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Abstract

Documents have been essential for information preserving and exchanging, with

their significance continually increasing in the information age. Since the excessive

documents make manual processing impractical, automatic document understand-

ing has become a long-standing task with urgent and practical needs. Automatic

document understanding enables machines to identify, extract, analyze, and rea-

son over information from digital documents. Though being extensively studied,

it faces several challenges: (1) Few-shot: The scarcity of annotated instances

requires robust few-shot learning to capture rare but valuable information. (2)

Large-scale: Efficient extraction and retrieval mechanisms are necessary to han-

dle the explosive growth in document volume. (3) Multi-modal: Unified under-

standing demands integrated perception of diverse modalities like text, tables and

charts. (4) Long-context: Accurate localizing and reasoning over information

across lengthy documents remain an open problem. The above challenges hinder

the practical deployment of document understanding systems.

Towards a practical automatic document understanding, this thesis addresses these

challenges in two key sub-tasks: Information Extraction (IE) and Document Read-

ing Comprehension. First, we start from few-shot event detection task and con-

duct an empirical study on previous competitive methods. Based on the results, we

propose a unified view by breaking down the design elements of previous methods

along several dimensions. Upon the unified view, we propose a simple yet effective

unified baseline that combines all advantageous elements and performs best.

Second, we explore event argument extraction task and pursue the algorithm to

be effective under few-shot settings and efficient under large-scale scenarios.

Our proposed PAIE algorithm effectively captures the interactions of arguments

scattered among documents, and efficiently extracts all of them in parallel. Exten-

sive experiments show that PAIE presents promising improvements under few-shot

settings and significant time reductions on large-scale documents.

xiii



xiv

Third, we investigate how to leverage recent Large Language Models (LLMs) into

generalized few-shot and large-scale IE tasks. Our findings reveal that LLMs

effectively complement Small Language Models (SLMs) and handle challenging

samples that SLMs struggle with. Consequently, we propose an adaptive filter-

then-rerank paradigm to combine the strengths of LLMs and SLMs, where SLMs

make preliminary predictions and LLMs rerank a small portion of difficult samples

identified by SLMs. Our paradigm achieves consistent improvements on various

few-shot IE tasks, with acceptable latencies and budgets.

Fourth, we turn our attention to document reading comprehension and evaluate the

reading comprehension capabilities of Large Language-Vision Models (LVLMs) on

multi-modal, long-context documents. To this end, we construct a benchmark

named MMLongBench-Doc incorporating lengthy PDF-formatted documents

and questions based on these documents. The answers of these questions rely

on evidences across different modalities and pages. Extensive experiments on 14

LVLMs reveal that the unified and end-to-end understanding of lengthy documents

poses great challenges to current LVLMs.

Finally, we take a step back and pursue a visualized document retriever (VDR)

which can retrieve key information from the large-scale, multi-modal docu-

ments. Identifying computational bottlenecks in existing VDR approaches, we

propose a simple yet effective approach named Light-ColPali/ColQwen. It merges

similar tokens to reduce both the offline memory cost and the online time latency

with minimal performance loss. This approach makes VDR much more practical

under real-world applications.

All in all, this thesis makes significant contributions to practical automatic docu-

ment understanding in multiple dimensions. Through systematic investigation of

both Information Extraction and Document Reading Comprehension, we conduct

comprehensive empirical studies, establish new benchmarks, and develop innovative

approaches to bridge the gap between theoretical research and real-world scenarios.

We believe that these contributions lay a solid foundation for future research in

document understanding.
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Chapter 1

Introduction

1.1 Motivations

Documents are semantically-coherent artifacts in which heterogeneous information

units (sections, paragraphs, sentences, tables, figures, etc.) are aggregated into the

whole. They are one of the fundamental forms for information preservation and

sharing throughout human history. From early forms such as clay tablets, bamboos

and papers shown in Figure 1.1(a), they have played a vital role in the progress of

civilization. Over the past decades, the importance and prevalence of documents

have further increased. At the same time, the paradigm of document creation,

read, save, and dispatch has been significantly renewed.

(a) Ancient documents 
in different formats  

(b) Digital documents in the information age

Figure 1.1: Document examples in (a) ancient times and (b) information age.

1



2 1.2. Research Scope

This shift in the information age can be summarized in two key aspects. Firstly,

digitization makes documents beyond the physical formats (whether handwritten

or printed) and enables virtual creation and storage. Documents now can be for-

matted as sequences of bits in electronic devices or cloud servers, such as PDFs,

Word files, PowerPoint presentations, and scanned images of documents. It drasti-

cally reduces documentation costs and contributes to explosive growth of document

amounts. Secondly, the popularity of Internet significantly decreases the barrier

to document access and distribution. Unlike last generations searching for docu-

ments in libraries or archives, people can now readily access extremely abundant

documents online. Consequently, these two developments, i.e., the rapid growth of

and easy access to documents, have resulted in a unprecedentedly rich collection

of accessible documents.

The wealth of accessible documents greatly facilitate the information recording and

sharing in human society. When facing millions of or even billions of documents,

however, conventional manual reading becomes time-consuming, costly, and some-

what impractical. Additionally, the rapid progress of General Artificial Intelligence

(GAI) draws a promising illustration that AI-driven systems will likely reach or

even surpass the limit of humans in the very near future. Therefore, the automatic

processing of documents can benefit wide applications across various domains, par-

ticularly in areas where timely decision-making and scalable information-seeking

are critical such as legal analysis [3, 4], financial analysis [5, 6], medical record

interpretation [7], academic research [8, 9], etc.

1.2 Research Scope

Automatic document understanding enables machines to identify, extract, analyze,

and reason over the semantics of digital documents and/or their parsed units. In

this thesis, we focus on automatic document understanding and examine two rep-

resentative sub-tasks, i.e., Information Extraction and Document Reading Com-

prehension. Each of them addresses practical needs in document understanding

with different formats and levels. We detail these two sub-tasks as follows.
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Document understanding as information extraction: 1 When the needs are

clear, an extractive approach called information extraction (IE [10]) is often used to

obtain specific contents from documents. For example, financial analysts extract

key metrics like net profit and debt-to-asset ratios from annual reports; doctors

quickly locate specific test results in electronic medical records; and editors locate

information related to a specific event from numerous news articles. As shown in

Figure 1.2 (left), IE identifies and extracts structured knowledge from document

units . Here are two key concepts in IE task. (1) The schema specifies the types

and classes of information to be extracted, such as entities [11], relations [12],

events [13], etc. (2) The structured knowledge is derived from the document’s con-

text and formatted as the schema’s framework. By transforming unstructured text

into structured data, IE serves as an intermediate task in document understand-

ing by summarizing the key information from large document corpora in concise

and organized manners. It makes the information in the documents easier to be

analyzed and utilized, and benefits various applications such as knowledge-base

construction [14–17], question answering [18, 19] and story generation [20, 21].

Document understanding as reading comprehension: When the needs are

more personalized and/or complicated, the reading comprehension is more attrac-

tive. For instance, researchers summarize the methodology, theoretical framework,

and innovations of academic papers; lawyers assess the legal validity and potential

risks of contracts. Featuring flexible inputs and outputs, Reading Comprehen-

sion [22] is formatted as a question answering (QA) problem and somewhat repre-

sents a recent paradigm shift in document understanding. As shown in Figure 1.2

(right), this task receives the question and provides the answer based on either the

document units or the whole documents. Compared to IE tasks, reading compre-

hension understands documents in a more flexible and dynamic manner. Here, the

questions and answers are written in natural languages and not constrained by rigid

formats or predefined templates. It enables them to meet diverse and customized

1We argue that Information Extraction (IE) is one of the critical tasks for document under-
standing (and most general NLP tasks are not). IE is designed to extract and structuralize the
key information from the documents. However, due to the limitations of computational cost
and/or model architectures, most IE systems process documents at sub-document level. They
separate documents into multiple units and process each chunk independently. Although a unit
may contain only one or two sentences, the structured information extracted at sub-document
levels is ultimately co-referenced and/or aggregated at the whole-document level. These aggre-
gated information further serves for downstream document-centric use, such as search, analytics,
QA, etc. In contrast, most other general NLP tasks neither integrate information across multiple
units of the same document, nor serve the broader goal of document understanding in this sense.



4 1.3. Challenges

…… Dan Sanchez reports: The Saudis go full ISIS in their US-backed Takfiri War on the Shia 
Saudi Arabia has perpetrated a mass execution that puts ISIS’s beach beheadings to shame. 
Forty-seven heads rolled on Saturday. One of them belonged to Nimr al-Nimr, a revered Shiite 
cleric who had been sentenced to death for sermons in which he criticized the government ……

Schema

Justice.Execution
• Executor
• Defendant
• Crime

Event Type   Trigger Word
  Justice.Execution  Execution

  Role   Argument
   Executor  Saudi Arabia
   Defendant  Nimr al-Nimr
   Crime   Sermons in which he criticized the government

Structured Knowledge

Information 
Extraction

Question

What was the primary reason for 
the execution of Nimr al-Nimr?

Reading
Comprehension

Document snippet

The primary reason for the execution of Nimr al-Nimr was 
his criticism of the Saudi government during his sermons, 
which led to his sentencing and eventual execution.

Answer

Figure 1.2: Illustration of two focused sub-tasks of automatic document un-
derstanding in this thesis. Left: Information Extraction. Right: Document
Reading Comprehension.

demands ranging from low-level questions [23, 24] (extracting information; e.g.,

What is the publication date of this document?) to high-level questions [25, 26]

(summarizing or reasoning upon deep analysis; e.g., What are the main arguments

presented in this paper, and how do they compare to prior work?). With the surge

development of Large Language Models (LLMs), the power of reading comprehen-

sion has been more and more leveraged under real-world scenarios.

1.3 Challenges

Even though automatic document understanding has been intensively studied, sig-

nificant challenges remain in the real-world applications. In this section, we sum-

marize the challenges as follows. These discussed challenges motivate us to develop

targeted works in the later sections of this thesis.

• Few-shot. The information and knowledge in documents exhibit a long-

tailed distribution [27]. While certain types of information appear frequently

and can be easily extracted, many other types rarely occur and are chal-

lenging to extract. In practice, most classes of the IE schema fall into the

tail category and have few instances in document corpora. This scarcity is

further exacerbated by the fact that annotating structured instances (such
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as entities, relationships, or events) is notoriously difficult, time-consuming,

and often requires domain expertise. As a result, the training samples for

most classes in IE tasks are scarce. In such low-resource scenarios, extractors

must accurately identify schema types that occur only a few times or even

zero times.

• Multi-modality. Raw documents (such as PDFs, Word files, PowerPoint

presentations, and scanned images of documents) are multi-modal in native

and feature complex layouts and heterogeneous information including text,

tables, charts, images, and more. Though document understanding systems

are expected to handle raw documents towards a unified comprehension, they

currently still struggle with integrating diverse modalities effectively. Text-

based models may excel at processing paragraph but fail to interpret tables

or images. Conversely, vision-based models might capture visual elements

but miss the fine-grained textual details. How to handle information across

different modalities, i.e., perceiving both the textual paragraphs and the

visualized components in the document, poses great challenges for the current

document understanding systems.

• Long-context. Considerable amounts of documents in the real world are

long-context documents with tens or even hundreds of pages. The under-

standing of these lengthy documents brings additional challenges from at

least two aspects: (1) Localization: accurately identifying information from

massive information; (2) Cross-page comprehension: collecting and reason-

ing over multi-source information across different pages. Even though the

document systems empowered by Large Language Models (LLMs; [28]) and

Large Vision-Language Models (LVLMs [29]) can receive inputs with million

tokens, they still struggle on these above two challenges [30, 31].

• Large-scale. As mentioned earlier, the explosive growth of document amounts

is a key driver for automated understanding. When dealing with large-scale

documents, two major challenges arise. First, we need efficient and scalable

IE algorithms that can quickly and cost-effectively extract structured knowl-

edge. Second, the specific page or document containing the key information

is usually unknown. Since it is impractical to process all documents in a

corpus to answer a single question, a efficient retrieval system which selects

relevant documents or even pages from massive corpora is in high demands.



6 1.4. Contributions

1.4 Contributions

In this section, we summarize our contributions that aim to address the challenges

mentioned above. We categorize the discussion into the part of Information Ex-

traction and Reading Comprehension, respectively.

Information Extraction: The first part of this thesis introduces three IE algo-

rithms which are effective under few-shot settings and efficient under large-scale

scenarios. The first two works focus on two event-related IE tasks, i.e., event de-

tection and event argument extraction. And the last work is generalized across

different IE tasks.

• We start from event detection task and conduct an empirical study of twelve

SOTA methods under practical few-shot settings. Based on the result, we

propose a unified view by breaking down the design elements of previous

methods along several dimensions. Upon the unified view, we propose a

simple yet effective unified baseline that combines all advantageous elements

of existing methods and performs best. This work is published in the Pro-

ceedings of the 61th Annual Meeting of the Association for Computational

Linguistics (ACL 2023) [32].

• We further explore the applications of prompting strategy for IE task and

propose a novel method PAIE that prompting argument interactions for event

argument extraction task. Our prompting strategy effectively captures the

interactions of arguments scattered among documents, and efficiently extracts

all arguments in parallel. Extensive experiments show that PAIE presents

promising performance improvement under few-shot settings and significant

time reduction on large-scale documents. This work is published in the

Proceedings of the 60th Annual Meeting of the Association for Computational

Linguistics (ACL 2022) [33].

• The emergence of Large Language Models (LLMs) brings new opportunities

and possibilities towards few-shot IE tasks [34, 35]. Thus we explore the

optimal strategy to leverage LLMs by the means of in-context learning. Our

findings reveal that LLMs are not independent effective few-shot information

extractors but can effectively complement Small Language Models (SLMs)

and tackle challenging samples that SLMs struggle with. Consequently, we
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propose an adaptive filter-then-rerank paradigm to combine the strengths of

LLMs and SLMs. By prompting LLMs to rerank a small portion of difficult

samples identified by SLMs, our preliminary system consistently achieves

promising improvements on various few-shot IE tasks, with an acceptable

time and cost investment on large-scale documents. This work is published

in the Findings of the Association for Computational Linguistics: EMNLP

2023 (EMNLP 2023; Findings) [36].

Document Reading Comprehension: The second part of this thesis focuses

on two related works about reading comprehension. Here the document refers to

the native multi-modal documents such as PDFs, PowerPoints, etc. Specifically,

the first work explores end-to-end reading comprehension for long-context docu-

ments, while the second work investigates the efficiency of a visualized document

retriever towards large-scale applications.

• We aim to evaluate the reading comprehension capabilities of recent Large

Language-Vision Models (LVLMs; [29]) on multi-modal, long-context doc-

uments. To this end, we construct MMLongBench-Doc incorporating

lengthy PDF-formatted documents and questions based on these documents.

The answers of these questions rely on evidences across different modalities

and pages. Extensive experiments on 14 LVLMs reveal that the understand-

ing of lengthy documents poses great challenges to current LVLMs. To our

best knowledge, MMLongBench-Doc is the first comprehensive benchmark

designed to evaluate the long-context document understanding capabilities of

LVLMs. This work is published in the 38th Conference on Neural Information

Processing Systems as a spotlight paper (NeurIPS 2024; Spotlight) [37].

• We further explore the Visualized Document Retrieval (VDR; [38, 39]) task

and aim to retrieve short document snippets from multi-modal, large-scale

document corpora effectively and efficiently. Specifically, we conduct an em-

pirical study to pursue the optimal efficient retriever which reduces maxi-

mum offline memory footprints at minimum performance degradation. Our

findings reveal that token merging is naturally more appropriate than token

pruning under VDR setting. And we search for the optimal combinations

of merging strategies across three dimensions. Based on the searching re-

sults, we combine advantageous choices and develop Light-ColPali/ColQwen2



8 1.5. Thesis Outlines

Document Understanding as 
Information Extraction 

Chapter 3 
A Unified View on Few-shot 

Event Detection

Chapter 5
Filter-then-rerank Paradigm for 

Information Extraction

Chapter 1
Introduction

Chapter 2
Related Work

Automatic Document Understanding 

Chapter 6 
Benchmarking Long-context 

Document Understanding

Chapter 7
Empirical Study on Efficient 

Visualized Document Retriever

Few-
shot

Large-
scale

Long-
context

Multi-
modality

Chapter 8
Conclusion & Future Work

Chapter 4 
Prompting Argument Interaction 
for Event Argument Extraction

Document Understanding as 
Reading Comprehension

Figure 1.3: The outline of this thesis. Rectangles represent the chapters and
circles represent the challenges to address.

which reduces the embedding footprints by orders of magnitude and main-

tains comparable performance. This work is published in the Findings of

the Association for Computational Linguistics: ACL 2025 (ACL 2025; Find-

ings) [40].

1.5 Thesis Outlines

As illustrated in Figure 1.3, this thesis is outlined in the following manner:

Chapter 1 introduces the motivations of automatic document understanding. It

figures out four practical challenges in document understanding, and summarizes

our contributions to its two key sub-tasks: information extraction and reading

comprehension. Chapter 2 then provides a literature review on these tasks.

Chapter 3-Chapter 5 focus on three few-shot and efficient information extraction

algorithms. Specifically:

• Chapter 3 conducts an empirical study on few-shot event detection. It pro-

poses a unified view of previous works and develops a baseline that combines
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the strengths of existing methods. This baseline outperforms all previous

approaches.

• Chapter 4 introduces PAIE, a prompt tuning strategy that extracts all

arguments at once and captures their interactions. To our knowledge, it

is the first prompt-based method for event argument extraction achieving

strong performance.

• Chapter 5 explores the optimal use of LLMs for few-shot IE tasks. Take a

step further, we propose a filter-then-rerank paradigm that combines tradi-

tional IE algorithms with LLM-based approaches.

Chapter 6-Chapter 7 address the reading comprehension task for multi-modal

documents. Specifically:

• Chapter 6 focuses on long-context reading comprehension task and, to our

best knowledge, presents MMLongBench-Doc benchmark for this domain.

Experiments reveal that the understanding of lengthy documents poses great

challenges to current LVLMs.

• Chapter 7 investigates the efficiency of visualized document retrievers. We

propose a token merging approach that achieves comparable accuracy while

reducing memory costs by over 90%.

Chapter 8 concludes the thesis and discusses the potential directions for future

research towards more practical document understanding.





Chapter 2

Literature Review

In this chapter, we review existing works on automatic document understanding.

Following the categorization in Chapter 1, we discuss document understanding from

two aspects, i.e., Information Extraction and Document Reading Comprehension,

in Section 2.1 and Section 2.2 respectively.

2.1 Information Extraction

In this section 1, we begin with the definition of four Information Extraction (IE)

tasks. Next, we clarify the few-shot IE setting discussed in this thesis. Then we

review few-shot IE approaches on Small Language Models (SLMs; like BERT [41],

BART [42], T5 [43], etc.) and Large Language Models (LLMs; like GPT-4 [44],

CODEX [45], LLaMA [46], etc.) respectively.

Task Definition. Generally, Information Extraction (IE; [47, 48]) can be regarded

as structured prediction tasks [49], where a classifier is trained to approximate a

target function F (x)→ y. Here x ∈ X denotes the input data and y ∈ Y denotes

the output class sequence. This thesis involves four sub-tasks of IE:

• Named Entity Recognition (NER [11]) locates and classifies named enti-

ties from the documents. It is usually formulated as a sequence labeling task.

1This section is published as Shumin Deng, Yubo Ma, Ningyu Zhang, Yixin Cao, and Bryan
Hooi. “Information Extraction in Low-Resource Scenarios: Survey and Perspective”. IEEE
International Conference on Knowledge Graph (ICKG), pages 33-49, Abu Dhabi, United Arab
Emirates, 2024. [10]

11



12 2.1. Information Extraction

Given a document corpora D annotated with schema E (the set of entity

types) and a sentence X = [x1, ..., xN ] ∈ D, where xi is the i-th word and

N the length of this sentence, NER aims to assign a label yi ∈ (E
⋃
{N.A.})

for each xi ∈ X. Here N.A. refers to either none entities or entities beyond

pre-defined types E.

• Relation Extraction (RE [50]) classifies the relations between entity pairs

and is usually formatted as a classification task. Given an entity pair (e1, e2) ∈
E×E and a relation setR, RE aims to assign a relation label yi ∈ (R

⋃
{N.A.})

to the entity pair.

• Event Detection (ED [13]) locates and identifies the event triggers and

their types occurred in the documents. It shares similar task format as NER

and can be formulated as a sequence labeling task. The only difference is

that ED extracts event triggers xi ∈ X about event type e ∈ E. Here schema

E denotes the set of event type (rather than entity type).

• Event Argument Extraction (EAE [13]) is a successive task of ED which

locates and identifies the arguments of the specific event type and its trigger

word. EAE is formatted as a span extraction problem on document D. Given

an instance (D, t, e, R(e)) where t ⊆ D denotes the trigger word, e denotes

the event type and R(e) denotes the set of event-specific role types, we aim to

extract a set of span A. Each a(r) ∈ A is a segmentation of D and represents

an argument about r ∈ R(e).

For instance, given a sentence

Jack is married to the Iraqi microbiologist known as Dr. Germ.

NER should identify the types of entities in given texts, e.g., Jack and Dr. Germ

as entity PERSON; RE should identify the relationship of the given entity pair ⟨Jack,
Dr. Germ⟩ as relation husband of; ED should identify the event type as Marry,

where the word married triggers the event; EAR should further identify Jack and

Dr. Germ as two arguments of role husband and role wife, respectively.

Few-shot IE setting. This thesis does NOT adopt the traditional few-shot task

setting, i.e., episode learning shown in Figure 2.1 (left). Literally, episode learning
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incorporates multiple episodes. Each episode is a few-shot problem with its own

train (support) and test (query) sets and event-type classes. Since the sets in each

episode are sampled uniformly having K different classes and each class having

N instances, episode learning is also known as N -way-K-shot classification. We

argue that this setting assumes a realistic scenario. First, during the meta-training

stage, a large number of episodes is needed, for example, 20,000 in Cong et al. [51].

Second, tasks with episode learning are evaluated by the performance on samples of

the test (query) set in the meta-testing phase. The test sets are sampled uniformly,

leading to a significant discrepancy with the true data distribution in many NLP

tasks. The absence of sentences without any events further leads to distribution

distortion. Further, each episode contains samples with only K different classes,

where K is usually much smaller than the event types in the target schema. All

these factors may lead to an overestimation on the ability of few-shot learning

systems. For above reasons, we do not consider this setting in our experiments.

Episode Learning Setting Low-resource Setting 

Figure 2.1: Illustration of two few-shot settings. Different colors represent
different event types. Different colors represent different classes in the schema
(e.g., event types for event detection task). We adopt the right one in this thesis.

Instead, we consider a more simple and practical few-shot setting shown in Fig-

ure 2.1 (right). It is also known as low-resource setting. Under this setting, we

assume access to a dataset D = (Dtrain,Ddev,Dtest) annotated with a label set E,

where |Ddev| ≤ |Dtrain| ≪ |Dtest|. It assesses the generalization ability of models

by (1) utilizing only few samples during training, and (2) evaluating on the real

and rich test dataset.
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2.1.1 Few-shot IE Approaches on SLMs

We introduce previous few-shot approaches on SLMs categorized by their corre-

sponding IE tasks as follows.

• Named Entity Recognition One classical paradigm in NER is utilizing

ProtoNet [52] and its variants to learn one representative prototypes for each

class type with only few examples. Fritzler et al. [53] firstly combine ProtoNet

and CRF module to solve NER tasks. Hou et al. [54] propose L-TapNet-CDT,

which enhances TapNet [55], a variant of ProtoNet, with entity names and

achieves great performance. Both methods construct prototypes by comput-

ing the average embeddings of several sampled examples (support set). Yang

and Katiyar [56] propose a simpler algorithm, leveraging supervised classifier

learned in existing schema as feature extractor and adopting nearest neigh-

bors classification during inference, and show competitive performance in

class transfer setting for few-shot NER task. Das et al. [57] introduce con-

trastive learning into few-shot NER task. Ma et al. [58] recently developed

a simple but effective method on few-shot NER by constructing prototypes

only with their labels.

• Relation Extraction We roughly categorize existing few-shot RE meth-

ods into two classes: prompt-based methods and prototype-based methods.

(1) Prompt-based methods leverage the rich language knowledge in PLMs

by converting downstream tasks to the task with which PLMs are more fa-

miliar. Such format conversion narrows the gap between pre-training and

downstream tasks and benefits knowledge induction in PLMs with limited

annotations. Specifically, few-shot RE can be converted to machine reading

comprehension (MRC [59, 60]), natural language inference (NLI [61]) and

summarization [62]. (2) Prototype-based methods predict an event type for

each word/span mention by measuring its representation proximity to proto-

types [63–67]. Here we define prototypes in a generalized format — it is an

embedding that represents some event type.

• Event Detection Similarly as few-shot RE, we group existing few-shot ED

methods into two classes as follows. (1) Prompt-based methods. Few-shot

ED can be converted to MRC [68–70], NLI [71], conditional generation [72–

75], and the cloze task [76]. (2) Prototype-based methods. For example,
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Prototypical Network (ProtoNet, [52]) and its variants [51, 77–81] construct

prototypes via a subset of sample mentions. In addition to event mentions,

a line of work leverage related knowledge to learn or enhance prototypes’

representation, including AMR graphs [82], event-event relations [80], defini-

tions [83] and FrameNet [84]. Zhang et al. [85] recently introduce contrastive

learning [86] in few-shot ED task. Such method also determines the event by

measuring the distances with other samples and aggregates these distances

to evaluate an overall distance to each event type.

• Event Argument Extraction A recent trend formulates few-shot EAE as

an extractive QA problem [68, 69]. This paradigm naturally induces the lan-

guage knowledge from pre-trained language models by converting EAE tasks

to fully-explored reading comprehension tasks via a question template. Wei

et al. [87] considers the implicit interaction among roles by adding constraints

with each other in template, while Liu et al. [88] leverages data augmenta-

tion to improve the performance. However, they can only predict roles one

by one, which is inefficient and usually leads to sub-optimal performance.

There are also some recent works converting extraction tasks to generation

tasks. Paolini et al. [72] propose TANL to handle a variety of structured pre-

diction tasks, including EAE, by a unified text-to-text approach and extract

all arguments in a single pass. Lu et al. [73] follow TANL and also take EAE

as a sequential generation problem. Li et al. [89] target generation model by

designing specific templates for each event type.

2.1.2 Few-shot IE Approaches on LLMs

LLM-Based
Approaches

Direct Inference
Without Tuning

Instruction Prompting
LLM4EE [90]; ChatIE [91]; [92]; SumAsk [93];
PromptNER [94]s AutoKG [95]

Code Prompting
Code4Struct [96]; CodeIE [97]; CodeKGC [98];
ViStruct [99]; Code4UIE [100]; GoLLIE [101]

In-Context Learning

In-context NER [102]; [103]; GPT-RE [104];
GL [105]; GPT-NER [106];
REPLM [107]; [108]; [109]; [110];
LOKE [111]; [112]; PGIM [113]

Model Specialization
With Tuning

Prompt-Tuning LLM
DeepStruct [114]; QA4RE [115]; Odie [116];
UniversalNER [117]; InstructUIE [118]

Figure 2.2: Taxonomy of few-shot IE approaches on LLMs.
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Compared to SLMs, LLMs have stronger capabilities and allow for more advanced

prompt learning strategies. Additionally, they also use a more standardized input-

output format and allow for the review of few-shot IE methods from a unified

perspective. We divide LLM-based approaches into two classes shown in Figure 2.2.

Direct Inference without Tuning. These methods prompt LLMs without fine-

tuning and thus are practical for extracting information from scarce data. By

leveraging the inherent capabilities of LLMs to understand the document, they

enable LLMs to conduct few-shot IE tasks smoothly.

• Instruction Prompting provides task-specific instructions to the LLM.

Since this paradigm requires no demonstrations, it is well-suited for zero-

shot [91, 95, 119] and cross-domain [94] IE tasks. For example, Xie et al.

[120], Li et al. [93] and Gao et al. [90] highlight LLMs’ strengths in zero-shot

named entity recognition (NER), relation extraction (RE), and event detec-

tion tasks, respectively. Additionally, Lin et al. [92] apply global constraints

with prompting for zero-shot event extraction (EE) and show its adaptabil-

ity across different datasets. However, there still exists remaining challenges

that the prompts often struggle to clarify complex IE tasks or fine-grained

schema types.

• In-Context Learning (ICL) leverages the ability of LLMs to learn from

demonstrations. By understanding relevant examples, LLMs “understands”

the specific IE task. Recent studies have applied ICL to various few-shot IE

tasks, including NER [102, 106, 108, 112, 113], RE [103, 104, 107, 121], joint

IE [105, 109], and OpenIE [110, 111]. However, the alignment between inputs

and labels is not always effective. And we hope this can be further explored

in the future work.

• Code Prompting provides LLMs with code-like instructions [101] to guide

their response generations. Since the schema of IE tasks can be naturally

formatted as code, this approach is particularly effective for few-shot IE tasks.

For instance, Wang et al. [96], Li et al. [97], Bi et al. [98] design unified

code-style prompts across various IE tasks. Guo et al. [100] introduce a

retrieval-augmented code generation framework which integrates ICL (i.e.,

retrieving similar examples) to code prompting. Additionally, Chen et al.



Chapter 2. Literature Review 17

[99] extend code prompting to multi-modal scenarios and combine code and

visual representations for visual IE tasks.

Model Specialization with Tuning. These methods improve few-shot IE by

adjusting LLMs’ weights on domain-specific data. We further categorize them into

two approaches, i.e., prompt-tuning and fine-tuning, and detail them as below.

• Prompt-Tuning LLM keeps most of the weights fixed and tunes a small set

of parameters. Drawing inspiration from instruction tuning, several methods

transform annotated samples into instruction-answer pairs and then finetune

LLMs on them. For example, Wang et al. [118] propose a unified IE frame-

work named Instruct-UIE which unifies 32 diverse IE datasets in a text-to-

text format and performs instruction tuning on FlanT5-11B [122]. Jiao et al.

[2] create InstructIE dataset and fine-tune LLaMA-7B [46] to enhance its

instruction-following capabilities. Wang et al. [114] pre-train GLM-10B [123]

on task-agnostic corpora to generate structured outputs from documents.

Zhang et al. [115] figure out that instruction-tuning alone may not fully

unlock RE capabilities in LLMs. To address this limitation, they propose

QA4RE framework and align RE with question answering task (with which

LLMs are more familiar). Above efforts highlight the diversity and effective-

ness of prompt-tuning in adapting LLMs across generalized IE tasks.

• Fine-Tuning LLM adjusts the full weights on task-specific datasets. This

approach is more data-intensive than prompt-tuning but expectantly leads

to performance gains. Actually, this kind of methods are currently underde-

veloped for low-resource IE tasks due to the limit of computing resources.

2.2 Document Reading Comprehension

In this section, we first define Document Reading Comprehension (DRC). We

then briefly discuss the differences between textual-based and visual-based doc-

ument reading comprehension. To tackle the multi-modality challenge outlined in

Section 1.3, this thesis focuses on visual-based document reading comprehension.

Specifically, we review two paradigms for (visual-based) reading comprehension:
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Visual-based DU
system

Text-based DU
system

Document 
Parser  …...

have implemented a Vision Transformer (ViT) (Dosovitskiy 
et al., 2021) with approximately 675 million parameters, 
adept at handling both image and video inputs. 
  ……Document screenshots

Parsed text

Visual-based Document Understanding

Text-based Document Understanding

Figure 2.3: The illustration of two reading comprehension systems categorized
by modality. Top: Visual-based. Bottom: Text-based.

end-to-end generation in Section 2.2.2 and retrieval-augmented generation in Sec-

tion 2.2.3 respectively.

Generally, Document Reading Comprehension [23–25, 124] features more flexible

manner and is formatted as a question answering (QA) task. Given a document

context D 2 and a related question X, document reading comprehension aims to

find the evidences from D to answer the question Y . This process emphasizes

identifying and reasoning over key information within the document to address the

question effectively.

2.2.1 Textual v.s. Visual Reading Comprehension

As shown in Figure 2.3, we classify reading comprehension into two categories based

on the modality of D. If D is in text form, the system is categorized as text-based.

If D is in captured as a screenshot and formatted as an image, the system falls

under visual-based setting. We further clarify their differences as follows.

Text-based Reading Comprehension firstly parses text from the document and

then feeds the text to the system. For example, the text can be parsed and curated

from Wikipedia [23, 124–126], Reddit [127], Stack Exchange [128], Arxiv [129, 130],

financial reports [5, 131, 132], etc. Text-based setting has historically dominated

the field for two main reasons: (1) The NLP techniques, including the recent rise

2Here the context can be one or multiple text chunks, one or multiple paragraphs, even one
or multiple complete documents.
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of LLMs, have enabled robust understanding of parsed text. (2) The sheer scale of

documents in the information age makes text-based storage significantly more cost-

effective, as textual data naturally contains more information than pixel values.

However, text-based setting also has intrinsic limitations compared to the visual-

based approaches because it requires document parsers to extract the text from

native documents. However, such document parsing is time-consuming and leads

to significant latency under real-time scenarios. And it often results in information

loss due to the incorrect recognitions on texts or tables. Moreover, it cannot utilize

information from visual elements like figures, charts and diagrams.

Visual-based Reading Comprehension views documents as images (screen-

shots per page) and directly feeds the screenshots to the system. This approach

preserves both the layout structures and visual elements of documents, enabling a

what-you-see-is-what-you-get (WYSIWYG) understanding. Although it has been

extensively studied [133–135], visual-based reading comprehension systems have

historically underperformed than text-based ones. We mainly attribute this gap

to the limited capabilities of visual models in processing large amounts of text

within images, and their inability to perform deeper understanding and reasoning.

However, recent LVLMs have demonstrated remarkable OCR [136] and reason-

ing [137, 138] capabilities. These developments highlight the growing potential

of visual-based reading comprehension in evaluation, algorithms, and applications.

As a result, we focus on visual-based setting in the second part of our thesis (Chap-

ter 6-7) for detailed exploration.

Similar to text-based setting, visual-based reading comprehension can be further

divided into two paradigms. The first paradigm, referred to as end-to-end genera-

tion, processes the entire document and generates the answer in a single step. The

second paradigm, known as retrieval-augmented generation, is used when dealing

with large document corpora (e.g., Wikipedia) or when a single document is ex-

cessively long. We discuss related works on these two paradigms in Section 2.2.2

and Section 2.2.3, respectively.

2.2.2 End-to-end Visual Reading Comprehension

Models. End-to-end visual reading comprehension are primarily addressed by two

main branches of models. The first branch employs two-stream, OCR-dependent
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architectures that separately encode textual information (extracted via OCR) and

visual information (images and/or layout structures). Examples include the Lay-

outLM v1-v3 series [139–141], DocLLM [142] and Arctic-TILT [143]. The sec-

ond branch eliminates the dependency on OCR and enables models to process

image-formatted documents in an end-to-end manner. Notable examples include

Donut [144], UODP [145], and Pix2Struct [146]. By incorporating large amounts

of OCR data during training, recent LVLMs [147–151] have demonstrated strong

performance on reading comprehension tasks where the documents are single-page

or short-context. Accordingly, this branch has become the dominant approach for

visual-based reading comprehension.

Benchmarks. A great amount of datasets have emerged to evaluate the reading

comprehension capabilities of LVLMs. Previous datasets primarily focus on specific

components (e.g., tables, charts) [130, 152–154] or single-page documents [24, 155].

Recent efforts attempt to assess multi-page document reading comprehension, but

still exhibit shortcomings in terms of document length (number of pages), infor-

mation density (number of tokens), and construction methodologies. For instance,

MP-DocVQA [156], an extension of DocVQA [24], lacks cross-page and unanswer-

able questions. DUDE [157], annotated from scratch, includes a small propor-

tion of cross-page questions (2.1%) and unanswerable questions (12.7%). How-

ever, its relatively short context length and reliance on crowd-sourced annotations

result in less challenging and less rigorous questions. SlideVQA [158] features

20-page documents and cross-page questions (12.9%). Nevertheless, their docu-

ments are in slide-deck format and of relatively low information density. More-

over, these cross-page questions are HotpotQA-style [25] created by instantiating

entity graphs and co-referencing in-graph entities across multiple pages. Such con-

struction approaches likely lead to false cross-page questions that actually do not

require answers evidence across different pages. The recent FinanceBench [159]

features both extremely long-context documents and practical, scalable cross-page

questions. However, its documents are exclusively financial reports. Additionally,

the reference answers are in open-ended formats, making the expert-level manual

evaluation indispensable. The above reasons limit the broader applicability of Fi-

nanceBench. In summary, there remains a lack of a comprehensive and robust

benchmark for evaluating long-context document understanding tasks.

Long-context LVLMs. Lengthy documents necessitate the use of LVLMs with
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extended context sizes. Several benchmarks [160–163] and solutions [164–167] have

been proposed to evaluate and develop long-context LLMs. However, there exists

limited related work for long-context LVLMs, leaving this area largely unexplored.

Until very recently, contemporary studies [168–170] assess and/or improve LVLMs’

multi-image understanding capabilities. Evaluations indicate that current LVLMs

are not yet fully equipped to handle long-context reading comprehension (and many

other practical tasks that require extensive contextual comprehension).

2.2.3 Retrieval-augmented Generation for Visual Reading

Comprehension

Retrieval-augmented generation (RAG [171]) serves at least two critical roles in

visual-based reading comprehension. (1) Current LVLMs still struggle with lengthy

documents. By retrieving and processing only the most relevant sections of a docu-

ment, RAG mitigates the limitations of handling long-context inputs. Therefore, it

provides a temporary solution until more advanced long-context LVLMs are devel-

oped. (2) When dealing with large document corpora (e.g., the entire Wikipedia),

it is impractical to feed all documents into LVLMs. Retrieving the most relevant

documents or sections is necessary in such scenarios. This approach ensures effi-

ciency and scalability while maintaining the quality of comprehension.

An RAG-based document system typically consists of visual document retrievers

(VDR) and LVLMs. By retrieving the most relevant document sections, VDR

enables LVLM to handle shorter, more relevant documents. And the shortening of

context enables LVLMs to generate more accurate and appropriate answers. While

the role of LVLMs has been discussed in the previous section, this section focuses

the review on VDR.

Visual Document Retriever. Given a user query q and a corpus of M-sized

documents D (where |D| = M), VDR system aims to retrieve the top-k relevant

subset of documents Dq ⊆ D with k ≪M . VDR shares a similar architecture with

text-based dense retrievers [172, 173], but leverages LVLMs [149, 174] for OCR-free

document understanding. It primarily divides into two approaches:

(1) Page-level embedding retrievers encode entire pages and queries into single

embeddings. Examples include DSE [39], VisRAG-Ret [175] and GME [176]. Given
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the query q with tokens Nq and the document-formatted image p with patches Np,

it encodes them as query embeddings eq ∈ Rd and page embedding ep ∈ Rd in a

unified embedding space using the LVLM backbone. The relevance score between

q and p, denoted as s(q, p), is calculated by their cosine similarity.

ep = Retriever(p) ∈ Rd

eq = Retriever(q) ∈ Rd

s(q, p) = eTp eq

(2) Patch-level embedding retrievers like ColPali/ColQwen2 [38] generate multiple

patch-level embeddings per page and token-level embeddings per query. Given

query q with tokens Nq and document formatted image p with patches Np, ColPali

/ ColQwen2 encodes them as token-level embeddings Eq = [e1q, ..., e
Nq
q ] ∈ RNq×d and

patch level Ep = [e1p, ..., e
Np
p ] ∈ RNp×d in unified embedding space using the LVLM

backbone. The relevance score between q and p, denoted as s(q, p), is calculated

by firstly identifying the most similar patch embedding in p for each token in q and

then summing the similarity scores across all tokens.

ep = Retriever(p) ∈ RNp×d

eq = Retriever(q) ∈ RNq×d

sj = maxsim(qj, p) = max
i
eip

T
ejq

s(q, p) =
∑
j

sj

As illustrated in Figure 2.4, the retrieval process for both page-level and patch-level

retrievers can be decomposed to two sequential stages, i.e., offline and online stages.

During the offline stage, a corpus of documents is collected and pre-encoded into

embeddings. During the online retrieval stage, the coming queries are also en-

coded as embeddings. Then the relevance scores between the query embedding

and the pre-encoded document embeddings are calculated. Based on these scores,

the most relevant documents for each query are retrieved. This two-stage pipeline

eliminates the need of repeated page-embedding computations (as they have been
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Figure 2.4: The retrieval process of VDR. Top: Offline stage. Botton. Online
stage. Patch-level embedding retrievers are adopted in this illustration.

pre-computed during the offline stage). Consequently, it significantly reduces both

time and memory costs, and makes the retrieval process more efficient and scalable.

Page-level retrievers are computationally efficient because they minimize the em-

bedding number to only one for each page. However, it comes at the cost of

weaker nuanced perceiving and inferior retrieval accuracy. In contrast, patch-level

retrievers produce hundreds of embeddings per page (determined by the number

of patches divided by the visual encoders). This design provides finer granular-

ity and contributes to superior performance. Nevertheless, these retrievers suffer

prohibitive computation demands during both offline indexing and online retrieval.

Given the above trade-off, there is an urgent and practical need to develop methods

that reduce the number of embeddings in patch-level retrievers without sacrificing

their performance. To this end, we review token-reduction approaches as follows.

Token-reduction about LVLM has been extensively explored in recent years.

They roughly fall into three categories: (1) Pruning strategies [177–180] eliminate

low-information tokens based on importance ranking; (2) Merging strategies [181–

183] combine similar tokens into compressed embeddings; (3) Hybrid strategies [184,

185] integrate the above two approaches by preserving high-informative tokens
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while merging redundant ones. However, previous works primarily focus on token

reduction in LVLM generation rather than in retrieval tasks. Different from LVLM

generation which focuses on minimizing response latency and FLOPs given specific

instructions, token reduction in visualized document retrieval aims to reduce the

memory footprint of embeddings. On one hand, it relaxes the constraints on token

merging and enables more computationally intensive merging strategies. On the

other hand, the absence of queries precludes query-conditioned pruning or merging

approaches. Therefore, we draw inspiration from the token reduction in LVLM

generation but make targeted modifications to fit the retrieval scenarios.

Lightweight Document Retriever has been explored to address the challenge

of large-scale embeddings with two orthogonal approaches: (1) Dimension Reduc-

tion. ColBERTv2 [186] employs product quantization [187] to reduce the size of

each embedding from 768 to 128 dimensions. This design is inherited by Col-

Pali [38] with a simpler projection layer. (2) Token Reduction: Clavié et al. [188]

introduce the concept of TokenPooling and explore merging strategies for text-

based retrievers, i.e., combining similar tokens into one token. A recent blog by

ColPali’s author [189] further extends this to visualized document retrievers. Fol-

lowing their work, we advance this field by conducting a systematic empirical study

on both pruning and merging strategies. Beyond simply proposing a merging strat-

egy, our analysis reveals the limitations of pruning (under retrieval settings) and

identifies the optimal combination for merging. Moreover, when compared to the

results reported in [189], our fine-tuned Light-ColPali/ColQwen2 presents stronger

performance with significantly higher reduction ratios.
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Chapter 3

A Unified View on Few-shot

Event Detection

We discuss about Information Extraction (as a crucial component of document

understanding) from Chapter 3 to Chapter 5. As mentioned in Chapter 1.3, few-

shot setting is a critical challenge towards IE tasks. In this chapter 1, we focus on

conducting a comprehensive empirical study and establishing a unified framework

for few-shot event detection. This framework yields a simple yet effective baseline

and demonstrates remarkable effectiveness for this IE task.

3.1 Introduction

As introduced in Section 2.1, event detection (ED) is the task of identifying event

triggers and types in texts. For example, given “Cash-strapped Vivendi wants to sell

Universal Studios”, it is to classify the word “sell” into a TransferOwnership event.

The annotation of event instances is costly and labor-consuming, which motivates

the research on improving ED with limited labeled samples, i.e., the few-shot

ED task. Extensive studies have been carried out on few-shot ED. Nevertheless,

there are noticeable discrepancies among existing methods. They adopt different

task settings for training and evaluation (e.g., a subset of datasets, annotation

1This chapter is published as Yubo Ma, Zehao Wang, Yixin Cao, and Aixin Sun. “Few-
shot Event Detection: An Empirical Study and a Unified View”. Proceedings of the 61st An-
nual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages
11211–11236, Toronto, Canada, 2023. [32]

27
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Table 3.1: Noticeable discrepancies among existing few-shot ED methods.
Dataset indicates the datasets on which the training and/or evaluation is con-
ducted. Sample Number refers to the number of labeled samples used. Sam-
ple Source refers to where training samples come from. Guidelines: example
sentences from annotation guidelines. Datasets: subsets of full datasets. Corpus:
(unlabeled) external corpus.

Method Experimental setting
Dataset Sample Number Sample Source

P
ro
to
ty
p
e-
b
as
ed

Seed-based [190] ACE 30 Guidelines
MSEP [191] ACE 0 Guidelines
ZSL [82] ACE 0 Datasets
DMBPN [79] FewEvent {5,10,15}-shot Datasets
OntoED [80] MAVEN / FewEvent {0,1,5,10,15,20}% Datasets
Zhang’s [192] ACE 0 Corpus
PA-CRF [51] FewEvent {5,10}-shot Datasets
ProAcT [81] ACE / FewEvent / RAMS {5,10}-shot Datasets
CausalED [193] ACE / MAVEN / ERE 5-shot Datasets
Yu’s [194] ACE 176 Guidelines + Corpus
ZED [195] MAVEN 0 Corpus
HCL-TAT [85] FewEvent {5,10}-shot Datasets
KE-PN [84] ACE / MAVEN / FewEvent {1,5}-shot Datasets

P
ro
m
p
t-
b
as
ed

EERC [69] ACE {0,1,5,10,20}% Datasets
FSQA [70] ACE {0,1,3,5,7,9}-shot Datasets
EDTE [71] ACE / ERE 0 -
Text2Event [73] ACE / ERE {1,5,25}% Datasets
UIE [74] ACE / CASIE {1,5,10}-shot/% Datasets
DEGREE [75] ACE / ERE {0,1,5,10}-shot Datasets
PILED [76] ACE / MAVEN / FewEvent {5,10}-shot Datasets

guidelines, or external corpus) and sample numbers (shot-number or sample-ratio).

Table 3.1 provides a detailed comparison of representative methods.

This chapter argues the importance of a unified setting for a better understanding

of few-shot ED task. Based on exhaustive background investigation on ED and

similar tasks (e.g., NER), we firstly conduct an empirical study of ten SOTA

methods. We roughly classify the ten methods into two groups: prototype-based

models to learn event-type representations and proximity measurement for predic-

tion and prompt-based models that convert ED into a familiar task of Pre-trained

Language Models (PLMs).

The second contribution is a unified view of prototype-based methods to

investigate its superior performance. Instead of picking up the best-performing

method as in conventional empirical studies, we take one step further. We break

down the design elements along several dimensions, e.g., the source of prototypes,
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the aggregation form of prototypes, etc. And third, through analyzing each effec-

tive design element, we propose a simple yet effective unified baseline that

combines all advantageous elements of existing methods. Experiments validate

an average 2.7% F1 gains. Further analysis in this chapter also provides many

valuable insights for future research.

3.2 Empirical Study

3.2.1 Experimental Setting

We detail our comprehensive and fair empirical study as follows.

Dataset source. We utilize three common datasets, i.e., ACE05 [196], MAVEN [197]

and ERE [198], to construct few-shot ED datasets in this empirical study. Following

the few-shot setting defined in Section 2.1, we downsample sentences from original

full training dataset to construct Dtrain and Ddev, and inherit the original test set

as the unified Dtest. For Dtrain and Ddev, we adopt K-shot sampling strategy that

each event type has (at least) K samples. Since our sampling is at sentence-level

and each sentence could have multiple events, the sampling is NP-complete2 and

unlikely to find a practical solution satisfying exactly K samples for each event

type. Therefore, we follow previous work [56, 58] and adopt a greedy sampling al-

gorithm to select sentences, as shown in Algorithm 1. Note that the actual sample

number of each event type can be larger than K under this sampling strategy.

Evaluation Metric We use micro-F1 score as the evaluation metric. To reduce

the random fluctuation, the reported values of each setting are the averaged score

and sample standard deviation, of results w.r.t 10 sampled few-shot datasets.

Evaluated methods We evaluate 10 representative methods, including 5 prompt-

based and 5 prototype-based methods. To validate the effectiveness of few-shot

methods, we also fine-tune a supervised classifier for comparison as a trivial base-

line. These approaches are listed as below:

2The Subset Sum Problem, a classical NP-complete problem, can be reduced to this sampling
problem.
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Algorithm 1 Greedy Sampling

Require: shot number K, original full dataset D = {(X,Y)} tagged with label
set E

1: Sort E based on their frequencies in {Y} as an ascending order
2: S ← ϕ, Counter← dict()
3: for y ∈ E do
4: Counter(y)← 0
5: end for
6: for y ∈ E do
7: while Counter(y) < K do
8: Sample (X,Y) ∈ D s.t.∃j, yj = y
9: D ← D\(X,Y)
10: Update Counter (not only y but all event types in Y)
11: end while
12: end for
13: for s ∈ S do
14: S ← S\s and update Counter
15: if ∃y ∈ E, s.t. Counter(y) < K then
16: S ← S

⋃
s

17: end if
18: end for
19: return S

• Prompt-based methods leverage the rich language knowledge in PLMs by

converting downstream tasks to the task with which PLMs are more familiar.

(1) EEQA/EERC (QA-based) [68, 69]: a QA/MRC-based method which

first extracts the trigger word with a natural language query then classifies

its type with an additional classifier.

(2) EETE (NLI-based) [71]: a NLI-based method which enumerates all event

types and judges whether a clause is entailed by any event.

(3) PTE (cloze task) [199]: a cloze-style prompt method which enumerates

each word in the sentence and predicts whether it is the trigger of any event.

(4) UIE (generation-based) [74]: a generation-based method that takes in a

sentence and outputs a filled universal template, indicating the trigger words

and their event types in the sentence.

(5) DEGREE (generation-based) [75]: a generation-based method which enu-

merates all event types by designing type-specific template, and outputs re-

lated triggers (if have).
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• Prototype-based methods predict an event type for each word/span men-

tion by measuring its representation proximity to prototypes.

(6) ProtoNet [52], (7) L-TapNet-CDT [54], (8) PA-CRF [51], (9) CON-

TAINER [57], (10) FSLS [58]. See Table 3.3 for more details.

Implementation Details We unify PLMs in each method as much as possible for

a fair comparison in our empirical study. Specifically, we use RoBERTa-base [200]

for all prototype-based methods and three non-generation prompt-based methods.

However, we keep the method’s original PLM for two prompt-based methods with

generation prompt, UIE (T5-base) [43] and DEGREE (BART-large) [42]. We ob-

serve their performance collapses with smaller PLMs. For all methods, we initialize

their pre-trained weights and further train them using Huggingface library.3 Each

experiment is run on single NVIDIA-V100 GPU, and the final reported perfor-

mance for each setting (e.g., ACE 2-shot) is the averaged result w.r.t ten distinct

few-shot training datasets which are sampled with different random seeds. We

further detail the implementation of all methods.

• Prompt-based methods We keep all other hyperparameters the same as in

their original papers, except learning rates and epochs. We grid-search best

learning rates in [1e-5, 2e-5, 5e-5, 1e-4] for each setting. As for epochs, we

find the range of appropriate epochsis highly affected by the prompt format.

Therefore we search for epochs method by method without a unified range.

• Prototype-base methods We build a codebase based on the unified view.

We then implement these methods directly on the unified framework, by

having different choices for each design element. To ensure the correctness

of our codebase, we also compare between results obtained from our imple-

mentation and original code for each method, and find they achieving similar

performance on few-shot ED datasets. For all methods (including unified

baseline), we train them with the AdamW optimizer with linear scheduler

and 0.1 warmup step. We set weight-decay coefficient as 1e-5 and maximum

gradient norms as 1.0. We add a 128-long window centering on the trigger

words and only encode the words within the window; in other words, the

maximum encoding sequence length is 128. The batch size is set as 128, and

3https://huggingface.co/
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Table 3.2: Overall results of fine-tuning method, 10 existing few-shot ED meth-
ods, and the unified baseline. The best results are in bold face and the second
best are underlined. The results are averaged over 10 repeated experiments, and
sample standard deviations are in the round bracket. The standard deviations
are derived from different sampling few-shot datasets instead of random
seeds. Thus high standard deviation values do not mean that no significant
difference among these methods.

Method ACE05 MAVEN ERE
2-shot 5-shot 10-shot 2-shot 5-shot 10-shot 2-shot 5-shot 10-shot

Fine-tuning 33.3(4.4) 42.5(4.6) 48.2(1.5) 40.8(4.7) 52.1(0.7) 55.7(0.2) 32.9(2.1) 39.8(2.9) 43.6(1.7)

P
ro
m
p
t-
b
a
se
d EEQA/EERC 24.1(12.2) 43.1(2.7) 48.3 (2.4) 33.4(9.2) 48.1(0.9) 52.5(0.5) 13.7(8.6) 34.4(1.7) 39.8(2.4)

EETE 15.7(0.6) 19.1(0.3) 21.4(0.2) 28.9(4.3) 30.6(1.3) 32.5(1.1) 10.6(2.3) 12.8(2.2) 13.7(2.8)

PTE 38.4(4.2) 42.6(7.2) 49.8(1.9) 41.3(1.4) 46.0(0.6) 49.5(0.6) 33.4(2.8) 36.9(1.3) 37.0(1.8)

UIE 29.3(2.9) 38.3(4.2) 43.4(3.5) 33.7(1.4) 44.4(0.3) 50.5(0.5) 19.7(1.5) 30.8(1.9) 34.1(1.6)

DEGREE 40.0(2.9) 45.5(3.2) 48.5(2.1) 43.3(1.0) 43.4(5.9) 45.5(4.3) 31.3(3.1) 36.0(4.6) 40.7(2.2)

P
ro
to
ty
p
e-
b
sd ProtoNet 38.3(5.0) 47.2(3.9) 52.3(2.4) 44.5(2.2) 51.7(0.6) 55.4(0.2) 31.6(2.7) 39.7(2.4) 44.3(2.3)

PA-CRF 34.9(7.2) 48.1(3.9) 51.7(2.6) 44.8(2.2) 51.8(1.0) 55.3(0.4) 30.6(2.8) 38.0(3.9) 40.4(2.0)

L-TapNet-CDT 43.2(3.8) 49.8(2.9) 53.5(3.4) 48.6(1.2) 53.2(0.4) 56.1(0.9) 35.6(2.6) 42.7(1.7) 45.1(3.2)

CONTAINER 40.1(3.8) 47.7(3.3) 50.1(1.8) 44.2(1.4) 50.8(0.9) 52.9(0.3) 34.4(3.6) 39.3(1.9) 44.5(2.3)

FSLS 39.2(3.4) 47.5(3.2) 51.9(1.7) 46.7(1.2) 51.5(0.5) 56.2(0.2) 34.5(3.1) 39.8(2.5) 44.0(2.0)

Unified Baseline 46.0(4.6) 54.4(2.6) 56.7(1.5) 49.5(1.7) 54.7(0.8) 57.8(1.2) 38.8(2.4) 45.5(2.8) 48.4(2.6)

training steps as 200 if the transfer function is scaled otherwise 500. We

grid-search best learning rates in [1e-5, 2e-5, 5e-5, 1e-4] for each setting. For

ProtoNet and its variants, we further split the sentences into support set and

query set. The number in support set KS and query set KQ are (1, 1) for

2-shot settings, (2, 3) for 5-shot settings. The split strategy is (2, 8) for 10-

shot dataset constructed from MAVEN and (5, 5) for others. For methods

adopting MoCo-CL setting , we maintain a queue storing sample represen-

tations with length 2048 for ACE/ERE 2-shot settings and 8192 for others.

For methods adopting CRF, we follow default hyperparameters about CRF

in their original papers. For methods adopting scaled transfer functions, we

grid search the scaled coefficient τ in [0.1, 0.2, 0.3].

3.2.2 Results

We show the results of the 10 methods under the low-resource setting in Table 3.2

and discuss as follows.
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Fine-tuning. Despite its simpleness, fine-tuning achieves acceptable performance.

In particular, it is even comparable to the strongest existing methods on MAVEN

dataset (only being 1.1% and 0.5% less under 5-shot and 10-shot settings). One

possible reason that fine-tuning is good on MAVEN is that MAVEN has 168 event

types, much larger than others. When the absolute number of samples is rela-

tively large, PLMs might capture implicit interactions among different event types,

even though the samples per event type are limited. When the sample number is

scarce, however, fine-tuning is much poorer than existing competitive methods (see

ACE05). Thus, we validate the necessity and progress of existing few-shot methods.

Prompt-based methods. Prompt-based methods deliver much poorer results

than expected, even compared to fine-tuning, especially when the sample number

is extremely scarce. It shows designing effective prompts for ED tasks with very

limited annotations is still challenging. We speculate it is due to the natural gap

between ED tasks (sequence labeling or span extraction) and pre-training tasks in

PLMs (sentence classification or generation).

Among prompt-based methods, PTE and DEGREE achieve relatively robust per-

formance under all settings. DEGREE is advantageous when the sample size is

small, but it cannot well handle a dataset with many event types like MAVEN.

Note that, DEGREE enumerates event types to query their potential triggers; both

efficiency and effectiveness drop with the increasing number of event types. When

sample sizes are relatively large, EEQA shows competitive performance as well.

3.3 A Prototype-based Unified View

Due to the superior performance shown in last section, we zoom into prototype-

based methods to provide a unified view towards a better understanding. We

observe that they share lots of similar components. As shown in Table 3.3 and

Figure 3.1, we decompose prototype-based methods into 5 design elements: pro-

totype source, transfer function, distance function, aggregation form, and CRF

module. This unified view enables us to compare choices in each design element

directly. By aggregating the effective choices, we end with a Unified Baseline.

Formally, given a dataset D annotated with schema E (the set of event types) and

a sentence X = [x1, ..., xN ]T ∈ D, where xi is the i-th word and N the length of this
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Table 3.3: Decomposing five prototype-based methods and unified baseline
along design elements. ”Both” in column 1 means both event mentions and
label names for y are prototype sources. JSD: Jensen–Shannon divergence. M:
Projection matrix in TapNet. N (µ(h),Σ(h)): Gaussian distribution with mean
µ(h)and covariance matrix Σ(h).

Method Prototype Cy Aggregation Distance d(u, v) Transfer f(h) CRF Module

ProtoNet [52] Event mentions feature ||u− v||2 h −
L-TapNet-CDT [54] Both feature −uT v/τ M h

||h|| CRF-Inference

PA-CRF [51] Event mentions feature −uT v h
||h|| CRF-PA

CONTAINER [57] Event mentions score JSD(u||v) N (µ(h),Σ(h)) CRF-Inference
FSLS [58] Label name − −uT v h −

Unified Baseline (Ours) Both score + loss −uT v/τ h
||h|| −

sentence, ED aims to assign a label yi ∈ (E ∪ {N.A.}) for each xi in X. We say

that word xi triggering an event yi if yi ∈ E. Unless otherwise stated, we ignore

the subscript i for convenience in later description.

In prototype-based methods, we define P-score(x, y) to measure the proximity be-

tween an event mention x and event type y, and predict the likelihood p(y|x) from

P-score(x, y) for each y ∈ (E ∪ {N.A.})

p(y|x) = Softmaxy∼(E∪{N.A.})P-score(x, y)

The general framework is as follows. Denote the PLM’s output representation of

event mention x and data cy in prototype source Cy as hx and hcy respectively,

where h ∈ Rm and m is the dimension of PLM’s hidden space. The first step is

to convert hx and hcy to appropriate representations via a transfer function f( · ).

Then the methods maintain either a single or multiple prototypes cy’s for each event

type, determined by the adopted aggregation form. Third, the distance between

f(hx) and f(hcy) (single prototype) or f(hcy)’s (multiple prototypes) is computed

via a distance function d( · , · ) to learn the proximity scores P-score(x, y). Finally,

an optional CRF module is used to adjust P-score(x, y) for x in the same sen-

tence to model their label dependencies. For inference, we adopt nearest neighbor

classification by assigning the sample with nearest event type in ∪y∈(E∪{N.A.})Cy

ŷx = argmin
y∈(E∪{N.A.})

min
cy∈Cy

d(f(hx), f(hcy))

Next, we detail the five design elements:
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Prototype source Cy (purple circles in Figure 3.1, same below) indicates a set

about the source of data / information for constructing the prototypes. There are

mainly two types of sources:

• Event mentions (purple circle without words): ProtoNet and its variants

in Figure 3.1(b),(c),(d) additionally split a support set Sy from training data

as prototype source, while contrastive learning methods in Figure 3.1(a) view

every annotated mention as the source (except the query one).

• Label semantics (purple ellipses with words): Sometimes, the label name ly

is utilized as the source to enhance or directly construct the prototypes. For

example, FSLS in Figure 3.1(e) views the text representation of type names

as prototypes, while L-TapNet-CDT in Figure 3.1(c) utilizes both the above

kinds of prototype sources.

Transfer function f : Rm → Rn (yellow modules) transfers PLM outputs into

the distance space for prototype proximity measurement. Widely used transfer

functions include normalization in Figure 3.1(b), down-projection in Figure 3.1(c),

reparameterization in Figure 3.1(a), or an identity function.

Distance function d : Rn × Rn → R+ (green modules) measures the distance

of two transferred representations within the same embedded space. Common

distance functions are euclidean distance in Figure 3.1(d) and negative cosine sim-

ilarity in Figure 3.1(b),(c),(e).

Aggregation form (blue modules) describes how to compute P-score(x, y) based

on a single or multiple prototype sources. Aggregation may happen at three levels.

• Feature-level: ProtoNet and its variants in Figure 3.1(b),(c),(d) aims to

construct a single prototype hc̄y for each event type y by merging various

features, which ease the calculation P-score(x, y) = −d(f(hx), f(hc̄y)).

• Score-level: CONTAINER in Figure 3.1(a) views each data as a prototype

(they have multiple prototypes for each type y) and computes the distance

d(f(hx), f(hcy)) for each cy ∈ Cy. These distances are then merged to obtain

P-score(x, y).
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• Loss-level: Such form has multiple parallel branches b for each mention x.

Each branch has its own P-score(b)(x, y) and is optimized with different loss

components during training. Thus it could be viewed as a multi-task learning

format. See unified baseline in Figure 3.1(f).

CRF module (orange modules) adjusts predictions within the same sentence by

explicitly considering the label dependencies between sequential inputs. The vanilla

CRF [201] and its variants in Figure 3.1(a),(b),(c) post additional constraints into

few-shot learning.
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Figure 3.1: The architectures of five existing prototype-based methods and the
unified baseline. Given event mention x and event type y, each sub-figure depicts
how to compute the P-score(x, y). White circles: representation of predicted
event hx. Purple circles: representation of prototypes hcy (cy ∈ Cy). Yellow
modules: transfer functions. Green modules: distance functions. Blue modules:
aggregation form. Orange modules: CRF modules. Dashed lines in (a) and (c)
represent that their CRFs are only used during inference.
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Table 3.4: Variants on distance function d(u, v) (top) and transfer function
f(h) (bottom).

Distance function d(u, v)

Cosine similarity (S) uT v
Scaled cosine similarity (SS) uT v/τ
JS Divergence (KL) JSD(u||v)
Euclidean distance (EU) −||u− v||2
Scaled euclidean distance (SEU) −||u− v||2/τ

Transfer function f(h)

Identify (I) h
Down-projection (D) Mh
Reparameterization (R) N (µ(h),Σ(h))
Normalization (N) h/||h||
Down-projection + Normalization (DN) Mh/||h||

3.4 Towards a Unified baseline

Since prototype-based methods have overall better results, we zoom into the design

elements to search for effective choices based on the unified view.

3.4.1 Transfer function and Distance function

We consider several combinations about distance and transfer functions listed in

Table 3.4. We choose cosine similarity (S), negative euclidean distance (EU) and

their scaled version (SS/SEU) as distance functions. And we pick out identify (I),

down-projection (D) and their normalization version (N/DN) as transfer function.

We additionally consider the KL-reparameterization combination (KL-R) used in

CONTAINER.

We conduct experiments with four existing prototype-based methods4 by only

changing their transfer and distance functions. We illustrate their results on ACE

dataset in Figure 3.2. (1) From comparison about performance in ProtoNet and

TapNet, we find TapNet, i.e., the down-projection transfer, shows no significant

improvement on few-shot ED tasks. (2) A scaled coefficient in distance function

4We degrade L-TapNet-CDT to TapNet, and do not include PA-CRF here, because CRF and
label-enhancement are not the factors considered in this subsection.
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Figure 3.2: Performance of different (d, f) combinations on ACE05.

achieves strong performance with normalization transfer function, while the perfor-

mance collapses (failing to converge) without normalization. (3) For ProtoNet and

TapNet, scaled euclidean distance (SEU) is a better choice for distance function,

while other methods prefer scaled cosine similarity (SS). Based on the findings

above, we substitute d and f to the most appropriate for all existing methods and

observe a significant improvement on all three datasets, as shown in Table 3.5.

Table 3.5: Performance comparison of methods w/ and w/o adjustment on
distance function d and transfer function f . The most appropriate distance
functions are scaled euclidean distance (SEU) for ProtoNet and TapNet and
scaled cosine similarity (SS) for other two. The most appropriate transfer func-
tion is normalization (N) for all four existing methods. The results are averaged
among 10 repeated experiments and sample standard deviations are in round
brackets. We highlight the better one for each method w/ and w/o adjustment.

Methods ACE05 MAVEN ERE
2-shot 5-shot 10-shot 2-shot 5-shot 10-shot 2-shot 5-shot 10-shot

ProtoNet
w/o adjust 38.3(5.0) 47.2(3.9) 52.3(2.4) 44.5(2.2) 51.7(0.6) 55.4(0.2) 31.6(2.7) 39.7(2.4) 44.3(2.3)

w/ adjust 39.3(4.6) 49.8(4.3) 52.6(1.9) 46.7(1.6) 52.8(0.6) 56.5(0.6) 32.6(3.0) 40.1(1.9) 44.2(1.9)

TapNet
w/o adjust 38.7(4.3) 49.1(4.5) 51.2(1.7) 45.7(1.8) 51.7(1.1) 55.0(0.7) 35.3(3.8) 40.2(2.5) 44.7(2.9)

w/ adjust 37.2(5.6) 49.8(3.1) 52.0(1.9) 46.1(1.9) 51.9(0.6) 55.0(0.6) 37.0(4.0) 43.4(1.9) 46.4(2.9)

CONTAINER
w/o adjust 40.1(3.8) 47.7(3.3) 50.1(1.8) 44.2(1.4) 50.8(0.9) 52.9(0.3) 34.4(3.6) 39.3(1.9) 44.5(2.3)

w/ adjust 44.0(3.2) 51.1(1.1) 53.1(1.8) 44.6(1.7) 52.1(0.5) 55.1(0.4) 36.5(4.1) 42.0(1.9) 45.4(1.5)

FSLS
w/o adjust 39.2(3.4) 47.5(3.2) 51.9(1.7) 46.7(1.2) 51.5(0.5) 56.2(0.2) 34.5(3.1) 39.8(2.5) 44.0(2.0)

w/ adjust 43.1(3.4) 51.0(2.4) 54.4(1.5) 48.3(1.6) 53.4(1.6) 56.1(0.7) 35.7(2.1) 40.6(2.4) 45.4(1.7)
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3.4.2 CRF module

We explore whether CRF improves the performance of few-shot ED task. Based

on Ll-MoCo model, we conduct experiment with three different CRF variants,

CDT (CRF inference [54]), vanilla CRF [201] and PA-CRF [51], on ACE05 and

MAVEN datasets. Their results are in Figure 3.3. It shows different CRF variants

achieve similar result compared with model without CRF, while a trained CRF

(and its prototype-enhanced variant) slightly benefits multiple-word triggers when

the sample is extremely scarce (see ACE05 2-shot). These results are inconsistent

with other similar sequence labeling tasks such as NER or slot tagging, in which

CRF usually significantly improves model performance. We speculate it is due

to that the pattern of triggers in ED task is relatively simple. To validate such

assumption, we count all triggers in ACE05 and MAVEN datasets. We find that

above 96% of triggers are single words, and most of the remaining triggers are verb

phrases (only about 0.5% of triggers are phrases having three or more words with

complicated structure). Thus the explicit modeling of transfer dependency among

different event types is somewhat not very meaningful under few-shot ED task.

Hence, we drop CRF module in the unified baseline.

3.4.3 Prototype source

We explore whether label semantic and event mentions are complementary proto-

type sources, i.e., whether utilizing both achieves better performance than either

one. We choose ProtoNet and FSLS as base models which contain only a single

kind of prototype source (mentions or labels). Then we combine the two models

using three aggregating forms mentioned in Section 3.3 and list full results on all

three datasets in Table 3.6. The results further validate our claims: (1) leveraging

both label semantics and mentions as prototype sources improve performance un-

der almost all settings. (2) Merging the two kinds of sources at the loss-level is the

best choice among the three aggregation alternatives.

3.4.4 Contrastive Learning

Contrastive Learning (CL) [86] is initially developed for self-supervised representa-

tion learning and is recently used to facilitate supervised learning as well. It pulls
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Figure 3.3: Overall performance of different CRF variants on ACE05 and
MAVEN datasets. We also provide performance grouped by trigger word length:
= 1: single trigger words. ≥ 2: trigger phrases.

Table 3.6: Performance with different (1) prototype sources and (2) aggre-
gation form. ProtoNet: only event mentions. FSLS: label semantic. Lf-
ProtoNet: aggregate two types of prototype sources at feature-level. Ls-
ProtoNet: at score-level. Ll-ProtoNet: at loss-level. The results are averaged
over 10 repeated experiments and sample standard deviations are in round brack-
ets.

Methods ACE05 MAVEN ERE
2-shot 5-shot 10-shot 2-shot 5-shot 10-shot 2-shot 5-shot 10-shot

ProtoNet 39.3(4.6) 49.8(4.3) 52.6(1.9) 46.7(1.6) 52.8(0.6) 56.0(0.6) 32.6(3.0) 40.1(1.9) 44.2(1.9)

FSLS 43.0(3.4) 50.6(2.4) 54.1(1.5) 48.3(1.6) 53.4(0.2) 56.1(0.7) 35.7(2.1) 40.6(2.4) 45.4(1.7)

Lf-ProtoNet 41.9(3.8) 50.8(3.0) 52.9(2.4) 49.0(1.1) 53.4(1.0) 56.3(0.7) 35.3(3.6) 41.8(1.8) 45.3(2.2)

Ls-ProtoNet 42.7(4.8) 51.2(2.9) 52.7(1.7) 49.3(1.9) 53.5(0.7) 56.5(0.1) 36.0(2.5) 41.3(3.6) 44.8(2.5)

Ll-ProtoNet 43.3(4.0) 50.9(2.7) 53.0(2.1) 50.2(1.5) 54.3(0.8) 56.7(0.6) 37.6(3.1) 43.0(2.4) 45.3(1.9)
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samples with same labels together while pushes samples with distinct labels apart

in their embedding space. We view CL as a generalized format of prototype-based

methods and include it to the unified view. Under such view, every sample is a

prototype and each single event type could have multiple prototypes. Given an

event mention, its distances to the prototypes are computed and aggregated by

event types to determine the overall distance to each event type.

Two types of Contrastive Learning We name the representation of event

mention as query and prototypes (i.e., other event mentions) as keys. Then CL

could be further split into two cases, in-batch CL [202] and MoCo CL [203], ac-

cording to where their keys are from. In-batch CL views other event mentions

within the same batch as the keys, and the encoder for computing the queries and

keys in batch-CL is updated end-to-end by back-propagation. For MoCo CL, the

encoder for key is momentum-updated along the encoder for query, and it accord-

ingly maintains a queue to store keys and utilizes them multiple times once they

are previously computed. We refer readers to MoCo CL [203] for the details of

in-batch CL and MoCo CL.

CONTAINER [57] adopts in-batch CL setting for few-shot NER model and we

transfer it to ED domain in our empirical study. We further compare the two

types of CL for our unified baseline with effective components and present the full

results in Table 3.4.4. We observe in-batch CL outperforms MoCo-CL when the

number of the sentence is small, and the situation reverses with the increasing

of sentence number. We speculate it is due to two main reasons: (1) When all

sentences could be within the single batch, in-batch CL is a better approach since

it computes and updates all representations of keys and queries end-to-end by back

propagation, while MoCo-CL computes the key representation by a momentum-

updated encoder with gradient stopping. When the sentence number is larger

than batch size, however, in-batch CL lose the information of some samples in

each step, while MoCo-CL keeps all samples within the queue and leverages these

approximate representations for a more extensive comparison and learning. (2)

MoCo-CL also has an effect of data-augmentation under few-shot ED task, since the

sentence number is usually much smaller than the queue size. Then the queue would

store multiple representations for each sample, which are computed and stored in

different previous steps. The benefits of such data augmentation take effect when

there are relatively abundant sentences and accordingly diverse augmentations.
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3.4.5 The unified baseline

Here is a summary of the findings: (1) Scaled euclidean or cosine similarity as

distance measure with normalized transfer benefits existing methods. (2) CRF

modules show no improvement in performance. (3) Label semantic and event

mentions are complementary prototype sources, and aggregating them at loss-level

is the best choice. (4) As for the branch of event mentions, CL is more advantageous

than PL for few-shot ED tasks. (5) MoCo CL performs better when there are a

good number of sentences, otherwise in-batch CL is better.

Based on these findings, we develop a simple but effective unified baseline as fol-

lows. We utilize both label semantic and event mentions as prototype sources and

aggregate two types of sources at loss-level. Specifically, we assign two branches

with their own losses for label semantic and event mentions respectively. Both two

branches adopt scaled cosine similarity dτ (u, v) = −uT v
τ

as distance measure and

normalization f(h) = h/∥h∥2 as transfer function. We do not add CRF modules.

For label semantic branch, we follow FSLS and set the embeddings of event name

as prototypes. Here hx and hey represent the PLM representation of event mention

x and label name ey, respectively.

ey = Event name(y)

logits(l)(y|x) = −dτ (f(hx), f(hey))

For event mention branch, we adopt CL which aggregates prototype sources (event

mentions) at score-level. If the total sentence number in train set is smaller than

128, we take in-batch CL (CONTAINER) strategy as below:

logits(m)(y|x) =
∑

x′∈Sy(x)

−d(f(hx), f(hx′))

|Sy(x)|

Sy(x) = {x′|(x′, y′) ∈ D, y′ = y, x′ ̸= x} is the set of all other mentions with the

same label. If the total sentence number in train set is larger than 128, we instead

take MoCo CL maintaining a queue for Sy(x) and a momentum encoder.
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We then calculate the losses of these two branches and merge them for joint opti-

mization:
p(l/m)(y|x) = Softmaxy[logits(l/m)(y|x)]

L(l/m)(y|x) = −
∑
(x,y)

ylog(p(l/m)(y|x))

L = L(l) + L(m)

The diagram of the unified baseline is illustrated in Figure 3.1(f) and its perfor-

mance is shown in Table 3.2. Clearly, unified baseline outperforms all existing

methods significantly, 2.7% F1 gains on average, under all few-shot settings.

3.5 Conclusion

We have conducted a comprehensive empirical study comparing 12 representa-

tive methods under few-shot event detection setting. For systematic analysis, we

proposed a unified framework of promising prototype-based methods. Based on

it, we present a simple and effective baseline that outperforms all existing meth-

ods significantly under few-shot setting. In the future, we aim to explore how

to leverage unlabeled corpus for few-shot ED tasks, such as data augmentation,

weakly-supervised learning, and self-training.





Chapter 4

Prompting Argument Interaction

for Event Argument Extraction

In the last chapter, we tackle the few-shot challenge in event detection (ED) task.

And in this chapter 1, we turn attention to its subsequent task: Event Argument

Extraction (EAE). We aim to simultaneously address two key challenges, i.e., few-

shot and large-scale, in EAE task as follows.

4.1 Introduction

Understanding text by identifying the event and arguments has been a long-

standing goal [204]. For example, given the document snippet,

Cash-strapped Vivendi wants to sell Universal Studios, its Universal

theme parks and television production company.

it is talking about a Sell event, with four involved arguments, i.e., Vivendi (Seller),

Universal Studios (Artifact), parks (Artifact), and company (Artifact), where the

role schemata are in brackets and the corresponding arguments are in italic. Since

1This chapter is published as Yubo Ma, Zehao Wang, Yixin Cao, Mukai Li, Meiqi Chen, Kun
Wang, and Jing Shao. “Prompt for Extraction? PAIE: Prompting Argument Interaction for
Event Argument Extraction”. In Proceedings of the 60th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pages 6759-6774, Dublin, Ireland, 2022. [33]

45
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we have addressed the few-shot ED task in the last chapter, the main challenge

lies in Event Argument Extraction (EAE).

In EAE task, each event type contains multiple specific roles. This schema struc-

ture creates two major challenges mentioned in Section 1.3. (1) Few-shot: The

fine-grained role definitions require extensive annotation efforts, and make data

collection time-consuming and expensive. (2) Large-scale: The sheer volume of

arguments that need to be extracted poses significant processing demands in short

time. To address these challenges, this chapter focuses on developing an effective

and efficient EAE system. And we specifically examine the following key questions:

• How to extract all arguments simultaneously for efficiency?

• How to effectively capture argument interactions for long text, without know-

ing them in advance?

• How to elicit more knowledge from PLMs to lower the needs of annotation?

To this end, we investigates prompt tuning under an extractive setting and proposes

a novel method PAIE that Prompting Argument Interactions for EAE. It extends

QA-based models to handle multiple argument extraction and meanwhile takes

the best advantage of PLMs. The basic idea is to design suitable templates to

prompt all argument roles for PLMs, and obtain role-specific queries to jointly select

optimal spans from the text. Thus, instead of unavailable arguments, each role in

the template serves as a slot for interactions, and during learning, PLMs tend to

fill these slots with exact arguments via a matching loss. By predicting arguments

together, PAIE enjoys an efficient and effective learning procedure. Besides, the

inter-event knowledge transfer between similar role prompts alleviates the heavy

burden of annotation cost.

Specifically, for prompting extraction, this chapter designs two span selectors based

on role prompts, which select start/end tokens among input texts. This chapter ex-

plores three types of prompts: manual template, concatenation template, and soft

prompt. They perform well at both sentence-level EAE (S-EAE) and document-

level EAE (D-EAE) and ease the requirements of the exhaustive prompt design.

For joint span selection, this chapter designs a bipartite matching loss that makes

the least-cost match between predictions and ground truth so that each argument
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Figure 4.1: The overall architecture of PAIE. Given a context (about an event),
PAIE first creates joint prompts based on its event type. Then the context and
prompt are fed into the BART-Encoder and BART-Decoder to generate context
representation and role-specific span selectors. Multiple span selectors extract
argument spans from the context simultaneously. A bipartite matching loss
finally optimizes the global span assignment.

will find the optimal role prompt. It can also deal with multiple arguments with

the same role via flexible role prompts instead of heuristic threshold tuning. The

contribution of this chapter is summarized as follow:

• Propose a novel model, PAIE, that is effective and efficient for S-EAE and D-

EAE, and robust to the few-shot setting.

• Formulate and investigate prompt tuning under extractive settings, with a joint

selection scheme for optimal span assignments.

• Conduct extensive experiments on three benchmarks. The results show a promis-

ing improvement with PAIE (3.5% and 2.3% F1 gains on average absolutely in

base and large model). Further ablation study demonstrates the efficiency un-

der large-scale scenarios and generalization to few-shot settings of our proposed

model, as well as the effectiveness of prompt tuning for extraction.

4.2 Methodology

PAIE considers multiple arguments and their interactions to prompt PLMs for joint

extraction. Our model, as illustrated in Figure 4.1, contains three core components:

prompt creation, span selector decoding, and span prediction. In the following sec-

tions, we will first formulate the problem and describe each component in turn.
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4.2.1 Formulating Prompt for Extraction

Existing prompt-based methods mainly focus on classification and generation tasks.

Conventional extraction objectives are converted into a generation task. This

brings an inefficiency issue that the model has to enumerate all of extraction

candidates. For example, Cui et al. [205] design the prompt for named entity

recognition: [candidate span] is [entity type/not a] entity. The models need to fill

the first slot with candidate entities, and check the outputs of LM for the second

slot for extraction. Can prompt-based methods directly be applied on extraction?

We give a formulation about the general extractive prompting method and then

apply it on EAE for a case study.

• Prompt Creation. Given contextX and a series of queriesQ = {q1, q2, ..., qK},
we create a joint prompt containing all these queries, where fprompt is the

prompt creator.

Pt = fprompt(Q)

• Prompted Selector Decoding. Given a PLM L, context X, and prompt

Pt, we decode a query-specific (answering) span selector as follows:

θqk = hL(qk;Pt,X)

where qk is the k-th query in the prompt and hL is the outputs of PLMs.

• Prompted Span Selection. To find the optimal span, we design two se-

lectors for the start and end tokens from context:

(s, e)qk = Span-search[gL(X; θq)]

where (s, e)qk is the span about k-th query and gL is the span selector. Clearly,

such formulation is better than generative extraction by mainly considering

the adjacent constraints of span.
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4.2.2 Prompt Creation for EAE

We create a set of prompts for each event type e in datasetD. Each prompt contains

all roles r ∈ R(e). For example in Figure4.1, given event type e as negotiate and

R(e) as {Participant,Topic,Place}, the prompt Pt(e) may be defined as follows:

Participant communicated with Participant about Topic at Place .

We call the mentions of roles in the prompt as slot, and there are four slots

underlined in this example (and colored in Figure 4.1). Such design allows our

model to capture the implicit interactions among different roles.

To avoid threshold tuning for multiple arguments with the same role, the prompt is

flexible to use multiple slots for the same role, such as role Participant in the above

example. The number of slots for the role is heuristically determined according to

the maximum number of arguments of each role in the training dataset. We design

three different prompt creators fprompt, the mapping from a set of roles to a prompt

as follows:

• Manual Template: All roles are connected manually with natural language.

We follow the template from BART-Gen [89] for fair comparison.

• Soft Prompt: Following SoftPrompt [206] and P-tuning [207], we connect

different roles with learnable, role-specific pseudo tokens.

• Concatenation Template: To concatenate all role names belonging to one

event type.

We give one example of these three types of prompt in Table 4.1.

4.2.3 Role-specific Selector Generation

Given context X and prompt Pt, this module generates the role-specific span se-

lector θk, for each slot k of the prompt. Here we choose L as BART [42], a standard

Transformer-based pre-trained language model consisting both an Encoder and a

Decoder: L = [Lenc,Ldec].
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Prompt Type Prompt Example

MA Template Victor ( and Victor ) defeated in ConflictOrElection at Place( and Place )

SF Prompt
〈Vic left0〉Victor 〈Vic right0〉( 〈Vic left0〉Victor 〈Vic right0〉)

〈Conf left0〉ConflictOrElection 〈Conf right0〉
〈Place left0〉Place 〈Place right0〉( 〈Place left0〉Place 〈Place right0〉)

CA Template Victor ( Victor ) ConflictOrElection Place ( Place )

Table 4.1: Variants of prompt introduced in section 4.2.2. MA:Manual Tem-
plate. SF:Soft Prompt. CA:Concatenation Template. Words with angle brack-
ets in Soft Prompt denote role-specific pseudo tokens of continuous prompts. For
multi-argument cases, we simply add slots within square brackets.

We first define text markers 〈t〉 and 〈/t〉 as special tokens then insert them into

context X before and after the trigger word respectively.

X̃ = [x1, x2, ..., 〈t〉, xtrig, 〈/t〉, ..., xn]

Instead of concatenating the processed context X̃ and prompt Pt directly, we feed

the context into BART-Encoder and the prompt into BART-Decoder separately,

as illustrated in Figure 4.1. The prompt and context would interact with each

other at the cross-attention layers in the decoder module.

H
(enc)
X = Lenc(X̃)

HX = Ldec(H
(enc)
X ;H

(enc)
X )

Hpt = Ldec(Pt;H
(enc)
X )

(4.1)

whereHX denotes the event-oriented context representation andHpt denotes context-

oriented prompt representation. For k-th slot in the joint prompt we mean-pool its

corresponding representations from hpt and obtain role feature ψk ∈ Rh, where h

denotes the dimension of hidden layer in BART. Note that a role may have multiple

slots and, correspondingly, multiple role features and span selectors.

We adopt a simple but effective modification on previous QA-based methods by

deriving role-specific span selector θk from every role feature in the prompt.

Given role feature ψk, we have:

ψ
(start)
k = ψk ◦ w(start) ∈ Rh

ψ
(end)
k = ψk ◦ w(end) ∈ Rh

(4.2)
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where θ = [w(start);w(end)] ∈ Rh×2 is learnable parameters shared among all roles,

and ◦ represents element-wise multiplication. θk = [ψ
(start)
k ;ψ

(end)
k ] is exactly the

span selector for k-th slot in the prompt. With only one meta-head θ and sim-

ple operations, our method enables to generate arbitrary number of role-specific

span selectors to extract related arguments from context. Recall the generation

process of role feature ψk from prompt hpt, it is obvious that both the interaction

among different roles and the information aggregation between context and roles

are considered under this paradigm.

4.2.4 Learning with Prompted Span Selector

Given context representation HX and a set of span selectors {θk}, each θk aims to

extract at most one corresponding argument span (sk, ek) from HX . For θk relating

to one argument ak = X̃i:j, where i and j are the start and end word indices in

context, the selector is expected to output (ŝk, êk) = (i, j) as prediction. And for

θk relating to no argument (when context has no argument about this role, or the

slot number of this role exceeds the argument number), it is expected to output

(ŝk, êk) = (0, 0) representing an empty argument ϵ.

We first follow the formulation in Section 4.2.1 to calculate the distribution of each

token being selected as the start/end of the argument for each role feature.

logit
(start)
k = ψ

(start)
k HX ∈ RL

logit
(end)
k = ψ

(end)
k HX ∈ RL

(4.3)

where logit
(start)
k and logit

(end)
k represent start and end position distributions over

the context tokens for each slot k, and L denotes the context length.

Then we calculate probabilities where the start/end positions locate:

p
(start)
k = Softmax(logit

(start)
k ) ∈ RL

p
(end)
k = Softmax(logit

(end)
k ) ∈ RL

(4.4)

and define the loss function as:
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Lk(X) = −(log p
(start)
k (sk) + log p

(end)
k (ek))

L =
∑
X∈D

∑
k

Lk(X)
(4.5)

where D ranges over all context in dataset and k ranges over all slots in prompt

for X.

Bipartite Matching We optionally introduce bipartite matching to deal with

multiple arguments of the same role for finding the global-optimal assignments

with the least-cost match. Since we insert multiple slots about this role and each

slot generates one prediction, it is a canonical bipartite matching problem that

matches local-optimal predictions (of each slot) and ground truth as much as pos-

sible. Following previous work [208, 209], we use Hungarian algorithm [210]. Given

logit
(start)
k and logit

(end)
k , we apply greedy search on predicted start and end position

distributions to select the predicted span for each role-specific selector θk.

(ŝk, êk) = arg max
(i,j)∈L2,i<j

logit
(start)
k (i) + logit

(end)
k (j) (4.6)

Denote yr = {(si, ei)}ni=1 as ground truth spans of role r for sample X, and ŷr =

{(ŝi, êi)}mi=1 as predicted spans, where m is the number of occurrence of role r in

the corresponding prompt.

With the candidate spans for each role, we define the bipartite matching between

the candidates and ground truth annotations as finding the lowest cost of a per-

mutation Γ of N elements:

σ̂ = arg min
σ∈ΓN

N∑
k

L1((sk, ek), (ŝσ(k), êσ(k))) (4.7)

where L1((sk, ek), (ŝσ(k), êσ(k))) represents L1-norm between (sk, ek) and (ŝσ(k), êσ(k)).

We introduce the Hungarian algorithm [210] for efficient optimal assignment. In

Equation 4.7, N is chosen to the minimum value between m and n. If the number

of candidate spans m is larger than the number of ground truth span n, we will

pad (0, 0) representing no arguments to the golden answer set. Otherwise, we only

select the optimally matched gold spans for bipartite matching loss calculation.
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After finding the optimal assignment σ̂, we align each ground truth span in yr

and each predicted span in ŷr according to the matching result and then calculate

probabilities where the start/end positions locate about role slot k. Note that we

use the logit distribution of σ̂(k) rather than k, which is different from Equation 4.4.

p
(start)
k = Softmax(logit

(start)
σ̂(k) )

p
(end)
k = Softmax(logit

(end)
σ̂(k) )

(4.8)

Given p
(start)
k and p

(end)
k obtained by Equation 4.8, we follow the same loss function

in Equation 4.5 during training process. The bipartite matching is only applied in

training. For inference, the model will output all non-zero spans with corresponding

argument roles as predictions.

4.2.5 Inference

For inference, we define the set of candidate spans for event arguments as C =

{(i, j)|(i, j) ∈ L2, 0 < j − i ≤ l} ∪ {(0, 0)}. It contains all spans shorter than the

threshold l and special span (0, 0) indicating no arguments. Our model extracts

the argument of each θk by enumerating and scoring all candidate spans as:

scorek(i, j) = logit
(start)
k (i) + logit

(end)
k (j) (4.9)

and the predicted span of slot k is given by:

(ŝk, êk) = arg max
(i,j)∈C

scorek(i, j) (4.10)

Since at most one span is predicted by each slot in the prompt, this strategy avoids

the exhaustive threshold tuning.

4.3 Experiments

In this section, we explore the following questions: (1) Can PAIE better utilize

PLMs for joint extraction to boost the performance of S-EAE and D-EAE? (2)

How does PAIE address the challenges including few-shot and large-scale setting?
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4.3.1 Experimental Setup

Datasets We conduct experiments on three common datasets in Event Argument

Extraction task: ACE05 [196], RAMS [211] and WIKIEVENTS [89]. Regarding

ACE05 [196], we follow the pre-processing procedure of DyGIE++ [212]. It keeps

33 event types and 22 argument roles and collects 4859 arguments in the training

set, 605 and 576 in the development and test set respectively. RAMS [211] is a

document-level dataset annotated with 139 event types and 65 semantic roles. Each

sample is a 5-sentence document, with trigger word indicating pre-defined event

type and its argument scattering among the whole document. WIKIEVENTS [89]

is another document-level dataset providing 246 documents, with 50 event types

and 59 argument roles. These documents are collected from English Wikipedia

articles that describe real-world events and then follow the reference links to crawl

related news articles. Table 4.2 shows their detailed statistics.

Dataset ACE05 RAMS WIKIEVENTS

#Sents
Train 17,172 7,329 5,262
Dev 923 924 378
Test 832 871 492

#Args
Train 4,859 17,026 4,552
Dev 605 2,188 428
Test 576 2,023 566

#Event 33 139 50
#Role 22 65 59
#Arg per Event 1.19 2.33 1.40

Table 4.2: Statistics of datasets.

Evaluation Metric We adopt two evaluation metrics. (1) Argument Identification

F1 score (Arg-I): an event argument is correctly identified if its offsets and event

type match those of any of the argument mentions. (2) Argument Classification

F1 score (Arg-C): an event argument is correctly classified if its role type is also

correct. For WIKIEVENTS dataset, we follow [89] and additionally evaluate Head

F1 score (Head-C), concerning only the matching of the headword of an argument.

Implementation Details We initialize the weight in encoder-decoder architec-

ture with pre-trained BART models. The contexts in the document-level dataset

sometimes exceed the constraint of BART-Encoder and consume prohibitively large
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Hyperparameter Value

Batch size 16 (ACE05) / 4 (Others)
Weight decay 0.01
Training steps 10000
Optimizer AdamW
Adam ϵ 1× 10−8

Adam β1/β2 0.9 / 0.999
Scheduler Linear (with 0.1 warmup step)

Max span length 10
Max gradient norm 5.0

Window size 250
Max encoder seq length 192 (ACE05) / 500 (Others)
Max decoder seq length 80

Table 4.3: Hyperparameters for PAIE

memory; thus we add a window centering on the trigger words and only encode

the words within the window. We train each large model on single NVIDIA-V100

GPU and each base model on a single NVIDIA-1080Ti GPU. For each setting, we

train models with 5 fixed seeds [13, 21, 42, 88, 100] and 3 learning rates [2e-5,

3e-5, 5e-5]. Then we record the test set performance of the model that performs

best on the development set for each random seed. The final reported performance

is the average value of results w.r.t five different seeds. We list other important

hyperparameters in Table 4.3.

Baselines We compare our model with following previous models. (1) ONEIE [213]:

a joint model extracting entity, relation and event simultaneously. Different from

QA-based model, they rely on extracted entities as candidate arguments. (2)

BART-Gen [89]: a conditional generation model generating (rather than rec-

ognizing the spans) arguments sequentially via a sequence-to-sequence model and

prompt. (3) EEQA [68]: the first Question Answering (QA) based model de-

signed for sentence-level EAE task. (4) FEAE [87]: a QA-based method extended

to document-level EAE by considering argument interactions via knowledge dis-

tillation. (5) DocMRC [88]: another QA-based method with implicit knowledge

transfer and explicit data augmentation.

For the models we re-trained, we keep all other hyper-parameters except learning

rates the same with default settings in their original papers. We search the learning

rate in [2e-5, 3e-5, 5e-5] and report the test set performance of the model that

performs best on the development set.
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Model PLM
ACE05 RAMS WIKIEVENTS

Arg-I Arg-C Arg-I Arg-C Arg-I Arg-C Head-C

FEAE [87] BERT-b - - 53.5* 47.4* - - -
DocMRC [88] BERT-b - - - 45.7* - 43.3* -

OneIE [213]
BERT-b 65.9 59.2 - - - - -
BERT-l 73.2 69.3 - - - - -

EEQA [68]
BERT-b 68.2* 65.4* 46.4 44.0 54.3 53.2 56.9
BERT-l 70.5 68.9 48.7 46.7 56.9 54.5 59.3

BART-Gen [89]
BART-b 59.6 55.0 50.9 44.9 47.5 41.7 44.2
BART-l 69.9* 66.7* 51.2 47.1 66.8 62.4 65.4

EEQA-BART
BART-b 69.6 67.7 49.4 46.3 60.3 57.1 61.4
BART-l 73.1 72.2 51.7 48.7 61.6 57.4 61.3

PAIE (Ours)
BART-b 73.6 69.8 54.7 49.5 68.9 63.4 66.5
BART-l 75.7 72.7 56.8 52.2 70.5 65.3 68.4

Table 4.4: Overall performance. We highlight the best result and underline
the second best. * means the value from the original paper. b in column PLM
denotes base model and l denotes large model.

4.3.2 Overall Performance

Table 4.4 compares our approach with all baselines. We observe that PAIE per-

forms best on all datasets. For S-EAE, our base model achieves an absolute Arg-C

improvement of 2.1% on ACE05. For D-EAE, our base model obtains 2.1% and

6.3% Arg-C gains on RAMS and WIKIEVENTS, respectively. Similarly, our large-

version model achieves 3.5% and 2.9% gains. This demonstrates a good general-

ization ability of our proposed method on dealing with varying lengths of context.

We also find that QA-based model sometimes performs well even in document-level

EAE tasks. The EEQA-BART model shows almost the same Arg-C with BART-

Gen [89] on RAMS dataset. Other QA-based models (especially those considering

argument interactions, like FEAE [87]) also have competitive performance. As for

WIKIEVENTS, however, QA-based models are inferior to sequential-generation

models significantly. We speculate that the performance of previous QA-based

models is not robust to handle longer text. Both BART-Gen [89] and our model

PAIE have a relatively stable performance on various document-level EAE datasets,

but our model performs better, especially with smaller PLMs. Next, we conduct

further analysis with the strongest baseline EEQA-BART and our PAIE. We use

the base-version BART for a fair comparison.
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Figure 4.2: Arg-C F1 scores w.r.t different training data ratios.

Model
ACE05 RAMS WIKI
B L B L B L

BART-Gen 5.8 12.4 33.2 54.8 19.1 29.0
EEQA-BART 11.8 36.0 66.0 187.4 30.9 83.8

PAIE 2.9 8.4 19.0 38.6 8.4 18.3

Table 4.5: Inference time (second) for different models on test set of three
benchmarks. Experiments are run on single NVIDIA-1080Ti GPU.

4.3.3 Few-shot Setting

We analyze how PAIE performs under a scenario without sufficient annotations.

Figure 4.2 shows the performance of PAIE and two other QA-based baselines with

partial training samples on three benchmarks. It demonstrates that (1) PAIE is

superior to EEQA-BART and EEQA in almost all settings with different datasets

and training data ratios. (2) PAIE especially outperforms QA-based methods

in document-level tasks (RAMS and WIKIEVENTS). It achieves comparable F1

scores with EEQA-BART using only about 20% training samples and EEQA using

about 10% samples. (3) Along with the decreasing number of training data, the

gains become larger than baselines. All observations above indicate that PAIE can

better utilize PLMs for few-shot settings.

4.3.4 Large-scale Setting

We analyze how PAIE performs when there are large amounts of documents to

be extracted. Results in Table 4.5 demonstrates that PAIE also has much better

extraction efficiency compared with other approaches. We report the overall in-

ference time for different models. PAIE usually runs 3-4 times faster than EEQA,

since it predicts multiple roles simultaneously, while EEQA predicts roles one by
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one. Other QA-based models are likely to have similar speeds with EEQA due to

their sequential prediction structure and training process. Also, as discussed in Sec-

tion 4.4.5, PAIE is even more advantageous under practical application scenarios

since it avoids the heavy threshold tuning.

4.4 Analysis

4.4.1 Ablation Study

In this section, we investigate the effectiveness of our main components by removing

each module in turn. (1) bipartite matching. We drop out of the bipartite match-

ing loss and ignore the global optimal span assignment. (2) multi-arg prompt.

We additionally replace the prompt containing multiple roles with several single

templates in which include only one role. (3) role-specific selector. The selector

is not role-specific anymore but is shared among all roles. This variant degrades

to EEQA-BART.

We summarize the results of ablation studies in Table 4.6. (1) EEQA-BART

outperforms EEQA significantly, which demonstrates that even conventional QA-

based methods have substantial space for improvement with a better PLM and span

selection strategy. (2) The role-specific selector further improves Arg-C scores in

RAMS and WIKIEVENTS, while taking a slightly negative effect on ACE05. Since

the former two datasets are document-level and have more role types (65 in RAMS,

59 in WIKIEVENTS, and 36 in ACE05), we speculate that role-specific selector

plays a critical role when identifying and disambiguating roles with complicated

ontology structures in long documents. (3) Joint multi-argument prompt achieves

consistent improvement on all three datasets. It indicates that the joint prompt

has the potential to capture implicit interaction among arguments. (4) Bipartite

matching loss has an average improvement of 0.7% on three benchmarks. We

conjectured it is due to the permutation-invariance property of bipartite matching.
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Model Bipartite
Matching

Multi-arg
Prompt

Role-specific
Selector PLM

Arg-C
ACE05 RAMS WIKI

PAIE ✓ ✓ ✓ BART-b 69.8±0.98 49.5±0.65 63.4±1.17

PAIE w/o bipartite ✗ ✓ ✓ BART-b 68.9±1.03 49.4±0.98 62.4±1.09

PAIE w/o multi-prompt ✗ ✗ ✓ BART-b 66.9±0.61 47.6±1.20 59.9±1.26

EEQA-BART ✗ ✗ ✗ BART-b 67.7±0.64 46.3±0.77 57.1±0.82

EEQA ✗ ✗ ✗ BERT-b 65.4 44.0 53.2

Table 4.6: Ablation study on three benchmarks.

4.4.2 Architecture Variants

PAIE feeds the context into BART-Encoder and the prompt into BART-Decoder

respectively. A plausible and straightforward variant called PAIEE (PAIE-Encoder)

concatenates context and prompt, then feed them into encoder directly. We inves-

tigate the performance of PAIEE compared with PAIE in this section, as shown in

Table 4.7.

We can see that concatenating context and prompt slightly impairs the model

performance. It seemingly indicates that the over-interaction between context and

prompt is not of benefit. Furthermore, the prompt squeezes the limited input length

of the encoder kept for a document if it concatenates with the document. The

experiments support our strategy feeding context and prompt separately without

concatenation to PAIE.

Variant PLM ACE05 RAMS WIKI

PAIEE
BE-b 65.9 46.3 62.9
BA-b 70.2 49.3 62.8
BA-l 72.3 51.7 65.1

PAIE
BA-b 69.8 49.5 63.4
BA-l 72.7 52.2 65.3

Table 4.7: Arg-C F1 of different PLMs. BE and BA denote BERT and BART.
Note that we also try PLM with only encoder such as BERT under PAIEE
setting, which does not require a decoder.

4.4.3 Prompt Variants

We investigate how different types of prompts affect the performance in this section,

as shown in Figure 4.3. We compare four different prompts: three joint prompts
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introduced in Section 4.2.2 and one single template containing only one role slot,

i.e. the question template used in QA-based method.

We find that (1) All three joint prompts outperform the single template, which

validates the effectiveness of the joint prompt. (2) Manual template has the most

stable performance and usually the better result than others. (3) Soft prompt

achieves comparable result with a manual template. We claim this observation in-

spiring because the creation of the manual template is laborious and soft prompts

almost avoid such a handcrafted process. It also accords with current trends of cre-

ating distinct continuous prompts, which usually perform better than manual ones.

(4) Concatenation template performs worst among joint prompts. We conjecture

it is due to such prompt neither contains prior knowledge about role interaction

(manual template) nor learns such interaction during training (soft prompt).
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Figure 4.3: Arg-C F1 using three different types of joint prompts in Table 4.1
plus the single template on three benchmarks. MA: Manual Template. SF: Soft
Prompt. CA: Concatenate Template. single: Single Template.

4.4.4 Long-range Dependencies

Model
Trigger-Argument Distance d

−2[79] −1[164] 0[1811] 1[87] 2[47]

BART-Gen 17.7 16.8 44.8 16.6 9.0
DocMRC 21.0 20.3 46.6 17.2 12.2
FEAE 23.7 19.3 49.2 25.0 5.4

EEQA-BART 15.6 24.0 51.7 23.5 8.0

PAIE w/o multi-prompt 21.2 21.4 52.3 27.9 24.6
PAIE 21.7 27.3 54.7 29.4 25.4

Table 4.8: Performance (Arg-C F1 score) breakdown by argument-trigger dis-
tance d on RAMS development set. The argument number of each case is given
in the bracket.
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Model
WIKIEVENTS Argument Number n
1[468] 2[66] 3[15] ≥ 4[17]

EEQA-BART 58.0(−16) 59.7(−3) 28.6(−10) 10.0(−26)

PAIE 74.1 62.6 38.1 36.4

Table 4.9: Arg-C F1 on WIKIEVENTS breakdown by argument number n of
one role. The case number is given in the square bracket.

In D-EAE task, arguments could span multiple sentences. Therefore, the model

is required to capture long-range dependencies. For better evaluating PAIE and

comparing with others, we list their performance breakdown on different sentence

distances between arguments and the given trigger word in Table 4.8. We can see

that (1) PAIE significantly improves the ability to extract arguments with long

distances, especially for those behind the trigger words (see columns with positive

d values). (2) The last two rows of the table indicate that joint prompts in PAIE

leverage the implicit interaction among roles, and roles conditioning on each other

lower the difficulty to extract long-distance arguments effectively.

4.4.5 Same-role Argument Assignment

Multiple arguments may share the same role in the same event. We show that

PAIE outperforms QA-based models dealing with it in both few-shot and large-

scale settings.

Few-shot We also compare the capability of PAIE and EEQA-BART in predicting

multiple arguments with the same role on WIKIEVENTS, a dataset containing

diverse multi-argument cases. Table 4.9 shows that PAIE outperforms significantly

better than EEQA-BART dealing with such cases. For roles with three and four or

more arguments, PAIE gains a definite Arg-C F1 improvement of 9.5% and 26.4%,

respectively.

Large-scale To solve this problem, QA-based methods usually adopt the thresh-

olding strategy, which compares the score of each text span with a manually tuned

threshold. We claim that it consumes lots of time and computational resources

for finding a good threshold and usually ends with sub-optimal results. We sup-

port such claim by a coarse grid search tuning span threshold on WIKIEVENTS

dataset using EEQA and EEQA-BART models, as shown in Figure 4.4. The choice
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Figure 4.4: Arg-C F1 w.r.t different thresholds for WIKIEVENTS. We draw
the performance of PAIE in red dashed line for comparison (no threshold tuning).

of threshold highly affects the performance of the model. In addition, models with

the same architecture but different PLMs have totally different optimal thresholds

even on the same dataset, not to mention on distinct datasets. PAIE requires no

threshold tuning since each slot in the prompt only predicts at most one argument

span and usually achieves much higher inference speed in practice.

4.5 Conclusion

Towards the better few-shot and large-scale EAE algorithm, we propose a novel

approach PAIE that effectively and efficiently extracts arguments at both sentence

and document levels. We define a new prompt tuning paradigm for extraction

tasks, which prompts multiple role knowledge from PLMs via role-specific selec-

tors and joint prompts. Extensive experiments on three standard benchmarks

demonstrate our proposed model’s promising capabilities on both few-shot and

large-scale settings of EAE task. We have also conducted ablation studies on the

main components, the extractive prompting strategy, and several real scenarios. In

the future, we are interested in investigating co-reference as an auxiliary task of

EAE and introducing entity information to better determine argument boundaries.



Chapter 5

Filter-then-rerank Paradigm for

Information Extraction

In previous chapters, we explore the use of small language models (SLMs) for

information extraction (IE). This chapter 1 shifts focus to large language models

(LLMs, [44, 46]) and pursue their applications in IE tasks under few-shot and

large-scale settings. Though our pivot experiments show that LLMs generally

underperform SLMs in IE efficiency and effectiveness, deeper analysis reveals that

LLMs excel at handling challenging samples. Based on this finding, we propose a

filter-then-rerank paradigm where SLMs (filter) are used for initial predictions and

LLMs (reranker) are selectively applied to difficult cases. Extensive experiments

validate that it significantly beats all competitive baselines under few-shot settings

and reduces LLM-calling cost under large-scale scenarios.

5.1 Introduction

Large Language Models (LLMs, [44, 46]) have shown remarkable abilities on var-

ious NLP applications such as factual question answering [214, 215], arithmetic

reasoning [216, 217] and logical reasoning [218, 219]. Given the reasoning, mem-

orization, instruction-following and few-shot adaption capabilities emerging from

1This chapter is published as Yubo Ma, Yixin Cao, YongChing Hong, and Aixin Sun. “Large
Language Model Is Not a Good Few-shot Information Extractor, but a Good Reranker for Hard
Samples!”. Findings of the Association for Computational Linguistics: EMNLP 2023, pages
10572–10601, Singapore, 2023. [36]

63
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LLMs, it prompts a compelling question: Can LLMs be used to boost performance

of IE tasks under few-shot and large scale settings (in other words, handling IE

tasks in an effective and efficient approach)?

To answer this question, we conduct an extensive empirical study to compare the

performance between LLMs using in-context learning 2 (ICL [220]) and fine-tuned

Small Language Models (SLMs). We fairly evaluate SLMs-based and LLMs-based

methods across nine datasets spanning four common IE tasks: (1) Named Entity

Recognition, (2) Relation Extraction, (3) Event Detection and (4) Event Argu-

ment Extraction. For each dataset, we explored four to six settings to encompass

typical low-resource extents, from 1-shot to 20-shot or even more. Given the po-

tential sensitivity of LLMs’ performance to the prompt context, we meticulously

considered variations in instruction, demonstration number and selection strategy,

prompt format, etc.. Our study reveals that LLMs excel over SLMs only when

annotations are extremely limited, i.e., both label types3 and the samples4 per

label are extremely scarce. With more (e.g., hundreds of) samples, SLMs signifi-

cantly outperform LLMs. Furthermore, LLMs incur greater inference latency and

costs than fine-tuned SLMs. Hence, we claim that current LLMs are not good

few-shot and large-scale information extractors in general.

Given the great potentials of LLMs, we further investigate whether LLMs and

SLMs exhibit different abilities to handle various types of samples. We categorize

samples according to their difficulty measured by SLMs’ confidence scores, and

compare LLMs’ and SLMs’ results within each group. We find that LLMs are

good at hard samples, though bad at easy samples. We posit that the

knowledge and reasoning abilities in LLMs enable them to handle hard samples

(which are simply beyond SLMs’ capabilities) well. Nevertheless, LLMs demon-

strate strong predisposition to false-positive predictions on negative samples. Since

most negative samples are easy samples (which could be solved readily by SLMs),

the performance of LLMs on easy samples sometimes collapses and are usually

much worse than fine-tuned SLMs.

2All LLMs discussed in this chapter are not fine-tuned, and results for LLMs are based on
in-context learning.

3Label types denote entity/relation/event/role types in different tasks. We use them inter-
changeably there-in-after.

4Samples refer to (i) demonstrations in ICL of LLMs, or (ii) training samples for SLMs’ fine-
tuning.
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Leveraging these findings, we pursue an approach to incorporate LLMs and SLMs

within a single system and combine their merits. To this end, we propose a novel

filter-then-rerank framework. The basic idea is that SLMs serve as a filter and

LLMs as a reranker. Specifically, SLMs initially predict and determine the dif-

ficulty of each sample. If the sample is a hard one, we further pass the top-N

most-likely candidate labels from SLMs to LLMs for reranking. Otherwise we view

the prediction from SLMs as the final decision. By providing easy/hard samples

with different solution strategies, our system utilizes each model’s strengths to com-

plement each other. Also, it reranks only a small subset of samples and minimizes

the extra latency and budgets for calling LLMs. This design makes our filter-

then-rerank friendly under large-scale scenarios. With a modest cost increase, our

framework yields a consistent F1 improvement, averaging 2.4% higher than previ-

ous methods on various few-shot IE tasks. To the best of our knowledge, this is

the first successful attempt to use LLMs to enhance few-shot IE tasks.

5.2 Large LMs v.s. Small LMs

In this section, we compare the performance between LLMs and SLMs to evaluate

whether LLMs perform competitively. Our empirical study reveals that LLMs are

not generally good information extractors under few-shot and large-scale settings.

5.2.1 Task, Dataset and Evaluation

We run experiments on nine widely-used datasets across four IE tasks. (1) Named

Entity Recognition (NER): CONLL03 [221], OntoNotes [222] and FewNERD [223].

(2) Relation Extraction (RE): TACRED [224] and TACREV [225]. (3) Event

Detection (ED): ACE05 [196], MAVEN [197] and ERE [198]. (4) Event Argument

Extraction (EAE): ACE05, ERE and RAMS [211]. With label numbers ranging

from 4 to 168, we assess LLMs’ performance under different schema complexities.

Few-shot Set We construct few-shot datasets from the original datasets above.

For training and validation set, we adopt K-shot sampling strategy, i.e., sampling

K samples for each label type. For test set, we downsample their original test

sets to reduce the cost of LLMs. We randomly sample 500 sentences for RE tasks,
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and 250 sentences for other task. We ensure that each label has at least one

corresponding sample to avoid the absence of rare labels.

Evaluation We adopt micro-F1 score in NER, RE and ED tasks. For EAE task,

we follow previous work [226] and adopt head-F1 score, which merely considers

matching of the head word rather than the whole content of a text span. We

report averaged score w.r.t 5 sampled train/validation sets unless otherwise stated.

5.2.2 Small Language Models

We adopt five supervised methods to evaluate the abilities of SLMs. (1) Vanilla

fine-tuning for all tasks, (2) FSLS [58] for NER and ED tasks, (3) KnowPrompt [64]

for RE task, (4) PAIE [33] for EAE task, and (5) UIE [74] for all tasks.

5.2.3 Large Language Models

We evaluate the ICL abilities of LLMs in this section. Given labeled sentences

D = {(si, yi)} and a test sentence s, our goal is to predict structured information

y from s using a frozen LLM L. We feed LLM with prompt PE,I,f (D, s):

PE,I,f (D, s) = [I; f(E(D, s)); f(s)] (5.1)

We give examples of prompts on four IE tasks in Figure 5.1. The prompts consist of

three parts: instruction I (color in green in Figure 5.1), demonstration f(E(D, s))

(demo; color in blue) and the question f(x) (color in black). Here E denotes demo

selector and E(D, s) ⊂ D denotes selected sentences as the demo to predict s.

Prompt format f 5 refers to the template which converts demo E(D, s) and sample

s to input context for LLMs. Then LLM generates f(y) (color in red) from which

we could readily parse the extraction results y.

5We slightly abuse the notation f to allow s, y and {(s, y)} as the input for simplicity.
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Figure 5.1: Examples of prompts used. The green, blue and black parts in the
top boxes represent the instruction, demonstration (demo) and test sentence in
the prompt respectively. The red parts represent the outputs from LLMs. We
plot only 1 example for convenience of visualization. The actual demo number
is usually much larger than 1.

Models L: We explore six LLMs from two sources. (1) OpenAI models 6: we

employ ChatGPT, CODEX [45] and InstructGPT [227] for main experiments (2)

Open-source models: we use LLaMA-13B [46] and its instruction-tuned counter-

part, Vicuna-13B [228].

Instruction I: The instruction (1) describes the task and (2) enumerates all

possible labels for reference. we adopt instructions shown in Figure 5.1.

Demo selector E : The maximum input length of LLMs usually limits the sentence

number in demos even under few-shot settings. Therefore for each test sentence

s, we demand a demo retriever E(D, s) which selects a small subset from D as

the sentences in demo. Following previous methods [229, 230], we retrieve demos

according to their sentence embedding similarity to the test samples.

Prompt format f : We use simple textual templates to format the demos and the

test sample in main experiments. For example, the template for NER is

6The versions of model we use are: gpt-3.5-turbo-0301, code-davinci-002,
text-davinci-003 and gpt-4-0314. Due to budget constraints, we execute InstructGPT and
GPT-4 only once per setting. We do not conduct EAE task on CODEX since it had been
unavailable at that time.
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Sentence: [S]

Entities: ([type1], [entity1]), ([type2], [entity2])...

5.2.4 Main Results
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(d) Event Argument Extraction (EAE)

Figure 5.2: Overall results of SLM-based methods (dashed lines) and LLM-
based methods (solid lines) on nine datasets across four IE tasks. The black,
horizontal dashed lines represent the SoTA performance on full dataset.

We summarize the main experimental outcomes in Figure 5.2, indicating that LLMs

only outperform SLMs in environments with restricted labels and samples. Con-

versely, SLMs are generally more effective. Given (1) the practicality of fine-grained

IE tasks and the manageable effort of obtaining 10-20 annotations per label and (2)
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the excessive time and budget demands of LLM inference, we conclude that LLMs

are not as effective as supervised SLMs for few-shot IE tasks under real scenarios.

We detail our findings as below.

Performance w.r.t sample number. The performance dynamics of SLMs and

LLMs are influenced by variations in sample size. Under extremely low-resource

(1-shot or 5-shot) settings, LLMs sometimes present superior performance than

SLMs. Yet, LLMs tend to reach a performance plateau with only modest increases

in sample size. Conversely, SLMs demonstrate marked performance enhancement

as sample sizes grow. This trend is evident in Figure 5.2, where SLM trajectories

(dashed lines) ascend more steeply compared to LLM ones (solid lines).

Performance w.r.t label number. Compared with SLMs, LLMs tend to strug-

gle on fine-grained datasets. For instance, LLMs perform relatively worse on

MAVEN and RAMS datasets (with 168/139 labels) than on CONLL (4 labels

only). It illustrates a clear negative correlation between the label number and the

result disparity between LLMs and SLMs across various IE tasks.

Comparisons among LLMs. We observe performance variability among LLMs.

(1) Open-source models, LLaMA and Vicuna, significantly lag behind proprietary

LLMs across all few-shot IE tasks. (2) Among proprietary LLMs, ChatGPT per-

forms better on NER and EAE tasks, but poorer so on RE and ED tasks. Instruct-

GPT and CODEX demonstrate comparable performance across these tasks.

Table 5.1: The inference seconds over 500 sentences (run on single V100 GPU).
Here LLaMA is extremely slow since we set batch size as 1 due to memory limit.

Dataset (Task) Roberta T5 LLaMA CODEX

FewNERD (NER) 2.8 39.4 1135.4 179.4
TACREV (RE) 1.4 45.6 1144.9 151.6
ACE05 (ED) 6.6 62.5 733.4 171.7

LLMs show limited inference speed. We compare the inference speed of

different methods and show their results in Table 5.1. We observe that LLMs

are much slower than SLMs since they have much more parameters, longer input

contexts and extra response decay (if external APIs are applied). It shows that

LLMs are not more suitable choices than SLMs for large-scale IE applications.
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5.2.5 Analysis on Prompt Sensitivity

Previous work [231] indicates that the efficacy of LLMs on specific tasks can be

significantly influenced by the construction of the prompt. To ensure that LLMs’

suboptimal outcomes are not erroneously ascribed to inappropriate prompt de-

signs, we meticulously examine the impact of diverse prompt variations from four

aspects, i.e., instruction format, demo number, demo selector and prompt format.

We illustrate salient findings in Figure 5.3. Our findings include that (1) diverse

instruction strategies yield comparable results in IE task; (2) increasing the number

of samples in demonstrations does not unequivocally enhance performance; and (3)

The selection strategy of demonstration matters, and retrieval based on sentence

embedding (what we used) proves sufficiently effective. Consequently, we believe

that there unlikely exists a lottery prompt that substantially alters our conclusions

that LLMs are not good few-shot IE solver.
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Figure 5.3: LLMs’ performance w.r.t prompt variants on 20-shot FewNERD
dataset. Left: ChatGPT’s performance (F1 Score) across six instruction vari-
ants. Middle: F1 Score changes over varying numbers of demo. Right: Chat-
GPT’s performance across three demo selection strategies. Random: Random
sampling. Embed: Sentence embedding. EPR: Efficient Prompt Retriever [1].

5.2.6 Discussion: Why LLMs Fail to Obtain Satisfactory

Performance on IE Tasks?

Underutilized Annotations. We notice that LLMs appear to benefit less from

additional annotations, i.e., more training samples and label types, than SLMs.

We speculate that LLMs are constrained by ICL in two ways. (1) More samples:

The number of effective samples for LLMs, those in demos, is limited by maximum

input length. Moreover, we also observe LLMs’ performance plateaus in some

tasks before reaching this limit. Meanwhile, SLMs can continually learn from more
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samples through supervised learning, widening the performance gap as annotated

samples increase. (2) More labels: LLMs struggle with fine-grained datasets. It

suggests a difficulty in understanding numerous labels and their subtle interactions

merely from the given instruction and exemplars for LLMs. Also, the examples

per label in demos decrease as label types increase.

Unexplored Task format. As stated in Zhang et al. [232], IE-related tasks are

scarce in the widely-used instruction tuning datasets like Chung et al. [122] and

Wang et al. [233]. Furthermore, the highly-flexible format of NER and ED tasks

impair the ICL abilities 7. Therefore it is likely that instruction-tuned LLMs are

not well-acquainted with such IE-related task formats.

5.3 LLMs are Good Few-shot Reranker

5.3.1 Filter-then-rerank Paradigm

To mitigate LLMs’ drawbacks mentioned above, we propose a filter-then-rerank

paradigm to integrate both SLMs and LLMs within the same system. This paradigm

uses SLMs as filters to select the top-N candidate labels, then LLMs rerank them

to make final decisions. By using SLM-generated candidate answers, the focus of

LLMs shifts from sentence-level (i.e., identifying all entities/events in the sen-

tence) to sample-level (i.e., determining single entity/event candidate provided).

Each question now corresponds to a single sample, allowing us to reframe prompts

as multi-choice questions (MCQ; shown in Figure 5.4) problem. Under such for-

mat, each candidate label is converted to a choice by pre-defined templates. We

claim filter-then-rerank paradigm is more likely to elicit the powers of LLMs and

smoothly solve few-shot IE tasks because: (1) LLMs are more familiar with MCQ

prompts than IE-format prompts [232]. (2) This paradigm reduces the label scopes

significantly, since N is usually much smaller than fine-grained label numbers.

7These two tasks require unfixed numbers of (label, span) tuple. Furthermore, the length of
each span is also unfixed.
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Read following sentences and identify what is the entity type
of “The New Yorker” quoted by <t>.
Sentence:
In 2004 Gourevitch was assigned to cover the 2004 U.S.
presidential election for “<t> The New Yorker <t>”.
Candidate Choices:
(a)The New Yorker does not belong to any known entities.
(b)The New Yorker is a broadcast program.
(c)The New Yorker is a kind of written art.
(d)The New Yorker is a media/newspaper organization.
Analysis:
The New Yorker is a well-known American magazine that has
been published since 1925, and is primarily known for its
long-form journalism, commentary, and satire. It has a
reputation for publishing high-quality writing on a wide
variety of topics, including politics, culture, and the arts.
So The New Yorker is a media/newspaper organization.
Correct Answer: (d)

Figure 5.4: Multi-choice question (MCQ) prompt.

5.3.2 LLMs are Hard Sample Solver

Our filter-then-rerank paradigm, unfortunately, presents unsatisfactory performance

(and even suffers longer latency since LLMs rerank candidates per sample). Given

LLMs’ abilities in memorization and reasoning, however, we still believe that LLMs

are potential to solve some, if not most, IE samples effectively. We hypothesize

that LLMs are more proficient than SLMs on hard samples. These samples are

characterized by their requisite for external knowledge acquisition or sophisticated

reasoning strategies, areas where LLMs can leverage their extensive parametric

knowledge bases and inherent reasoning mechanisms. In contrast, SLMs often

falter with such samples, constrained by their restricted modeling capacities.

We leverage an unsupervised metric from SLMs to evaluate the difficulty of samples.

Given a sample x in the sentence s, we define the highest probability across all labels

as the confidence score:

conf(x) = max
l∈L

PSLM(l|x; s) (5.2)

where L denotes the label set and PSLM(l|x; s) the probability of a span x (in the

sentence s) referring to label l computed by SLMs. We classify samples with low

confidence scores as hard samples. Otherwise we view them as easy samples.

We conduct experiments to confirm our hypothesis that LLMs excel on hard sam-

ples. We group samples by confidence scores and compare two methods within

each group: (a) SLM-based methods without LLM reranking, and (b) SLMs as the

filter and LLMs as the reranker. Method (b) differs from (a) by adding a single

LLM to rerank the top-N SLM predictions, using MCQ prompts.
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Figure 5.5: Relationship between confidence scores and performance with-
/without LLM reranking. We adopt RoBERTa-large as filter and InstructGPT
as reranker.

The results in Figure 5.5 support our assumption. (1) LLM-based reranking (blue

lines) enhances performance on hard samples (left areas in the figure). We speculate

that the efficacy of LLMs in harnessing external knowledge and complex reasoning

to rectify erroneous predictions initially made by SLMs (red lines). (2) Conversely,

LLM-based reranking impedes performance on easy samples (right areas), resulting

in a significant degradation, particularly for very easy samples (rightmost areas).

In conclusion, LLMs exhibit greater proficiency in handling hard samples compared

to SLMs, yet they underperform relative to SLMs on easy samples.

Table 5.2: Comparative ratios of negative to positive samples across various
datasets and subsets. We set fixed threshold τ here for simplicity.

FewNERD TACREV ACE05

Overall 5.88 3.03 38.2
Easy samples (τ > 0.9) 9.44 3.21 44.0
Hard samples (τ < 0.6) 1.28 2.68 1.36
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5.3.3 Why LLMs Fail on Easy Samples

We investigate why LLMs (relatively) fail on easy samples in this section. As shown

in Table 5.2, we observe significant higher negative sample ratios for easy samples

across diverse IE tasks. In other words, most negative samples are easy samples for

SLMs. Here we refer negative samples to those labeled as None. We speculate that

the proficiency of SLMs with negative samples stems from their ability to adeptly

discern apparent patterns during the fine-tuning stages. Therefore, SLMs could

predict negative samples with (relatively) high confidence and accuracy. Due to

LLMs’ predisposition to false-positive predictions on negative samples, however, the

performance of LLMs on easy samples collapses. We attribute such false-positive

predictions to (1) hallucination and (2) span boundary mismatch.

Filter

The sentence implies that Laura Silsby is associated with the city of Meridian in the state of Idaho, and

does not provide information about her birthplace. So Laura Silsby lives in the city Meridian.

Answer: (b)

Demonstration
The lawyer denied Italian news reports that she

wept while addressing the court, but said Knox was

upset as she recounted the pressure, the

aggressiveness of the police who called her a liar.

(a)she is the other family member of lawyer

(b)she is a lawyer

(c)she has no known relations to lawyer

Analysis: The word 'she' refers to someone who was

upset while recounting certain events in court. The

word 'lawyer' refers to someone who denied a news

report about that same person weeping in court.

There is no information in the sentence to indicate

that the two individuals are related in any way.

Answer: (c)

Adrien said he met the Baptists’ leader, Laura Silsby of

Meridian, Idaho, in Port-au-Prince on Jan 26.

(a)Laura Silsby lives in the state or province Meridian

(b)Laura Silsby lives in the city Meridian

(c)Laura Silsby was born in the city Meridian

(d)Laura Silsby has no known relations to Meridian

Analysis:

QuestionAdrien said he met the

Baptists’ leader, Laura Silsby 

of Meridian, Idaho, in Port-au-

Prince on Jan 26.

The last hostage, Italian

engineer Eugenio Vagni,

was released early Sunday.

per:origin per: cities_of_residence

Small LM

Large LM

Reranker

Easy Sample Hard Sample

Figure 5.6: The architecture of our adaptive filter-then-rerank paradigm. We
color easy samples in orange and hard samples in pink. For easy samples, the
final predictions are exactly from the SLM-based methods. For hard samples,
the top-N predictions from SLMs are fed into LLMs as the format of multiple-
choice questions (pink box). The question is paired with demos (green box).
LLMs rerank these N candidates and generate the final prediction.

5.4 Adaptive Filter-then-rerank Paradigm

Above findings can be summarized as: (1) SLMs generally outperform LLMs, es-

pecially with more training samples and fine-grained labels. (2) SLMs are much
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more time- and cost-efficient. (3) LLMs serve as powerful rerankers on hard sam-

ples that challenge SLMs. Based on them, we propose a simple, efficient, and

effective adaptive reranker that combines the strengths of SLMs and LLMs.

5.4.1 Method

Our adaptive filter-then-rerank approach, shown in Figure 5.6, uses supervised

SLMs as a filter to make preliminary decisions. Samples with confidence scores

exceeding threshold are viewed as easy samples otherwise hard ones. For easy

samples, we retain SLM predictions as final results. For hard samples, top-N

predictions from SLMs are reranked via LLMs using ICL. Here LLMs employ MCQ

prompts (Figure 5.4), containing demos and a sample to be reranked. The LLMs

then generate the final answer and optionally provide an explanation.

5.4.2 Experimental Setup

We conduct experiments on FewNERD for NER task, TACREV for RE task and

ACE05 for ED task. We employ top-performing SLM-based methods from Sec-

tion 5.2 (FSLS or KnowPrompt) as the filter, and Vicuna-13B, InstructGPT or

GPT-4 as the reranker. The threshold τ to determine sample difficulty is opti-

mized on the valid set. For hard sample, the top-3 SLM predictions and None

(if not included) are feed to LLMs for reranking. Each LLM prompt has 4-shot

demos. We follow templates in Lu et al. [62] for TACREV and carefully design

others. We adopt chain-of-thought reasoning [234], i.e., prefacing the answer with

an explanation, to facilitate LLMs’ reranking procedure.

Baseline We compare our method with two kinds of baselines to validate its ef-

fectiveness. (1) LLMs with ICL: We follow the prompts in Section 5.2.3 and

conduct experiments on three LLMs. (2) Supervised SLMs: We follow previous

SoTA methods shown in Section 5.2.4 (FSLS or KnowPrompt). We additionally

combine two SLMs with ensemble or reranking approach (i.e., replace the LLM

with another SLM as the reranker) to verify that improvements from our SLM-

LLM integrated system are not solely due to the ensemble effects.
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Table 5.3: Overall results of LLM-based ICL methods, SLM-based supervised
methods, and our proposed filter-then-rerank (SLM+LLM) methods. The best
results are in bold face and the second best are underlined. All results except
InstructGPT and GPT-4 are averaged over 5 runs, and sample standard devia-
tions are in the round bracket.

FewNERD (NER) TACREV (RE) ACE (ED)
5-shot 10-shot 20-shot 20-shot 50-shot 100-shot 5-shot 10-shot 20-shot

L
L
M

CODEX 53.8(0.5) 54.0(1.4) 55.9(0.5) 59.1(1.4) 60.3(2.4) 62.4(2.6) 47.1(1.2) 47.7(2.8) 47.9(0.5)

InstructGPT 53.6(−) 54.6(−) 57.2(−) 60.1(−) 58.3(−) 62.7(−) 52.9(−) 52.1(−) 49.3(−)

GPT-4 - - 57.8(−) - - 59.3(−) - - 52.1(−)

S
L
M

Previous SoTA 59.4(1.5) 61.4(0.8) 61.9(1.2) 62.4(3.8) 68.5(1.6) 72.6(1.5) 55.1(4.6) 63.9(0.8) 65.8(2.0)

+ Ensemble (S) 59.6(1.7) 61.8(1.2) 62.6(1.0) 64.9(1.5) 71.9(2.2) 74.1(1.7) 56.9(4.7) 64.2(2.1) 66.5(1.7)

+ Rerank (S) 59.4(1.5) 61.0(1.7) 61.5(1.7) 64.2(2.3) 70.8(2.3) 74.3(2.2) 56.1(0.3) 64.0(1.0) 66.7(1.7)

S
L
M

+
L
L
M

Vicuna-13B
+ Rerank (L) 60.0(1.8) 61.9(2.1) 62.2(1.4) 65.2(1.4) 70.8(1.6) 73.8(1.7) 56.9(4.0) 63.5(2.7) 66.0(2.6)

+ Ensemble (S) + Rerank (L) 59.9(0.7) 62.1(0.7) 62.8(1.1) 66.5(0.5) 73.6(1.4) 75.0(1.5) 57.9(5.2) 64.4(1.2) 66.2(2.4)

InstructGPT
+ Rerank (L) 60.6(2.1) 62.7(0.8) 63.3(0.6) 66.8(2.6) 72.3(1.4) 75.4(1.5) 57.8(4.6) 65.3(1.7) 67.3(2.2)

+ Ensemble (S) + Rerank (L) 61.3(1.9) 63.2(0.9) 63.7(1.8) 68.9(1.3) 74.8(1.3) 76.8(1.2) 59.5(3.7) 65.3(1.9) 67.8(2.1)

GPT-4
+ Rerank (L) 60.8(2.3) 62.6 (2.7) 63.0(1.3) 65.9(2.7) 72.3(0.3) 74.5(1.5) 59.6(2.9) 64.9(2.5) 67.1(2.5)

+ Ensemble (S) + Rerank (L) 61.1(2.2) 62.8(0.9) 63.6(1.2) 68.6(1.3) 73.9(1.4) 75.9(2.4) 60.9(3.9) 65.6(1.5) 67.8(1.7)

5.4.3 Main Results

Few-shot Settings. Table 5.3 shows that our filter-then-rerank method consis-

tently improves performance across three datasets and nine settings. For instance,

with InstructGPT, reranking provides an average F1 gain of 2.4% without SLM

ensemble (Lines 4 vs. 7). Based on ensemble SLMs as the filter, our method still

achieves 2.1% (Lines 5 vs. 8) gains on average. This confirms (1) the effectiveness

of the LLM reranking and (2) its gains are different and (almost) orthogonal to the

SLM ensemble.

Large-scale Settings. Figure 5.7 demonstrates that our method impressively

reduces budget and latency by approximately 80%˜90% compared to direct ICL.

This reduction is due to (1) fewer LLM callings (only for hard samples) and (2)

shorter prompts (fewer candidate labels and demos).

5.4.4 Analysis

Few makes big difference Our method selectively reranks hard samples. Ta-

ble 5.4 shows that (1) only a minor fraction (0.5%˜10%) of samples are deemed
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Figure 5.7: The financial and time cost over 500 sentences. InstructGPT as
the reranker.

hard and are reranked by LLMs. (2) Despite their limited quantity, reranking re-

sults in a substantial performance boost on these samples (10%˜25% absolute F1

gains). This uplift on a small subset significantly enhances the overall performance.

Table 5.4: The F1-score differences before and after reranking on the reranked
samples, as well as their proportion of the total samples.

GPT-4 InstructGPT
before after △ ratio before after △ ratio

FewNER 31.9 40.7 8.8 3.2% 31.4 28.3 −3.1 3.3%
TACREV 25.3 43.0 17.7 9.1% 33.8 43.4 9.6 7.1%
ACE05 31.1 57.9 26.8 1.6% 35.6 55.7 20.1 0.5%

GPT-4 is more aggressive From Tables 5.3 and 5.4, GPT-4 generally improves

more on hard samples, yet InstructGPT surpasses GPT-4 in NER and RE tasks

when evaluated overall. This discrepancy arises from GPT-4’s aggressive reranking

which introduces more true positives. InstructGPT, however, focuses more on

reducing false positives.

5.4.5 Ablation Study

We investigate the effectiveness of the modules in adaptive filter-then-rerank system

by removing each of them in turn: (1) CoT: We exclude the explantion for each

examples in demo. (2) Demo: We remove all examples, rendering the reranking

a zero-shot problem. (3) LF (label filtering): We retain all labels as candidate

choices for reranking, instead of only the top-N labels from the SLMs. (4) AD

(adaptive): We feed all samples, not just hard ones, to the LLMs.
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Table 5.5: Ablation study on three datasets. The filter is ensembled SLMs and
the reranker is GPT-4.

CoT Demo LF AD
FewNERD
(20-shot)

TACREV
(100-shot)

ACE05
(20-shot)

✓ ✓ ✓ ✓ 63.6(1.2) 75.9(2.4) 67.8(1.7)

✗ ✓ ✓ ✓ 63.2(1.2) 75.4(2.4) 67.2(1.7)

✗ ✗ ✓ ✓ 63.0(1.4) 74.9(2.2) 66.6(1.5)

✗ ✗ ✗ ✓ 62.4(2.1) 73.8(2.5) 66.5(1.3)

✗ ✗ ✗ ✗ 12.5(2.7) 59.9(6.0) 5.4(1.1)

Previous SoTA methods 62.6(1.0) 74.1(1.7) 66.5(1.7)

We show their results in Table 5.5 and see that (1) Demos with explanations con-

sistently enhance the reranking ability of LLMs across all datasets. (2) Demos

without explanations also contribute to performance improvement. (3) Label fil-

tering results in gains and notably reduces the demo length, hence cutting inference

costs. (4) The performance collapses without a filter to identify sample difficulty,

reiterating the need for an integrated SLM-LLM system to complement each other.

5.4.6 Case Study

Table 5.6 showcases some hard examples which benefits from our LLM reranking.

In accordance with our intuition, we observe that the LLM rerankers correct two

kinds of erroneous predictions made by LLMs. (1) The lack of external knowledge,

such as the first (Triptolemus is a figure in Greek mythology) and third examples

(Minas Gerais is a state instead of city). (2) Limited reasoning abilities, such as

the second (His wife’s children are his children) and the fourth (The word ”fought”

in this sentence does not involve any physical violence) examples.

5.5 Conclusion

Through an extensive empirical study on nine datasets spanning four IE tasks, we

find that LLMs, despite their superiority in extreme low-resource scenarios, are not

effective few-shot and efficient large-scale information extractors in general. They

struggle with IE-related prompts, have limited demonstration capacity, and incur
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Table 5.6: Examples of the samples corrected by LLM reranking. We sample
four examples from NER, RE and ED tasks, respectively. Sentences: The
sentences in which samples locate. We color the samples (entities or trigger
words) to be identified. Before: The prediction before LLM reranking. Based on
SLM-based methods. After: The reranked prediction using LLMs. Rationales:
LLM-generated Explanations.

Sentences (entity/event) Before After Rationales

Named Entity Recognition
According to it, King Eleu-
sis and Cothonea (Cyntinia),
parents of Triptolemus, are
visited by Demeter, who rears
their son, feeding him di-
vine milk by day and plac-
ing him into the fire at
night, which makes Triptole-
mus grow faster than mortal
children normally do.

person-
other

✗

other-god
✓

According to the context, Trip-
tolemus is a figure in Greek
mythology, the son of King Eleu-
sis and Cothonea (Cyntinia). He
was a demigod who was sent by
Demeter to teach mankind the
art of agriculture. So Triptole-
mus is a god in some legend/re-
ligious story.

Relation Extraction
Survivors include his wife,
Sandra; four sons, Jeff, James,
Douglas and Harris; a daugh-
ter, Leslie; his mother, Sally;
and two brothers, Guy and
Paul.

None
✗

per:children
✓

The sentence states ’Survivors
include his wife, Sandra; four
sons, Jeff, James, Douglas and
Harris; a daughter, Leslie; his
mother, Sally; and two brothers,
Guy and Paul.’ This indicates
’his’ is the father of Jeff, James,
Douglas and Harris, and the hus-
band of Sandra. So his is the par-
ent of Jeff.

Eliza Samudio, Bruno ’s ex-
girlfriend and his 4-month-
old baby boy’s mother, disap-
peared from her hometown of
Belo Horizonte, Minas Gerais.

per:cities of
residence ✗

per:states of
residence ✓

The sentence states that ’Eliza
Samudio, Bruno’s ex-girlfriend
and his 4-month-old baby boy’s
mother, disappeared from her
hometown of Belo Horizonte, Mi-
nas Gerais.’ This indicates that
Eliza Samudio is from the city of
Belo Horizonte, which is located
in the state of Minas Gerais. So
Eliza Samudio lives in the state
or province Minas Gerais.

Event Detection
We have fought every institu-
tion, every law firm ... it ’s
cost us a fortune but now we
’re going on a massive expan-
sion.

Conflict.Attack
✗

None
✓

In the given sentence, the word
fought is used to describe the
action of the speaker fighting
against various institutions and
law firms. This does not involve
any physical violence or court
proceedings, so the word fought
does not trigger any known
event.
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high inference costs. However, LLMs significantly improve the performance on hard

samples when combined with SLM. Building on these insights, we propose an adap-

tive filter-then-rerank paradigm to leverage the strengths of SLMs and LLMs and

mitigate their limitations. This approach consistently achieves promising results,

with an average 2.4% F1 gain across multiple few-shot IE tasks, while minimiz-

ing latency and budget costs. In summary, filter-then-rerank paradigm is the first

work (to our best knowledge) which achieves promising results under few-shot and

large-scale IE tasks.
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Chapter 6

Benchmarking Long-context

Document Understanding

In the second part of this thesis (Chapter 6-Chapter 7), we shift focus to another

key aspect of automatic document understanding, i.e., document reading com-

prehension. Addressing the multi-modal challenge identified in Chapter 1.3, we

examine native documents that combine text and visual elements in formats like

PDFs and PowerPoints in the following two chapters.

Question: According to this document, what is the main color of Tsinghua 

Campus Bicycle? Give me the color name only.

 Answer: Not Answerable

Unanswerable Question

Question: I want to see a doctor in the campus hospital. After 

registering at the registration area, what is the next step?

Answer: Go to the medical department you registered at (i.e. 

internal medicine, surgical medicine, dental medicine)

Evidence Page: Page 22

Evidence Source: Image

Single-Page Question

Question: I’m at location “J” shown in the 

campus map. Tell me the nearest coffee shop.

Answer: Ten Years After Café.
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Figure 6.1: MMLongBench-Doc evaluates understanding abilities of LVLMs
on lengthy documents that span tens of pages and incorporate multi-modal el-
ements. Experiments (bottom-right) indicate that most LVLMs struggle, even
falling behind LLMs that are fed with only OCR-parsed documents.
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Specifically, this chapter 1 focuses on exploring the end-to-end generation capabil-

ities of Large Vision-Language Models (LVLMs) for long-context, multi-modal

reading comprehension tasks. Due to the absence of corresponding evaluation

datasets, we introduce a novel benchmark designed for long-context, multi-

modal scenarios to bridge the gap in this emerging field. Below, we present its

motivation, construction process, evaluation results and analysis.

6.1 Introduction

Document reading comprehension is a long-standing task in urgent and practical

needs. And the recent surge of LVLMs [44, 150, 235, 236] makes the end-to-end

understanding on native multi-modal documents possible. Previous evaluations

validate that most of them have achieved promising performance on single-page

documents in DocVQA [24], ChartQA [152], InfoVQA [155], TAT-DQA [153], etc.

However, considerable amounts of documents in the real world are long-context doc-

uments with tens or even hundreds of pages. The understanding of these lengthy

documents brings new challenges for LVLMs from at least two aspects: (1) Local-

ization: identify and retrieve information from massive, heterogeneous information

(similar to the needle in a haystack task); (2) Cross-page comprehension: col-

lect and reason over multi-source information across different pages. These two

kinds of abilities are beyond the evaluation scopes of the aforementioned single-

page documents. Some recent datasets [156–158] feature multiple-page reading

comprehension, but almost all their documents are either as short of only several

pages or of low information density, making the localization-related questions over-

simple. Additionally, few (if any) questions in these datasets necessitate cross-page

comprehension. In summary, there lacks a unified and high-quality benchmark on

lengthy documents, leaving the evaluation of long-context reading comprehension

largely unexplored.

In this paper, we present MMLongBench-Doc, a benchmark designed to evalu-

ate the Multi-Modality Long-context Document reading comprehension abilities

1This chapter is published as Yubo Ma, Yuhang Zang, Liangyu Chen, Meiqi Chen, Yizhu
Jiao, Xinze Li, Xinyuan Lu, Ziyu Liu, Yan Ma, Xiaoyi Dong, Pan Zhang, Liangming Pan, Yu-
Gang Jiang, Jiaqi Wang, Yixin Cao, and Aixin Sun. “MMLongBench-Doc: Benchmarking Long-
context Document Understanding with Visualizations”. 38th Conference on Neural Information
Processing Systems (NeurIPS 2024) Track on Datasets and Benchmarks, pages 95963-96010,
Vancouver, Canada, 2024. [37]
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of LVLMs. Towards a comprehensive benchmark, it incorporates lengthy docu-

ments from both four existing datasets [152, 157–159] and other various papers,

brochures, etc. Consequently, our benchmark includes 135 PDF-formatted docu-

ments spanning across 7 diverse domains, with each document averaging 47.5 pages

and 21,214.1 textual tokens. Regarding the questions, we employ ten expert-level

annotators to (1) edit questions associated with documents from existing datasets

to meet our benchmark’s standard and (2) create new questions for all collected

documents to expand the scale of the benchmark. Then a three-round, semi-

automatic reviewing process ensures the benchmark’s annotation quality. As a

result, MMLongBench-Doc comprises 1,082 human-annotated questions, with

184 sourced from four existing datasets and 898 newly annotated. Being a multi-

modal benchmark, the answer to each question requires evidence from one or more

of these five in-document sources: text, layout, chart, table, and image. Questions

are categorized into three types based on the number of evidence pages 2, with

examples illustrated in Figure 6.1(a): (1) 494 single-page questions (with one evi-

dence page) mainly to evaluate localization abilities, (2) 365 cross-page questions

(with multiple evidence pages) to assess cross-page comprehension, and (3) 223

unanswerable questions (no evidence for answering it, i.e., no evidence pages) to

reduce shortcuts and measure LVLMs’ potential hallucinations. Meta-information

including evidence pages, sources, and answer formats, is preserved for fine-grained

evaluation and analysis. Detailed descriptions of the annotation pipeline and statis-

tics can be found in Section 6.2.

We conduct extensive experiments on MMLongBench-Doc to evaluate the long-

context reading comprehension abilities of 14 LVLMs, including 4 proprietary and

10 open-source ones. Given a document, we screenshot each page and feed all

of these PNG-formatted images to LVLMs in an end-to-end approach. For com-

parison, we also convert the documents to textual format by OCR and evaluate

another 6 proprietary and 4 open-source 10 LLMs (6 proprietary and 4 open-source

ones). The results in Figure 6.1(c) highlight the challenges that current LVLMs face

with long-context reading comprehension. The best-performing LVLM, GPT-4o,

achieves an overall F1 score of only 44.9%, while the second-best LVLM, GPT-4V,

scores 30.5%. Moreover, all the remaining LVLMs tested with multi-modal docu-

ments performed worse than single-modal LLMs handling lossy, OCR-parsed texts.

2Given a document D and a question q upon D, We call page P (in document D) an evidence
page of q if the answer of q necessitates one or more pieces of evidence in page P .
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Specifically, the Gemini-1.5-Pro and Claude-3-Opus present 4.2% and 6.4% abso-

lute decrease when the inputs change from document screenshots to OCR-parsed

texts. Regarding open-source models, the best-performing LVLM lags behind the

best-performing LLM by 11.7%. These results reveal that long-context reading

comprehension is a far-from-resolved task for current LVLMs.

6.2 MMLongBench-Doc Construction

We design a three-stage annotation pipeline for the construction of our benchmark.

The three stages will be introduced in Section 6.2.1, Section 6.2.2, and Section 6.2.3,

respectively. We also provide key statistics of our benchmark in Section 6.2.4.
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Q2-1: What does CQC stand for in this document?
A2-1: Care Quality Commission.

Q2-5: How many regulations of the HSCA 2008 
are breached in all according to this report?
A2-5: 6

Existing 
documents

Newly-collected
documents

Existing datasets

ChartQA

DUDE FinanceBench

SlideVQA

Newly-collected
resources

Selection
&

Filtering

Document 1 (newly-collected)

Document 2 (Existing)

Modify Existing Question

Add New Question

Existing Q&A
New Q&A

Document Relevance 
Detection

Self-Reflection 
& 

Cross-Checking

Q2-2: What is the number of red logos in page 10?
A2-2: 0

Q2-3: What is the telephone no for the Limes 
Residential Home?
A2-3: 01983 873655

Q2-1: What does CQC stand for in this document?
A2-1: Care Quality Commission.

Q2-5: How many regulations of the HSCA 2008 
are breached in all according to this report?
A2-5: 6

Q1-1: How many figures in this document show the 
old gate of Tsinghua ("Er Xiao Men" in Chinese)?
A1-1: 1
Q1-2: I'm at the location "J" shown in the campus 
map. Tell me the name of the nearest coffee shop.
A1-2: Ten Years After Cafe

Q2-2: What is the number of red logos in page 10?
A2-2: 0

Q2-3: What is the telephone no for the Limes 
Residential Home?
A2-3: 01983 873655

Q2-5: How many regulations of the HSCA 2008 
are breached in all according to this report?
A2-5: 7

Q2-2: What is the number of red logos in page 10?
A2-2: 0

Q2-3: What is the telephone no for the Limes 
Residential Home?
A2-3: 01983 873655

Q2-4: Health and social care act at?
A2-4: 2008-01-01

Q2-1: What does CQC stand for in this document?
A2-1: Care Quality Commission.

Q1-1: How many figures in this document show the 
old gate of Tsinghua ("Er Xiao Men" in Chinese)?
A1-1: 2
Q1-2: I'm at the location "J" shown in the campus 
map. Tell me the name of the nearest coffee shop.
A1-2: Ten Years After Cafe

Q1-3: What is the color of Tsinghua Campus Bus?
A1-3: Purple

Q1-1: How many figures in this document show the 
old gate of Tsinghua ("Er Xiao Men" in Chinese)?
A1-1: 2
Q1-2: I'm at the location "J" shown in the campus 
map. Tell me the name of the nearest coffee shop.
A1-2: Ten Years After Cafe

Q1-3: What is the color of Tsinghua Campus Bus?
A1-3: Purple

Retain

Revise

RemoveDocument Collection Q&A Collection Quality Control

Annotated instances
(before quality checking) Annotated instances

(final version)

QA pairs
 (wo. documents)

Figure 6.2: The annotation pipeline of MMLongBench-Doc.

6.2.1 Document Collection

As a long-context reading comprehension benchmark, the documents shall be of

diverse topics and lengthy enough. To this end, we crawl a great amount of docu-

ments from various sources. Then we select the lengthy ones from these documents.

Specifically, we encompass a diverse array of documents from two approaches. (1)

Existing documents from four previous datasets: DUDE [157], SlideVQA [158],

ChartQA [152], and FinanceBench [159]. (2) Newly-collected documents from
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Arxiv 3, ManualsLib 4 and Google Search 5. Then we (1) filter out the documents

with fewer than 15 pages or license restrictions and (2) down-sample documents

from DUDE, SlideVQA, and FinanceBench for a more balanced distribution.

In summary, we collect a total of 135 documents. Among them, 76 documents

are from existing datasets (colored in purple and exemplified as Document 2 in

Figure 6.2) and incorporate previously annotated questions (represented as trian-

gles). The remaining 59 documents are newly collected (colored in orange and

exemplified as Document 1) and incorporate no existing questions. We manually

categorize them into 7 types: Research Report, Financial Report, Academic Paper,

Brochure, Guideline, Administration & Industry File, Tutorial / Workshop.

6.2.2 Question and Answer Collection

To serve as a high-quality and comprehensive benchmark, the question annotation

of our benchmark adheres to the following standards: (1) All questions shall be

neither over-easy nor over-difficult. (2) Questions are not repetitively derived from

the same page or the same pattern. (3) The distribution of evidence numbers,

evidence sources, and evidence locations for the questions shall be balanced. (4)

No questions shall be answered correctly without accessing the relevant documents.

Ten authors serve as expert-level annotators for the question-and-answer collection.

All of them are doctors or Ph.D. students proficient in English reading and writing.

Before formal annotation, they undergo a training session and pre-annotate three

documents for practice. We iteratively review their annotation results and provide

personalized feedback until their annotations meet the standards mentioned above.

Regarding the formal annotation, we divide 135 documents into 54 batches (each

having 2-4 documents) and dispatch these batches to annotators. We then ask

the annotators to submit their results in units of batches and set reasonable time

intervals for each batch’s submission. We timely evaluate their annotations after

each submission and remind the annotators if their questions in this turn diverge

from the standards. It avoids the annotators rushing all assignments in a short

time and benefits the annotation quality. We recommend the annotators take

3https://arxiv.org
4https://www.manualslib.com
5https://www.google.com.sg
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60-90 minutes on each document. Specifically, the annotators shall rapidly read

through the whole document in the first 15-30 minutes. For the remaining time,

they shall dive deep into specific components to modify existing annotations and/or

add new annotations as detailed below.

Modify Existing Questions. Documents collected from existing datasets had

been annotated with some questions and answers from previous work. However,

their crowd-sourcing annotations inevitably make some questions, answers, and

other meta information unqualified. Therefore, we edit their annotations before

including them as a component of our benchmark.

Specifically, we classify six potential problems in original annotations. They are

Wrong Answers or Evidence Pages, Repetitive Question, Ambiguous Question,

Decontextualization-required Question, Low Document-relevant Question and Po-

tential Shortcut. Given an existing document, the annotators are tasked to evaluate

each existing question’s quality according to whether they have one or more above

problems and assign a label from {Retain, Revise, Remove} for each question.

Then the annotators would revise the Revise questions to meet our quality cri-

teria and remove the Remove questions. See triangle-marked questions colored in

green, yellow, and red in Figure 6.2 as Retain, Revise, Remove examples. Among

all 425 original questions from 76 existing documents, 32.2% of them are revised

and 46.1% are removed. We finally collect 211 questions in this procedure.

Add New Questions. We newly annotate questions on both existing and newly

collected documents to expand the questions in our benchmark. See square-marked

questions in Figure 6.2 as examples. Specifically, we ask annotators to add about

3 questions on existing documents, and 6 questions on newly-collected documents.

Given most existing questions are single-page ones and sourced from texts, we

put more focus on (1) cross-page and unanswerable questions and (2) questions

sourced from tables, charts, and images for newly added questions to balance the

distribution. Associated with questions, annotators also provide reference answers

and meta-information (i.e., evidence sources, answer format, evidence locations)

for all samples. We finalized a collection of 965 samples in this procedure.
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6.2.3 Quality Control

Combining the merits of humans and LVLMs, we adopt a three-round, semi-

automatic quality control procedure to improve the annotation quality of our

benchmark. We detail each round in the following components.

Document-relevant Detection. Our benchmark is designed to evaluate LVLMs’

long-context document understanding abilities. All questions are expected to

be unanswerable without access to corresponding documents. To remove low

document-relevant questions (i.e., questions not relying on documents), we feed

each annotated question WITHOUT documents to GPT-4o. A question will be

identified as low document-relevant question if GPT-4o correctly predicts under

this case. Ultimately, 94 samples are identified as low document-relevant questions

and removed in this round.

Self-reflection. We draw inspirations from MMBench [137] and leverage LVLMs

to reduce the wrongly-annotated samples. Specifically, we feed the remaining ques-

tions from the last round WITH their documents to GPT-4o. Samples whose

model predictions are inconsistent with the reference answers are sent back to

corresponding annotators. The annotators are asked to check each question and

identify whether the inconsistency is caused by problematic annotation or not.

As a result, 13.8% of the samples are identified as problematic annotations. The

annotators revise them accordingly.

Cross-checking. In parallel, annotators cross-check the annotated samples from

other annotators and determine the inconsistency reasons the same as described

above. We calculate Cohen’s kappa value of their identifications as 0.42 (17.5%

inconsistent samples), showing a moderate agreement. Regarding the 17.5% in-

consistent samples, two primary authors serve as meta-annotators and make final

decisions on them (and if necessary, revise accordingly).

6.2.4 Dataset Overview and Analysis

The main statistics of MMLongBench-Doc are presented in Table 6.1. Overall,

our benchmark consists of 1,082 questions. These questions are constructed upon

135 lengthy documents across 7 document types, with an average of 47.5 pages and
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Statistic Number

Documents 135

- Type 7

- Average/Medium pages 47.5 / 28

- Average/Medium length 21,214.1 / 12,179

Total questions 1,082

- Single-page question 494 (45.7%)

- Cross-page questions 365 (33.7%)

- Unanswerable questions 223 (20.6%)

- Derived questions 184 (17.0%)

- Newly-annotated questions 898 (83.0%)

(Evidence source)

- Pure-text 305 (35.5%)

- Layout 119 (13.9%)

- Table 218 (25.4%)

- Chart 178 (20.7%)

- Image 304 (35.4%)

(Answer Format)

- String 250 (29.1%)

- Integer 299 (34.8%)

- Float 159 (18.5%)

- List 151 (17.6%)

Avg./Max. question length 16.4 / 60

Avg./Max. answer length 2.8 / 54

Table 6.1: Dataset Statistics

Brochure
(11.1%)

Research Report
(25.2%)

Administration & 
Industry File

(7.4%)

Tutorial / Workshop
(12.6%)

Financial Report
(8.1%)

Guidebook
(16.3%)

Academic Paper
(19.3%)

Figure 6.3: Detailed distribution
of documents. Top: Document
type. Middle: Page Number.
Bottom: Token Number.

Figure 6.4: Detailed distribution of questions & answers. Left: Absolute
position of answer evidences (the page index). Middle: Relative position (the
page index/document page number). Right: Evidence page number of each
question. (0: unanswerable question; ≥ 2: cross-page question).

21,214.1 tokens. Please see detailed distributions of these documents in Figure 6.3.

Regarding the questions, there are 494 single-page questions (1 evidence page),

365 cross-page questions (2+ evidence pages), and 223 unanswerable questions (no

evidence page). These three types of questions evaluate the LVLMs’s long-context

reading comprehension capabilities from complementary aspects: the localization

ability, the cross-page comprehension ability, and the hallucination severity, respec-

tively. For single-page and cross-page questions, their answer evidence is scattered

among different context sources (i.e., text, layout, table, chart, image) and evenly
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distributed across different locations of the documents (see Table 6.1, Figure 6.4

Left and Middle). Also notably, 28.6% of cross-page questions have more than two

evidence pages, which further enhances the challenge of our benchmark.

6.3 Evaluation

6.3.1 Evaluation Protocol

We follow MATHVISTA [237] to conduct a three-step evaluation protocol: re-

sponse generation, answer extraction, and score calculation. We adopt such a pro-

tocol out of three considerations: (1) Current LVLMs are instructed to generate

long responses, rather than short-form answers, in conventional settings. (2) The

evaluation of long responses, however, remains an open and challenging problem.

(3) We focus on the document understanding (not instruction following) abilities

of LVLMs. Specifically, we impose no limitations on response generation stage

to encourage LVLMs to answer the questions in a freestyle. Then we propose a

unified LLM-based answer extractor (GPT-4o under our setting) to convert their

long responses to short-form answers. Finally, we use a rule-based score calcula-

tor to evaluate the converted short answers. We report both generalized accuracy

and generalized F1 score to balance the answerable (positive) and unanswerable

(negative) questions.

6.3.2 Experimental Setup

We evaluate 14 LVLMs on MMLongBench-Doc, including 4 proprietary LVLMs

and 10 open-source LVLMs. To purely evaluate LVLMs’ long-context reading com-

prehension abilities, we screenshot each page of the PDF-formatted document with

144 DPI and feed all these PNG-formatted images to LVLMs in an end-to-end ap-

proach. Notably, all evaluated open-source LVLMs do not support multi-image

inputs or present significant performance drops when fed with excessive images

(e.g., more than 10 or 20 images). Therefore, we employ a concatenation strategy

that combines all screenshot pages into 1 or 5 images and feeds these concatenated

images to open-source LVLMs. Regarding proprietary LVLMs, we adopt the same

concatenation strategy and reduce the image number to 20 for Claude-3-Opus to
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fit its maximum image threshold. For GPT-4o, GPT-4V, and Gemini-1.5-Pro, we

directly send all original screenshots to them (i.e., the image number equals the

page number).

For comparison, we also use the Tesseract [238] OCR model to recognize and extract

texts from the documents and feed the parsed documents to 10 LLMs, including

6 proprietary and 4 open-source ones. Texts exceeding their context lengths are

truncated. Notably, as a key component of the classical solution for the reading

comprehension task, the OCR model can handle most flattened texts and some

structured tables in the document. However, it cannot perceive the information

from the charts or images. Thus the TXT-formatted, OCR-parsed documents are

lossy documents in which the information is not fully preserved. Additionally, we

also conduct manual evaluation on a subset of our datasets (238 questions from 29

documents) to indicate the difficulty of this task for humans.

6.3.3 Main Results

We compare the performance of different LVLMs and LLMs in Table 7.2, report-

ing their generalized accuracy and F1 scores (shown in the last two columns).

Regarding LVLMs, we draw several conclusions as below: (1) The performance

demonstrates that long-context reading comprehension is still a challenging and

unsolved task for current LVLMs. The best-performing LVLM, GPT-4o, merely

achieves a 44.9% F1 score. The second best-performing LVLM, GPT-4V, lags

behind by over 10% percent and presents a 31.4% F1 score. All other LVLMs

only achieve about 20% or even lower F1 scores. (2) Though far from satisfac-

tory, GPT-4o performs much better than all other models (including GPT-4V).

Thus we speculate that the multi-modal pre-training paradigm significantly ben-

efits LVLMs’ cross-modality understanding capabilities. (3) Proprietary LVLMs

perform better than open-source LVLMs by a large margin. We attribute it to the

difference of acceptable image numbers: open-source LVLMs only support single-

image or several-image inputs, while proprietary LVLMs can be fed with at least

20 images or even more. Given that lengthy documents have tens of even hun-

dreds of pages, it is impractical for open-source LVLMs to accurately perceive the

information in the documents from the excessively concatenated images. (4) The

performances of different models are highly correlated with their acceptable image
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Table 6.2: Evaluation results on MMLongBench-Doc. We report the
generalized accuracy of five types of evidence sources including pure text (TXT),
layout (LAY), chart (CHA), table (TAB), and image (IMG). We also present the
generalized accuracy of questions categorized by the number of evidence pages:
single-page (SIN), cross-page (MUL), and unanswerable (UNA) questions. The
best and second-best performance in each section are highlighted.

Model #Param
Context Evidence Source Evidence Page

ACC F1
Window TXT LAY CHA TAB FIG SIN MUL UNA

OCR (Tesseract [238]) + Large Language Models (LLMs)

Open-source Models
ChatGLM-128k [167] 6B 128k 23.4 12.7 9.7 10.2 12.2 18.8 11.5 18.1 16.3 14.9
Mistral-Instruct-v0.2 [239] 7B 32k 19.9 13.4 10.2 10.1 11.0 16.9 11.3 24.1 16.4 13.8
Mixtral-Instruct-v0.1 [240] 8x7B 32k 24.2 14.8 12.5 15.0 13.7 21.3 14.1 13.1 17.0 16.9
Mixtral-Instruct-v0.1 [240] 8x22B 64k 34.2 21.3 19.5 21.3 19.2 27.7 21.9 32.4 26.9 24.7
Proprietary Models
QWen-Plus [241] - 32k 17.4 15.6 7.4 7.9 8.8 14.2 10.6 42.2 18.9 13.4
DeepSeek-V2 [242] - 32k 27.8 19.6 8.8 17.0 9.4 20.2 15.4 48.1 24.9 19.6

Claude-3 Opus [243] - 32k 30.8 30.1 16.4 24.4 16.3 32.0 18.6 30.9 26.9 24.5

Gemini-1.5-Pro [244] - 32k 29.3 15.9 12.5 17.7 11.5 21.2 16.4 73.4 31.2 24.8
GPT-4-turbo [44] - 128k 36.5 21.0 20.7 24.3 17.3 28.7 23.8 31.2 27.6 25.9

GPT-4o [245] - 128k 41.1 23.4 28.5 38.1 22.4 35.4 29.3 18.6 30.1 30.5

Large Visual Language Models (LVLMs)

Open-source, 7-14B Models
DeepSeek-VL-Chat [246] 7.3B 4k 7.2 6.5 1.6 5.2 7.6 5.2 7.0 12.8 7.4 5.4
Idefics2 [247] 8B 8k 9.0 10.6 4.8 4.1 8.7 7.7 7.2 5.0 7.0 6.8
MiniCPM-Llama3-V2.5 [248, 249] 8B 2k 11.9 10.8 5.1 5.9 12.2 9.5 9.5 4.5 8.5 8.6
InternLM-XC2-4KHD [150] 8B 16k 9.9 14.3 7.7 6.3 13.0 12.6 7.6 9.6 10.3 9.8
mPLUG-DocOwl 1.5 [235] 8.1B 4k 8.2 8.4 2.0 3.4 9.9 7.4 6.4 6.2 6.9 6.3
Qwen-VL-Chat [250] 9.6B 6k 5.5 9.0 5.4 2.2 6.9 5.2 7.1 6.2 6.1 5.4
Monkey-Chat [251] 9.8B 2k 6.8 7.2 3.6 6.7 9.4 6.6 6.2 6.2 6.2 5.6
Open-source, ¿14B Models
CogVLM2-LLaMA3-Chat [252] 19B 8k 3.7 2.7 6.0 3.2 6.9 3.9 5.3 3.7 4.4 4.0
InternVL-Chat-v1.5 [236] 26B 4k 14.0 16.2 7.1 10.1 16.6 14.9 12.2 17.5 14.6 13.0
EMU2-Chat [253] 37B 2k 6.1 9.7 2.6 3.8 7.7 5.7 6.1 16.5 8.3 5.5
Proprietary Models
Claude-3 Opus [243] - 200k 24.9 24.7 14.8 13.0 17.1 25.6 13.8 7.6 17.4 18.1

Gemini-1.5-Pro [244] - 128k 21.0 17.6 6.9 14.5 15.2 21.1 11.1 69.2 28.2 20.6

GPT-4V(ision) [44] - 128k 34.4 28.3 28.2 32.4 26.8 36.4 27.0 31.2 32.4 31.2

GPT-4o [245] - 128k 46.3 46.0 45.3 50.0 44.1 54.5 41.5 20.2 42.8 44.9

Human Baseline

Human Experts - - - - - - - - - - 65.8 66.0

numbers and maximum image resolutions. Notably, open-source LVLMs that sup-

port high-resolution images (i.e., InternLM-XC2-4KHD and InternVL-Chat-v1.5)

exhibit superior performance compared to those with lower resolution limits.

Surprisingly, LVLMs even demonstrate overall worse performance than LLMs, even

LLMs are fed with lossy OCR-parsed documents. Specifically, Gemini-1.5-Pro and

Claude-3 Opus have 4.2% and 6.4% absolute F1-score degradations on vision ver-

sions. And the best-performing LLM (Mixtral) also surpasses the best-performing

LVLM (InternVL-v1.5) by 11.7%. The above results clearly reveal that most cur-

rent LVLMs are still not proficient in cross-modality, long-context document un-

derstandings. It is promising that GPT-4o and GPT-4-turbo achieve better per-

formance when seeing multi-modality PDF documents than parsed text by 14.4%
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Figure 6.5: Fine-grained results on document types and evidence sources.

and 5.3% F1-score, respectively. Their performances validate the feasibility, ben-

efit, and necessity of understanding documents in an end-to-end, cross-modality

approach. We speculate that the scarce related pre-training corpus (i.e., extremely

multi-image or lengthy documents) hinders the long-context reading comprehen-

sion capabilities of other LVLMs. We leave related explorations for future work.

Regarding the human evaluation, we observe 66.0% F1-score from our annotators

and a significant performance gap (exceeding 20% in absolute) between the current

LVLMs and humans. This gap highlights the challenges of document understanding

for LVLMs and the necessity of our benchmark.

6.3.4 Fine-grained Results.

Document Type. As illustrated in Figure 6.5, LVLMs and LLMs exhibit distinct

performance patterns across various document types. Our findings include: (1)

All evaluated models demonstrate decent performance on industrial documents,

which tend to have more standardized formats and less non-textual information.

(2) The GPT series and Mixtral (i.e., the SoTA open-source LLM) show relatively

balanced performance across different document types. In contrast, other models

perform significantly worse in specialized domains such as academic papers and

financial reports. (3) When equipped with OCR, LLM-based models like GPT-4

and Mixtral achieve comparable or even superior performance on industrial doc-

uments, academic papers, and brochures. Conversely, end-to-end LVLMs outper-

form OCR+LLMs in areas such as tutorials, research reports, and guidelines. We
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speculate that comprehending these latter document types requires more extensive

multi-modal information, from which LVLMs significantly benefit.

Evidence Source. We categorize questions based on their evidence sources and

present fine-grained results in Figure 6.5 and Table 7.2. Our observations reveal

that only GPT-4o exhibits relatively balanced performance across the different

sources. Other LVLMs, however, show inferior performance on questions related

to charts and/or images compared to those related to text and/or layout. Addi-

tionally, LLMs generally demonstrate better or comparable performance to LVLMs

on text- and table-related questions but show worse performance on questions in-

volving other elements. This highlights the limitations of OCR (and other PDF

parsers) when dealing with charts and images, as well as the gap in OCR capabil-

ities between LVLMs and pure-text LLMs.
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Evidence Position. We also examine how

the evidence locations (i.e., the page indexes

where the answer evidence is found) affect

model performance. The results shown in Fig-

ure 6.6 reinforce that MMLongBench-Doc

poses significant challenges for current models,

at least partially due to the extended length

of the documents. Almost all models (except

InternVL-v1.5) exhibit their best performance

on questions derived from the initial pages,

while their performance declines progressively

as the page index increases. Interestingly, two

proprietary models, Gemini-Pro-1.5 and Claude-3-Opus, experience particularly

sharp declines in performance.

Number of Evidence Page. We observe a consistent trend that all models

achieve higher scores on single-page questions than cross-page questions. It reveals

that gathering and reasoning over all necessary information across different pages

is not trivial for current LVLMs and LLMs. More interestingly, evaluated LVLMs

behave differently on unanswerable questions. GPT-4o and Claude-3 Opus adopt

more aggressive strategies and usually tend to provide some answers. It makes

their answers more likely helpful, but also increases the risk of hallucination and

unfaithfulness (see their scores on unanswerable questions are much lower than
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answerable questions). On the contrary, Gemini-1.5-Pro, DeepSeek-VL-Chat, and

EMU2-Chat are much more cautious and tend to refuse to answer questions about

which they are uncertain. It makes their answers safer but less helpful (with large

amounts of responses like I don’t know).

6.4 Analysis & Discussion

Whole-document Oracle-pages

Figure 6.7: Performance comparisons between normal setting (feeding models
with the whole documents) and oracle setting (feeding models only with the
evidence pages) among three LVLMs.

6.4.1 Oracle Setting

We conduct additional experiments to explore to what extent the challenges of

MMLongBench-Doc are caused by the long-context lengths of documents. Specif-

ically, we feed 820 answerable questions along with their oracle evidence pages (in-

stead of the whole documents) to three representative LVLMs and show results in

Figure 6.7. On one hand, it indicates that long-context length is a significantly

challenging factor for document understanding. Compared with the oracle-page

setting, lengthy documents lead to more than 20% absolute performance degra-

dation on Gemini-1.5-Pro and InternLM-XC2-4KHD. Regarding the single-page

questions, the performance difference even achieves up to 30%. On the other hand,

the overall performance achieves only about 40% and 30% for Gemini-1.5-Pro and

InternLM-XC2-4KHD even under oracle-page setting. And the improvement for

GPT-4o is much less (about 10%). It demonstrates that the development of long-

context LVLMs can largely facilitate, though still can not fully solve, the long-

context reading comprehension task.
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6.4.2 Error Analysis

Knowledge Lacking
(3%)

Hallucinated 
Evidence (33%) Extractor Error

(10%)

Reasoning Error
(5%)

Perceptual Error
(28%)

Irrelevant Answer
(11%)

Incomplete 
Evidence (10%)

Figure 6.8: Error
distribution

We further conduct error analysis to understand the

bottleneck of current LVLMs in a qualitative ap-

proach. Specifically, we randomly select 72 error pre-

dictions from GPT-4o’s responses and manually check

their error reasons. These errors are categorized into

seven types: Perceptual Error, Irrelevant Answer, In-

complete Evidence, Hallucinated Evidence, Extractor

Error, Reasoning Error and Knowledge Lacking. The

distribution of these errors is illustrated in Figure 6.8.

It indicates that most errors come from the model’s

hallucination (i.e., wrong explanations and answers

to unanswerable questions) and perceptual errors (mainly in visual contexts). Ad-

ditionally, GPT-4o sometimes misunderstands the intent of questions and provides

irrelevant responses. The errors caused by collecting incomplete evidence (for cross-

page questions) are also unignorable.

6.4.3 Case Study

In this section, we compare the responses from six representative models. We show

one case in Figure 6.9 and observe that: (1) GPT-4o outperforms all other models

by a significant margin. (2) While LLMs demonstrate performance comparable to

LVLMs on text-related questions, they lag behind on questions concerning other

vision-intensive sources such as charts, layouts, and images. (3) Gemini-Pro-1.5

tends to adopt a conservative approach, often opting not to provide an answer.

(4) Even the best-performing open-source LVLM, InternVL-v1.5, struggles with

these cases, indicating that open-source LVLMs still fall short in tasks involving

long-context document understanding.

6.4.4 Limitations

While our benchmark addresses significant gaps in the previous datasets, we ac-

knowledge several limitations.
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Question: How many female respondents in wave III never listen to the radio in recent half year?
Reference Answer: 1115

GPT-4o ✅
Answer: In wave III of the Nepal Media Landscape 2014 
survey, 55.7% of female respondents reported that they never 
listened to the radio in the past six months. Given that the total 
sample size for wave III is 4,021 and the gender distribution is 
approximately 49.8% female, we can calculate the number of 
female respondents who never listened to the radio as follows:
Total number of female respondents = 4,021 * 49.8% = 2,001
Number of female respondents who never listened to the radio 
= 2,001 * 55.7% ~1,115
Therefore, approximately 1,115 female respondents in wave 
III never listened to the radio in the recent half year.

GPT-4V ❌
Answer: In the Wave III survey, 46% of the total respondents reported that they never listened to the radio in the past six 
months. To find the number of female respondents who never listened to the radio, we can use the gender-specific data 
provided in the infographic.
From the infographic, it is shown that 55.7% of female respondents never listened to the radio in the past six months. Given 
that the total number of respondents in Wave III is 4,021, and the sample composition by sex indicates that 50.2% of the 
respondents were female, we can calculate the number of female respondents who never listened to the radio as follows:
1. Calculate the total number of female respondents: 
4021 x 50.2% =2018.542 ~ 2019 female respondents
2. Calculate the number of female respondents who never listened to the radio: 
2019 x 55.7% = 1124.593 ~ 1125 female respondents
Therefore, ～1125 female respondents in Wave III reported that they never listened to the radio in the past six months.

Gemini-1.5-Pro ❌
Answer: The document does not contain the specific 
information needed about respondents' listening habits. 
Therefore, I cannot answer your question.

OCR + GPT-4 ❌
Answer: According to data provided, 16% of female respondents in wave III never listen to the radio in recent half year.

InternVL-v1.5 ❌
Answer: The document does not provide specific 
data on the number of female respondents in wave III 
who never listen to the radio in the recent half year. 
Therefore, it is not possible to answer the question 
based on the provided text.

OCR + Mixtral-8x22B ❌
Answer: In Wave III, 10% female respondents never listen to the radio in the recent half year.

Figure 6.9: Case Study. Evidence sources: two charts and one table. The
three evidence pages of this question are zoomed in. We manually analyze the
responses step-by-step: the correct extracted information and reasoning are col-
ored in green, and the wrong ones are colored in red.

One primary limitation is the scale of the benchmark. Currently, our benchmark in-

cludes a test set comprising 135 documents and 1,082 questions. It is much smaller

compared to previous datasets. The complexity and difficulty of annotations limit

the scale of our benchmark. As a long-context benchmark, our documents average

about 50 pages and 20,000 tokens. And most questions require either compli-

cated reasoning or cross-page comprehension. It takes more than one hour for

an expert-level annotator to read through a single document, and then edit ex-

isting instances and create new instances on this document. Given the purpose

of MMLongBench-Doc as an evaluation benchmark, we prioritize annotation

quality over quantity. Moreover, the evaluation results confirm that the scale of

our benchmark is sufficient for fine-grained evaluations across different document

types, evidence sources, evidence pages, etc. Additionally, we plan to expand our

benchmark by adding more documents and questions in future iterations.

We roughly categorize these questions into three types, i.e., single-page, cross-

page, and unanswerable questions, based on whether evidence can be found in the

documents and the number of evidence pages. However, unlike MMBench [137] or

MathVista [237], we provide no further taxonomy to classify some (e.g., 7 or 20)

fine-grained, evaluated reasoning or perception capabilities out of two main reasons:

(1) Prior (i.e., pre-annotation) taxonomy limits the diversity of the questions.
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Therefore we provide no predefined classifications in our guideline and encourage

the expert-level annotators to freely write questions without constraints. (2) The

intrinsic complexity of document understanding presents significant challenges for

establishing a posterior (i.e., post-annotation) taxonomy.

While there exist limitations in our benchmark, MMLongBench-Doc surely

represents a significant step forward in this field. We would iteratively maintain

and refine this benchmark and hope it could push forward the development of

long-context document understanding.

6.5 Conclusion

In this work, we present MMLongBench-Doc to evaluate the reading compre-

hension capabilities of LVLMs under multi-modal, long-context scenarios. Exten-

sive experiments on 14 LVLMs (and 10 LLMs for comparison) reveal that the un-

derstanding of lengthy documents poses great challenges to current LVLMs. Even

though the performance of GPT-4o proves the benefit of end-to-end, multi-modality

perception on documents, most LVLMs struggle on long visual contexts (i.e., ex-

tremely multiple images) and show inferior performance compared to OCR+LLM

pipelines. We hope that the construction of our benchmark could push forward

the development of more powerful LVLMs on lengthy document understanding.





Chapter 7

Empirical Study on Efficient

Visualized Document Retriever

In the last chapter, we reveal that LVLMs still face challenges in processing multi-

modal, long-context documents for end-to-end reading comprehension. By reducing

document length, Retrieval-augmented Generation (RAG) can smoothly address

this limitation. Additionally, RAG also enables the selective reading from a large

document corpora.

As outlined in Section 2.2.2, Visualized Document Retrieval (VDR) is the core

component of visual RAG systems. However, top-performing VDR models often

suffer from high memory usage and latency. To mitigate this problem, this chapter 1

focuses on developing an efficient VDR strategy maintaining retrieval performance

while minimizing resource requirements. We hope that this exploration advances

the wide applications of VDR on multi-modal, large-scale document system.

7.1 Introduction

Visualized Document Retrieval (VDR) retrieves the most related image-formatted

documents given user queries. Unlike conventional retrieval systems where raw

1This chapter is published as Yubo Ma, Jinsong Li, Yuhang Zang, Xiaobao Wu, Xiaoyi Dong,
Pan Zhang, Yuhang Cao, Haodong Duan, Jiaqi Wang, Yixin Cao, and Aixin Sun. “Towards
Storage-Efficient Visual Document Retrieval: An Empirical Study on Reducing Patch-Level
Embeddings”. Findings of the Association for Computational Linguistics: ACL 2025, pages
19568–19580, Vienna, Austria, 2025. [40]

101
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text must be parsed before indexing, VDR captures documents as images (screen-

shots) and encodes them into embeddings using LVLMs. By preserving layout

structures and visual elements in documents, it enables retrieval in a what-you-

see-is-what-you-get manner. As a result, VDR achieves superior retrieval accuracy

and demonstrates strong potential across various applications [254, 255].

The state-of-the-art visualized document retriever, ColPali/ColQwen2 [38], repre-

sents a significant advancement in this field. As shown in Figure 7.1 (left), ColPal-

i/ColQwen2 encodes each document page as Np patch-level embeddings during the

offline stage and saves them for online computation. While the excessive number

of patch embeddings enables the perceiving of fine-grained details (which is partic-

ularly important for document-related images), it introduces substantial memory

footprints and computational overhead in both offline indexing storage and online

similarity computation. For example, a medium-sized document with 50 pages

requires about 10 MB memory for embedding storage 2. This substantial memory

footprint presents a bottleneck for scalability and practical deployment of VDR

systems under real-world scenarios.

In this work, we present an in-depth analysis of the storage-efficient visualized

document retriever, exploring how to reduce each page’s patch embedding

number with minimal performance degradation. We consider two common

token-reduction approaches, i.e., token pruning [178] and token merging [188], re-

spectively. In terms of token pruning, we investigate multiple pruning strategies in

Section 7.2 and aim to retain only the high-informative patch embeddings. Even

though token pruning works to some extent, it can not reduce the embedding

numbers by orders of magnitude without significant performance drops. More em-

barrassingly, we observe that a simple baseline, i.e., random pruning, is competitive

and performs better than most other carefully-designed strategies. With deeper

analysis on this observation, we propose the hypothesis that (1) the informative-

ness of patch embedding is highly conditioned on the queries, which are unknown

and unpredictable during the offline indexing stage. (2) the patch embeddings can

be grouped and, accordingly, are prone to be dropped by the group under some

specific criteria. The above two reasons make it impractical to decide which em-

beddings should be pruned without access to the queries. Therefore, we speculate

that pruning-related strategies are inappropriate under VDR settings.

2ColQwen2 divides each page into 768 tokens, each represented by a 128-dimensional vector.
Stored as 16-bit floats, it requires 50*768*128*16 bits = 9.6 MB per document.
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Figure 7.1: Left: The diagram of Visual Document Retriever equipped with
ColPali/ColQwen2 retriever. It encodes each page into Np patch-level embed-
dings and thus incurs prohibitive memory cost. Right: This work aims to
reduce the saved embedding numbers at the minimum performance drop. Our
simple yet effective approach, Light-ColPali/ColQwen2, retains most of the per-
formance but with significantly reduced memory cost.

In Section 7.3, we turn into token merging approaches and search optimal merging

ways from three key dimensions: (1) merging approaches, (2) fine-tuning applica-

bility, and (3) merging locations. Specifically, we consider merging patch embed-

dings at different layers within LVLMs and find that late merging, i.e., merging

at the very last layer, preserves most information and achieves minimal perfor-

mance drop. Additionally, empirical study demonstrates that similarity-oriented

merging (clustering) slightly outperforms spatial-oriented merging and resource-

efficient fine-tuning (60 A100-GPU hours) further narrows down the performance

drop between patch embeddings with/without merging. Combining these findings,

we propose a simple but effective baseline about patch-level embeddings reduction

in VDR. Extensive experiments on three VDR benchmarks [37, 38, 175] reveal

that this baseline achieves comparable performance with ColPali/ColQwen2 mod-

els but reduces the patch storage by orders of magnitude. Notably, it retain 98.7%

NDCG@5 scores with only 11% of the original memory footprints and 97.5% at

2%, respectively.

7.2 Token Pruning: An Ineffective Strategy

Given patch embeddings Ep for each document page, a natural approach is to retain

N ′
p embeddings and prune the remaining (Np − N ′

p). In this section, we explore
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four pruning strategies and observe that their performance collapses when reducing

embeddings by orders of magnitude. More embarrassingly, the simplest random

pruning outperforms most other carefully-designed strategies. Further analysis

reveals that ColPali’s embeddings are likely in groups, while their relevance to

different queries is highly unpredictable. These findings highlight the limitations of

pruning strategies and underscore the feasibility and necessity of merging strategies

under VDR settings.

7.2.1 Four Pruning Strategies

We evaluate four pruning strategies as follows:

Random: For each Ep, we randomly drop (Np −N ′
p) embeddings.

Score-oriented: Recall that ColPali/ColQwen2 measures the relevance between

the queries and the pages by maximum-similarity approach, i.e., considering the

most similar patch embeddings eip ∈ Ep with ejq ∈ Eq for each token in q. Ac-

cordingly, we denote the response potential of each patch pi ∈ p on query q as its

maximum similarities with any token qi ∈ q, i.e., rip(q) = maxj e
i
p
T
ejq. However,

the key bottleneck for token-reduction in VDR is exactly that the query q, and

the associated rip(q), is unknown when we prune Ep at the offline stage. To ensure

the performance preservation on any potential q, we prompt LVLMs to generate

a set of possible queries Qp given each document page. Then we approximate the

response potential on any queries as the maximum values on this sampled set Qq:

rpi = maxq∈Qp r
i
p(q). We view patches with low rpi values as unimportant for any

queries and prune them at priority.

Attention-oriented: Recall that the common pruning strategies in LVLM’s gen-

eration [178, 185] measure the token’s importance by their received attentions from

other tokens in Transformer layers. We employ this strategy and rank the patch

embeddings in Ep by the received attentions (of corresponding tokens in last LVLM

layer) from the [EOS] token. We prune embeddings with less attentions at priority.

Cluster-oriented: We compute the cosine similarities among the patch embed-

dings and group them into clusters. For each cluster, We randomly select ONE

patch in it and prune other patches.
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Figure 7.2: Retrieval performance v.s. pruning ratio across four different
pruning strategies on two datasets.

7.2.2 Results

We evaluate the pruning strategies above on two representative datasets, DocVQA [24]

and InfoVQA [155], from the ViDoRE [38] benchmark. The embeddings Ep are

generated using the official ColQwen2 checkpoints 3 and pruned with varying prun-

ing ratios (1−N ′
p/Np). The results are shown in Figure 7.2.

All evaluated techniques perform far from satisfactory: Experiments demon-

strate that all strategies maintain their NDCG@5 scores when the pruning ratio

is below 0.2, and present slight drop (< 2% absolute score) for ratios below 0.5.

However, more aggressive pruning ratios result in significant performance drop.

The best-performing strategy retains only 90.9% / 92.3% of its original score at

0.9 pruning ratio and 76.9% / 85.9% at 0.95 ratio, which is far from satisfactory.

Overall, none of the four pruning strategies achieves effective token reduction by

orders of magnitude.

Cluster-oriented pruning performs best across evaluated techniques: It

consistently performs best among evaluated strategies under the same pruning

ratio, and remains the most resilient as pruning becomes aggressive (ratio 0.7–0.9).

Random dropping is a strong baseline: We surprisingly observe that the sim-

plest random pruning outperforms score-oriented and attention-oriented strategies,

especially when the pruning ratio is above 0.5. At 0.95 pruning ratio, it surpasses

the score-oriented strategy by 3.9% and the attention-oriented strategy by 19.6%

in absolute score on InfoVQA dataset.

3https://huggingface.co/vidore/colqwen2-v1.0

https://huggingface.co/vidore/colqwen2-v1.0
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Figure 7.3: The triggered patches of the identical page vary with the queries.

7.2.3 Analysis

We investigate the mechanism behind the above observations and attribute it to two

possible reasons. Combined with the observations and the analysis, we speculate

that token pruning strategies may be inappropriate under VDR setting.

The triggered patches of the identical page vary with the queries. For

a document page p, an ideal property in the VDR setting is that the distribu-

tion rp(q) ∈ RNp remains consistent across different queries q ∈ Q (i.e., small

Eq[KL(rp(q)||Eq(rp))] value). In other words, we expect significant overlap in the

patches activated (having high rip values) by different queries. Being the founda-

tion of pruning strategy, this consistency allows us to accurately predict and retain

informative patches with the help of sampled/simulated queries during the offline

stage. To quantitatively evaluate the consistency, we use the synthesized queries Qq

given each page p in Section 7.2.1 to compute rp(q). Then we define the patches in

p activated by q as those with top-K% highest rip(q) values, and pairwise compute

the overlap of activated patches by two different queries. We show the overlap at

different prune ratios (1-K%) in Figure 7.3(a). It reveals that the shared activated

patches of two queries are only marginally higher than what would occur by ran-

dom chance (in dashed diagonal). A case shown in Figure 7.3(b) further support

this result. Given two different queries, the activated patches on the same page are

almost exclusive. Only one patch (out of 736; hatched) responds to both queries.
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The patch tokens might be grouped. Above experiments demonstrate the

(relatively) superiority of clustering-oriented pruning, in which each similarity-

clustered group has one and only one patch remaining. And the later experiments

in Section 7.3 further show that the cluster-based merged embeddings retain almost

all retrieval accuracy. Based on these empirical results, we speculate that the patch

tokens might be well-grouped, and leave its further explorations in the future.

We believe that these two reasons inherently limit the effectiveness of pruning

strategy under VDR setting where the page embeddings should be pruned offline

without access to the queries. Since the activated patches are unpredictable but

their representations are grouped, key patches regarding some query are prone

to be dropped by group according to some specific criterion (like attention- or

score-oriented). In such case, they even perform worse than random drop because

a group of patches are unlikely to be completely dropped by random. If the

valuable tokens vary across unpredictable queries, the prudent choice is to conser-

vatively retain all of them (i.e., merging) rather than discard some (i.e., pruning).

Therefore, we speculate that pruning strategy is not appropriate for retrieval and

turn to exploring token merging strategies.

7.3 Token Merging: The Choices

We turn into another token-reduction strategy, merging, towards an efficient doc-

ument visual retriever. Unlike pruning which directly drops some tokens, merging

consolidates the multiple embeddings into one. This approach is particularly suit-

able for VDR, where the importance of each embedding is highly undetermined (if

not conditioned on specific query). We systematically evaluate the merging astrat-

egy through three key aspects towards the recipe for the optimal merging strategy

as detailed below.

7.3.1 Merging Approach

We follow Clavié et al. [188] and consider four merging approaches as illustrated

in Figure 7.4(a) 4.

4We do not illustrate the random baseline for the convenience of visualization.
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resent the added merging modules. (c): The architecture diagram of Light-
Colpali/ColQwen2.

Random. The patch embeddings from LVLMs are shaped as RNp×d. To reduce the

embedding numbers from Np to N ′
p, we randomly merge every Np/N

′
p embeddings

into ones by averagely pooling their representations.

1D Spatial-pooling. In LVLM, images are divided into patches and flattened. A

naive (but actually competitive) method is to averagely pool every Np/N
′
p embed-

dings in sequential order.

2D Spatial-pooling. This approach takes into account the spatial structure and

semantics of visualized documents. Building on the intuition that adjacent patches

often share semantic relationships, 2D-pooling averagely pools embeddings based

on their spatial proximity.

Semantic-clustering. This approach focuses on representation (rather than spa-

tial) proximity. By computing the cosine similarities among the Np embeddings

from ColPali/ColQwen2, we group them into N ′
p clusters. Each cluster is then

represented by the average of the embeddings within it. In this way, the Np patch

embeddings are merged into N ′
p cluster embeddings.
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Figure 7.5: Performance v.s. merging factor across different approaches. We
also show best evaluated pruning (i.e., clustering-oriented pruning) strategy for
comparison.

We evaluate the four merging strategies on six datasets from ViDoRE [38] bench-

mark. We report their average NDCG@5 scores under varying merging factors

Np/N
′
p in Figure 7.5. The merging approaches outperform pruning strategies over-

all, with the clustering approach showing particularly strong results. It maintains

97.5% and 92.6% relative performance at merging factor 9 and 25, respectively.

Such results highlight its effectiveness in maintaining retrieval accuracy even un-

der token reduction by orders of magnitude.

7.3.2 Fine-tuning Applicability

Above approaches are training-free and serve as plug-and-play modules for the

output patch embeddings. While they achieve promising merging ratios without

significant performance degradation, we further investigate whether fine-tuning

can enhance the performance maintenance. To this end, we compute the relevance

score s(q, p) using the merged document embeddings E ′
p ∈ RN ′

p×d during BOTH

the training and the inference stage. Results shown in Figure 7.6 show that fine-

tuning retrievers with merged embeddings enhances their perceiving on blurred

representations and reduces their performance gaps with the original retrievers.

This benefit is especially significant at large merging factors. Specifically, at merg-

ing factors of 25 and 49 (retaining only 4.6% and 2.8% memory cost), fine-tuning

recovers 61% and 67% of the performance drop (3.6% and 8.4% absolutely score
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ColQwen2: 0.826

8.4%

3.6%

0.9%

Figure 7.6: Training-free v.s. fine-tuning retriever with the same merging
approach. The performance of original ColQwen2 is highlighted in red dash.

gains) caused by training-free. Above findings validate the necessity and effec-

tiveness of fine-tuning in maintaining retrieval performance under aggressive token

reduction strategies.

7.3.3 Merging Location

We further explore the optimal location of merging operations within ColPali/-

ColQwen2. While prior work for efficiency generation [178, 182, 185] typically

merges tokens at the early layers of LVLMs to reduce FLOPs and response latency,

our focus in VDR setting is primarily on the memory footprint of the offline-stored

embeddings. This allows us to consider merging operations at later stages, even if

FLOPs and latency remain unchanged or increase slightly. Therefore, we explore

inserting merging modules at various locations within ColPali/ColQwen2’s archi-

tecture. As illustrated in Figure 7.4(b), the four options are: (1) Pre-Encoder, (2)

Post-Encoder, (3) Post-LLM and (4) Post-projector.

We compare the performance of different merging locations at merging factor 9

in Table 7.1. We observe that (1) performance significantly improves when the

merging operation occurs after LLM module. It demonstrates that token reduc-

tion should be performed as late as possible when FLOPs and latency are not

the concern, as feeding more visual tokens to the LLM allows for finer-grained



Chapter 7. Empirical Study on Efficient Visualized Document Retriever 111

Table 7.1: Retrieval performance of different merging locations.

Pre-
Encoder

Post-
Encoder

Post-
LLM

Post-
Projector

Info 70.2 79.5 89.7 90.4
Doc 29.8 41.7 55.2 56.1
Arxiv 80.0 81.9 87.6 86.7
TabF 74.1 80.8 88.6 88.8
TAT 50.5 54.1 79.5 79.1
Shift 49.7 54.4 85.7 87.3

Avg. 59.1 65.4 81.0 81.4

perception and more accurate information integration. (2) merging after the final

projector yields slightly better performance (0.4% absolute score) than before it.

Since the projector is designed for dimension reduction (e.g., from 1536 to 128

for ColQwen2), we hypothesize that clustering algorithms are more effective in

low-dimension spaces and thus enable more targeted feature aggregation.

7.4 Light-ColQwen2: Effective Storage Reduc-

tion on Patch-level Embeddings

We conduct extensive experiments to identify the optimal merging strategy in

Section 7.3. The key findings are as follows: (1) Merging Approach: Merging

upon representation similarity (semantic clustering) outperforms spatial proximity

(1D- / 2D-spatial pooling). (2) Merging Location: Merging at the last stage of

retrievers fully leverages the powerful perception capabilities of LVLMs and thus

achieves minimal performance drop. (3) Fine-tuning Applicability : Incorporating

the merging module during training stage significantly reduces the gap compared

to the original retrievers, particularly at high reduction ratios.

Based on these insights, we propose a simple yet effective token-reduction ap-

proach for ColPali/ColQwen2, named Light-ColPali/ColQwen2. As illustrated in

Figure 7.4(c), it is a token merging strategy which integrates semantic clustering

at the latest stage of the pipeline, combined with fine-tuning, to achieve efficient

and accurate visualized document retrieval. The simplicity and effectiveness of
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Table 7.2: The NDCG@5 scores of different visualized document retrievers on
three benchmarks. We report their average scores at the most right column,
with their relative performance compared with the original ColPali/ColQwen2.
We also report their relative memory costs (# Mem) compared with DSE-
Pali/Qwen2.

ViDoRE VisRAG
MM-LB Average

Merging
Factor

# Mem Info Doc Arxiv TabF TAT Shift Slide Chart

Base model: Qwen2-VL-2B (original patch number: 768)

DSE-Qwen2 - 1.0 84.7 50.0 84.6 89.2 67.1 78.5 86.8 57.6 68.0 74.191.0%

ColQwen2 - 64.4 91.5 55.4 88.0 90.5 81.1 88.5 93.4 65.8 78.6 81.4100.0%

ColQwen2+Pruning 9 7.6 85.6 48.3 84.0 88.3 68.6 72.5 89.3 60.3 69.0 74.090.9%

49 1.8 74.7 36.3 77/1 80.5 46.7 55.9 77.3 52.8 62.3 62.676.9%

Light-ColQwen2 4 16.4 89.5 56.6 88.6 90.2 80.5 87.1 92.9 62.9 77.0 80.699.0%

9 7.6 90.4 56.1 86.7 88.8 79.1 87.3 92.2 62.0 76.2 79.998.2%

25 3.0 88.9 54.6 86.4 89.3 78.7 84.4 91.0 60.4 71.9 78.496.3%

49 1.8 86.9 52.6 86.5 86.8 73.5 84.5 89.7 59.6 72.8 77.094.6%

Base model: PaliGemma-3B (original patch number: 1024)

DSE-Pali - 1.0 80.1 46.0 82.0 84.1 61.1 70.2 84.8 54.7 67.0 70.091.5%

ColPali - 36.7 84.4 54.8 85.1 85.3 72.3 75.5 92.2 62.0 77.1 76.5100.0%

ColPali+Pruning 9 4.2 81.5 50.5 82.0 84.4 61.1 67.0 90.2 59.0 69.1 71.693.6%

49 0.9 72.5 35.8 70.3 72.6 40.3 44.1 79.1 50.3 61.9 58.676.6%

Light-ColPali 4 9.3 82.8 53.4 84.1 86.5 72.8 72.5 91.7 60.6 73.3 75.398.4%

9 4.2 82.1 54.8 83.5 84.5 70.9 72.8 91.2 61.0 72.6 74.897.8%

25 1.6 81.2 50.5 82.6 82.7 67.2 70.7 90.8 57.3 71.9 72.895.2%

49 0.9 79.9 49.6 82.7 81.9 67.4 69.0 88.9 57.5 68.8 71.693.6%

Light-ColPali/ColQwen2 make it a practical solution for balancing performance

and efficiency in visual document retrieval tasks.

Baseline We evaluate Light-ColPali/ColQwen2 against three primary baselines.

(1) The original ColPali/ColQwen2 [38] which encodes each patch in the page

as one embedding. (2) DSE-Pali/-Qwen2 [39] which encodes each page into one

embedding. (3) The most effective pruning strategy, random pruning, as introduced

in Section 7.2.1. We compare them in terms of both retrieval performance and

memory cost.

Experiment Setup We conduct experiments on nine datasets from three bench-

marks: ViDoRE [38], VisRAG [175] and MMLongBench-Doc [37]. We follow pre-

vious work to use NDCG@5 as the evaluation metric on performance and relative

memory cost (compared with DSE) as the metric on efficiency.
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Result Based on Qwen2-VL-2B [149] and PaliGemma-3B [174], we show results of

different visualized document retrievers on Figure 7.1 and Table 7.2. We observe

that (1) ColPali/ColQwen2 achieves superior performance but comes at the cost

of significantly larger memory footprint than DSE. Specifically, ColPali/Qwen2

outperforms DSE by 6.7% absolute scores on Qwen2-VL-2B and 6.5% absolute

scores on PaliGemma-3B. However, they also takes up more than 64.4 and 36.7

times of memory cost and cause big burdens on both offline indexing and online

retrieval. Above results highlight the necessity for a performance-cost balance.

(2) Light-ColPali/ColQwen2 achieves a significant reduction in memory footprint

while largely preserving performance. For Light-ColQwen2, it maintains 99.0% of

NDCG@5 scores (80.6 out of 81.4) at a merging factor of 4 and 98.2% of NDCG@5

scores at a merging factor of 9. Even at an extremely large merging ratio, where

its memory cost is comparable to DSE (1.8x), Light-ColQwen2 retains 94.5% rela-

tive performance and outperforms DSE by 2.9% in absolute score gains. Similarly,

Light-ColPali maintains 98.4% and 97.8% of NDCG@5 scores at merging factors

of 4 and 9, respectively. Furthermore, at an extreme reduction ratio of 49 (even

lower memory cost than DSE), Light-ColPali retains 93.6% relative performance

and surpasses DSE by 1.6% in absolute score gains. These results demonstrate

that Light-ColPali/ColQwen2 effectively balances memory efficiency and retrieval

performance. (3) Light-ColPali/ColQwen2 presents various performance across

different datasets. For InfoVQA, ArxivQA, TabFQuAD and SlideVQA where doc-

uments typically have lower information densities (e.g., posters, diagrams), the

performance retention is notably higher. In contrast, for datasets like DocVQA,

TAT-DQA, and ChartQA where documents are more text-rich and incorporates

more information, the performance drop is slightly more obvious. We speculate

that the optimal merging factor for each document page highly correlates with its

information density. However, how to adaptively adjust the merging factor, both

during training and inference stage, remains an open challenge.

Time Cost (Offline Stage) The clustering operation in Light-ColPali/ColQwen2

incurs a modest additional time cost during both model training and embedding

generation in the offline stage. As shown in Table 7.3, it adds 3-3.5 hours to

the training time and 0.9 minute to the document embedding generation time.

We consider this slight increase in offline latency acceptable given the substantial

reduction in memory footprint and the resulting acceleration during the online

retrieval stage.
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Table 7.3: Time cost of ColQwen2 v.s. Light-ColQwen2 during offline stage.
Training: 5 epochs (2310 steps with batch size 128) on 8 A100 GPUs. Embed
Gen: 500 page embeddings on single A100 GPU.

Model
ColQwen2 Light-ColQwen2
2B 7B 2B 7B

Training 5.6 h 7.5 h 9.0 h 10.5 h
Embed Gen 1.7 min 2.1 min 2.6 min 3.0 min

7.5 Conclusion

This work conducts an empirical study into developing efficient visualized docu-

ment retrievers with minimal memory footprints and performance loss. Through

comprehensive experiments, we demonstrate the superior performance of token

merging strategy for VDR tasks. Upon this finding, we propose a simple yet ef-

fective merging strategy named Light-ColPali/ColQwen2. It maintains 98.2% of

retrieval performance with only 11.8% of original memory usage, and preserves

94.6% effectiveness at 2.8% memory footprint. We believe this established baseline

provides valuable insights for advancing efficient VDR research under multi-modal,

large-scale settings.



Chapter 8

Conclusion and Future Work

8.1 Conclusion

The excessive documents in the information age make automatic document under-

standing in urgent needs. Towards practical automatic document understanding,

this thesis presents a comprehensive investigation along the four primary chal-

lenges: Few-shot, Large-scale, Long-context, and Multi-modal mentioned

in Chapter 1. After a brief summary of previous work in Chapter 2, we address

these challenges in the two sub-tasks of document understanding, i.e., Information

Extraction and Document Reading Comprehension.

The first part focuses on Information Extraction (IE). Chapter 3 addresses the

few-shot challenge in event detection by establishing a unified framework and

proposing a simple yet effective baseline. This baseline significantly outperforms

existing methods. Chapter 4 extends our study to event argument extraction and

handles both few-shot and large-scale challenges through a novel prompt tuning

paradigm. The resulting model (PAIE) effectively and efficiently extracts event

arguments in the document. Chapter 5 further explores the broader application

of LLMs to IE tasks. While empirical studies show that LLMs are not good in-

formation extractors, we introduce a filter-then-rerank paradigm that leverages

the strengths of both SLMs and LLMs. This paradigm achieves state-of-the-art

performance in few-shot and large-scale IE scenarios.

115
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The second part focuses on document reading comprehension. Chapter 6 evaluates

LVLMs’ capabilities on multi-modal, long-context documents. To this end, we

construct a high-quality benchmark named MMLongBench-Doc. While reveal-

ing promising potential, our analysis demonstrates significant challenges in lengthy

document understanding. To bypass these limitations, we dive deep into visual

document retrieval (VDR) and pursue efficient retrieval for large-scale applica-

tions in Chapter 7. After identifying the prohibitive computational bottlenecks in

existing VDR approaches, we conduct extensive empirical study and summarize

a token merging strategy that achieves substantial memory reduction with min-

imal performance loss. It offers critical insights for advancing VDR research in

multi-modal, large-scale scenarios.

In conclusion, this thesis makes significant contributions to practical automatic

document understanding from multiple dimensions. We conduct empirical studies,

construct new benchmarks, and develop innovative approaches to meet the real-

world applications of both IE and reading comprehension tasks. Though there are

lots of remaining open problems (detailed in the next section), we believe that these

contributions offer valuable insights and lay a solid foundation for future research

towards more robust and scalable document understanding systems.

8.2 Future Work

8.2.1 More Flexible Extraction

All IE tasks discussed in this thesis rely on well-defined schemas. However, we argue

that such schemas are not essential and can be relaxed through two approaches: (1)

automatic schema induction, which avoids the manual schema construction, and

(2) personalized extraction, which allows for ad-hoc schema based on user needs.

We detail their ideas as follows.

Automatic Schema Induction. Manual schema construction is costly, time-

consuming, and requires expertise. Moreover, schemas designed for one domain

often fail when applied to another. Here raises a natural question: Can systems

autonomously discover and construct schemas conditioned on the document cor-

pora? Prior work [256–258] has explored this through clustering-based methods,
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Figure 8.1: The paradigm of personalized extraction. Figure curated from [2].

using document corpora and linguistic resources like Abstract Meaning Representa-

tion [259], WordNet [260], and FrameNet [261]. Specifically, these methods induce

schema structures by clustering candidate knowledge representations. However, the

naming of schema in these approaches highly relies on existing lexical knowledge,

which might be insufficient, inflexible and outdated. Additionally, clustering-based

methods naturally struggle on the discovery of rare but valuable information.

The power of LLMs can address the limitations of previous schema induction al-

gorithms. On one hand, LLMs can generate the schema name in an end-to-end

way. On the other hand, the inherent knowledge in LLMs can significantly benefit

the detection of rare information. The challenges of LLM-based schema induction

is (1) how to control the granularity of the schema taxonomy, (2) how to remove

the duplicated names of the candidate names, and (3) how to select the involved

document to balance the efficiency and schema quality. We have witnessed related

work in automatic tagging [262], and the similar pipeline can be applied to IE

domain for the automatic schema induction.

Personalized Extraction. User needs vary across documents and intentions.

Pre-defined schemas (either manually- or automatically-constructed) often fail to

meet these diverse needs. Moreover, user queries can be ambiguous and require

further clarification of intent. Above challenges lead to the emergence of personal-

ized extraction where schemas are generated ad-hoc based on the given documents.

For example, On-demand IE [2] (illustrated in Figure 8.1) identifies user intentions

(key features of the fruits) and generates one-time schemas (shape, taste, nutrient)

tailored to specific needs. Furthermore, some following works further extend this

paradigm to specific domains like finance [263].
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Despite its potential, personalized extraction faces two challenges. Firstly, evalu-

ating highly flexible schemas is difficult because ground-truth schemas depend on

user instructions and are hard to annotate. As a result, the lack of evaluation

metrics (and benchmarks) limits its adoption. Secondly, the real user intentions

are often hidden behind their explicit instructions. So the performance of person-

alized extraction systems heavily depends on the reasoning capabilities of LLMs,

which remains an open problem (detailed in the next sections) and is critical for

enhancing user experiences with personalized extractors.

8.2.2 Reasoning on Documents

In theory, an ideal reading comprehension system should smoothly handle questions

at different levels and requiring various abilities, including perception, localization,

reasoning, etc. Although document reading comprehension has been largely ex-

panded and reshaped by LLMs and LVLMs, current document systems fall short

in reasoning capabilities, particularly when reasoning across different pages and

modalities. As shown in Section 6.4, even the best-performing model (GPT-4o)

demonstrates strong long-context understanding but struggles with many reasoning-

heavy questions in the MMLongBench-Doc benchmark.

Recent progress in reasoning models [264, 265] has shown promising results in

mathematical and coding tasks. These tasks feature deterministic results and en-

able reinforcement learning with sparse rewards from simple, rule-based verifiers.

However, the learning paradigm of these reasoning models cannot be directly trans-

ferred to document-related domains. Unlike math and coding problems, queries in

document understanding often require open-ended answers. Additionally, the cor-

rectness of reasoning steps (which users are likely read by users) is also critical.

This necessitates the use of process reward models (PRMs) to provide fine-grained

feedback on model responses.

Developing effective PRMs is challenging for at least two reasons. (1) High-quality,

step-wise training samples are time-consuming and expensive to annotate. (2)

PRMs are easily hacked and often fail to accurately evaluate the true quality of

model responses. Addressing these challenges could significantly enhance the read-

ing comprehension capabilities of LLMs/LVLMs (as well as most other practical
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tasks without deterministic answers). We believe this area is worthy of further

exploration in the future.

8.2.3 AI Agents for Documents

This thesis focuses primarily on document understanding, where systems act as

brains and extract knowledge, answer queries, even perform reasoning. Although

they have benefitted various document-related domains, we believe that their pow-

ers can be further expanded if they can act as the hands of humans, i.e., au-

tonomously executing actions upon their understanding and decisions. We refer to

such systems as AI agents.

AI agents for documents have a wide range of real-world applications. For example,

they could (1) update bookkeeping sheets with recent transaction records [266],

(2) read programming tutorials and fix bugs in code repositories [267], (3) analyze

financial reports and execute stock trading operations [6], (4) compare multiple

websites (which, in a broader sense, are also documents) and purchase the most

suitable flight tickets [268]. We suggest the future work incorporating diverse

agents into powerful document system to bridge the gap between understanding

and action. Additionally, we call for the future explorations on enhancing the

robustness and scalability capabilities of these agents.

8.2.4 Real-world Deployment

While this thesis studies scalability from the algorithm perspective, deploying doc-

ument understanding systems in production introduces additional problems. We

detail them as follows and leave further exploration in the future.

Small-large Model Collaboration. Production pipelines must satisfy strict

end-to-end service level objectives (SLOs) under bounded budgets. Building on

our results in joint/prompt-based extraction and candidate filtering, a practical

path is to adopt a filter-then-rerank design: use smaller models to prune easy

cases and reserve large models for the hard tail. Future work may include adaptive

routing policies learned from live traffic and caching strategies to amortize repeated

documents.
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Index Growth and Retrieval Efficiency. Large multi-page, multi-modal cor-

pora make vector indexes the dominant serving cost. Our analysis of patch/token-

level trade-offs suggests merging or compression at indexing time to reduce memory

and I/O while retaining retrieval quality. Future work can be: (i) collection-specific

merging factors, (ii) end-to-end time accounting, and (iii) dynamic, low-disruption

re-indexing schedules for frequently updated sources.

Bias in LLM-based Reranking. We acknowledge that reranking with LLMs

can amplify upstream biases. To mitigate these risks, we recommend the follow-

ing practices: (1) optional swapping : shuffling the option orders can significantly

decrease the bias from the MCQ (multi-choice question) format. (ii) group-wise

evaluation: monitoring reranking metrics across salient cohorts (such as document

source and language) and controlling the reranking threshold if necessary.

Privacy Risks with Sensitive Documents. Medical, law and financial doc-

uments typically contain confidential data. Responsible deployment should follow

data minimization (process only necessary pages/spans) and log accesses/model

actions for accountability. Additionally, fine-tuning on user content by default

should be avoided as much as possible.
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[8] Lutz Bornmann and Rüdiger Mutz. Growth rates of modern science: A bib-
liometric analysis based on the number of publications and cited references.
Journal of the Association for Information Science and Technology, 66, 2014.
URL https://api.semanticscholar.org/CorpusID:7826703. 2

[9] Yi Luan, Luheng He, Mari Ostendorf, and Hannaneh Hajishirzi. Multi-task
identification of entities, relations, and coreference for scientific knowledge
graph construction. In Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing, pages 3219–3232, Brussels, Bel-
gium, October-November 2018. Association for Computational Linguistics.
doi: 10.18653/v1/D18-1360. URL https://aclanthology.org/D18-1360.
2

[10] Shumin Deng, Yubo Ma, Ningyu Zhang, Yixin Cao, and Bryan Hooi. Infor-
mation extraction in low-resource scenarios: Survey and perspective. In 2024
IEEE International Conference on Knowledge Graph (ICKG), pages 33–49,
2024. doi: 10.1109/ICKG63256.2024.00013. 3, 11

[11] Jing Li, Aixin Sun, Jianglei Han, and Chenliang Li. A survey on deep learning
for named entity recognition : Extended abstract. In 2023 IEEE 39th Inter-
national Conference on Data Engineering (ICDE), pages 3817–3818, 2023.
doi: 10.1109/ICDE55515.2023.00335. 3, 11

[12] Elisa Bassignana and Barbara Plank. What do you mean by relation extrac-
tion? a survey on datasets and study on scientific relation classification. In
Proceedings of the 60th Annual Meeting of the Association for Computational
Linguistics: Student Research Workshop, pages 67–83, Dublin, Ireland, May
2022. Association for Computational Linguistics. doi: 10.18653/v1/2022.
acl-srw.7. URL https://aclanthology.org/2022.acl-srw.7. 3

https://aclanthology.org/2021.emnlp-main.300
https://doi.org/10.1145/3637528.3671801
https://www.sciencedirect.com/science/article/pii/S1532046417302563
https://www.sciencedirect.com/science/article/pii/S1532046417302563
https://api.semanticscholar.org/CorpusID:7826703
https://aclanthology.org/D18-1360
https://aclanthology.org/2022.acl-srw.7


BIBLIOGRAPHY 127

[13] Qian Li, Jianxin Li, Jiawei Sheng, Shiyao Cui, Jia Wu, Yiming Hei, Hao Peng,
Shu Guo, Lihong Wang, Amin Beheshti, and Philip S. Yu. A survey on deep
learning event extraction: Approaches and applications. IEEE Trans. Neural
Networks Learn. Syst., pages 1–21, 2022. doi: 10.1109/TNNLS.2022.3213168.
URL https://ieeexplore.ieee.org/abstract/document/9927311. 3, 12

[14] Xin Dong, Evgeniy Gabrilovich, Geremy Heitz, Wilko Horn, Ni Lao, Kevin
Murphy, Thomas Strohmann, Shaohua Sun, and Wei Zhang. Knowledge
vault: a web-scale approach to probabilistic knowledge fusion. In Proceedings
of the 20th ACM SIGKDD International Conference on Knowledge Discov-
ery and Data Mining, KDD ’14, page 601–610, New York, NY, USA, 2014.
Association for Computing Machinery. ISBN 9781450329569. doi: 10.1145/
2623330.2623623. URL https://doi.org/10.1145/2623330.2623623. 3

[15] Manling Li, Alireza Zareian, Ying Lin, Xiaoman Pan, Spencer Whitehead,
Brian Chen, Bo Wu, Heng Ji, Shih-Fu Chang, Clare Voss, Daniel Napier-
ski, and Marjorie Freedman. GAIA: A fine-grained multimedia knowledge
extraction system. In Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics: System Demonstrations, pages 77–
86, Online, July 2020. Association for Computational Linguistics. doi:
10.18653/v1/2020.acl-demos.11. URL https://aclanthology.org/2020.

acl-demos.11.

[16] Haoyang Wen, Yanru Qu, Heng Ji, Qiang Ning, Jiawei Han, Avi Sil, Hang-
hang Tong, and Dan Roth. Event time extraction and propagation via graph
attention networks. In Proceedings of the 2021 Conference of the North
American Chapter of the Association for Computational Linguistics: Hu-
man Language Technologies, pages 62–73, Online, June 2021. Association
for Computational Linguistics. doi: 10.18653/v1/2021.naacl-main.6. URL
https://aclanthology.org/2021.naacl-main.6.

[17] Xinya Du, Zixuan Zhang, Sha Li, Pengfei Yu, Hongwei Wang, Tuan Lai,
Xudong Lin, Ziqi Wang, Iris Liu, Ben Zhou, Haoyang Wen, Manling Li, Dar-
ryl Hannan, Jie Lei, Hyounghun Kim, Rotem Dror, Haoyu Wang, Michael
Regan, Qi Zeng, Qing Lyu, Charles Yu, Carl Edwards, Xiaomeng Jin, Yizhu
Jiao, Ghazaleh Kazeminejad, Zhenhailong Wang, Chris Callison-Burch, Mo-
hit Bansal, Carl Vondrick, Jiawei Han, Dan Roth, Shih-Fu Chang, Martha
Palmer, and Heng Ji. RESIN-11: Schema-guided event prediction for 11
newsworthy scenarios. In Proceedings of the 2022 Conference of the North
American Chapter of the Association for Computational Linguistics: Hu-
man Language Technologies: System Demonstrations, pages 54–63, Hy-
brid: Seattle, Washington + Online, July 2022. Association for Compu-
tational Linguistics. doi: 10.18653/v1/2022.naacl-demo.7. URL https:

//aclanthology.org/2022.naacl-demo.7. 3

[18] Jordan Boyd-Graber and Benjamin Börschinger. What question answering
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