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Abstract
Document-grounded workflows drive operational efficiency in many enterprise

domains. In Finance, onboarding and offboarding of clients, monitoring of client
activities, assignment of risk, assessment of credit, and other integral functions are
dependent on processing documents across a wide variety of categories and formats,
including business filings, financial reports, tax forms, legal contracts, invoices, pay-
ment records, and other disclosures. The document understanding tasks associated
with these processes encompass several multimodal reasoning challenges, including
spatial, visual, and quantitative reasoning.

Against this backdrop, investment in AI-augmented workflows has grown rapidly
over the past decade [59, 60]. In highly regulated industries such as Finance, such
workflows are expected to comply with requirements related to performance and
robustness, including the maintenance of comprehensive data lineage. This means
that an Information Extraction model is required to provide datapoints that are fully
traceable back to the context from which they were extracted. Groundedness has
major implications for downstream applications, as it can improve explainability,
expose the provenance of the output, and enhance human-AI interaction.

In recent years, multimodal (large) language models have emerged as a promis-
ing approach to document understanding. While these models have demonstrated
better overall performance across several tasks, their decoder-based, generative ar-
chitecture leaves them open to poor groundedness (if not hallucinations), and makes
it difficult to localize their outputs. This has led to challenges related to ground-
edness (or lack thereof) in tasks such as Key Information Extraction and extractive
Visual Question Answering, which has in turn complicated the adoption of such
models in production pipelines, especially when the requirements for reliability and
explainability outweigh performance.

This work addresses the challenge of groundedness in multimodal enterprise
document understanding in the context of two prominent reasoning tasks, namely,
quantitative reasoning and spatio-visual reasoning. We demonstrate how we can
enhance the performance, robustness, and generalizability of models by improving
their grounding within the input. In quantitative reasoning, we show how grounding
the model in numerical language can enhance compositional generalization, a key
challenge in robustness and OOD performance. We further demonstrate how spatio-
visual reasoning can be grounded in the layout and structure of a document, leading
to more efficient and robust multimodal models.

Concretely, we introduce three new methods to the field of grounded multimodal
enterprise document understanding: 1) A new mechanism to attend to fine-grained
components of the input that express arithmetic operations, hence improving compo-
sitional generalization in quantitative reasoning tasks. 2) A metric-learning strategy
that is grounded in counterfactually-associated samples, and leads to more robust
and generalizable quantitative reasoning models. 3) A topological representation
of documents that enhances performance on several multimodal tasks by grounding
textual reasoning within the spatial layout of each page. We tie these methods to-



gether by proposing an evaluation strategy that accounts for fine-grained spatial and
contextual grounding in a visual question-answering task. Using Visual Question
Answering as an umbrella task, we demonstrate how our evaluation framework can
expose shortcomings in spatio-visual and quantitative reasoning, especially when
compared against human performance.
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Chapter 1

Introduction

Multimodal document understanding, also known as Visually Rich Document Understanding
(VRDU), and the tasks that it encompasses—including Key Information Extraction (KIE), Rela-
tion Extraction (RE), Visual Question Answering (VQA), and Quantitative Question Answer-
ing (QQA), to name a few—constitute a major operational bottleneck in enterprise settings
[115, 129]. Due to their rich structure, length, domain-speci�c language, hybrid numeric/textual
content, and spatio-visual complexity, enterprise documents such as reports, memos, invoices,
forms, and contracts are often processed using human supervision. This manual process is cum-
bersome and therefore error prone, so much so that some institutions are compelled to adopt a
dual review protocol for the task of information extraction and data entry [18]. This, coupled
with the large volume of documents in many enterprise settings1 has led to a substantial and
growing demand for Document Intelligence services [59, 60].

Against this backdrop, researchers in the domain of VRDU have developed a suite of bench-
marks that examine the performance of SotA models on KIE [57, 63, 128, 166], RE [63, 128],
VQA [113, 114, 179], and QQA [26, 27, 224, 227]. The advent of Multimodal Generative
(Large) Language Models has moved SotA performance across these tasks to new frontiers, in
some cases coming close to human performance. As of February 2025, the top 5 performers
on the DocVQA2, InfographicsVQA3, and TAT-QA4 leaderboards are Generative LLMs. The
top performing model on DocVQA [11] is within 2 points of human performance, and the top-
performing model on TAT-QA [228] within 3 points.

Despite positive contributions to the VRDU domain, the popularity of generative models has
moved the �eld away from producing grounded outputs, as we will argue in Chapter 2. This
means that it is not always possible to determine the lineage of each output token with respect
to the input. For extractive tasks such as KIE and Extractive QA, this means that the output
cannot be deterministically traced back to where it was extracted from. This has constrained the
adoption of multimodal document understanding models in enterprise settings, where regulatory

1As an example, in 2024, J.P. Morgan Chase served nearly 80 million consumers [19]. Considering each cus-
tomer's records, �lings, tax forms, identi�cation documents, and other disclosures, the volume of documentation in
the retail banking business alone could scale to hundreds of millions.

2https://rrc.cvc.uab.es/?ch=17&com=evaluation&task=1
3https://rrc.cvc.uab.es/?ch=17&com=evaluation&task=3
4https://nextplusplus.github.io/TAT-QA/
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guidelines often require data lineage to be established in great detail [83].
The goal of our research is to proposegrounded methodologiesfor the task of multimodal en-

terprise document understanding. This not only enables the operationalization of VRDU models
in enterprise settings, but, as we will demonstrate, enhances the robustness, ef�ciency, and gen-
eralizeability of such models. Toward this goal, we tackle grounded reasoning in two relevant
subdomains, namely,quantitative reasoning, andspatio-visual reasoning. Before we explore
these domains in detail, we examine the role of groundedness in enterprise settings, not only to
identify key challenges, but also to establish the motivation behind our work.

1.1 Groundedness in enterprise settings

Why should groundedness be uniquely important to enterprise applications? What sets enterprise
Document AI apart from other applications of the technology in other domains? In this section,
we address this question using a scenario that is inspired by a common real-world task.

Suppose Alice is a knowledge worker at a �nancial institution, and is in charge of reviewing
client documents. Each institutional client provides a document with a list of authorized signa-
tories, their titles, contact information, and signature samples. This list is later used to verify
whether legally binding agreements have been signed by authorized stakeholders. As part of a
remediation project, Alice is tasked with reviewing 1,000 authorized signatory forms, extracting
key information, and keying them into a new database.

To make the task more manageable, Alice would like to reduce her manual workload by 70%,
either by reviewing only 30% of the documents, or by reviewing only 30% of each document's
contents, and delegating the remainder of the work to an automated solution. This would require
the automated solution to perform the following tasks:

1. Process each authorized signatory document and extract the following information: names,
metadata (such as titles, addresses, and contact information), and signature samples. This
is associated with the task ofKey Entity Extraction (KIE).

2. Associate all attributes related to the same entity. For example, the name, contact in-
formation, and signature sample of each individual should be grouped together. This is
associated with the task ofRelation Extraction (RE)

3. Map the information about each entity into a schema that the new database recognizes.

4. Create a detailed trace of where each piece of information was extracted from so that
auditors can verify that proper protocol was followed. This is associated with the task of
Localization.

The top row of Table 1.1 illustrates the output that Alice expects from an automated sys-
tem. Ideally, each entity must be tagged within the document so that the extracted entity can
be mapped to a bounding box within the page. In VRDU literature, this is known asLocaliza-
tion. The model also needs to be able to group each signatory's name and corresponding title
and signature. This is often addressed through the task ofRelation Extraction (RE). Lastly, each
extraction (or ideally, each grouping, each page, or each document) needs to have a con�dence
score that Alice can use to decide whether she needs to review the model's output for accuracy.
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Ideal output:
Each signatory, title, and signature
box is extracted and tagged within
the document [red, blue, and gray boxes].
Each signatory is used as an anchor
to group the metadata [black links].
Each entity (or grouping) is assigned
a con�dence score [black circles].

William J. Farrel: NAME0
Executive Vice President: TITLE0
bboxf 30, 10, 50, 25 g: SIG0
[NAME0, TITLE0]: LINK0
John M. Beeson, Jr.: NAME1
Senior Vice President: TITLE1
bboxf 30, 30, 50, 45 g: SIG1
[NAME1, TITLE1]: LINK1
...

Common output:
Extractions may not be associated
with bounding boxes.
Different solutions may be needed
for text vs. handwriting.
Links may be unavailable or
only partially available.
Con�dence scores are often
not available (or log-probs
are uncalibrated).

Table 1.1: Top row: The expected output of a VRDU model when processing an authorized
signatory document. Bottom row: The output often generated by SotA approaches. Note that
due to the con�dentiality of authorized signatory forms, we have used a public example from a
credit agreement [28].

This is related to the problem ofmodel calibration.5

Let us go through the above-mentioned tasks and examine their relationship to the concept
of groundedness.

Relation Extraction (RE)is the associative counterpart to the task of Key Entity Extraction
(KIE), one of the most popular tasks in the VRDU literature. As our scenario demonstrates,
in many real-world settings, KIE and RE need to be performed in tandem to enable end-to-end
automation. In our scenario, a model that is solely trained on KIE would be able to identify each
authorized signatory, phone number, and address, but would not be able to group them together
or map them to the relational schema of a database.

Despite their relevance to real-world applications, associative tasks are often ignored in
VRDU datasets, possibly due to the high cost of annotating documents for multiple tasks. Datasets
such as FUNSD [63], CORD [128], DocILE [162], and BuDDIE [233] include some relation an-
notations, but only one (FUNSD) covers complete hierarchical relations in addition to key-value
pairings. FUNSD also happens to be the smallest dataset, covering only 199 samples. This
has led to an under-representation of RE in research publications, as we will see in Section 4.2.
As part of our research, we will demonstrate that spatially-grounded models, i.e. those that are
designed to effectively capture complex layouts, are able to capture relations between different
entities more effectively.

Groundedness (or lack thereof) poses additional challenges to the applicability of VRDU
models in enterprise settings. Let us once again consider our scenario. As stated earlier, Alice
would like to reduce her workload by 70%. Let us suppose that she is able to �nd a SotA model

5Note that the above requirements are not limited to our particular scenario and generalize to most information
extraction tasks in enterprise settings. Some requirements (such as traceability of output) extend to tasks beyond
information extraction, such as question answering over documents, and summarization.
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that has an F1 score of 0.99 across all KIE benchmarks. For simplicity, we will assume that
this means the model makes one mistake per 100 extractions. If Alice applies the model to the
signatory forms, there will likely be errors, given that 1,000 forms are likely to include more
than 100 signatories. If Alice is not able to locate the possible errors, she will have to review
every one of the model's extractions to verify its accuracy. Assuming that Alice can perform
the veri�cation task faster than the extraction task, we will estimate her time-saving as 50%.6

This will still not meet her target of 70% of documents (or 70% of �elds) being processed in a
“straight-through” fashion without a manual touchpoint. In order for Alice to reach her target,
she would need a model that iswell calibrated, and can indicate which documents or which
contexts are likely to include errors.

Despite the recent attention that calibration research has attracted with regard to the detection
of hallucinations in LLM outputs, the VRDU literature has remained largely focused on perfor-
mance without much regard for calibration. As we will see in Section 4.2.4, models that are
carefully designed to ground their reasoning in the multimodal signal can not only achieve better
performance, but also produce lower calibration error. Overall, our research will demonstrate
that enterprise document understanding models can be designed, trained, and evaluated with
groundedness in mind, resulting in models that are more parameter and data ef�cient, generalize
to out-of-distribution samples, and generate better calibrated outputs.

1.2 Enhancing groundedness in enterprise document under-
standing

Our investigation into improving groundedness for multimodal enterprise document understand-
ing is organized into three subdomains, namely, quantitative reasoning, spati-visual reasoning,
and model evaluation. The following sub-sections introduce each domain and the relevance of
groundedness within the VRDU literature in that domain.

1.2.1 Quantitative reasoning

Quantitative reasoning encompasses a wide range of research areas including numeracy [168,
172, 173], quantitative grounding of language models [149, 163, 164], solving math word prob-
lems [6, 193, 218], and question answering over tabular data [26, 27, 224, 227]. Each �eld has at-
tempted to take advantage of mathematical, arithmetic, and algebraic knowledge that governs the
reasoning required to perform quantitative tasks. Some studies have attempted to create models
that exhibit knowledge about magnitudes and are able to compare various quantities [172, 221].
Others have pursued more explicitly symbolic approaches [148, 149].

In multimodal document understanding, quantitative reasoning is focused on hybrid tabular/-
text contexts, and lies at the intersection of spatial and numerical reasoning. Several recently

6If Alice is following a dual review process (i.e. a Maker-Checker process), then the 50% time-saving estimate
is consistent with removing the Maker from the process, allowing Alice to act as the Checker. Having said that, the
estimate is still likely to be very generous, because ungrounded models do not contextualize their extractions, and
Alice would need to manually locate each extracted output in the original document before verifying it.
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published datasets aim to tackle this particular problem [26, 27, 93, 224, 227]. Table 1.2 illus-
trates a simple example of a question answering task over tabular data.

Question
What was the net change in
revenue from 2019 to 2020?

Tabular
context

Metric ($M) 2018 2019 2020
Operating
expenses

35 29 30

Revenue 70 80 60

Verbalized
facts

2019 revenue was $80M.
2020 revenue was $60M.

Output
program

subtract(80, 60)

Answer -20

Table 1.2: Example of a quantitative QA problem over tabular data.

One key challenge that is fundamental to developing robust models in this domain is the
challenge of compositional generalization [119, 125, 212]. Beginning with simple concepts and
primitives, humans are able to compose more complex concepts and use them to tackle sophis-
ticated reasoning tasks that require multi-step calculations. This has inspired some researchers
to emulate some of the strategies that humans use in order to learn these compositions. As an
example, chain of thought prompting has successfully been used to encourage models to break
down complex problems into smaller steps before solving them [197].

Another approach is to address gaps in the model's learning by generating “what if” scenar-
ios. Consider the sentence:

“5 plus 3 equals 8.”.

If this is the only example of addition that the model encounters during training, it might
memorize operands such as 5 and 3 as signifying an addition. This is fundamentally a challenge
of grounding, as the model does not learn to ground its reasoning in the correct expressions. By
generating examples that perturb operands or operators, the model can be encouraged to capture
semantics at the component level [94]:

What if instead of “5” we used “2”?! “2 plus 3 equals 8.”
What if instead of “plus” we used “minus”?! “5 minus 3 equals 2.”

Research on compositional generalization has shown promise, but SotA models still lag be-
hind human performance [94], mainly limited by the in�exibility of the data augmentation meth-
ods mentioned above. In our research, we develop more robust models by exploiting the corre-
spondence between natural language terms and quantitative semantics in a more explicit fashion,
i.e. by grounding the model's reasoning in natural expressions of arithmetic operations.

1.2.2 Spatio-visual reasoning

As we will lay out in Section 2.2.2, two transformer-based neural architectures [182] dominate
SotA VRDU benchmarks:Encoder-based modelsapproach visual reasoning the same way it is
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tackled in open-domain Visual Question Answering (VQA). A neural language model is used
to generate contextual embeddings for the text in a document. Independently, a visual feature
extractor (usually a Convolutional Neural Network [46, 151] or a vision transformer [37]) is
used to generate visual embeddings. The two are then fused and trained in an end to end fashion
[9, 95, 205].Decoder-based modelsfollow the same principle, but use the generative objectives
of Large Language Models [11, 23, 104, 190].

Decoder-based models are prone to hallucinations [55, 65] and do not guarantee grounding
in their outputs [232]. Encoder-based models, while easier to ground, often produce poorly-
calibrated output probabilities, as we will show in Section 4.2.4.

The grounding challenge can only be addressed by developing models that exploit how visual
information is displayed in a document. These signals are often not present in open-domain
images, and therefore not exploited by popular image encoders. Consequently, VRDU models
that use these image encoders as their visual backbone fail to ground their spatio-visual reasoning
in the layout and structure of the input document.

Documents often follow a grid system of layout where horizontal and vertical alignments
play an important role in organizing information on a page. Visual contrast also helps the reader
navigate the information easily. A small study by Nguyen et al. [122] showed that when presented
with plain text, humans were 60% slower in �nding relevant information for a question answering
task than when presented with the full layout.

The literature on layout design presents four key principles that govern how readers navigate
the information on a page [75]:

• Contrast: Differences in font face, size, color, or background can signal correspondence
between different elements, or a hierarchical relationship. Figure 1.1 illustrates how con-
trast can indicate a title/content relationship.

• Proximity : Elements that lay close to each other often have some semantic correspon-
dence. Figure 1.1 illustrates how proximate segments can form a block. Studies such as
Raman et al. [145] have demonstrated how visual attention maps utilize the spacing or gaps
between elements to determine structures such as blocks and columns.

• Alignment: Vertical or horizontal alignment is used extensively in constructs such as ta-
bles, lists, or infographics, as shown in Figure 1.1.

• Repetition: Consistency is a key component of layout design. If a certain font or size
is used for one footnote, it is likely that other footnotes will follow the same style. The
size difference between headings and sub-headings is the same throughout the document,
and so on. This principle ensures that each document follows a �xed “template” where a
limited set of rules, shapes, and colors govern the layout. This can be of great advantage
to automation efforts, since it limits the scope of features and their interactions.

There have been some recent efforts in accounting for these layout design principles in VRDU
models. Graph representations, covered in Section 2.2.1, attempt to capture the grid-like lay-
out of each page. Visual feature extraction networks, covered in Section 2.2.2, attempt to use
the visual signal to split each page into segments. Nevertheless, a more deliberate approach is
needed to fully exploit the advantages these principles offer. Throughout our studies, we will
demonstrate how models that are designed explicitly to draw on these principles produce better-
grounded outputs.
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Figure 1.1: Four key principles of layout design, illustrated in a form extracted from the FUNSD
dataset [64].

1.2.3 Model evaluation

Similar to most other research �elds, the �eld of VRDU has been driven by popular benchmarks
and the standard evaluation metrics that they employ. In generative tasks such as question an-
swering, most such evaluation metrics rely on the surface similarity between ground truth and
predicted answers. This does not bode well for groundedness, as surface similarity can be a poor
indicator for correctness or robustness.

Document Question:What is the title of Cynthia L. Corliss?

Model A
Answer:Senior Vice President
ANLS: 1.0

Model B
Answer:Executive Vice President
ANLS: 0.625

Document Question:Is Cynthia L. Corliss a senior executive?

Model A
Answer:No
ANLS: 1.0

Model B
Answer:Yes
ANLS: 0.0

Table 1.3: An example illustrating how lack of grounding can lead to misleading assessments of
a model's performance. Top-row: Extractive QA. Bottom row: Abstractive QA. The image is
excerpted from [28].

Let us illustrate this using an example from the top row of Table 1.3. Given an authorized
signatory form and the question “What is the title of Cynthia L. Corliss?” two hypothetical
models are shown to provide ungrounded answers. The models are evaluated using Average
Normalized Levenshtein Similarity, popularized by the DocVQA benchmark [113]. Model A
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produces the correct output with a perfect score, but without any grounding information, it is
unclear whether the output refers to the proper bounding box (blue) or is based on the incorrect
context (red). Model B produces an incorrect response, referring to the title of another signatory.
Nevertheless, the ANLS metric is calculated at 0.625 due to a partial match with the gold answer.

In 8.5% of the training samples in DocVQA, there are two or more instances of the gold
answer within the input page, making it dif�cult to properly contextualize the answers in a post-
processing step. Partial matches only complicate this problem further.

Another challenge arises from the lack of grounding for abstractive questions, despite the
requirement in many enterprise settings that every abstractive decision needs to be explicitly
evidenced. Consider the second row of Table 1.3 which shows an example of an abstractive
Yes/No question. To determine whether “Cynthia L. Carliss” is a senior executive, a model would
need to follow a particular reasoning path, �rst locating her title on the page, and then mapping
it to a collection of possible roles that qualify as senior executive titles.7 In the absence of any
grounding or explanation, it would be unclear whether a model is providing the correct answer
(“No”) or the incorrect answer (“Yes”) based on a simple match with the keywords “Senior” and
“Executive”, respectively. While grounded reasoning datasets exist in the unimodal literature [26,
220] and in open-domain VQA [135, 229], such datasets are yet to be popularized in multimodal
document understanding.

In Chapter 5 we propose an evaluation framework that accounts for localization and ground-
edness of predicted answer. We demonstrate that our score is better correlated with the calibrated-
ness and robustness of models, enabling downstream practitioners to better assess the reliability
of VRDU models within their domain.

1.3 Overview of the dissertation

The ultimate goal of our research is three-fold:
1. To address current gaps in research towards grounded document layout understanding and

quantitative reasoning.

2. To propose grounding methodologies that improve the performance, ef�ciency, and robust-
ness of current models.

3. To propose evaluation metrics that account for groundedness as a key metric.
In the next chapter, in addition to reviewing the current literature on document understanding,

we offer a high-level categorization of how groundedness can be encouraged in VRDU models.
These three categories are:

• Designingneural architectures that are grounded in relevant semantic signals.
• Creating innovative (unsupervised or self-supervised)objectivesthat ground the model in

the input.
• Changing the problemsearch spaceby curating training samples, or scaffolding the space

in an explicit fashion.

7In many enterprise settings, such knowledge bases and taxonomies are available as part of training material,
policy documents, business rulesets, or structured databases.
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Table 1.4 maps out this framework in relation to the multimodal signals that are relevant to
enterprise document understanding. This framework will inform how we present our research
contributions.

Reasoning Grounding the design Grounding the objective Grounding the search space

Quantitative
Design models
that recognize
numerical relations

Learn quantitative
compositions

Augment the search space
with quantitative knowledge

Spatio-visual
Design models
that follow the
document layout

Learn to
construct realistic
document layouts

Scaffold the search space
according to layout signals

Table 1.4: An overview of two multimodal reasoning areas and a summary of how grounding is
often encouraged in each area.

The remainder of this document will map out the background and our research contributions.
Below is a summary of what the remaining chapters of this document cover:

• Chapter 2 will review the current literature. The chapter will conclude by a summary of
SotA art models and how groundedness is incorporated (or left out) in their design and
training paradigm.

• Chapter 3 will cover our contributions to quantitative reasoning, speci�cally to composi-
tional generalization for multi-step reasoning tasks:

In Section 3.1, we introduce an attention mechanism that is grounded in the quantita-
tive semantics of natural language, and demonstrate that this leads to better composi-
tional generalization.

In Section 3.2, we extend our work to create metric-learning objectives that encourage
better-grounded representations, leading to models that generalize to OOD samples.

• In Chapter 4, we introduce grounded methodologies for spatio-visual reasoning of com-
plex enterprise documents for the tasks of Key Information Extraction (KIE) and Relation
Extraction (RE).

Section 4.1 demonstrates how graph-based structures can facilitate the representation
of complex layouts, and encourage VRDU models to capture the design principles
introduced in Section 1.2.2.

Section 4.2 extends this idea by proposing a generative graph neural network, show-
ing improvements in both grounding and calibration against SotA VRDU models.

• Chapter 5 proposes a new evaluation framework for Document VQA models that measures
the groundedness of their outputs, enabling enterprise users to investigate the utility of each
model for grounded applications.

• Chapter 6 provides an overview of our work and lays out future directions for research into
grounded enterprise VRDU.
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Chapter 2

Background

As mentioned in the previous chapter, enterprise VRDU models need to accommodate two cate-
gories of signal that go beyond textual semantics:

• Quantitative signal, which indicates content that requires discrete or numerical reasoning.
• Spatio-visual signal, which encompasses layout indicators such as distances and align-

ments among textual segments, as well as style, color, and other visual indicators.
Holistic understanding of an enterprise document requires modeling these aspects cohesively,

and extensive research has been devoted to addressing this challenge. Inspired by multimodal
neural language models, many studies have treated these signals as multimodal features that
are encoded individually and subsequently fused with textual representations. In contrast, cer-
tain studies have incorporated these signals ascontextual groundingfor textual semantics. As
an example, instead of encoding spatial, visual, and textual features separately and fusing them
afterward, some studies have incorporated the spatial signal as additive or multiplicative augmen-
tation for text representations. This form of contextual grounding has shown increasing promise
in the �eld of VRDU.

In this chapter, we will provide an overview of studies that have explored grounded multi-
modal reasoning over documents. As previously mentioned, most such studies have encouraged
multimodal grounding by extending thedesign, modifying thetraining objectives, or scaffold-
ing thesearch spaceof modern language models such that they can accommodate multimodal
signals more effectively. We therefore present our review of the literature in the context of the
above methods. Table 2.1 shows an overview of the two types of multimodal signals against the
three common approaches to grounding VRDU models in those signals. Each cell in the table
summarizes one or more common methodologies that are employed by today's SotA models.
The following sections will describe these methodologies in more detail.

2.1 Grounded quantitative reasoning

Quantitative reasoning is a key but particularly challenging aspect of holistic document under-
standing. In contrast to spatial and visual signal both of which can be modeled separately from
the text and fused afterwards, quantitative signal can be expressed in a non-symbolic fashion that
makes it dif�cult to separate from the semantics of the text. Expressions that convey quantities,
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Reasoning Grounding the design Grounding the objective Grounding the search space

Quantitative Reason over graphs Learn aligned patterns
Augment input with
long-tail samples

Spatio-visual

- Augment or trim
attention patterns
according to
document layout
- Use modality-aware
fusion

- Learn to recover
masked components
in the layout
- Learn masked
vision-language
modeling

- Generate according to
intra-component relationships
- Augment visual input to
cover common gaps in the
search space

Table 2.1: A summary of two meta-textual reasoning areas and common approaches that are used
to encourage groundedness in them.

metrics, or arithmetic operations, need to be processed seamlessly together with text.
Some studies have explored language models that exhibit numeric literacy by modeling mag-

nitude and polarity [154, 172, 173]. But numeracy alone does not suf�ce for quantitative reason-
ing tasks in all contexts. Consider the below sentence:

“After a deductible of $600, for a co-pay of ten percent, your out of pocket cost is
$200.”

Even though “$600”, “ten percent”, and “$200” are all expressions that allow accurate es-
timations of magnitude and scale, they need to be contextualized properly with the concepts of
“deductible”, “co-pay”, “out of pocket cost”, all of which carry quantitative semantics. Lan-
guage models that have been trained for numeracy can capture the magnitude of each value and
perform comparative analyses to answer questions such as “Is the deductible higher than the out
of pocket cost?” They may also be able to do magnitude estimation to answer questions such
as “Does $600 sounds like a reasonable deductible?” But they may fail to perform complex
quantitative reasoning required to answer questions such as “What was the original cost of the
procedure?”

In tabular question answering tasks where numeric values are segregated in tabular struc-
tures, maintaining the semantic link between numbers and the textual context surrounding them
introduces an added challenge. In fact, a hybrid table/text context may be even more dif�cult to
tackle than an exclusively tabular or textual context [26].

Studies that have tackled quantitative reasoning in QA tasks fall into two categories. Some
studies have explored quantitative reasoning for answering questions over real-world data such as
statistical records [27], Wiki entries [22], enterprise documents [70], and �nancial reports [227].
Since numeric data is very often expressed in tabular structures, this category often involves
question answering over tabular data, or hybrid table/text passages. Other studies have explored
Math Word Problems [102], which require modeling abstractions and mapping the arithmetic
logic between language and math symbols [72, 200].

To tackle a manageable scope within this large domain, and since our studies are concerned
primarily with enterprise documents, our work will focus on the question answering task over
table/text input. In this task, the input is a natural language question with a table and surrounding
text, provided as context. The output is a program made up of arithmetic operators and operands
(see Table 1.2).
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2.1.1 QA over tabular data

As with many modern QA models, most tabular QA approaches use a retriever-generator archi-
tecture [69], where the retriever identi�es relevant table cells and encodes them using spatially-
aware tabular encoding [47, 211] or verbalization [26]. The generator produces the program
necessary to derive the answer. This provides the opportunity to measure model performance in
terms of program accuracy as well as execution accuracy.

Numerous studies have tackled quantitative reasoning in retriever-generator models. Retriever-
focused studies have proposed structure and number aware representations that model the mag-
nitude, polarity, or relationship among quantities [194, 200]. The need for large-scale in-domain
datasets limits the applicability of these methods. Hence, generator-focused studies have at-
tempted to enhance quantitative reasoning at generation time, using graph-based reasoning [148,
220], knowledge infusion [120], logical programming [84], and causal reasoning [94]. In the
latter,counterfactual scenariosare used to augment the data in such a way that the model gen-
eralizes to never-before-seen operands.

Despite major improvements, quantitative reasoning remains a challenge [4]. The challenge
stems from the memorization of spurious lexical patterns by the model, especially in the absence
of large-scale training data [149]. This is reminiscent of the problem of compositional gener-
alization, which has been studied in-depth in numerous NLU �elds including semantic parsing
[40], visual question answering [156], data-to-text generation [116], and learning from instruc-
tion [98].

2.1.2 Compositional generalization

Compositional generalization is a model's ability to recognize new structures that are novel, but
made up of previously seen components [119]. Oren et al. [125] explore several methods to
improve compositional generalization for semantic parsing tasks, including the downsampling
of repetitive patterns, using grammar-based decoding, and supervising the attention weights to
ensure proper alignments are maintained between input and output terms. A method that consis-
tently outperforms other approaches in text-to-SQL and tabular QA tasks isattention coverage.
Coverage is a penalty term that encourages the model not to pay too much attention to familiar
(i.e. frequently seen) terms and focus its attention weights on new, unseen terms at test time.

Yin et al. [212] propose a simple yet effective method to supervise attention weights for a
semantic parser using a small number of samples. They �rst �nd span-levelalignmentsbetween
the natural language input and the program output using a heuristic algorithm. Next, they encour-
age attention weights to follow the alignments by adding a supervised attention loss. The loss
can be thought of as a regularization term that prevents the model from over�tting to spurious
patterns.

Inspired by the above studies, in Chapter 3 we propose two novel mechanisms for grounding
quantitative reasoning in input expressions. Our methods not only outperform SotA models, but
also improve the robustness and OOD performance across several distributions.
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2.2 Grounded spatio-visual reasoning

The spatial signal (layout) and visual signal (design) of a multimodal document are often closely
intertwined and inform each other [75]. Nevertheless it is common practice in the VRDU liter-
ature to segregate these signals and develop strategies that optimize each of them separately. In
this section, we review these strategies and their relation to multimodal groundedness.

2.2.1 Exploiting the spatial signal (layout) of documents

The placement of textual elements on a page serves as an important semantic signal: Proximity
between elements can indicate continuity or segmentation. Horizontal or vertical alignments
within tables or forms can indicate correspondence.

Certain structures such as tables and bullet lists provide explicit spatial alignments that can
be exploited to enrich representations of text. Other structures such as form-like layouts are not
as explicit and require representations that are more �exible.

End-to-end approaches for capturing spatial information from tables are often inspired by the
sequence modeling paradigm used in neural language models. Herzig et al. [47] propose TAPAS,
a table-representation method that can be used for question-answering. TAPAS treats each table
as a sentence, serialized by concatenating the cells in a row-wise fashion, where the header of
the table forms the �rst row. It then augments each cell with several spatial features including
positional encoding [183], column ids, row ids, and rank ids. The rank id refers to the ranking
of the raw value of the cell compared to other cells in the table. This allows formaxandmin
operations to be performed on the content.

This encoding enables the seamless integration of tabular content with textual content. As an
example, it allows a question to be preprended to the table using a specialSEPtoken. However,
as Shaw et al. [161] have shown, despite the early success of additive positional encoding in cap-
turing 1-D positions, 2-D positional encoding using horizontal and vertical coordinates (similar
to the row and column ids used in TAPAS), is not very effective in capturing relative positions in
two dimensions.

TABERT remedies this by adding a column-wise component that is the result of mean-pooling
cell representations from the same column. They also add a vertical self-attention layer over this
new component that can capture column-wise relationships across multiple rows. Usingcell
recovery andmasked column predictionobjectives, they are able to encourage the model to
recover masked content in both direction. This effectively “grounds the objective(s)” of the
model, as described in Table 2.1. TABERT outperforms previous state of the art models on
question answering over tabular data.

As previously mentioned, tables are not the only components in a document that carry spatial
information. Bullet points, borderless forms, and even spatial separation between paragraphs can
carry important semantic signals. In order to encode these open-ended structures in a sequence
model, the model needs to decide on the order by which the text components are serialized. A
simple left-to-right and top-to-bottom order can break in case of multi-column pages or tables.
Instead of forcing this order, studies such as ROPE [87], FormNet [88], and FormNetV2 [89]
treat reading order as a walk on abeta-skeleton graph [79] over the tokens on the page. ERNIE-
Layout [131] uses an explicit serialization module, which �rst breaks each page down into its
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major layout elements (e.g. paragraphs, tables, �gures, lists), and then uses this information to
adjust the ordering of elements if necessary.

To avoid having to serialize a page into a 1D structure, Xu et al. [205] propose a different
strategy for their LayoutLMv2 model. Inspired by Raffel et al. [144], they propose aSpatial-
Aware Self-Attention mechanism for their LayoutLMv2 model. The method can work with any
input as long as a sequence of tokens and corresponding bounding boxes is supplied (such as the
output of standard Optical Character Recognition tools). Givenx i andx j as the query and key
tokens for thei th andj th tokens on a given page, they calculate an attention weight� ij using
scaled dot-product attention [183].

� ij =
1

p
dhead

(x i W Q)(x j W K )| (2.1)

wheredhead is the hidden size,W Q is the query projection matrix andW K is the key pro-
jection matrix. In a typical self-attention mechanism,� ij would then be subject to a softmax
function, but prior to doing that, the Spatial-Aware Self-Attention head augments it using the
following bias terms:

� 0
ij = � ij + b1D

i � 1 + b2Dx
x j � x i

+ b2Dy
yj � yi

(2.2)

b1D
i � 1 is a vector that is indexed according to the difference between the 1D positions of the two

tokens.b2Dx
x j � x i

is a vector that is indexed by the horizontal difference between the two tokens.

Similarly, b2Dy
yj � yi

is a vector that is indexed by the vertical difference between the two tokens.
The horizontal and vertical differences are both grouped into 50 buckets, meaning bothb2Dx

x j � x i

andb2Dy
yj � yi

are vectors of size 50. These additional bias terms allow the model to learn different
attention weights depending on the pair-wise distances between thei th andj th token.

To obtain the �nal output representationh i :

h i =
X

j

exp� 0
ijP

k � 0
ik

x j W V (2.3)

whereW V is the value projection matrix. A similar approach is adopted by Hong et al. [51],
but instead of using �xed buckets, they apply a sinusoidal function to the relative positions of the
two tokens and apply additional parameters for the relative positions of each coordinate.

The Spatial-Aware Self-Attention mechanism allows the model to capture spatial relations in
any context, including paragraphs and non-tabular segments. It is a way to “ground the design”
of the model in the spatial structure of the document, as mentioned in Table 2.1. The resulting
model outperforms state of the art on several tasks, including information and relation extraction
from forms, document classi�cation, and visual question answering over documents.

Despite the success of sophisticated spatial representations, studies such as DocLLM [189]
have demonstrated that a simpler approach can perform well if the model is allowed to learn
disentangled representations. Modeling the position of each token as the four coordinates of its
bounding box, the model learns spatial representations by applying self-attention to the spatial
modality alone, and later fuses it with text embeddings. This allows the model to learn non-
linear relationships across modalities that can capture settings such as:if token= “Date” AND
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position=left-top AND size=large, then class=HEADER . In a way, the model disentangles
or “grounds the search space”, as described in Table 2.1.

Another approach to representing a document as a 2D structure is to use a graph-based rep-
resentation. Graph structures allow more �exibility in representing information and controlling
the way the information �ows through the model. They can also be used seamlessly for several
tasks, including document classi�cation, semantic labeling and key information extraction, seg-
mentation and relationship prediction, and document structure identi�cation. Nevertheless, they
remain under-explored in state of the art VRDU models.

A common method is to represent each token (or less commonly, each segment) as a node in
a graph. The node can be represented using various information about the token, such as its text
embedding, positional information, visual features, and other key characteristics.

A key aspect of graph design is the heuristic used for connecting nodes via edges. Figure 2.1
shows �ve possible ways to construct a graph, where some are more common than others.

(a) Snippet of a
form in the FUNSD
dataset [64]. (b) Complete graph. (c) KNN graph.

(d) Free-form line-of-
sight.

(e) Axis-aligned line-of-
sight. (f) � -skeleton.

Figure 2.1: A snippet of a form and �ve different ways to represent its contents as a graph.

• A fully connected graphwould require each token to be connected to every other token
on the same page. This dense representation is not used in practice, because of intensive
memory and runtime requirements.

• A K -Nearest Neighborheuristic can be used to connect each token to its nearest neighbors
[139]. While this can alleviate the memory and runtime issues of a fully connected graph,
it does not provide useful layout information to the model and is sensitive to the choice of
K .

• A line-of-sight method improves on the KNN heuristic by connecting two tokens if they
are in each other's line of sight, meaning there are no intermediary tokens between them.
While this can be a useful strategy to model placement and spacing, it can be brittle [31].
Furthermore, the number of edges within a local context withn nodes remains quadratic,
i.e. O(n2) [191].

• An axis-aligned line-of-sightmethod tries to improve on the line-of-sight heuristic by
accounting for the grid-like structure of a page. Two nodes are connected if there are
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no intermediary nodes between themand the nodes are horizontally or vertically aligned.
This reduces the number of nodes but can lead to over-pruning, especially when two nodes
aren't perfectly aligned [191].

• A � -skeleton graphtries to balance the bene�ts of a free-form line-of-sight graph with
that of an axis-aligned line-of-site graph. Using a “ball-of-sight” strategy, it is less dense
than the former, but still captures certain connections that the latter misses. This strategy
is used in ROPE [87] as well as FormNet [88].

• Lastly, certain models such as Visual FUDGE use a neural module to predict whether an
edge should exist or not [31].

Graph representations allow the model to be more parameter ef�cient, but in terms of perfor-
mance on complex VRDU tasks, they still lag behind the much larger sequence-based models.
This is demonstrated in the third segment of Table 2.2, where the performance of graph-based
models is compared against sequence-based models. The fourth segment of the table, show-
ing models that combine the bene�ts of graph-based structured with sequence models, show the
strongest performance across key VRDU tasks.

In Section 4.2, we propose a novel graph-based architecture that matches or exceeds SotA
models on multiple form understanding tasks, with less than 30% of the number of parameters.
The parameter and data ef�ciency of our proposed approach results from the topological structure
of the graph, which is deeply grounded in the layout of each document.

2.2.2 Modeling the visual signal (design) of documents

Recent research in the �eld of VRDU has largely been inspired by Vision-Language Models
(VLMs), originally developed to tackle tasks such as image captioning [7] and retrieval [74].
Many VRDU models follow a process similar to open-domain image understanding models.
They use a visual feature extractor such as a CNN [9], an image encoder such as U-Net or
CLIP [136, 142, 153] or a Region Proposal Network (RPN) such as Mask-RCNN [46] or Faster-
RCNN [151] to identify segments within each page, and capture common visual features for each
segment [95, 205, 207].

Once visual features are extracted, they can be combined with text embeddings. Following
the success of Transformer-based architectures [183], modern VLMs often incorporate them as a
key component of fusion between the textual and visual signal [9, 50, 95, 207]. In encoder-based
models, the visual encoder is paired with a text encoder, and trained on a multimodal task that
is inspired by Masked Language Modeling [34]. In decoder-based models, the visual encoder is
paired with a text encoder/decoder, and trained on an autoregressive task similar to next token
prediction [141, 183].

Similar to spatial grounding, visual grounding can be encouraged through the three major
approaches listed in Table 2.1. Certain studies such as Arctic-TILT [14] and UDOP [171] design
modality-aware attention heads that are able to tie the textual representations to corresponding
visual features. Others, inspired by the Masked Language Modeling objective [34], employ
multimodal objectives such as Masked Vision-Language Modeling [9, 207] or Learning-To-
Reconstruct [9, 131]. Lastly, some studies such as TILT [136] focus on augmenting the model's
search space by synthesizing and perturbing input samples.
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The top two segments of Table 2.2 show the performance of SotA encoder-based models and
decoder-based models on four common VRDU tasks. The table demonstrates a few key trends
among these models: First, while decoder-based models generally outperform encoder-based
models on Visual Question Answering, they lag behind on Key Information Extraction. This
might come across as counter-intuitive, because VQA is often considered a more challenging
task in terms of multimodal reasoning. In Chapter 5 we will suggest that this might partly be
due to how VQA performance is evaluated. Speci�cally, we demonstrate how common VQA
evaluation metrics do not account for the groundedness of VRDU models, leading to scores that
reward hallucinations.

Model # Params
Archi
tecture

Doc
Class.

Key Information Extraction
Relation

Extraction
Question

Answering
RVL-

CDIP [44]
(Accuracy)

FUNSD [64]

(F1)

CORD

(F1)

SROIE [57]

(F1)

Kleister-
NDA [167]

(F1)

FUNSD [64]

(F1)

DocVQA [113]

(ANLS)
LayoutLMLARGE [207] 343M Seq-Enc 94.43 0.7895 0.9493 0.9524 0.8340 0.7259
BROS [51] 138M Seq-Enc 0.8121 0.9536 0.9548 0.6696
SelfDoc [95] 137M Seq-Enc 93.81 0.8336
LayoutLMv2LARGE [205] 426M Seq-Enc 95.64 0.8420 0.9601 0.9781 0.8520 0.8529
DocFormerLARGE [9] 536M Seq-Enc 95.50 0.8455 0.9699 0.8580
LayoutLMv3LARGE [56] 368M Seq-Enc 95.93 0.9208 0.9746 0.8035 0.8337
Donut [73] 143 - 176M Seq-Dec 95.30 0.8410 0.6750
Dessurt [29] 127M Seq-Dec 63.20 0.6500 0.4230 0.9360
UDOP [171] 794M Seq-Dec 96.00 0.9162 0.9758 0.8470
TILT LARGE [136] 780M Seq-Dec 95.52 0.9633 0.9810 0.8705
Arctic-TILT [14] < 1B Seq-Dec 0.9430 0.9020
DocLLM [189] 7B Seq-Dec 91.80 0.5180 0.6740 0.9190 0.6030 0.6950
SMoLA-PaLI-X [198] 48B Seq-Dec 0.9055
InternVL 1.5 [24] 76B Seq-Dec 0.9090
InternVL 2 Pro [24] 40B Seq-Dec 0.9506
Qwen-VL-Max [11] unknown Seq-Dec 0.9307
Qwen2-VL-Max [190] 72B Seq-Dec 0.9670
Visual FUDGE [31] 17M Graph-Enc 0.6652 0.5662
ROPE [87] unknown Graph-Enc 0.5722
FormNet [88] 217 - 345M Graph-Enc 0.8469 0.9728
FormNetV2 [89] 204M Graph-Enc 0.9251 0.9770 0.9831
DocGraphLMBASE [188] unknown Hybrid 0.8877 0.9693 0.6984
GraphLayoutLMLARGE [96] 372M Hybrid 0.9439 0.9775
GeoLayoutLM [110] 399M Hybrid 0.9286 0.9797 0.9870 0.8945

Table 2.2: The performance of various multimodal models on several VRDU tasks. The size of
each model has been speci�ed in terms of millions of parameters. Note that for some models, the
size can change depending on the number of parameters required to train on a particular task or
dataset. The Serialization column indicates how information on a page is serialized. Under each
task, the datasets and the corresponding performance metrics have been speci�ed.

Second, bigger model size (in terms of larger number of parameters) is not always associated
with better performance across VRDU tasks. This can similarly be attributed to the importance of
groundedness. Grounding the visual signal in VRDU models can address key challenges related
to parameter and data ef�ciency. Certain studies have demonstrated that re-fashioning the vision
encoder to adapt to visual features in documents can lead to parameter-ef�cient representations.
For example, in LayoutLMv3 [56], the authors show that replacing LayoutLMv2's sophisticated
RPN (pre-trained on open-domain images) with a linear embedding of pixel-level color features
(trained on documents in an end-to-end fashion) can save close to 15% of the parameters without
performance loss compared to LayoutLMv2. Similarly, in TILT [136] the authors show that a
U-Net encoder [153] trained on documents as part of end-to-end training can outperform Lay-
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outLMv2. They also propose a data augmentation strategy where af�ne transformations are used
to change the position, angle, size, and shear of various visual elements.

In Arctic-TILT [14], the authors further enhance TILT's visual representations by proposing
“fusion by tensor product” as an alternative to the then-common additive fusion mechanism
between image and text embeddings. Inspired by Schlag et al. [157], the authors argue that
the tensor product mechanism is more ef�cient at representing contextual relationships between
text and image embeddings. This is demonstrated by Arctic-TILT's robust performance across
several VRDU tasks, matching or surpassing models that are 70 times larger, using just below
1B parameters (see Table 2.2).

Models such as UDOP [171] and FormNetv2 [89] further developed the concept of contextual
image embeddings by tying them directly to corresponding text embeddings. Instead of produc-
ing patch-level embeddings or using an image encoder that produces arbitrary visual tokens, they
speci�cally develop visual tokens that correspond to the regions occupied by each token. This
allows these models to “align” each token embedding with its corresponding vision embedding,
leading to enhanced performance on tasks such as KIE (see Table 2.2).

In Section 4.1 we will extend the grounding ideas presented in this Section to propose a more
ef�cient VRDU model for visually rich forms. By factoring the visual features into “patterns”
(or clusters), we enable the model to capture key design features such as contrast and color
templates.

2.3 Grounded evaluation

When evaluating model performance on discriminative tasks such as Classi�cation or IE, the
VRDU literature has largely followed the tradition of unimodal NLP, using standard metrics
such as F1 or MAP [88, 207]. For generative tasks such as Summarization or VQA, the �eld has
had to innovate. When benchmarks such as DocVQA [113] were �rst established, native vision-
language multimodality was not common in VRDU models. This meant that the models relied
on Optical Character Recognition software to detect the text on each page. In order to avoid over-
penalizing the models for errors made by OCR engines, Mathew et al. [113] proposed Average
Normalized Levenshtein distance (ANLS), which has since become the de facto metric used in
most Document VQA benchmarks [114, 175, 176, 179]. ANLS focuses on the surface similarity
between the ground truth and predicted answers and tolerates small errors. For example, if the
ground truth answer is “Apple” and the predicted answer is “App1e” where the letter “l ” is
replaced by the digit “1”, the ANLS score remains high whereas an exact match score would fail
the model. This is to allow room for errors in optical character recognition.

One disadvantage of this approach is the fact that all misspellings are treated equally. For
example, consider the difference between numbers “1700” and “1788”. While the previous
example could be considered a minor misspelling, misrecognition of digits can alter the value
of numbers. Furthermore, the recent popularity of large vision-language models has introduced
native multimodality into the VRDU �eld, and has thus decreased reliance on OCR software.
This has encouraged research into alternatives to the standard ANLS metric. As an example,
Peer et al. [130] have proposed ANLS*, a semantically grounded metric that accounts for the
semantic category of the ground truth and predicted answers.
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In Chapter 5 we introduce a new evaluation framework for Document VQA models. Our
framework accounts for quantitative as well as spatio-visual groundedness of the model's gener-
ations, and is con�gurable according to the end-user's requirements. We show that our proposed
framework is better correlated with robustness and calibration for modern VRDU models.

2.4 Takeaways

The studies covered so far have all exploited various characteristics of spatial, visual, and quan-
titative signal in documents. The main distinction is in the way such grounding is encouraged
throughout training. Given the current literature, three such approaches can be identi�ed:

• The neuraldesignof a model can be con�gured to ground its reasoning in certain signals
within the input.

• The trainingobjective(s)can be designed in such a way that they encourage model param-
eters to capture certain multimodal signals.

• Grounding can be enforced directly on thesearch spaceof the problem that the model is
attempting to solve. This is possible by imposing explicit rules or constraints on the output,
pruning the search space in a deliberate fashion, or curating the data to guide the model
throughout training.

Table 2.3 organizes the studies presented in this section into these three approaches. While
there has been considerable effort in each category, there remain a few gaps in the way multi-
modal groundedness is encourage in SotA models.

• First, objective-based approaches are underexplored in the quantitative reasoning space. In
spatial and visual reasoning, self-supervised objectives such as masked column prediction
and masked visual language modeling are used extensively to encourage models to create
expressive representations for document layout. In contrast, the attention alignment objec-
tive used in quantitative reasoning is supervised and requires the creation of explicit labels
that map components in the input to those in the output. Attention coverage is an unsu-
pervised objective, but it does not leverage the power of self-supervision to adapt itself to
different contexts.

• Second, graph-based representations are used to model spatial relationships and the re-
lationship among various quantitative concepts. However, they have not been explored
in the context of visual reasoning. Similarly in adjacent domains such as open-domain
VQA, scene graphs are often used to model spatial or relational aspects rather than visual
contrast between objects [58]. In documents, the contrast in visual features can be just as
important in navigating a document's layout as the contrast in spatial placement, indicating
correspondence, importance, and segmentation.

• Third, approaches that explicitly scaffold the search space are quite rare. Researchers
often prefer to curate the space by augmenting their datasets and avoiding the addition of
any explicit constraints. This could be due to the brittle-nature of rules based approaches.
However, Ravichander et al. [149] have shown how proper scaffolding can be used to
improve numerical reasoning in quantitative NLI tasks. For example, QA tasks can prune
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the space of answers that are impossible for a given context. This area calls for further
exploration.

We will attempt to address the above gaps in current research in multimodal document under-
standing, aiming to conclude with a holistic approach to model evaluation that can account for
spatial, visual, and quantitative reasoning. The following chapters will cover our contributions
to each of the above domains.

Reasoning Grounding the design Grounding the objective Grounding the search space

Quantitative Graph-based representation [148, 220]
Attention coverage [125]
Supervised alignments [212]

Data augmentation
via counterfactuals [94]

Spatio-visual
Spatial-aware attention [205]
Graph-based representation [31, 87, 88]
Modality-adaptive attention [95]

Cell recovery [47, 211]
Masked column prediction [211]
MVLM [9, 207]
TIA/TIM [9, 56, 205]
LTR [9, 131]

Probabilistic soft logic [169]
Data augmentation
via perturbations [136]

Table 2.3: Example studies that have examined various approaches to grounding the meta-textual
signal in document understanding.
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Chapter 3

Grounded learning objectives for
quantitative reasoning

In Section 1.1, we introduced Alice, a knowledge worker at a �nancial institute who is tasked
with processing authorized signatory forms. These forms are often composed of a list of autho-
rized signatories, their titles, and contact information. In addition, each signatory might have
limited authorization with regard to different types of transactions. For example, they might only
be authorized to sign off on transactions between $1 million and $10 million in value. These
limitations can be expressed in natural language (e.g. “between 1MM USD and 10MM USD”)
or using math symbols (e.g. “$1MM< and< $10MM”). Processing these limitations into a
standard canonical form would require some understanding of mathematical operations.

This is a relatively simple case of quantitative reasoning that is required in VRDU models.
Processing �nancial disclosures, loan documents, analytical reports, and other forms of enter-
prise documents would require more complex reasoning over quantitative data interspersed with
natural language expressions. As an example, consider the task of calculating the average rev-
enue of a given company over a period of three quarters, based on their latest �nancial report.
The task would require two major steps:

1. Retrieving the revenue for each year from the document.

2. Generating the response by performing multiple operations: adding the revenue of each
year and dividing by 3.

Many modern Quantitative Question Answering models follow the above steps in a frame-
work known as theRetriever-Generator architecture [69]. A key challenge of this architecture
is that the generator can suffer from over�tting to spurious patterns, especially when it needs to
generate multi-step operations [26]. As an example, if the token “2019” repeatedly appears in
samples that require adivision operation, the generator might producedivision whenever it
encounters “2019”. As we will describe in Section 3.1.4, this problem is related toCompositional
Generalization, which was �rst introduced in Section 2.1.2.

In this chapter, we explore how improving the groundedness of Quantitative QA models can
alleviate the challenge of Compositional Generalization. Toward that goal, we propose two new
methodologies for multi-step quantitative reasoning that ground the reasoning process in speci�c
expressions within the input, leading to more robust models. The previous chapter concluded

23



with a list of common approaches by which groundedness is encouraged in state of the art mod-
els. Table 3.1 includes the same summary, but with three additional entries (highlighted in blue).
These entries denote our contributions covered in this chapter.

Reasoning Grounding the design Grounding the objective Grounding the search space

Quantitative Graph-based representations [148, 220]

Attention coverage [125]
Supervised alignments [212]
Unsupervised alignments (Section 3.1)
Metric learning (Section 3.2)

Data augmentation
via counterfactuals [94]
Counterfactual
sampling (Section 3.2)

Spatio-visual
Spatial-aware attention [205]
Graph-based representation [31, 87, 88]
Modality-adaptive attention [95]

Cell recovery [47, 211]
Masked column prediction [211]
MVLM [9, 207]
TIA/TIM [9, 56, 205]
LTR [9, 131]

Probabilistic soft logic [169]
Data augmentation
via perturbations [136]

Table 3.1: An updated view of Table 2.3, where our proposed methods have been added to
corresponding cells, blue. Each highlight has a reference to the section where it is covered.

In Section 3.1, we will demonstrate how unsupervised objectives can be used in QA models to
improve compositional generalization for quantitative reasoning. In Section 3.2, we will lay out a
method that uses counterfactual scenarios to sample negative and positive samples in such a way
that metric learning can lead to better compositional generalization for quantitative reasoning.

3.1 Operator-aware attention

Quantitative reasoning is an important aspect of question answering, especially when numeric
and verbal cues interact to indicate sophisticated, multi-step programs. In this section, we demon-
strate how modeling the compositional nature of quantitative text can enhance the performance
and robustness of QA models, allowing them to capture arithmetic logic that is expressed ver-
bally. Borrowing from the literature on semantic parsing, we propose a method that encourages
the QA models to adjust their attention patterns and capture input/output alignments that are
meaningful to the reasoning task. We show how this strategy improves program accuracy and
renders the models more robust against over�tting as the number of reasoning steps grows. Our
approach is designed as a standalone module which can be pre-pended to many existing models
and trained in an end-to-end fashion without the need for additional supervisory signal. As part
of this exercise, we also create a uni�ed dataset building on four previously released numerical
QA datasets over tabular data.

3.1.1 Background

Any natural language system that processes or interacts with numeric data requires quantitative
reasoning to function. This has inspired research in several NLP domains, including reading
comprehension [8, 118], textual entailment [149, 154], data-to-text generation [127, 168], and
question answering [22, 220]. A major challenge in quantitative reasoning is the interplay be-
tween numeric expressions and natural language [154]. Standard neural approaches rely heavily
on lexical matching, leading to over�tting over spurious verbal patterns. In contrast, a purely
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symbolic approach excels at numerical reasoning, but struggles when sophisticated verbal rea-
soning is required [149]. We introduce a novel attention strategy that captures the interplay
between numeric and verbal modalities, which improves program accuracy and renders models
more robust to over�tting.

Focusing on the question answering task, we show how our proposed method, namedCom-
pAQT (COMPositional Attention for QuanTitative reasoning), enables the model to attend to
relevant parts of text at each reasoning step. CompAQT enhances the performance of state of
the art models on several recently released QA datasets, especially for multi-step programs. It
is implemented as a plug-and-play module that can be added to existing models with minimal
effort and without the need for any additional supervision.

Concretely, we offer the following contributions:
• We propose a compositional attention module equipped with an alignment loss that im-

proves SOTA performance on numeric QA tasks.
• We demonstrate how the proposed approach improves the models' program accuracy and

renders them more robust in multi-step reasoning tasks.
• We combine and re�ne four recently released datasets on QA over tabular data. We unify

their annotation schema so that they can be used interchangeably.

3.1.2 Problem statement

In the retriever-generator con�guration of a QA model, our goal is to improve quantitative rea-
soning in the generator component. Figure 3.1 illustrates the typical architecture of a genera-
tor as an encoder-decoder model. The encoder uses a contextual representation model such as
RoBERTa [107]. The decoder combines a recurrent module with one or more cross-attention
heads between the natural language input and the program output. As the output is generated
step by step, it is crucial for the cross-attention module(s) to capture relevant components of
the input, otherwise they can simply memorize spurious verbal patterns and fail to generalize,
especially as the number of steps grows in the output.

Figure 3.1: The typical encoder-decoder architecture of a quantitative QA generator. We in-
troduce the compositional attention component (middle, enclosed in dotted line) to enhance the
alignments between natural language input and program output.

Table 3.2 illustrates this phenomenon with four examples from a QA task. Each row displays
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a natural language question, the set of facts that can be used as evidence to answer the question,
and the program to arrive at the correct answer. Presented with the �rst three examples, it is
conceivable that a human would be able to extrapolate that “percent change” is calculated by
�rst measuring the net change (i.e. subtraction) and then scaling the number as a percentage.
Humans are able to do this by recognizing components in the question that have been previously
encountered (e.g. “percent change” and “expenses”) even if they were not encountered in this
particular arrangement.

Question Evidence Program

1
What was the net changein
revenuefrom 2019to 2020?

2019 revenuewas $80M
2020 revenuewas $60M

subtract (80, 60)

2
What was the net changein
expensesbetween2018and2021?

2018 expenseswere $20M
2021 expenseswere $30M

subtract (20, 30)

3
What was the percent changein
revenuefrom 2019to 2020?

2019 revenuewas $80M
2020 revenuewas $60M

subtract (80, 60)
divide (#0,80)
multiply (#1, 100)

4
What was the percent changein
expensesbetween2018and2021?

2018 expenseswere $20M
2021 expenseswere $30M

subtract (20, 30)
divide (#0,20)
multiply (#1, 100)

Table 3.2: Example of compositional alignments between input questions and output programs
in the �nancial QA task. Blue underlined textindicates terms that relate to arithmetic operators.
Red italicizedtext indicates terms that relate to operands.Bold italicized textindicates terms that
are shared between the question and evidence.

Many neural models struggle to exhibit the same behavior, due to over�tting to spurious pat-
terns in natural language, or in the output. As we will later discuss in Section 3.1.4, quantitative
reasoning datasets can exhibit a long-tail distribution, biased towards simpler patterns. Figure
3.2 illustrates how this phenomenon takes place in the training split of one such dataset. The �g-
ure shows the prominence of the most common sequences of arithmetic operators in the FinQA
training set [26]. As the number of steps grows, the tail grows longer and the sample size smaller,
thus providing less information to the model and forcing it to rely on repetitively encountered
patterns in the past.

Our goal is to encourage the model to focus its attention on relevant components of the input
during generation. Figure 3.3 illustrates the expected attention patterns for the fourth example
from Table 3.2. The �gure illustrates two key points: 1) During program generation, the terms
that overlap between the question and the evidence do not matter as much as non-overlapping
terms. 2) When generating operators (such assubtract or divide ) attention should be focused
on terms that are exclusive to the question. Whereas when generating the operands (such as80
or 20), attention should be focused on terms that are exclusive to the evidence. Constants such
as100or #0may depend on the question, the facts, or the previously generated steps.

Using this insight, we encourage the model to adjust its attention patterns accordingly. The
remaining sections describe our methodology and experimental results in detail.
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Figure 3.2: The long-tail effect in multi-step programs in the FinQA training set [26].

3.1.3 Methodology

Let Q be a question made up of a sequence of tokensq1; � � � ; qn . Let F be the evidence obtained
by the retriever, made up of a sequence of tokensf 1; � � � ; f m . Note that the evidence can be
composed of one or more concatenated facts, as illustrated in Table 3.2. Consistent with [26], we
represent the output programS as a sequence of stepss1; � � � ; sl . Each stepsi is composed of an
operatoroi (such asdivide or subtract ) and exactly two operands,ai; 1 andai; 2

1. An operand
can have one of three values: 1) It can be one of the tokens inF . 2) It can be a constant used in
scaling or counting operations, e.g.const 100. The list of possible constants is pre-de�ned. 3)
It can be a reference to a previous step, e.g.#0. The maximum number of steps is pre-de�ned.

Given a retriever-generator model, we pre-pend a self-attention module to the generator, as
illustrated by the red dotted box in Figure 3.1. First, we encodeQjjF using a contextual em-
bedding model such as RoBERTa [107] with embedding sizedenc. This results in an embed-
ding matrix U 2 Rdenc� (n+ m) . At each generation stepi , we apply scaled dot-product self-
attention [182] toU , resulting in the attention gridA (i ) 2 R(n+ m)� (n+ m) and the attention
outputX (i ) 2 Rdenc� (n+ m) . Our goal is to encourageA (i ) to focus its alignments properly, such
thatX (i ) supplies relevant information to the generator.

We follow a similar strategy to [212], but in the absence of gold alignments, use the heuristics
described in Section 3.1.2. Concretely, we add the below term to the loss:

L (i )
align =

1
n + m

n+ mX

k=1

n+ mX

j =1

(a(i )
j;k � pprior(u

(i )
j ju (i )

k ))2 (3.1)

wherea(i )
j;k is the attention weight between thej th andkth tokens inA (i ) , andpprior(u

(i )
j ju (i )

k )

1We follow the notation used by FinQA, where programs are modeled as right-expanding binary trees with each
operation having two operands. If necessary, one or more operands are set toNONE.
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Figure 3.3: Semantic alignments between the natural language input from a �nancial QA task,
and the corresponding program output.

is de�ned as:
maxf 0; min

j 06= k
(dist(u (i )

j 0 ; u (i )
k )) � a(i � 1)

j;k g

where dist is the cosine distance between two vectors, scaled between 0 and 1, anda(0)
j;k = 0

for all j andk.
The term min

j 06= k
(dist(u (i )

j 0 ; u (i )
k )) encourages the model to distribute attention to each token

based on its closest similarity to any other token in the input. This is balanced against the previous
attention distributiona(i � 1)

j;k , leading to the following behavior:
1. For tokens that are repeated more than once (e.g. those tokens shared between the question

and the evidence), lower attention is encouraged. This helps the model to disregard tokens
such as “expenses” and “2019” illustrated in Figure 3.3.

2. For terms that are unique to the question or the evidence, high attention is encouraged in
early steps. This helps the model to focus on tokens such as “percent” and “20”.

3. In later steps, the model is discouraged from focusing on previously well-attended tokens.
For instance after the model attends to the word “change” in order to generatesubtract ,
it learns to shift its focus away.

(1) and (2) emulate the regularization strategy proposed by [212], while (3) emulates the
concept of coverage proposed by [125] with the contrast that it tracks tokens seen in previous
generation steps for the same sample. The total alignment loss for a sample is calculated as an
aggregation over all steps, with linear decay:

L align =
1
l

lX

i =1

L (i )
align � �i (3.2)
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The linear decay term helps the model assign a higher penalty to earlier generation steps.
Suppose the gold program issubtract(20, 30), divide(#0, 20) , and the output generated by
the model is eithersubtract(20, 30), multiply(#0, 20) or add(20, 30), multiply(#0,
20). In the absence of linear decay, both predictions would receive the same penalty. The decay
term assigns a lower penalty to the �rst prediction, since it gets the �rst operation correct. Finally,
the alignment loss can be added to the default loss of the generator:

L total = � L align + (1 � � )L generator (3.3)

3.1.4 Experiments

In this section, we describe our experimental set up, including the datasets and the baseline
models.

Datasets

We use four datasets that focus on numerical reasoning over hybrid table/text context, all released
within a year of this publication.

FinQA [26] is based on a collection of �nancial reports published by U.S. companies that
were released as part of FinTabNet [226]. Each passage is composed of a table and a few sen-
tences that surround the table, describing its content. The questions, designed by domain experts,
all require numerical reasoning.

TAT-QA [227] is also focused on �nancial reports, but includes documents from non-U.S.
companies. As such, the reports do not conform to a standard format and include a more diverse
set of metrics. The dataset includes span-based and multi-span questions as well as questions
requiring arithmetic reasoning. In our experiments, we focus on the latter category.

HiTab [27] is a collection of tables that include statistical data, collected from various na-
tional agencies. The tables have complex hierarchical or nested structure, and answering them
requires spatial as well as numerical reasoning. As with TAT-QA, we discard questions that do
not require any arithmetic operations.

M ULTI H IERTT [224], which is also based on FinTabNet, combines the challenges of the
above-mentioned datasets, bringing together complex tabular structures and hybrid table/text
contexts. Again, we �lter the dataset down to those samples that require numerical reasoning.

All four datasets provide the reasoning program required to derive the answers, allowing any
model to be evaluated on program accuracy. Since our study is focused on multi-step generation,
we use program accuracy as our evaluation metric.

Uni�ed dataset Of the datasets mentioned above, FinQA is exclusively focused on multi-
step quantitative reasoning. The remaining datasets tackle additional challenges such as extrac-
tive QA, spatial reasoning, and table representation. Therefore we �lter TAT-QA, HiTab, and
MULTIHIERTT down to those sample that require quantitative reasoning. We also transform
each sample so that it conforms to the standard FinQA format. This helps us bypass the chal-
lenge of addressing complex tabular structures, which is out of scope for this study. Please refer
to Appendix A.1 for further details. Table 3.3 shows statistics for each dataset, as well as the
distribution of 1 step, 2 step, and 3+ step programs.
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Dataset # passages
# QA pairs used # steps in program

Train Dev Test 1 step 2 steps 3+ steps
FinQA 2,789 6,251 883 1,147 4,894 2,709 678
TAT-QA2 2,479 4,355 230 307 2,721 616 1,555
HiTab 513 879 186 199 1,075 120 69
MULTIHIERTT3 2,291 2,083 100 108 560 862 869
Combined 8,071 13,568 1,349 1,761 9,520 4,388 3,171

Table 3.3: Statistics of the four datasets, and the combined dataset. Note that with the exception
of FinQA, only a subset of samples (involving multi-step quantitative reasoning) is used from
each dataset.

Baselines

To establish baselines, we use the following models, which have demonstrated SOTA perfor-
mance on the datasets mentioned in the previous section4.

FinQANet was proposed by [26] and applied to the FinQA dataset. The architecture is
similar to that illustrated in Figure 3.1 but missing the compositional self-attention module.

TAGOP was proposed by [227] and applied to the TAT-QA dataset. A crucial difference be-
tween TAGOP and FinQANet is that the former is not designed to perform multi-step reasoning,
but approaches the task as a classi�cation problem. As an example, it may predict that achange
ratio calculation is required, which implies a subtraction followed by a division. Seven such
arithmetic operations are permitted.

In addition to the above, we use a pointer-verbalizer network (PVN) as a universal baseline
against all four datasets. The model is inspired by the Expression-Pointer Transformer pro-
posed by [72]. The authors argue that generating an arithmetic program as a disjoint sequence
of operators and operands is not consistent with how humans approach quantitative reasoning.
Instead, they propose the concept of an “Expression Token”, which represents a full operation
autonomously (e.g. instead of generatingdivide , 20, 30 as a sequence, they recommend gen-
eratingdivide(20, 30) as one token). Following this idea, PVN also generates Expression
Tokens, but uses two pointer mechanisms—one to select operators from the list of all possible
options, and one to select operands from the list of numbers expressed in the evidence, or a pre-
determined list of possible constants. In addition, it uses verbalization to map operators from a
symbolic space (e.g.+) into the semantic space (e.g. “divide”). Please refer to Appendix A.2 for
implementation details.

We use the above three models as baselines, and measure their performance before and after
adding CompAQT. To remain as consistent as possible with the initial settings of these mod-

2TAT-QA samples includes a �ag to distinguish arithmetic questions from span-based questions. However, this
�ag is only available in the train and dev sets, but not in the test set. Therefore we split the dev set into 230 dev
examples and 307 test examples.

3MULTIHIERTT does not include an annotated test set. Therefore we split the validation set into 100 dev exam-
ples and 108 test examples.

4The creators of HiTab and MULTIHIERTT have proposed baseline models that were not included in our experi-
ments. This is because the HiTab model is focused on encoding tabular data rather than quantitative reasoning. The
MULTIHIERTT model, named MT2Net, is similar to FinQANet, but includes an additional sub-module that only
applies to span-based questions—again, out of the scope of this study.
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els, we use the same hyperparameters and settings described in the original papers. We also
use RoBERTa-large [107] to encode the input, since all models report best performance on this
model. We perform grid search on the development set of FinQA to tune the values for� and
� , which are subsequently both set to 0.1. We use the same values throughout all of our exper-
iments. Please refer to Appendix A.3 for additional details and the full list of hyperparameters
for each baseline.

Note that TAGOP has been designed for single-step programs. Therefore we apply it to the
original version of the TAT-QA dataset, but analyze the results based on the actual number of
steps in each program. When adding CompAQT to TAGOP, we pre-pend it once, and instead
of using the multi-step loss with linear decay, we only calculate the alignment loss once per
program. Further, note that since our study is only focused on generation and not retrieval, we use
gold facts provided by each dataset. Please refer to Appendix A.4 to see details of experiments
using retrieved facts.

3.1.5 Results and discussion

In this section, we investigate the effectiveness of CompAQT through four questions: 1) Does
CompAQT improve the performance of the baseline models on the four datasets? 2) Does Com-
pAQT encourage compositional generalization by enabling the models to attend to relevant parts
of the input? 3) Does each component of CompAQT contribute to enhanced performance? 4)
Can CompAQT's performance be attributed merely to added parameters? Additionally, we ex-
amine whether the combined dataset offers an advantage over the largest constituent dataset.

Model performance

Table 3.4 shows the program accuracy of each baseline model, before and after adding Com-
pAQT. As the table illustrates, CompAQT's signi�cantly contributes to performance on multi-
step programs in three of the four datasets. An interesting exception is the TAT-QA dataset, which
does not exhibit the long-tail distribution displayed in Figure 3.2. As Table 3.3 shows, TAT-QA
is biased towards 3-step programs with repeating patterns (e.g.change ratio is a common
3-step program). Here, CompAQT offers comparable performance to the baseline, with slightly
higher robustness to multi-step programs, sometimes at a slight cost to single-step programs. For
datasets that exhibit the long-tail distribution, CompAQT offers improvement on all categories,
but especially on multi-step programs. This is especially noteworthy for HiTab, which is the
smallest and most skewed collection.

Among the three baselines, FinQANet outperforms others on individual as well as the com-
bined dataset. Adding CompAQT further improves FinQANet's performance on all datasets with
the exception of TAT-QA. Therefore we use FinQANet+CompAQT for the remaining analyses
presented in this section.

5Note that TAGOP cannot generate multi-step programs and can therefore only be applied to the TAT-QA dataset,
where multi-step programs have been collapsed into single-step operations (e.g.change ratio ).
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Model Dataset
Program accuracy

1 step 2 steps 3+ steps Overall
TAGOP5

TAT-QA
45.01 39.56 42.73 43.25

+CompAQT +1.06 +0.72 +1.00 +0.63
PVN

Combined
68.14 61.33 13.54 56.64

+CompAQT +2.64 +2.12 +3.09 +2.57
FinQANet

FinQA
75.63 65.87 30.36 68.44

+CompAQT +3.05 +9.25 +5.49 +5.30
FinQANet

TAT-QA
73.33 63.76 64.88 70.71

+CompAQT -3.33 +0.00 +1.38 -0.74
FinQANet

HiTab
34.70 25.14 15.91 30.12

+CompAQT +0.03 +4.50 +1.44 +2.11
FinQANet

MULTIHIERTT
38.99 40.07 15.01 38.94

+CompAQT -0.12 +2.28 +1.76 +1.88
FinQANet

Combined
65.11 62.00 30.76 58.60

+CompAQT +1.49 +3.14 +3.40 +2.28

Table 3.4: Program accuracy for program generation using baseline models. Additional perfor-
mance gain/loss is indicated after CompAQT is added to each model.Bold numbers indicate
that a gain/loss is signi�cant atp < 0:005, based on the paired-bootstrap test proposed by [12],
with b= 103.

Qualitative examples

Table 3.5 shows four examples from the validation set of the FinQA dataset. The �rst question
asks for a percentage calculation. Percentage calculations are the most common two-step opera-
tions in the training set, and the FinQANet model is able to produce the gold program without any
additional guidance from CompAQT. In the second example, the model is asked to perform an
operation on two metrics that are expressed as percentages. This time, possibly by relying heav-
ily on memorizing the relationship between the word “percentage” and thesubtract-divide
operation, FinQANet mistakenly generates asubtract-divide sequence, whereas CompAQT
is able to determine that “percentage” refers to an operand. In the third example, FinQANet once
again performs a percentage calculation, possibly by associating the word “change” with “per-
centage change”. Once again CompAQT is able to drive attention towards the correct program,
and distinguishes between a net and a percent change. The �nal example shows a case where
CompAQT is not able to improve baseline performance. This challenge here is to understand
the relationship between the number of shares and the average price. This requires a level of
�nancial literacy that is not resolved by compositional generalization alone. As demonstrated in
[26] �nancial expertise plays a major role, even in human performance.

Attention patterns

To con�rm whether CompAQT is assisting the model in detecting key operational terms, we
analyze the top-attended tokens within the input. Table 3.6 lists the top attended tokens through-
out the training process for the FinQANet+CompAQT model on the FinQA dataset. As training
progresses, CompAQT learns to attend to key terms that indicate arithmetic operations (such as
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Question Evidence Gold program FinQANet FinQANet + CompAQT
What was the percentage change in the
fair value from 2010 to 2011?

1) the fair value of 2011 is $99
2) the fair value of 2010 is $81

subtract(99, 81),
divide(#0, 81)

subtract(99, 81),
divide(#0, 81)

subtract(99, 81),
divide(#0, 81)

What was the difference in operating pro�t
as a percentage of net sales between
2001 and 2003?

1) the company reported operating
pro�t as a percent of net sales
2) operating pro�t in 2001 is 19
3) operating pro�t in 2003 is 26

subtract(26, 19)
subtract(26, 19),
divide (#0, 19)

subtract(26, 19)

What is the change in the warranty reserve
from 2017 to 2018?

1) balance as of 2017 is $23
2) balance as of 2018 is $24

subtract(24, 23)
subtract(24, 23),
divide(#0, 23)

subtract(24, 23)

For the 4th quarter of 2011 approximately
how much was spent on stock repurchases?

1) total number of shares
purchased is 3915
2) total of average price paid
per share is $98

multiply(3915, 98) add(3915, 98) add(3915, 98)

Table 3.5: Four examples from the FinQA dataset, showing CompAQT's success and failure in
capturing compositional expressions. Note that some numbers have been truncated to save space.

“net” and “growth”). Using a basic self-attention module shows a similar convergence, but the
module is not as quick to learn important terms. In fact even at the 50th epoch, the basic self-
attention module is still focusing its attention on terms that do not indicate an operation, such as
“annual” and “year”. This shows that the additional components in CompAQT (alignment and
coverage loss) assist the model in converging to more meaningful attention patterns.

Top attended token
Epoch #1 Epoch #25 Epoch #50

Self-attention
[CLS], ?,
what, and

company, what,
year, 2018

percentage, ratio,
annual, year

CompAQT
the, of,
?, what

year, company,
percentage, annual

percentage, growth
lowest, net

Table 3.6: Top attended tokens throughout the training process for a vanilla self-attention module
versus CompAQT. As training progresses, CompAQT learns to attend to tokens closely associ-
ated with quantitative operations. The results are based on FinQANet+CompAQT, applied to the
FinQA dataset.

Ablation study

We perform a series of experiments to examine the impact of each component of CompAQT.
Table 3.7 shows the results after applying FinQANet to the FinQA dataset. “Self-attention” indi-
cates the addition of a plain self-attention module without any compositional guidance. “Align-
ment loss” indicates the addition of the minimum-distance component in Equation 3.1.3. “Cover-
age term” indicates the addition of� a(i � 1)

j;k to alignment loss. “Linear decay” indicates replacing
a simple average loss with the linear decay term in Equation 3.2. As the table shows, each com-
ponent contributes to the program accuracy. The self-attention module offers an improvement
that is relatively consistent across all programs, whereas the alignment loss and the coverage
term favor multi-step programs, as intended. Lastly, linear decay further improves results for the
longest programs by a small margin.

To ensure that the effectiveness of CompAQT is not simply due to added parameters, we
also perform a series of experiments that measure the performance of CompAQT with additional
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parameters in the form of additional layers and attention heads. Each row in Table 3.8 shows
how much program accuracy improves over using FinQANet without CompAQT. As the table
shows, additional parameters are not always helpful and can undermine the performance of the
model, especially for multi-step programs. This may also indicate that the regularizing effect of
CompAQT can be counteracted by larger parameters, leading to over�tting over smaller datasets.

Pre-training across datasets

Since the combined dataset uses the same format for all constituent datasets, it is easy to in-
vestigate the impact of pre-training on larger and more diverse data. Figure 3.4 shows how
FinQANet+CompAQT performs on the combined test set, as more collections are added to its
training set. As the Figure illustrates, despite providing a sizeable number of single-step pro-
grams, TAT-QA fails to improve the performance substantially on multi-step programs. This
is likely due to the fact that all TAT-QA programs fall into seven categories, which allows the
model to memorize them. In contrast, despite its small size, adding MULTIHIERTT improves
performance on 1 step and 2 step programs. 3+ step programs remain a challenge across all
datasets, but the model shows steady progress as the dataset size grows.

Model
Program accuracy

1 step 2 steps 3+ steps Overall
FinQANet 75.63 65.87 30.36 68.44
+self-attention +2.95 +2.08 +2.00 +2.57
+alignment loss +0.07 +5.31 +2.01 +1.95
+coverage term +0.03 +1.97 +0.97 +0.69
+linear decay +0.00 +0.07 +0.51 +0.06

Table 3.7: Ablation results on the FinQA dataset using FinQANet as the base model.

# heads # layers # params
# Program accuracy

(improvement over baseline)
1 step 2 steps 3+ steps

1 1 4.2M +3.05 +9.25 +5.49
4 1 4.3M +3.97 +7.30 +5.31
1 2 8.4M +4.22 +6.76 +3.12
4 2 8.6M +4.26 +5.99 +2.86

Table 3.8: The performance of FinQANet+CompAQT on the FinQA dataset. As additional
parameters are added in the form of multiple heads or more layers, the model's performance
does not increase.

3.1.6 Conclusion

In this study, we proposed a method to improve multi-step quantitative reasoning for question an-
swering. Our method facilitates compositional generalization by encouraging the model to attend
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Figure 3.4: Program accuracy on the combined dataset as training datasets are added iteratively.

to relevant components of the input at each generation step. We demonstrated the effectiveness
of our approach over four recently released tabular QA datasets. Our method, named CompAQT,
was able to signi�cantly improve program accuracy on three of the datasets, especially for multi-
step programs. We also created a collection of QA samples for multi-step quantitative reasoning,
by the datasets and unifying their format.

3.2 Counterfactual sampling for QA

Enterprise documents such as reports, forms, and analytical articles often include quantitative
data in tabular form. The data in these tables can be self-contained, but more commonly the
surrounding text provides more context that is necessary to understand the content. Answering
questions over these hybrid tabular/text contexts requires reasoning that combines verbal and
quantitative semantics.

Question answering over quantitative tabular/text data has gained recent traction with the
release of datasets such as FinQA [26], TAT-QA [227], and HiTab [27]. Table 3.10 shows an ex-
ample of a question that requires quantitative reasoning to derive the answer. Given the question
and the tabular context, the output is a single-step program that leads to the �nal answer of-20.

A major challenge that state of the art models face is compositional generalization [119],
especially when the number of reasoning steps grows [26]. In the context of quantitative QA,
compositional generalization refers to the model's ability to generalize to new compositions of
previously seen elements. As an example, if the model has encountered training examples that
demonstrate calculations for “growth rate” and “percent change”, we would like it to be able
to come up with a reasonable hypothesis as to how to calculate “percent growth” or “rate of
change”. Table 3.9 demonstrates how this challenge becomes more dif�cult as the number of
reasoning steps grows. For questions that require longer chains of reasoning, the model learns
spurious patterns and unsuccessfully tries to leverage these memorized patterns to solve new
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Figure 3.5: A high-level illustration of our proposed method. The input example (anchor) is
processed by cross-attention and recurrent modules to produce the output step by step. In addition
to a regular Cross-Entropy loss, CounterComp adds an auxiliary triplet loss based on positive
and negative examples. Note that the anchor and pos/neg examples are all processed through
the RNN before calculating the triplet loss, a process which we have not illustrated due to space
limitations. Also note that multiple pos/neg examples are sampled at each step.

problems.

# steps in
output

% wrong
operator(s)

% wrong
operands

% wrong order
of operands

1 step 39.07 53.64 7.28
2 steps 46.75 46.75 6.50
3 steps 56.47 29.41 14.12
> = 4 steps 52.00 40.00 8.00

Table 3.9: Share of FinQANet errors due to the selection of wrong operators or operands when
applied to the FinQA dataset [26], broken down by the number of steps in the output.

The Table also shows that as the number of steps grows, generating the wrong operator be-
comes a more dominant mistake than selecting the wrong operand. Not only is this error more
dominant, but it can also have a more destructive impact on the chain of reasoning, as it can
derail the model's hidden representations from that point onward. As an example, our analysis
of the FinQANet model [26] output showed that if the model generates an incorrect operator, it
is about 30% more likely to commit other errors in the following steps compared to when the
model generates an incorrect operand.

In this section, we propose CounterComp, an approach that can enhance compositional learn-
ing in multi-step quantitative QA. We take inspiration from the symbolic composition of arith-
metic operations, and their correspondence to natural language phrases. Building on the work on
attention alignments from previous studies, we propose an auxiliary metric learning loss that is
focused on speci�c components of the input and output. Our sampling strategy is based on coun-
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terfactual scenarios. This means that the model learns proper representations for each component
based on what-if scenarios. To the best of our knowledge, this is the �rst study that successfully
applies component-wise counterfactual sampling as a metric learning strategy. We show how,
when state of the art models are augmented with our auxiliary metric learning loss, they exhibit
better performance in cases where multi-step reasoning is required. CounterComp outperforms
current baselines on four recently released datasets, and show stronger performance on OOD
samples.

Question
What was the net change in
revenue from 2019 to 2020?

Tabular
context

Metric ($M) 2018 2019 2020
Operating
expenses

35 29 30

Revenue 70 80 60

Verbalized
facts

2019 revenue was $80M.
2020 revenue was $60M.

Output
program

subtract(80, 60)

Answer -20

Table 3.10: Example of a quantitative QA problem over tabular data.

3.2.1 Background

The typical architecture of a quantitative QA model is composed of a retriever and a generator
[69]. The retriever identi�es the particular context where the answer might be found. Since the
context can be a mix of table cells and sentences, often a tabular encoder [47] or verbalizer [26] is
used to convert the cells into a natural language sequence. The retrieved context is referred to as
retrievedfacts. Next, the generator uses the question along with the facts to generate the output
in a step by step fashion. In multi-step QA, the generator often combines a recurrent module
with an attention mechanism [26], as illustrated in top half of Figure 3.5.

The output can be assessed in terms of program accuracy as well as execution accuracy. Our
study is focused on improving program accuracy by encouraging compositional generalization
in the generator.

There are two common approaches to improving compositional generalization. Attention
alignment models encourage explicit alignments between natural language utterances (e.g. “rate
of change”) and corresponding symbolic math operations (e.g. subtraction followed by division).
Methods informed by counterfactuals use what-if scenarios to generalize to a wider variety of
compositions and reduce the effect of memorization.

Attention alignments

Yin et al. [212] showed that additional supervision can be used to promote explicit alignments
between components in the input and in the output. They added a regularization loss that encour-
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ages the cross-attention module to adjust its attention weights according to gold alignments. Us-
ing as few as 16 examples, their model was able to improve generalization in a semantic parsing
task. CompAQT [123] extended this idea to multi-step quantitative QA. Instead of using addi-
tional supervision, it used natural language heuristics to create noisy alignment labels between
input tokens and output symbols. The additional alignment loss improved the performance of
three baseline models on multi-step reasoning tasks for four datasets.

Methods informed by counterfactuals

The success of alignment-based methods is limited by the fact that by heavily discouraging
memorization, they underperform in settings where memorization can be helpful [125]. To strike
a balance between memorization and generalization, one approach is to generate new training
examples that cover important semantic gaps in the training data. This is reminiscent of how
adversarial training can help better de�ne the semantic contours of compositional representations
[219]. Contrastive or metric learning methods pursue a similar goal, but instead of generating
new samples, they leverage existing samples within the training set [61].

Counterfactual data augmentation (CAD) methods strive to achieve this by generating new
samples using what-if scenarios [20, 105, 230]. This can be done by altering a minimally suf-
�cient set of tokens in the input such that the output class changes [71]. There are two main
challenges to creating these samples. First, it is dif�cult to identify the minimal set of tokens
necessary to alter the output. Second, there is no guarantee that a counterfactual sample exists
in the training set. To address these challenges, some studies employ human labelers [71] or a
third party model [54]. In domains like semantic parsing and quantitative QA where the output
is symbolic, an alternative approach leverages the structure of the output to avoid the need for
human labelers. Li et al. [93] achieve this by intervening on the operands. Suppose that a ques-
tion states “What was the net change in revenue from 2019 to 2020?” and the retriever produces
two (verbalized) table cells: “2019 revenue was $80M” and “2020 revenue was $60M”. The
output program for this question would be:subtract(80, 60) . Given the numeric nature of
the operands, it's possible to generate new scenarios such as “What if 2019 revenue was $90?”
with the updated outputsubtract(90, 60) . Employing this method, Li et al. [93] augment
the TAT-QA dataset [227] into a new dataset named TAT-HQA. They also enhance the verbal
reasoning capacity of their model by offering the counterfactual scenario as a natural language
prompt. Their model, named Learning to Imagine (L2I), outperforms state of the art models.

As mentioned in previously, models that struggle with compositional generalization suffer
from errors in operator selection, whereas L2I is focused on the selection of operands. In this
section, we present CounterComp, a method that focuses on counterfactual sampling for compo-
nents that indicate operators6. Using natural language constraints from previous studies, we �rst
�nd components that correspond to operators versus those that correspond to operands. Next, we
use an auxiliary metric learning loss with positive and negative samples chosen based on those
components. This helps us avoid the complexities associated with a data augmentation approach,
such as the need for creation of additional human labels. The next section lays out our problem
de�nition in more detail.

6Please refer to Appendix A.8 for a study on the use of CounterComp for operators versus operands.
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3.2.2 Problem formulation

Let us consider the example provided by Table 3.11. SupposeQ is the question, represented as a
sequence of tokensq1; � � � ; qN (i.e. “what”, “was”, “the”, � � � , “2020”, “?”).

F is the evidence obtained by the retriever, made up of a sequence of tokensf 1; � � � ; f M (i.e.
“2019”, “revenue”, “was”,� � � , “$60M”).

The concatenation of these two sequences, i.e.QjjF , forms the input to the generator. The
generator encodesQjjF using a neural language model such as RoBERTa [107], resulting in an
embedding matrixU 2 Rdenc� (N + M ) .

Consistent with Chen et al. [26], we represent the outputS as a sequence of stepss1; � � � ; sL .
Each stepsl can be an operator (such asaddor divide ), or an operand. Similar to Chen et al.
[26], our programs are modeled as right-expanding binary trees with each operator having exactly
two operands. If necessary, one or more operands are set toNONE, whereNONEis a special
constant.L is pre-de�ned as the maximum number of steps allowed. In the example from Table
3.11,S is: subtract , 80, 60, NONE, NONE, NONE.

To generate thelth output stepsl , the generator applies a cross-attention module toU , re-
sulting in the attention weight matrixA l 2 R1� (N + M ) and the attention outputX l 2 RK . A
recurrent module then generates the hidden vectorh l , which is used to produce the output step
sl .

h l = RNN(h l � 1; X l )

sl = NN(h l )
(3.4)

where NN can be any neural module that projectsh l onto the simplexsl 2 RK , from whichsl

can be sampled:sl = arg maxk sl;k . Our goal is to encourageh l to be sensitive to the composition
of the inputQjjF with regards to the current output stepsl . This means thath l needs to capture
proper alignments between important terms in the input and the relevant operator/operand in the
output.

To achieve this, we pursue a metric learning approach where positive and negative samples
are generated according to counterfactual scenarios.

Counterfactual samples

Given a training example([QjjF ](i ) ; S(i )), we de�ne anintervention targetQ(i ) as a subsequence
of the question tokens, i.e.Q(i ) = f q(i )

n ; n 2 N (i )g whereN (i ) � f 1; 2; � � � ; N g.
Suppose that changing the intervention target affects a single step in the output program

S(i ) = s(i )
l , which we name theintervention outcome. Note that due to our focus on the genera-

tion of operators, we limit the intervention outcome to an operator. Since the output is composed
of one operator followed by two operands followed by another operator and so on,l is selected
from a limited index set:l 2 f 1; 4; 7; � � � ; L � 3g. In the example from Table 3.11, the possible
indices will be 1 and 4, representing the operatorssubtract andNONE.

Given this de�nition, it's possible to mine positive and negative examples for thei th training
instance. A positive example([QjjF ](i )pos; S(i )

pos) is an instance for which, despite a possible inter-
vention in the target, the outcome remains the same, i.e.Q(i )

pos 6= Q(i ) andS(i )
pos = S(i ) . A negative
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example([QjjF ](i )neg; S(i )
neg) is an instance for which an intervention in the target leads to a change

in the outcome, i.e.Q(i )
neg 6= Q(i ) andS(i )

neg 6= S(i ) .
This allows us to de�ne a triplet loss that encouragesh (i )

l to remain close toh (i )
l;pos and far

from h (i )
l;neg with a margin of� (i ) :

L (i )
triplet = maxfjj h (i )

l � h (i )
l;posjj

2
2 � jj h (i )

l � h (i )
l;negjj

2
2 + � (i ) ; 0g (3.5)

Figure 3.5 illustrates the sampling process for one training example. Note that this metric
learning approach will only be valid if causal assumptions with regards to the intervention target
are valid, i.e. the change inS(i )

neg is in fact the result of the intervention inQ(i )
neg and not a change

in any other part of the input. In a data augmentation setting, this can be achieved by keeping
the input �xed and perturbing a small segment that functions as the intervention target similar to
[71]. However, as discussed in Section 3.2.1. this requires additional manual labor to annotate
the perturbed examples.

In the next section, we describe how we impose certain constraints on the intervention target
to achieve this in a self-supervised setting7.

3.2.3 Methodology

Our goal is to identify potential positive and negative samples for the anchor([QjjF ](i ) ; S(i )).
Suppose the anchor is the one shown in the top three rows of Table 3.11. Some terms are redun-
dant between the question and the fact (i.e. “revenue”, “2019”, and “2020”). Those terms are
often used by the retriever to �nd the correct facts. They are also used by the generator to �nd
the correct order of operands.

There are also terms that are unique to the question, i.e. “What was the net change to”,
“from”, and “to”. In CompAQT, the authors showed that these can be used as indicators for the
operators. Lastly, there are terms that are unique to the facts, i.e. “was $80M” and “was $60M”.
These can be used as indicators for the operands. We use these heuristics to guide our sampling
strategy.

We �ag all spans in the question that do not overlap with the facts, i.e. underlined blue
segments. Those spans serve as candidate intervention spans. In the example from Table 3.11,
this results in three candidates: “What was the net change in”, “from”, and “to”.

Next, we seek a positive and a negative example within the training set. A positive example
is a sample in which, despite possible changes in the question, the operators in the output remain
consistent with the operators in the anchor. Table 3.11 shows one such example. Several terms
have been altered in the question. However, we would only focus on the changes in the candidate
spans. Here, “was” has changed to “is”, “net change” has changed to “difference”, “from” to
“between” and “to” to “and”. This results in a token-level Levenshtein distance of 5 (four edits
and one insertion) [216]. We ignore the change from “revenue” to “operating expenses” and
from “2019” to “2018”, because those changes have occurred outside of our candidate spans and
only correspond to operands.

7Note that the term “self-supervised” is used in this context to refer to the sampling strategy, i.e. no additional
labeling is needed to generate the positive and negative samples.
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A negative example is a sample in which exactly one output operator is altered, deleted, or
added. Table 3.11 shows one such example. Here, the output includes a new operatordivide .
The question has also been altered with a token-level Levenshtein distance of 4.

The given positive and negative example can now be plugged into Equation 3.5. Instead of
a �xed margin, we use the edit distances mentioned before to dynamically adjust the margin.
Let NLD(i )

pos and NLD(i )
neg be thenormalized, token-level Levenshtein edit distancebetween the

anchor and the positive example, and the negative example, respectively. We set the margin to:
� (i ) = 1 � j NLD(i )

neg � NLD(i )
posj

This encourages a larger margin for cases where the anchor is equally similar to the positive
and the negative examples, and the model might have a harder time picking up on the nuances of
each component.

Anchor

Question
Whatwasthe net change inrevenue
from 2019to 2020?

Facts
2019 revenue was$80M.
2020 revenue was$60M.

Program
subtract (80, 60)
NONE(NONE, NONE)

Candidate
intervention
spans

What
the net change in
from
to

Positive
sample

Question
What is the difference inoperating
expensesbetween2018and2020?

Facts
2018 operating expenseswere $35M.
2020 operating expenseswere $30M.

Program
subtract (35, 30)
NONE(NONE, NONE)

Negative
sample

Question
Whatwasthe rate of change of
operating income from 2018to 2019?

Facts
2018 income from operatingactivitieswas$65M.
2019 income from operatingactivitieswas$60M.

Program
subtract (65, 60)
divide (#0, 65)

Variables

Q(i )

S(i )

f q(i )
1 ; q(i )

3 ; q(i )
4 ; q(i )

5 ; q(i )
6 ; q(i )

8 ; q(i )
10 g:

what the net change in from to
s(i )

4 : NONE
Q(i )

pos

S(i )
pos

edit dist

f q(i )
1 ; q(i )

2 ; q(i )
3 ; q(i )

4 ; q(i )
5 ; q(i )

8 ; q(i )
10 g:

what is the difference in between and
s(i )

4 : NONE

5
Q(i )

neg

S(i )
neg

edit dist

f q(i )
1 ; q(i )

3 ; q(i )
4 ; q(i )

5 ; q(i )
5 ; q(i )

6 ; q(i )
12 g:

what the rate of change of to
s(i )

4 : divide

4

Table 3.11: Example of positive and negative sampling using counterfactual components.
Blue underlined textindicates components that are unique to the question ( candidates for in-
tervention). These terms often indicate an operator.Red italicizedtext indicates terms that are
unique to the facts. These terms often indicate operands.Bold italicized textindicates terms that
are shared between the question and facts. These terms often indicate metrics.

Runtime optimization

There are two runtime challenges to this proposed approach: 1) Sampling can be costly if the
entire training set has to be scanned for each batch. This means an online sampling strategy
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cannot be used. On the other hand, an of�ine strategy introduces a large overhead. A hybrid
approach is needed. 2) Calculating the edit distance metric is a costly operation withO(n2)
steps.

To solve the �rst problem, we build two indices prior to training. One index groups the sam-
ples by their sequence of output operators. This index can be used to sample positive examples.

The other index includes all training examples, and for each example, it includes the full list
of one-step perturbations applied to its output operators. By generating all possible perturbations,
we are able to �nd other samples whose outputs match the perturbed sequence (i.e. negative
samples). For a sequence withn operators, all possible perturbations can be generated inO(n �
K ) time, whereK is the number of possible operators8.

Given the pre-generated positive and negative pools, we can also calculate and cache edit
distances ahead of time. However, in practice, we realized that we could do so during training
with little additional cost. This is because the edit distance is applied at the token-level9, and
is limited to candidate spans, rendering it relatively fast. The decision as to whether distances
should be cached or calculated on the �y depends on the average size of each pool versus the
number of training steps.

The algorithm outlined in Appendix A.7 summarizes our approach.

3.2.4 Experiments

Datasets

We use the hybrid CompAQT dataset, which is composed of four previously released datasets,
namelyFinQA [26], TAT-QA [227], HiTab [27], andM ULTI H IERTT [224]. The authors �l-
tered these four datasets down to QA pairs that require single or multi-step quantitative reasoning.
They also processed the tables and outputs in all four datasets to match the FinQA format.

Baselines

We apply our proposed auxiliary loss to three baselines: 1)FinQANet, originally developed
for the FinQA dataset [26]. 2)TAGOP, originally developed for the TAT-QA dataset [227]. 3)
Pointer-Verbalizer Network (PVN), originally proposed by Nourbakhsh et al. [123]. We also
apply theCompAQT loss to each model as a secondary baseline in order to determine how
CounterComp compares to an attention-alignment strategy.

Sampling success rate

Another possible concern is that our sampling strategy might be limited, in that positive and
negative samples might not always be available in the training set, or that limited availability
of samples might bias the training process. To remediate the problem of unavailable samples,
when a positive sample is missing, we use the anchor as the positive sample, and when a negative
sample cannot be found, we use a uniformly sampled instance from the batch.

8Since we follow Chen et al. [26], in all of our experimentsK = 10.
9Since we're using a language model that uses word-piece tokenization, in effect the runtime is at subword level.
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Table 3.12 shows some statistics about the success rate of the sampling algorithm. “% Fail-
ure” identi�es the share of training examples for which either a positive or a negative example
was missing. Unsurprisingly this never happens for single-step programs, is very rare for two-
step programs, and with the exception of HiTab, happens in less than 10% of the cases for longer
programs. The Table also shows the average number of positive and negative examples found for
each anchor. Again, HiTab has the lowest number of available samples, making it the most chal-
lenging dataset. In Section 3.2.5, we demonstrate how, even in cases with few possible samples,
the model is able to generalize to unseen examples.

Dataset
1 step 2 steps 3+ steps

% Failure
Avg. # pos
samples

Avg. # neg
samples

% Failure
Avg. # pos
samples

Avg. # neg
samples

% Failure
Avg. # pos
samples

Avg. # neg
samples

FinQA 0 1457 3254 0.2 913 630 8.2 41 190
TAT-QA 0 1808 638 0 295 958 1.3 1055 66
HiTab 0 221 554 2.5 30 29 29.8 4 24
M ULTI H IERTT 0 189 533 0.2 326 335 7.8 92 190

Table 3.12: The failure rate of sampling from each dataset (when no positive or no negative
sample can be found for a given anchor), as well as the average number of positive and negative
samples found for each anchor.

Settings

Since we are focused on the generator, in the experiments discussed in this section we will use
gold facts and encode the input using RoBERTa-large [107]10. We run the baselines with and
without the additionalL triplet for 50 epochs with a learning rate of5e� 5, the Adam optimizer
[77] with � 1 = 0:9 and� 2 = 0:999. At each step, we sample (with replacement) 5 positive and
negative pairs per anchor, and add the average auxiliary triplet loss to the main model loss with
a weight of� . After a grid search with a step-size of 0.1, we set� to 0.4 for all experiments. All
experiments were conducted on 8 NVIDIA T4 GPUS with 16 GBs of memory.

3.2.5 Results and analysis

Table 3.13 shows the program accuracy of baselines (top row of each cell) compared the addition
of CounterComp loss (bottom row of eachcell). Among the baseline models, TAGOP is not
designed to generate multi-step programs. Therefore we only apply it to the TAT-QA dataset,
which has a set of pre-determined operations (e.g.change ratio ). We also apply the PVN
model to the combined dataset, but since FinQANet outperforms it on all benchmarks, we will
continue to use FinQANet as the reference baseline model for the remaining experiments in this
section.

As Table 3.13 shows, CounterComp consistently outperforms the baselines and the margin is
often higher for longer programs. One notable exception is the TAT-QA dataset. As mentioned
before, the dataset is not designed for open-ended multi-step reasoning and includes a limited set
of possible operations. Therefore methods that encourage memorization might achieve higher

10Please refer to Appendix A.6 for results using retrieved facts.
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performance on TAT-QA. HiTab is another challenging dataset, but despite low performance on
longer sequences, CounterComp offers an improvement over the baseline.

Model Dataset
Program accuracy

1 step 2 steps 3+ steps Overall
TAGOP

TAT-QA
45.01 39.56 42.73 43.25

+CompAQT 46.07 40.28 43.73 43.88
+CounterComp 46.12 41.51 45.67* 45.38
PVN

Combined
68.14 61.33 13.54 56.64

+CompAQT 70.78 63.45 16.63 59.21
+CounterComp 71.58* 64.31* 18.44* 61.20*
FinQANet

FinQA
75.63 65.87 30.36 68.44

+CompAQT 78.68 75.12 35.85 73.74
+CounterComp 79.13* 75.45* 36.86* 74.49*
FinQANet

TAT-QA
73.33 63.76 64.88 70.71

+CompAQT 70.00 63.76 66.26 69.97
+CounterComp 70.56 63.80 66.90 70.01
FinQANet

HiTab
34.70 25.14 15.91 30.12

+CompAQT 34.73 29.94 17.35 32.23
+CounterComp 34.94 30.00* 17.39 32.61*
FinQANet

MULTIHIERTT

38.99 40.07 15.01 38.94
+CompAQT 38.87 42.35 16.77 40.82
+CounterComp 39.25* 42.51* 16.86 40.85*
FinQANet

Combined

65.11 62.00 30.76 58.60
+CompAQT 66.60 65.14 34.16 60.88
+CounterComp 67.91* 66.00* 36.91* 61.82*
(Fixed margin) 66.19 64.89 34.06 59.58

Table 3.13: Program accuracy for program generation using baseline models v.s. using Com-
pAQT loss, v.s. using CounterComp loss. * indicates that a gain/loss is signi�cant atp < 0:005
compared to the baseline, using the paired-bootstrap test proposed by Berg-Kirkpatrick et al. [12]
for b= 103.

Auxiliary triplet loss versus auxiliary attention alignment loss

The middle row of each cell in Table 3.13 shows the program accuracy when CompAQT loss
is added instead of CounterComp loss. As previously described, CompAQT imposes an auxil-
iary attention alignment loss such that tokens related to operators receive more attention during
the generation of operators. Even though this leads to improvements over the baselines, Coun-
terComp outperforms CompAQT in all experiments. This might be due to the fact that the
regularizing effect of CompAQT loss is not as strong as the representation learning impact of
CounterComp.

Despite the fact that CounterComp was not designed as an attention alignment model, it
does have an impact on how attention patterns evolve during training. Table 3.14 shows the
top-attended input tokens during the generation of adivide operator in various contexts. For a
singular division operation, FinQANet attends to tokens such as “year” whereas CounterComp
encourages the model to attend to more relevant tokens such as “net” and “change”. A subtraction
followed by a division often indicates a percentage calculation, as captured by both models. An
addition followed by a division often indicates an average calculation. Again, CounterComp is
able to capture relevant tokens but the FinQANet baseline seems to attend to some memorized
tokens such as “annual”.
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Top attended tokens during
the generation ofdivide

Model divide
subtract
divide

add
divide

FinQANet share, year ratio, percent annual, per
+CounterComp net, change share, percent average, per

Table 3.14: Top attended tokens during the generation of the division operator in various se-
quences. The dataset used for this experiment is FinQA.

Fixed versus adaptive margin

The last row of Table 3.13 shows the performance of the FinQANet model on the combined
dataset using the CounterComp loss with a �xed margin of 1. The performance suffers, especially
as the number of steps grows. This further demonstrates the importance of the adaptive margin
� (i ) that takes the edit distance into account.

Question Evidence Gold program FinQANet FinQANet + CounterComp
What was the gross margin decline in
�scal 2004 from 2003?

1) the gross margin pct of 2004 is 27.3%
2) the gross margin pct of 2003 is 27.5%

subtract(27.5, 27.3)
subtract(27.5, 27.3),
divide(#0, 27.5)

subtract(27.5, 27.3)

What percentage of amounts expensed
in 2009 came from discretionary
company contributions?

1) amounts expensed for 2009 was $35.1
2) expense includes a discretionary
company contribution of $3.8

divide(3.8, 35.1),
multiply(#0, const 100)

divide(3.8, 35.1)
divide(3.8, 35.1),
multiply(#0, const 100)

Did the share of securities rated aaa/aaa
increase between 2008 and 2009?

1) the aaa/aaa share of 2009 is 14%
2) the aaa/aaa share of 2008 is 19%

greater(14, 19)
subtract(14, 19),
subtract(14, #0)

greater(14, 19)

On February 13, 2009 what was
the market capitalization?

1) on February 13, 2009, the closing price of
our common stock was $28.85 per share
2) as of February 13, 2009, we had 397097
outstanding shares of common stock

divide(397097, 28.85) multiply(397097, 28.85) multiply(397097, 28.85)

Table 3.15: Four examples from the FinQA dataset, showing CounterComp's success and failure
in capturing compositional expressions. Note that some numbers have been truncated to save
space.

Model
Program accuracy on test dataset

TAT-QA HiTab M ULTI H IERTT
FinQA

(unseen programs)
FinQANet 41.64 22.80 35.33 65.74
+CompAQT 39.88 22.71 35.28 70.32
+CounterComp 42.00 22.97 36.94 73.53

Table 3.16: OOD performance of FinQANet variations when trained on the FinQA dataset and
tested on other datasets, or tested on unseen operator compositions in the FinQA dev set.

Qualitative examples

Table 3.15 shows four qualitative examples from the FinQA dataset. The �rst two rows show
how CounterComp enables the FinQANet model to represent concepts such as “decline” and
“percentage” more accurately. The third example shows how CounterComp is able to determine
the difference between a calculation question and a yes/no question. The last row shows a failure
example, where CounterComp does not improve the performance of FinQANet. This particular
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example requires deep domain expertise to address. This highlights the need for methods that
allow domain expertise to be represented more effectively [26].

Compositional v.s. OOD generalization

In a recent study Joshi and He [68] showed that current approaches to counterfactual data aug-
mentation do not necessarily lead to better generalization to out-of-distribution (OOD) samples.
To test whether this holds for CounterComp, we conduct two studies. First, we train FinQNet
with and without CounterComp loss on the FinQA dataset, then test it on the other three datasets.
Note that the four datasets are based on different domains. FinQA and TAT-QA are both based
on �nancial reports, but while FinQA was derived from US �lings, TAT-QA is based on interna-
tional �lings and therefore covers a wider variety of metrics. HiTab and MULTIHIERTT are both
based on other types of corporate reports with highly complex tabular structures.

The �rst three columns of Table 3.16 show a slight improvement when CounterComp is used
in this setting. In contrast, using CompAQT loss slightly hurts the performance, demonstrating
CounterComp's higher OOD generalization potential.

Next, we select a subset of samples from the FinQA dev set that have unseen compositions
compared to the training set. This means that the particular combination of operations were
never seen during training. As the last column of the table shows, CounterComp outperforms the
baseline by more than 7 points. This further demonstrates how improving representation learning
at the component level can enhance generalization to unseen contexts.

3.2.6 Conclusion

In this section, we presented CounterComp, a method that leverages counterfactual contrast to
enable metric learning for quantitative QA. We show how using the auxiliary CounterComp loss
can improve compositional generalization in multi-step reasoning tasks, especially as the number
of steps grows.

Due to runtime challenges, we proposed a hybrid of�ine/online sampling strategy that uses
pre-de�ned indices for easier lookup operations. This allows us to capture samples that have a
contrast of one operator with the anchor. In future studies, we hope to capture contrastive samples
with longer perturbation chains. We also hope to examine the effectiveness of counterfactual
compositional contrast in other domains such as semantic parsing and question answering over
multimodal input.

Lastly, we hope to extend the use of CounterComp to enhance the performance of the re-
triever, using the heuristics introduced in Section 3.2.3 (i.e. by focusing on components in the
question that overlap with the facts). This can result in a quantitative QA pipeline that is powered
by compositional contrast in an end-to-end fashion.
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Chapter 4

Grounded structures for multimodal fusion

Let us return to the scenario that we introduced in Section 1.1 about Alice, a knowledge worker
at a �nancial �rm who is tasked with processing authorized signatory forms. As we discussed
in that Section, Alice would like to automate the task of extracting key information and relations
from the forms in a grounded fashion. This would require a model that:

1. Can detect key relations as well as entities.

2. Produces grounded outputs, i.e. outputs that can be located within the input using bounding
boxes or other references.

In this chapter, we introduce two new methodologies that tackle the above challenges by
encouraging grounded spatio-visual reasoning. Table 4.1 places our contributions in the space of
grounding methodologies introduced in Section 2.4.

Reasoning Grounding the design Grounding the objective Grounding the search space

Quantitative Graph-based representation [148, 220]

Attention coverage [125]
Supervised alignments [212]
Unsupervised alignments (Section 3.1)
Metric learning (Section 3.2)

Data augmentation
via counterfactuals [94]
Counterfactual
sampling (Section 3.2)

Spatio-visual

Spatial-aware attention [205]
Graph-based representation [31, 87, 88]
Graph-based generation (Section 4.2)
Modality-adaptive attention [95]

Cell recovery [47, 211]
Masked column prediction [211]
MVLM [9, 207]
TIA/TIM [9, 56, 205]
LTR [9, 131]
Cluster membership (Section 4.1)

Probabilistic soft logic [169]
Data augmentation
via perturbations [136]

Table 4.1: An updated view of Table 2.3, where our proposed methods have been added to
corresponding cells, blue. Each highlight has a reference to the section where it is covered.

4.1 Graph-inspired representations for visual information ex-
traction

Layout-aware language models have been used to create multimodal representations for doc-
uments that are in image form, achieving relatively high accuracy in document understanding
tasks. However, the large number of parameters in the resulting models makes building and
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using them prohibitive without access to high-performing processing units with large memory
capacity. We propose an alternative approach named APReCoT that can create ef�cient repre-
sentations without the need for a neural visual backbone. This leads to an 80% reduction in the
number of parameters compared to the smallest SOTA model, widely expanding applicability. In
addition, our layout embeddings are pretrained on spatial and visual cues alone, and only fused
with text embeddings in downstream tasks, which can facilitate applicability to low-resource or
multi-lingual domains. Despite using 2.5% of training data, we show competitive performance
on two form understanding tasks: semantic labeling and link prediction.

APReCoT, which stands forA lignment,Proximity, REpetition, andCOntrast-awareTransformer,
is inspired by the principles of layout design that were introduced in Section 1.2.2. By care-
fully designing multimodal features that represent these principles, APReCoT is able to perform
spatio-visual reasoning with fewer parameters and smaller training data.

4.1.1 Background

Layout-aware language models represent documents as multimodal artifacts, composed of visual
and textual content. By jointly modeling the stylistic, spatial, and semantic cues, they capture
constructs such as hierarchy, correspondence, enumeration, and tabulation. In this section, we
present an approach that combines the expressivity of large multimodal networks with the ef�-
ciency of graph networks. This addresses three major challenges that transformer-based models
face:

1. The use of large neural backbones for extracting visual features vastly increases the size
and memory requirements for such models. For LayoutLMv2 for example, a NVIDIA
GTX 1080 GPU with 12 GBs of memory fails to accommodate a batch size of 8. On
single-GPU platforms, this means that �ne-tuning the model alone can take prohibitively
long.

2. The visual feature extractor does not free the model of reliance on OCR engines for ex-
tracting text and bounding boxes. This means that the preprocessing step remains slow and
memory intensive.

3. The transformer architecture often uses a variation of Masked Language Modeling (MLM)
[35], which does not make ef�cient use of layout cues, requiring the model to be pretrained
on very large corpora. A common pretraining dataset is IIT-CDIP [44], composed of sev-
eral million documents. In low-capacity environments, preprocessing a corpus at this scale
can take weeks, further prohibiting the wider research community from adopting and ex-
perimenting with the models.

In contrast, our proposed method achieves competitive performance with a fraction of pa-
rameters, memory requirements, and pretraining data. Instead of a neural visual backbone, we
generate informative layout features using the OCR output alone. APReCoT takes inspiration
from recent graph-based approaches, but instead of an explicit graph representation with a highly
customized design, we extend the spatial-aware attention mechanism [205] to capture contrast
in spacing as well as style. Furthermore, we replace the MLM objective with a metric learning
paradigm that captures concepts such as proximity, alignment, and correspondence. This leads
to competitive performance in two form understanding tasks, namely semantic labeling as well
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Figure 4.1: APReCoT's architecture during pre-training and �ne-tuning.
.

as link prediction.

4.1.2 Methodology

Figure 4.1 illustrates the end-to-end architecture of APReCoT. As the �gure shows, we follow
a three-step process. First, input documents are processed using an OCR engine, and relevant
layout features are extracted. Second, the layout features are transformed into layout-aware
embeddings through a self-supervised pretraining step. Finally, the layout-aware embeddings
are combined with text embeddings and �ne-tuned on downstream tasks. The remainder of this
section describes each step in detail.

Preprocessing and token representation

We process each document through an OCR engine, which converts each page into a sequence of
tokenst1; t2; :::; tN and corresponding bounding boxesb1; b2; :::; bN . To represent a tokent i (with
corresponding bounding boxbi ), we construct a vector by concatenating the following features:

• Position features: The top and left coordinates ofbi , as well as the x and y coordinates of
its centroid.

• Spacing features: The spacing betweenbi and its immediate neighbors to the left, right,
top, and bottom, as well as the number of neighbors inbi 's line-of-sight to the left, right,
top, and bottom1.

• Size features: The height and width ofbi as well as the average character width inbi .

1Line-of-sight is de�ned according to the formulation provided by [30].
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• Color features: The RGB values of the foreground and background colors ofbi , ob-
tained by applying K-Means clustering (K=2) to the distribution of RGB values within
each bounding box2.

All features are concatenated into a vectorv i 2 R21, and normalized over minimum and
maximum values on the page3. This allows us to order thev i s by their position using a simple
algorithm: 1) To approximate horizontal lines, we groupv i s whose bottom coordinates are within
1 percentile of each other. 2) We order thev i s �rst by line number, then by left coordinates. This
results in a sequence of vectorsv1; v2; :::; vN representing each page, wherev1 corresponds the
top-left token andvN corresponds to the bottom-right token4.

Layout-aware pretraining

To create rich representations of layout information, we refer back to the design principles of
contrast, proximity, alignment, and repetition, introduced in Section 1.2.2. The below subsec-
tions describe how we capture each principle in APReCoT.

Capturing proximity and contrast As previously mentioned, contrast can manifest itself in
position, size, style, or color. The literature on self-attention has so far mainly focused on captur-
ing positional contrast (i.e. proximity). [35] use additive 1-D positional encodings [184] for text
sequences. Since layouts carry two dimensional information, some studies have extended this
idea to include 2-D encodings [207]. However, additive 2-D encodings do not capture relative
positions very well [161]. A simple yet effective alternative was proposed by [144], who use an
additional bias term to capture relative positions. [205] extend this idea to create a spatial-aware
attention mechanism, where scaled dot-product attention between queries and keys is augmented
by three bias terms– representing relative 1-D position, relative x-axis position, and relative y-
axis position.

We further extend this idea to capture relative information along multiple dimensions, namely
position, spacing, size, and color. This allows the model to focus on contrast along all of these
dimensions instead of position alone. We refer to this approach as Layout-Aware Attention.
Concretely, we modify scaled dot-product attention to follow the below equation:

� ij =
1

p
dhead

(v i W Q)(v j W K )| (4.1)

wheredhead is the number of attention heads,W Q is the query weight matrix,W K is the
key weight matrix, and� ij is the attention weight forv i andv j . We calculate the augmented
attention weight� 0

ij as:

� 0
ij = � ij +

X

f

b f j � f i (4.2)

2Note that CDIP and FUNSD datasets are composed of grayscale documents, but NAF includes color. However
even for grayscale documents, color distribution can help distinguish different styles.

3Feature values are normalized over each page because all of the datasets used in this study are limited to single-
page examples. The same methodology can be applied at document level.

4The left-to-right-and-top-to-bottom order can be rede�ned depending on the language of interest. Note that this
method need not be robust against all compositions (e.g. multi-column pages) and is only applied to provide rough
ordering information.
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whereb 2 RM is a bias vector, andb f j � f i represents the difference in the values of thef th
feature ofv i andv j , binned intoM groups. Finally, the output is calculated as:

h i =
X

j

exp(� 0
ij )

P
k exp(� 0

ik )
v j W V (4.3)

whereW V is the value weight matrix.
Capturing alignment Horizontal or vertical alignment plays an important role in determin-

ing semantic relationships between text segments. To capture this, we encourage the represen-
tations learned by the encoder to re�ect these alignments, using a triplet loss function. For each
hidden representationh i , we sample from the set of tokens that align with it horizontally (hx

i 2
f h j ; v (x)

j = v (x)
i g), and the tokens that do not align with it horizontally (hx

i 2 f h j ; v (x)
j 6= v (x)

i g).
We then use a triplet margin loss function to encourageh i to be close tohx

i and far fromhx
i :

L x = 1
N

P N
i =1 maxfjj h i � hx

i jj � jj h i � hx
i jj + 1; 0g

Similarly, we calculate a triplet loss along the vertical dimension:

L y = 1
N

P N
i =1 maxfjj h i � hy

i jj � jj h i � hy
i jj + 1; 0g

In practice, instead of enforcing exact equality, we allow the horizontal and vertical alignment
of positive samples to be different from the anchor's within a margin of[� 0:01; 0:01]. For all
other features, we allow a larger margin of noise, i.e.[� 0:1; 0:1]. This method, inspired by [145],
allows us to generate positive and negative samples synthetically, alleviating the computational
bottleneck that sampling poses.

Capturing repetition As previously mentioned, document layout often follows a consistent
pattern of styles. This limits the number of shapes, sizes and colors used in each document.
Tokens that have similar style often play a similar function in the document. To capture this, we
apply K-Means clustering to the style and color features of each sample to obtainK clusters.
Eachh i will thus be associated with a clusterci . We then sample other tokens that share the
same cluster and those that don't, leading to a third loss:

L c = 1
N

P N
i =1 maxfjj h i � hc

i jj � jj h i � hc
i jj + 1; 0g

The total loss is then formulated as:

L total = L x + L y + L c + L recon (4.4)

whereL recon is the reconstruction loss, calculated as the Mean Squared Error betweenv i and
the �nal output of the attention layer FFN(AddNorm(h i )) . This term functions as a regularizer,
encouraging the layout embeddings to not stray too far from the original feature space.
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Fusion and �ne-tuning

The outcomes of the pretraining process are layout-aware embeddings. To add text, we simply
concatenate the layout and text embeddings together, i.e.ei = h i k w i , whereh i is the layout
embedding for tokent i , w i is its text embedding obtained using a pretrained language model,
andk represents concatenation. The resultingei s can be used for spatial reasoning tasks over
documents. In this study, we explore two such tasks–semantic labeling and link prediction in
forms.

Semantic labelingThis task involves token-level classi�cation over four categories: “header”,
“question” (a.k.a �eld name), “answer” (a.k.a �eld value), and “other”. We use a minimal
architecture–a single-layer Bidirectional LSTM module followed by a linear projection. We
then use cross entropy loss to train the model for token classi�cation:

L sl =
1
N

NX

i =1

CE(Softmax(FFN(BiLSTM(ei ))) ; l i ) (4.5)

wherel i is the label corresponding toei .
Link prediction Links within a form convey correspondence, e.g. �eld values are linked

to their corresponding �eld names, and �eld names to their corresponding headers. The main
challenge of the link prediction task lies in extreme class imbalance, i.e. only a few links exist
within the quadratic space of possible links between any given pair of tokens. We choose to
model this quadratic space using the self-attention mechanism.

Concretely, we use a linear projection to reduce the size ofei vectors to a smaller dimension
P. Next, we use a single self-attention layer as an activation function. This layer produces two
outputs—attention outputOA 2 RN � P and attention weightsW A 2 RN � N whereN is the
document length. We apply binary cross entropy loss onW A to determine whether a link should
exist between any given pair of tokens:

L lp =
1

N 2=2

NX

i =1

NX

j = i +1

BCE(� (W A
ij ); L ij ) (4.6)

whereL ij is a binary matrix identifying whether tokenst i and t j should have a link. Figure
4.1 illustrates the end to end pipeline. In both tasks, the �ne-tuned model has fewer than 3
million parameters. This includes all parameters in the layout-aware pretraining model, plus the
parameters in the task-speci�c model for semantic labeling or link prediction.

4.1.3 Experiments and results

To demonstrate the effectiveness of our approach, we pretrain APReCoT on a collection of low-
quality image documents, and apply it to two downstream tasks, namely semantic labeling and
link prediction. As previously mentioned, RVL-CDIP [44] is a commonly used dataset for pre-
training layout-aware models. It is composed of 1 million image documents with diverse layouts
and visual quality. To demonstrate the data-ef�ciency of our approach, we choose a small sub-
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set for pretraining, namely the subset of documents tagged as forms. This amounts to 25,003
samples or about 2.5% of the complete dataset5.

To obtain tokens and bounding boxes, we process the documents using the Tesseract OCR
engine [2]. We use one multi-headed self attention layer with 3 heads and a hidden size of 120.
We set the number of bins for relative biases toM = 11, the number of style clusters toK = 12
and maximum sequence length toN = 512 tokens. To represent text, we use 768-dimensional
BERT embeddings [35]. We pretrain APReCoT with a batch size of 64 for 5 epochs, using the
AdamW optimizer [76] with a learning rate of1e� 2, gradient clipping of5e� 1, weight decay
of 1e� 2, � 1 = 0:9, and� 2 = 0:999. During �ne-tuning, without any change to the parameters,
we continue to train the model on the training split of the dataset of interest for an additional 5
epochs before freezing the embeddings6. On one NVIDIA 1080 GPU, the pretraining process
takes roughly two hours.

Datasets

We use two datasets that represent form understanding tasks, namely FUNSD [64] and NAF [30].
FUNSD is composed of 200 noisy scanned forms, split between 150 training and 50 test exam-
ples. NAF includes scanned forms with complicated layouts and overlapping or handwritten text
segments. The dataset offers 682 training, 59 validation, and 63 testing examples. Both datasets
support annotations for token-level semantic labeling as well as link prediction tasks. FUNSD
provides 4 labels for each token, namely “header”, “question”, “answer”, and “other”. NAF in-
cludes 14 classes, with a more granular breakdown of categories of �eld names and �eld values
such as checkboxes, number �elds, text �elds, etc. Both datasets also provide link annotations
that show correspondence between answers (�eld values) and questions (�eld names) as well as
correspondence between questions (�eld names) and headers.

Semantic labeling

We train the BiLSTM-based module for 100 epochs with the same optimizer as pretraining,
a learning rate of5e� 3 and gradient clipping of5e� 1. Table 4.2 shows the F1 performance
on the FUNSD dataset. Despite an 80% reduction in the number of parameters, APReCoT's
performance is comparable to Word-FUDGE [31], an extension of Visual FUDGE that uses
native bounding boxes. To the best of our knowledge, there is no current benchmark on semantic
labeling on the NAF dataset. We report a F1 score of 59.07 (P=56.80, R=61.54) on the 14-class
labeling task.

Figure 4.2 shows two qualitative examples of semantic labeling results from the FUNSD
dataset. As the Figure illustrates, APReCoT is more effective at acknowledging horizontal align-
ment than vertical alignment. In the top example the word “Date” has been labeled as an answer,
possibly due to its uninterrupted alignment with “Fax”. APReCoT also shows vulnerability to
sequential dependencies that range beyond 2-3 tokens. This indicates that a stronger proximity

5Since FUNSD is a subset of RVL-CDIP, we remove the 50 test examples from the CDIP dataset.
6Note that FUNSD and NAF are much smaller than RVL-CDIP and do not introduce large instabilities during

continuous learning.
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(a) True labels. (b) Model predictions.

Figure 4.2: Semantic labeling example from the FUNSD dataset.Each category has been color-
coded. Yellow: header, blue: question, green: answer, pink: other.

bias such as a segment detection loss introduced during pretraining might improve APReCoT's
results.

Model P R F1 # Params
BERTBASE** 54.69 67.10 60.26 110M
LayoutLMBASE* 75.97 81.55 78.66 113M
BROS* 80.56 81.88 81.21 138M
LayoutLMv2BASE* 80.29 85.39 82.76 200M
Word-FUDGE* 69.37 75.30 72.21 17M
APReCoT 70.42 71.13 70.77 3M
* Results reported in [31].
** Results reported in [205].

Table 4.2: Semantic labeling results for the FUNSD dataset.

Link prediction

As described in section 4.1.2, we use self-attention to train the model to predict whether a link
exists between a given pair of tokens. We train the model for 100 epochs with a learning rate
of 5e� 3. Table 4.3 shows the F1 performance on the FUNSD dataset. APReCoT is able to
outperform LayoutLMBASE, which has 35 times as many parameters and is trained on the IIT-
CDIP dataset [92] with more than 6 million documents. It is outperformed by BROS (with 138M
parameters) and Word-FUDGE, a graph-based method designed for link prediction.

Table 4.4 shows the results on the NAF dataset, which offers a simple version (only links be-
tween �eld names and values), and full version (all links). APReCoT has lower performance on
NAF compared to FUNSD. This could be due to the data distribution in FUNSD being closer to
the pretraining dataset (RVL-CDIP). Both include grey-scale forms with the majority of bound-
ing boxes in horizontal or vertical alignment. Whereas NAF includes a wider color diversity,
stamped and hand-written content, and polygons with various orientations.
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