DocFormerv2 does better
than models its size and compares well with even larger
models. ✢ does not use standard train/test split, and the
results are not directly compared with others. ❍ use OCR
lines (not word box) as 2D position for words, and use en-
tity boxes as 2D position for each word during fine-tuning
and test, and thus the results are not directly comparable. ❅
are results by using the word boxes as 2D position for each
word as other competitors do.

text. We fine-tune our document pre-trained models on three
Text-VQA datasets. We emphasize that no image-text pre-
training was performed on DocFormerv2, it was merely fine-
tuned on the respective Text-VQA training dataset. Three
popular Text-VQA datasets are used - OCR-VQA (Mishra
et al. 2019), TextVQA (Singh et al. 2019) and ST-VQA
(Biten et al. 2019b), each with strong baselines from the
vision-language community (as is standard practice by Text-
VQA we mean any scene text VQA dataset while TextVQA
refers to a specific dataset). Please see the supplemental for
a dataset breakdown. For OCR-VQA, we fine-tune our mod-
els on the training set and do evaluation on the validation and
test sets. For TextVQA and ST-VQA, following the previous
state-of-the-art methods (Biten et al. 2022; Yang et al. 2021),
we fine-tune our models on the combination of the TextVQA
and ST-VQA training sets and do evaluation on the valida-

Model Precision Recall F1

methods based on only text / (text + spatial) features:

BERTbase 88.33 91.07 89.68
UniLMv2base 89.87 91.98 90.92
SPADE - - 91.50
LayoutLMv1base 94.37 95.08 94.72
BROSbase 95.58 95.14 95.36
BERTlarge 88.86 91.68 90.25
RoBERTalarge - - 93.80
UniLMv2large 91.23 92.89 92.05
LayoutLMv1large 94.32 95.54 94.93
FormNet 98.02 96.55 97.28

methods based on image + text + spatial features:

LayoutLMv2base 94.53 95.39 94.95
LayoutLMv2large 95.65 96.37 96.01
TILTbase

❍ - - 95.11
TILTlarge

❍ - - 96.33
DocFormerbase 96.52 96.14 96.33
DocFormerlarge 97.25 96.74 96.99
UDoc - - 96.86
LayoutLMv3base

❅ 92.92 94.31 93.61
LayoutLMv3large

❅ 96.78 96.78 96.78
LayoutLMv3base

❍ - - 96.56
LayoutLMv3large

❍ - - 97.46
UDOP❍ - - 97.58

DocFormerv2base 97.51 96.10 96.80
DocFormerv2large 97.71 97.70 97.70(+0.89%)

Table 5: CORD dataset comparison: We present entity-level
Precision, Recall, F1 on test set. ❍ use OCR lines (not word
box) as 2D position for words, and use entity boxes as 2D
position for each word during fine-tuning and testing, and
thus the results are not directly comparable. ❅ are results by
using the word boxes as 2D position for each word as the
other competitors do.

tion and test sets of each dataset. Tables 6, 7, 9 show that
our large size model outperforms the comparably sized pre-
vious state-of-the-art method LaTr (Biten et al. 2022) by
+3.4%, +2.4% and +2.2% on the OCR-VQA, TextVQA, and
ST-VQA test sets respectively. These results show that our
method generalizes beyond document understanding tasks.
Analysis: In an unexpected turn of events, on OCR-VQA,
our model DFv2 large outperforms GIT2, despite the lat-
ter being a significantly larger model with 5.1B parameters
compared to our 750M, and using a massive 12.9B data cor-
pus for pre-training compared to our 64M.

On TextVQA, DocFormerv2 does better than several
vision-language models which are much bigger and have
been pre-trained on much more data. On the test set, it is
(+9.9%) better than Flamingo (which at 80B has 106x the
number of parameters as ours). On the validation set, it is
better than PaLI-3B and 15B (+2.2%, +6.8%) respectively.
GIT2 and PaLI-17B do perform better than it. (GIT2 also
uses 8 VQA datasets to train). DocFormerv2 gets this per-
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Model Val
Acc. (%)

Test
Acc. (%)

Blk+CNN+W2V - 48.3
M4C 63.5 63.9
LaAP 63.8 64.1
LaTrbase 67.5 67.9

GITbase 57.3 57.5
GITlarge 62.4 62.9
GIT 67.8 68.1
GIT2✢ - 70.3

DocFormerv2base 69.7 70.3
DocFormerv2large 71.1 71.5(+3.4%)

Table 6: Comparison on OCR-VQA: DocFormerv2 is better
than the previous SOTA by (+3.4%). Bold indicates best and
underline indicates the previous state of the art. GIT2 ✢:
uses extra VQA data (aggregation of 8 VQA datasets).

formance without any natural image-text pre-training. We
present this as evidence that DocFormerv2 is a good ap-
proach to solving this problem with a much smaller model
and much less data.

Ablation Experiments
Ablation of DFv2 novel pre-training tasks: Table 8 shows
DFv2 ablation on the proposed novel pre-training tasks and
multi-modal training. The denoising language modeling task
and spatial features mentioned in Approach sec. are applied
to all architectures. Note, this ablation was performed on
DFv2 -small with 1M doc pre-training.
Robustness to OCR errors. This study examines the robust-
ness of DocFormerv2 and LayoutLMv23 to OCR errors. Ar-
tificial noise simulating character typos is injected into text
from the FUNSD dataset, capped at one error per word.
While both models utilize visual features, DocFormerv2’s
generative decoder demonstrates substantial resilience, ex-
periencing only a -1.68% performance drop even with 20%
OCR errors, compared to a -9.84% decline for the encoder-
only LayoutLMv2. This highlights the advantage of our gen-
erative decoder approach in handling text noise. See Fig. 6.

Figure 6: Induced OCR Error Ablation. F1 score perf eval
on FUNSD for varying orders of injected OCR errors.

3Note that both LayoutLMv2 and ours use visual features, and
thus it is fair to compare the robustness in multi-modality context.

Model Val
Acc. (%)

Test
Acc. (%)

M4C 47.8 -
LaAP 41.0 41.4
SA-M4C 45.4 44.6
SMA 44.6 45.5
SceneGate 42.4 44.0
SC-Net 44.8 45.7
LOGOS 51.5 51.1
TAP + TAG 53.6 53.7
TAP 54.7 54.0
TAP Two-Stage 55.9 55.3
Flamingo-80B★ 57.1 54.1
PreSTU - 56.3

LaTr-0.3Bbase 58.0 58.9
LaTr-0.3B†

base 59.5 59.6
LaTr-0.85B†

large 61.0 61.6

GIT-0.13Bbase
❍ 18.8 -

GIT-0.4Blarge
❍ 37.5 -

GIT-0.7B❍ 59.9 59.8
GIT2-5.1B✢ 68.4 67.3

PaLI-3B❍ 58.8 -
PaLI-15B❍ 64.1 -
PaLI-17B❍ 70.5 73.1

DocFormerv2-0.2B†
base 61.6 60.0

DocFormerv2-0.75B†
large 65.6 64.0(+2.4%)

Table 7: Comparison on TextVQA: † indicates the model
used the combination of ST-VQA and TextVQA training
sets to train the model. GIT2 ✢: extra data used (aggre-
gation of 8 VQA datasets) ★: video-text data. ❍: propri-
etary image-text data. The Flamingo, GIT2, and PaLI mod-
els are much bigger (# parameters ≥ 3x DocFormerv2large
parameters) and use large amounts of external data.
DocFormerv2large still outperforms Flamingo (+9.9%), PalI-
3B (+6.8%) and PalI-15B (+1.5%) models.

Model Ablation Datasets
DocVQA (ANLS)

baseline B 69
B + V 70.5 (+1.5)
B + V + L 71.2 (+2.2)
B + V + G 71.7 (+2.7)
B + V + L + G 73.0 (+4.0)

Table 8: DocFormerv2 Pre-training Tasks Ablation: Impact
of three pre-training tasks on four downstream tasks over
baseline. B: baseline, V: only with Visual features §, L: with
Token-to-Line prediction pre-training §, G: with Token-to-
Grid prediction pre-training §.

Pre-training Impact or Better Approach? To isolate the
impact of pre-training data size on DFv2’s performance, we
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Model Val
ANLS (%)

Test
ANLS (%)

M4C 47.2 46.2
LaAP 49.7 48.5
SA-M4C 51.2 50.4
SceneGate 52.5 51.6
LOGOS 58.1 57.9
TAP 59.8 59.7
TAP + TAG 62.0 60.2
PreSTU - 65.5

LaTr-0.3Bbase 67.5 66.8
LaTr-0.3B†

base 68.3 68.4
LaTr-0.85B†

large 70.2 69.6

GIT-0.13Bbase 20.7 -
GIT-0.4Blarge 44.6 -
GIT-0.7B 69.1 69.6

DocFormerv2-0.2B†
base 70.1 68.4

DocFormerv2-0.75B†
large 72.9 71.8(+2.2%)

Table 9: Comparison on ST-VQA: On ST-VQA Doc-
Formerv2 outperforms comparable sized models like GIT
and LaTr but large margin (+2.2%) in-spite of being pre-
trained on less data. † indicates the combination of the ST-
VQA and TextVQA training sets is used.

Model #data
Datasets

FUNSD CORD

LayoutLMv2base 11M 82.7 94.9
DocFormerv2base 11M 86.1 (+3.4%) 96.2 (+1.3%)

DocFormerv2base 64M 87.9(+5.2%) 96.8(+1.9%)

DocFormerv2†base 64M 88.3 (+5.6%) 96.8 (+1.9%)

Table 10: DocFormerv2 Pre-training Data Ablation: Impact
of training with different # of pre-training data on various
down-stream tasks. The F1 scores are reported. † indicates
the combination of the ST-VQA and TextVQA training sets
is used.

conducted an ablation study with both models trained on the
same, smaller dataset (11M documents). As shown in Ta-
ble 10, even with limited data, DFv2 still outperforms Lay-
outLMv2, indicating the effectiveness of its novel asymmet-
ric pre-training approach. Additionally, DFv2 demonstrates
further improvement with more data (64M), solidifying its
superiority for VDU tasks.
Correct grid size for Token-to-Grid pre-training? In §,
we presented the novel Token-to-Grid pre-training task. In
this pre-training ablation §8 this task was observed to pro-
vide benefits. Here the appropriate virtual grid-size is em-
pirically determined. From Fig. 7, 4x4 grid seems optimal.
Smaller or asymmetric grid structures (4x1) seem to cause
harm. On the other end, if the grid is too granular (12x12,
8x8), the performance seems to hurt as well. All models pre-
trained on DFv2 small and 1M documents from IDL, with the

Figure 7: Token-to-Grid Ablation. How different grid sizes
used for the Token-to-Grid pre-training task affects model
performance on DocVQA. 4x4 seems best and was used for
all final pre-training.

Vision and Token-to-line enabled.
More ablations Please find more ablation experiments in
supplemental 4 highlighting more experiments of our ap-
proach.

Conclusion
Our work DocFormerv2 highlights the importance of two
novel pre-training tasks and the efficacy of enriching en-
coder representations with local semantic information via
pre-training tasks. We perform experiments on eight varied
datasets (five on VDU and three on scene-text VQA) achiev-
ing state-of-the-art numbers on all datasets. Based on abla-
tions, we also show the various design choices and its impact
on downstream performance

References
Alayrac, J.-B.; Donahue, J.; Luc, P.; Miech, A.; Barr, I.;
Hasson, Y.; Lenc, K.; Mensch, A.; Millican, K.; Reynolds,
M.; Ring, R.; Rutherford, E.; Cabi, S.; Han, T.; Gong, Z.;
Samangooei, S.; Monteiro, M.; Menick, J.; Borgeaud, S.;
Brock, A.; Nematzadeh, A.; Sharifzadeh, S.; Binkowski, M.;
Barreira, R.; Vinyals, O.; Zisserman, A.; and Simonyan, K.
2022. Flamingo: a Visual Language Model for Few-Shot
Learning. ArXiv, abs/2204.14198.
Appalaraju, S.; Jasani, B.; Kota, B. U.; Xie, Y.; and Man-
matha, R. 2021. Docformer: End-to-end transformer for
document understanding. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, 993–1003.
Appalaraju, S.; Tang, P.; Dong, Q.; Sankaran, N.; Zhou, Y.;
and Manmatha, R. 2023. DocFormerv2: Local Features for
Document Understanding - Full Paper and Supplemental.
arXiv preprint arXiv:2306.01733.
Appalaraju, S.; Zhu, Y.; Xie, Y.; and Fehérvári, I. 2020.
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