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Chapter #1
Open-Source Software (OSS) and Resources 
(EDGAR-CORPUS)

Research Question #1: “How can we use open-access documents for financial NLP?”



⚬ Largest financial NLP corpus in the literature 
⚬ SOTA Word2Vec Embeddings (EDGAR-W2V)
⚬ Paper at ECONLP Workshop @

⚬ The go-to NLP toolkit for business/financial data/text preprocessing from the SEC
⚬ 420+ stars on Github
⚬ Details:
￭ Converts unstructured documents of 100+ pages to a structured JSON
￭ Supports multiple filters like company, years, stock ticker
￭ Supports multiple filings (10-K, 10-Q, 8-K)
￭ Clean, normalize and remove tables with 2 clicks

⚬ Lightning Talk at NLP-OSS @
⚬ Started in 2020, continuing until now
⚬ Earned grant from 
⚬ Paper at WWW 2025 (A* CORE ranking)

EDGAR-CORPUS (ECONLP @ EMNLP 2021)

EDGAR-CRAWLER

Overview of Chapter #1



Motivation

• Want to research financial NLP? You need data. 🤔
• Problem: Domain is data limited.. Practitioners 

currently rely on heavily-paid data sources like paid 
APIs from SeekingAlpha/Bloomberg API, or they build 
their own web crawlers..

• Idea: Publicly-traded U.S. businesses store documents 
in EDGAR, a web repo from the Securities & 
Exchange Commision (SEC)
⚬ EDGAR = Electronic Data Gathering, Analysis, and 

Retrieval
⚬ So.. let’s write some code for EDGAR and download 

batches of documents..
• We are not alone – lots of financial NLP applications 

use data from EDGAR:
⚬ Stock price prediction (Lee et al., 2014)
⚬ Merger participants detection (Katsafados et al., 2021)



Contribution

• Using our code, we gathered lots of documents and 

created EDGAR-CORPUS 

• Novel resource for financial NLP 💡 

• Contains annual reports (10-K filings) from all the 

publicly traded companies for a period of >25 years

• Largest financial NLP corpus available up to date!



Related Work

• Few textual financial resources 
• Certain limitations! 🛑 
• Kogan et al. considered only 1 item (out of 20!) from 

the annual reports (10-K filings)
• Tsai et al. updated Kogan’s corpus to the year 2013

EDGAR-CORPUS (ours)

• Contains all 20 items of the annual reports from 1993 
to 2020

• Annual reports (10-K filings) describe the company’s 
activities; most notable text resource for 
business/economic NLP

• Total of 6.5B tokens inside!



EDGAR documents have hundreds of pages

• An annual report (10-K report) is organized in 4 parts 

and 20 different items, with each item having 
specific points of interests

• For each specific problem you want to solve (like stock 

prediction), you need to focus in a different 

item/subsection like Item 7 or Item 8

• Extracting specific items from documents with 

hundreds of pages requires extensive, manual work 😤

• Inability to use those documents directly 😤 





• Used a variety of regular expressions – trial & error (many hours of 

tears and pains..)

• the item extraction algorithm in a high level:

⚬ for each document item, we scan for its item header and collect 

its text until the next item header, using regular expressions

⚬ Lots of false positives inside: table of contents, inline references..

￭ lots of domain-specific rules to deal with those

• Finally, we have a way to convert unstructured documents with 

hundreds of pages to some structured JSON files with clean text 

data 😊

• Annual reports of every public US company + more than 20 years of 

data => we have EDGAR-CORPUS!

Let’s structure (the unstructured)



• Contains all 20 items of the annual reports (10-K filings)

• Covers a time period from 1993 to 2020

• Each 10-K describes the company’s activities 
comprehensively

• The documents provide a full outline of risks, liabilities 
and financial operations

• Total of 6.5B tokens inside!

EDGAR-CORPUS characteristics



Word embeddings

• We used EDGAR-CORPUS to train and provide 

state-of-the-art Word2Vec embeddings 
(EDGAR-W2V)

• Helpful for downstream financial tasks

• Skip-gram algorithm

• 200-dimensional 

• Vocabulary of 100k tokens

EDGAR-W2V



Experiments

• EDGAR-W2V outperforms generic GloVe 

embeddings and the financial embeddings of 

Tsai et al.

• 3 financial NLP tasks

⚬ FinSim: Business Hypernym Classification

⚬ FiNER: Sequence Labeling with word-level 

Annotations

⚬ FiQA: Financial Sentiment Analysis

• We also compare them with jina-embeddings-

v4 and find that EDGAR-W2V outperforms them 

at 2 of 3 tasks



Summary 

• Introduced a novel NLP corpus for the financial 
domain, comprising textual data for all the US public 
companies, covering more than 25 years

• All the reports in the corpus are cleaned and split 
to an easy-to-use structured JSON format

• We trained new financial w2v embeddings, called 
EDGAR-W2V, which outperformed generic-domain 
and other financial embeddings in various financial 
NLP tasks

1.EDGAR-CORPUS is available at: https://huggingface.co/datasets/eloukas/edgar-corpus
2.EDGAR-CRAWLER is available at: https://github.com/nlpaueb/edgar-crawler
3.The EDGAR-W2V embeddings are available at: https://zenodo.org/record/5524358

Find all relevant 

links here!

EDGAR-CORPUS: Billions of Tokens Make The World Go Round. Lefteris Loukas, Manos Fergadiotis, Ion Androutsopoulos, and 
Prodromos Malakasiotis. 2021.  In Proceedings of the Third Workshop on Economics and Natural Language Processing, pages 13–
18, Punta Cana, Dominican Republic. Association for Computational Linguistics.

• Publication to 3rd ECONLP (EMNLP 2021) 



Chapter #1
Open-Source Software (OSS) and Resources 
(EDGAR-CRAWLER)

Research Question #1: “How can we use open-access documents for financial NLP?”



• People were asking for the code of our crawler
• They wanted to preprocess recent documents (> 2020)
• They wanted more filings to be supported (not only 10-

Ks)

EDGAR-CORPUS was great, but..

🤔 Seems like there is a need for a stable and 
robust open-source toolkit to preprocess such 
documents -> EDGAR-CRAWLER



edgar-
crawler

Turn unstructured financial documents into clean JSON files.

From Raw Web Documents to 
Structured Financial NLP Datasets

Looking for contributors for these, 
send us a message if interested .....       

What’s the problem? 
Most NLP datasets are often behind APIs and paywalls. EDGAR, however, is a prominent free 

resource, offering financial filings from US publicly traded companies. Yet these reports come as 

complex PDF, HTML, or TXT files, filled with multiple sections and pages, making them 

challenging to work with. Extracting specific data often means downloading countless reports 

and manually sifting through them—an impractical and time-intensive task for researchers.

Our Solution: 
EDGAR-CRAWLER, a free, open-source toolkit that downloads and extracts information from 

SEC/EDGAR filings into an easy-to-manage JSON format. Unit-tested and fully documented. 

Supports 10-K, 10-Q, 8-K filings. 

1. Responsible for crawling and 

downloading financial reports. 

Supports multiple input 

arguments.

2. Cleans and extracts the text of 

all or particular items from 

downloaded filings and saves 

them as JSON files.

Our software, EDGAR-CRAWLER, 
is made up of two modules:

1. python download_filings.py 

2. python extract_items.py 

Scientific Contributions in ML & NLP:

• Trusted by the community (420+ stars on Github!)

• Multiple citations in relevant literature.

EDGAR-CRAWLER:

Support more types 

of documents like 

those for insider 

trading.

Create a GUI for 

more user-friendly 

configuration.

Future Work:

https://github.com/nlpaueb/edgar-crawler



Hundreds of pages from 
unstructured company filings?

Structured JSON to 
bootstrap your research!



• Used a variety of domain-specific regular expressions 

• lots of trial & error (and many hours of tears..) to find what it works 

• the item extraction algorithm in a high level:

⚬ for each document item, we scan for its item header and collect 

its text until the next item header, using regular expressions

⚬ .. while we make sure we filter out false positives like table of 

contents, inline references, missed sections, etc. (hardest part)

• Continuous development if something arises

• Coding agents like Github Copilot are used to update for new 

document structures (rare, but might happen once in a while) 

￭ “issues” can be delegated to Agent

￭ human-in-the-loop only for the review of the regular 

expressions

Let’s structure (the unstructured)



Nop, LLMs can not process SEC documents easily

• Hundreds of pages inside financial documents → SEC documents don’t 
even fit inside the context window of most LLMs

• What about chunk-based processing for LLMs? still, it would be really 
expensive to do that

• EDGAR-CRAWLER can produce structured JSON output faster & easier



https://github.com/nlpaueb/edgar-crawler



Updating the software’s rules is easy when you use AI (Coding) Agents

Human delegates issue/task to AI 
Agent

Code changes implemented by Copilot / 
Agent

Issue description (raised by you or 
users)

AI Agent updates 
regular expressions 

Human 
approves/rejects



EDGAR-CRAWLER is widely used by researchers to 
utilize open-access business documents for 
financial NLP



⚬ Largest financial NLP corpus in the literature 
⚬ SOTA Word2Vec Embeddings (EDGAR-W2V)
⚬ Paper at ECONLP Workshop @

⚬ The go-to NLP toolkit for business/financial data/text preprocessing from the SEC
⚬ 420+ stars on Github
⚬ Details:
￭ Turns unstructured documents into structured data to be used in financial NLP
￭ Converts documents of 100+ pages to an easy-to-digest JSON
￭ Supports multiple filters like company, years, stock ticker
￭ Supports multiple filings (10-K, 10-Q, 8-K)

⚬ Lightning Talk at NLP-OSS @
⚬ Started in 2020, continuing until now
⚬ Earned grant from 
⚬ Paper at WWW 2025 (A* CORE ranking)

EDGAR-CORPUS (ECONLP @ EMNLP 2021)

EDGAR-CRAWLER

Overview of Chapter #1



Chapter #2
Numeric Entity Recognition for XBRL Tagging

Research Question #2: “How can NLP/DL methods create business 
value in automatic document tagging, and how can current methods 
be improved?”



⚬ Published at ACL 2022 (A* CORE ranking conference)
⚬ Problem: new task + token overfragmentation of Transformer 

models in numbers
⚬ Solution: new tokenization method for pre-training and fine-

tuning so transformers learn better number representations
⚬ Created new BERT models & dataset 

(https://huggingface.co/nlpaueb/sec-bert-base &  
https://huggingface.co/datasets/nlpaueb/finer-139)
￭ downloaded around 7,000 times

⚬ Solves a real-life business problem task of XBRL Tagging
￭ US SEC requires publicly traded companies to tag their 

documents with XBRL tags

FiNER: Financial Numeric Entity Recognition 
for XBRL Tagging

1 granted US patent based on this methodology/task
⚬ 1 granted US patent
⚬ Patent is also submitted to the EU / World Patent Office 
⚬ Assigned to Ernst and Young (EY) & NCSR Demokritos for commercial use

Overview of Chapter #2



Motivation / Problem

• Publicly-traded companies in the U.S. are required to 
file periodic financial reports to EDGAR 

• Filings must be tagged with XBRL (Extensive 
Business Reporting Language) to indicate financial 
entities
⚬ XBRL helps with document analytics and 

processing
• XBRL Tagging is costly, manual & intensive for 

businesses -> need for automation
• XBRL Tagging also became a requirement for E.U. 

filings in 2020



The Problem (from an NLP POV)

• We focus on text (since tables are mostly static)
• Viewed as a sequence labeling task
• Given a document, recognize the XBRL tags in its text



Related Work

• XBRL tagging differs from  typical entity extraction 
tasks

• There is a much larger set of entity types (139)
• Most tagged tokens are numeric
• The correct tag depends mostly on context; not the 

token itself

Entity Extraction



Related Work

• Small-scale datasets collected manually
• No deep learning methods
• Classic named entity recognition extending the 

basic entity types
• CRFs + Rules perform well on their tasks
• We focus on a more detailed and fine-grained label 

set consisting of 139 actual XBRL tags, using 
several neural classifiers

Financial NER
Paper Method Dataset 

Size Labels

Kumar et al. 
(2016)

CRFs + 
Rules

10.000 
sentences

4
(DATE, VALUE, 
ECONOMIC 
TERMS)

Hampton et al. 
(2016)

CRFs + 
Rules -

10
(PERSON, ORG, 
TIME, PERCENT, 
TEMPORAL, etc)

Hampton et al. 
(2015)

Max. 
Entropy + 
Rules

-
10
(PERSON, ORG, 
TIME, PERCENT, 
TEMPORAL, etc)

Ours
Several 
Neural 
Classifiers 

1.000.000 
sentences

139 financial 
entities from 
XBRL taxonomies
(Depreciation, 
LongTermDebt, 
OperatingLeaseC
ost, etc)



Dataset (“FiNER-139”) FiNER-139 characteristics

Downloaded ~10.000 quarterly/annual 

reports using the edgar-crawler toolkit 

from Chapter #1

We currently focus on recognizing the 

top 139 frequent XBRL financial tags 

Each Text Notes Section has ~15 pages of 

~50 XBRL tags scattered throughout it

We use the Text Notes from Financial 

Statements Item Sections



• spaCy performs poorly, possibly due to the differences from 
typical entity extraction datasets

• Initially, BERT performs worse than BILSTM (words)
• Why? BERT produces extreme fragmentation in 

*numeric* tokens -> meaningless subword units (see 
example!)

• Controversial effect of CRF Layer; CRF Layer helps only in 
fixing misclassifications in subword models

Experimental studies
Baselines

For the BILSTMs , we use 200-dimensional word2vec embeddings 
produced from ~200K financial documents downloaded from 
EDGAR. All models are tuned in a held-out dev dataset.



Numbers + Transformers 💔
remember this when ChatGPT got released? (2023)

FiNER-139 (2022)



• 💡 BERT + [NUM]: Replace all numbers with a special token [NUM] 
• Tokens 50.2 and 40,233.12 will be mapped to [NUM]
• Solves fragmentation issues ✅
• Better than vanilla BERT!

⚬ Comes on par with BERT+CRF
• Limitation: No semantic representation for different 

shapes/magnitudes  ❌
⚬ Intuition: Tokens that represent stocks (XX.X%) are expressed 

different than those that represent revenue (XX,XXX.XX)

Experimental studies
Improving BERT with numbers: masking with [NUM]



Experimental studies
Improving BERT with numbers: masking with [SHAPE]

• 💡 BERT + [SHAPE]: Normalize different magnitudes 
to different special tokens

• [SHAPE] methodology example:
⚬ 50.2 -> [XX.X] 
⚬ 40,233.12 -> [XX,XXX.XX]

• Solves fragmentation issues ✅
• Semantic representation for different 

shapes/magnitudes ✅
• Better than all other methodologies!



Experimental studies
In-domain knowledge

• 💡 Does in-domain pre-training help BERT?
• Not always! FIN-BERT (Yang et al., 2020) is worse than 

BERT!
• The better the representation of the numeric tokens 

([NUM]/[SHAPE] tokens), the bigger the boost from 
the in-domain knowledge

• FIN-BERT + [SHAPE] > BERT + [SHAPE]



Experimental studies
In-domain knowledge

• 💡 Does in-domain pre-training help BERT?
• Not always! FIN-BERT (Yang et al., 2020) is worse than 

BERT!
• The better the representation of the numeric tokens 

([NUM]/[SHAPE] tokens), the bigger the boost from 
the in-domain knowledge

• FIN-BERT + [SHAPE] > BERT + [SHAPE]

• SEC-BERT (ours) is pre-trained on 200K annual 
reports from SEC (EDGAR-CORPUS, Loukas et al., 
2021)



Experimental studies
In-domain knowledge

• 💡 Does in-domain pre-training help BERT?
• Not always! FIN-BERT (Yang et al., 2020) is worse than 

BERT!
• The better the representation of the numeric tokens 

([NUM]/[SHAPE] tokens), the bigger the boost from 
the in-domain knowledge

• FIN-BERT + [SHAPE] > BERT + [SHAPE]

• SEC-BERT (ours) is pre-trained on 200K annual 
reports from SEC (EDGAR-CORPUS, Loukas et al., 
2021)

• Pre-training SEC-BERT using special numeric tokens 
is a better strategy than trying to acquire this 
knowledge only during fine-tuning

• SEC-BERT-SHAPE > all other methods



Off-the-shelf LLMs are not suitable 😥

• We also tested LLMs on FiNER-139 (zero-shot setting)
• Combining proprietary LLMs + prompt engineering + 

NUM/SHAPE masking, LLMs still struggle:



Additional experiments
Do [NUM] and [SHAPE] work in BiLSTMs too?

• Effectiveness of pseudo-tokens – generalization?
• We incorporated them in the BiLSTMs operating on 

subword embeddings

• We replace each number by a single [NUM] pseudo-
token or one of 214 [SHAPE] pseudo-tokens.

• The replacement happens when pre-training 
word2vec subword embeddings; hence, an 
embedding is obtained for each pseudo-token

• Results further support our hypothesis
• The proposed pseudo-tokens can help subword 

models generalize over numeric expressions in 
such tasks!



Additional experiments
A business use-case

• XBRL Tagging is derived from a real-world need!
• Practical use case: XBRL Tag recommendation

• Evaluate with business metrics: hits@k
• We use the model to return the k most probable XBRL 

tags
• If the correct tag is among the top k, add +1
• Divide by the total number of tokens to be annotated

• Hits@3: 96.7%
• Hits@5: 98.6%
• Hits@10: 99.4%

• Results: An end-user (auditor) has to examine at most 5-10 
recommended tags (out of 139) to find the correct one



Summary 

• New real-word NLP task for the financial domain
• Released FiNER-139, a dataset with 1.1M sentences 

containing 139 XBRL labels for XBRL Tagging
• Experimented with several neural classifiers, showing 

that a BILSTM outperforms BERT (and LLMs) due to 
the excessive numeric token fragmentation of the 
latter

• Alleviated the overfragmentation of transformers 
by proposing special tokens to generalize over the 
shapes and magnitudes of numeric expressions 

• We pre-trained and released our own BERT model 
family, SEC-BERT, leading to improved performance

• Publication at ACL 2022 (98 citations)
• Goldman Sachs did a follow-up on our work and 

published it in ACL 2023

• https://huggingface.co/nlpaueb/sec-bert-base
• https://huggingface.co/nlpaueb/sec-bert-num
• https://huggingface.co/nlpaueb/sec-bert-shape
• https://huggingface.co/datasets/nlpaueb/finer-139

Lefteris Loukas, Manos Fergadiotis, Ilias Chalkidis, Eirini Spyropoulou, Prodromos Malakasiotis, Ion Androutsopoulos, and Georgios 
Paliouras. 2022. FiNER: Financial Numeric Entity Recognition for XBRL Tagging. In Proceedings of the 60th Annual Meeting of the 
Association for Computational Linguistics (Volume 1: Long Papers), pages 4419–4431, Dublin, Ireland. Association for 
Computational Linguistics.



⚬ Published at ACL 2022 (A* CORE ranking conference)
⚬ Problem: token overfragmentation of Transformer models in 

numbers
⚬ Solution: new tokenization method for pre-training and fine-

tuning so transformers learn better number representations
⚬ Created new BERT models & dataset 

(https://huggingface.co/nlpaueb/sec-bert-base &  
https://huggingface.co/datasets/nlpaueb/finer-139)
￭ downloaded around 7,000 times

⚬ Solves a real-life business problem task of XBRL Tagging
￭ US SEC requires publicly traded companies to tag their 

documents with XBRL tags

FiNER: Financial Numeric Entity Recognition 
for XBRL Tagging

1 granted US patent based on this methodology/task

⚬ 1 granted US patent
⚬ Also submitted to the EU / World Patent Office 
⚬ Assigned to Ernst and Young (EY) & NCSR Demokritos for commercial use

Overview of Chapter #2



Chapter #3
Resource-Limited Intent Recognition

Research Question #3: “What is the most accurate and cost-efficient 
way for resource-limited intent recognition? Should one use BERT-
based models or LLMs? How?”



“Breaking the Bank with ChatGPT: Few-Shot Text Classification 
for Finance”. L. Loukas, I. Stogiannidis, P. Malakasiotis, S. Vassos. 
FinNLP @ IJCAI 2023 

“Making LLMs Worth Every Penny: Resource-Limited Text 
Classification in Banking”. L. Loukas, I. Stogiannidis. O. 
Diamantopoulos, P. Malakasiotis, S. Vassos. (ACM ICAIF 2023) - 
Selected by ACM for ACM’s Research Highlights

1.

2.



We tackle text classification mainly in Few-Shot Settings (limited samples per class) via 2 ways:

• Contrastive Learning (SetFit) with BERT-based models 
• In-Context Learning (Prompting) with Large Language Models (LLMs)



Results (BERT-based models) 
[full-data and few-shot with SetFit aka contrastive learning]

• We report micro- and macro- F1 Scores.

• MPNet-v2 achieves competitive results across few-shot 

settings with >=3 samples using SetFit

• When trained on only 3 samples, MPNet-v2 achieves 

scores of 76.7 µ-F1 and 75.9 m-F1

• As we increase the samples, the performance improves, 

reaching a 91.2 micro-F1 and 91.3 macro-F1 score with 20 

samples per class

• This is only 3 percentage points (pp) lower than fine-

tuning the model in a Full-Data Setting



Results (LLMs) 
[few-shot with in-context learning]

• Nearly all LLMs achieve competitive results despite shown only 1 

sample

• GPT-4 outperforms the BERT-based model by 23 points (in the 1-shot 

setting)

• OpenAI GPT-4 is superior to Anthropic’s Claude and Command-nightly

￭ reminder: research was done at times when no benchmarks or 

techniques like prefix caching were around! (May 2023)

￭ one of the first studies in LLMs and cost-efficiency

• GPT-4 shows the best performance when shown 3 samples per class, 

but performance is comparable vs. SetFit (on 3/5 samples)

• Using human-curated representative samples leads to better in-

context learning results!

￭ https://huggingface.co/datasets/helvia/banking77-representative-

samples (our annotated subset)



Most LLM inference today is done through provider-hosted APIs, 
and commercial closed-source models can be very expensive to 
use 💲💲 (2023 pricing below)

Cost Analysis



Research from the MILA lab also show that the same 

method works well in even more datasets and other 

open-weight LLMs! (paper at EMNLP 2023, 2 weeks 

later). Related studies (Lewis et al., 2020 & Liu et al., 

2022) show that kNN augmentation helps performance in 

older text generation models. 

Cost-effective LLM inference with Dynamic Few-Shot Prompting 
• Can we cut API costs on this text classification problem? YES! 😊

• ❌ Right now, we feed the LLM N examples per class (classic N-shot settings)

• ✔Instead, we found out that during inference, we can retrieve only the top K similar and their 

labels , and perform better while reducing context size and API costs

• We call this “Dynamic Few-Shot Prompting” (kNN augmentation inspired by Liu et al., 2022)

• It is like using “RAG” (Retrieval-Augmented Generation) for your LLM classification prompt

• Using “Dynamic Few-Shot Prompting” is better and cheaper than classic Few-Shot 

(see GPT-4)

• Highlight: Claude 2 on K=20 similar yields 85.5% on 42$ vs. GPT-4’s 83.1% on 740$ 🤯



Cost-effective LLM inference with Dynamic Few-Shot Prompting 

Summary (cost-wise):

• APIs charge based on token usage

• Standard Few-Shot: Cost ∝ S × C (shots × classes) 

• Dynamic Few-Shot: Cost ∝ K (retrieved examples only during inference)

We could also formalize the cost-efficiency more by 

creating a Cost-Effectiveness Score (CES)

• CES = Micro-F1 / Cost (performance per dollar 

spent) 

⚬ For example:

￭ GPT-4 & Standard 3-shot setting: 0.11 

￭ GPT-4 & Dynamic Few-shot with K=5: 0.41 (3.7× 

better!) 

￭ GPT 4 & Dynamic Few-Shot with K=20: 0.32 

(diminishing returns, but still better than 

Standard Few-Shot) 

￭ Anthropic Claude 2 & Dynamic Few-Shot with 

K=5: 2.57

• One could use this for tuning in small batches in the 

development set to find out the best approach for 

their test/inference set



Our paper reshared by HuggingFace🤗 ,emphasizing that BERT-based 

models and Contrastive Learning is a viable alternative vs. . heavily-paid LLM 

APIs.

Our paper recognized by others in the communtiy
Our paper reshared by Pascal Biese (author of LLMWatch.com, GenAI newsletter 

with 60k+ followers), explaining how Dynamic Few-Shot Prompting (essentially a 

RAG mechanism for classification) can help.



Other organizations employing Dynamic Few-Shot Prompting (1 year later)



Summary 
• BERT-based models (with SetFit) can be a strong alternative 

to expensive LLM APIs, as long as you can find 3-5 samples 
per class
⚬ More studies in more datasets are validating our findings! 

(e.g. https://huggingface.co/blog/setfit-absa)
• Human-curated samples give an easy performance boost 

vs. random samples - worth investing!
• Dynamic Few-Shot Prompting helps in results, and 

dramatically even more in reducing LLM operating 
expenses
⚬ More researchers validating our findings (e.g. Bahdanau 

paper, 2023)
• LLM frameworks like LangChain and LlamaIndex provide 

Dynamic Few-Shot prompting out of the box!
• Read more at helvia.ai Labs blogpost:

⚬ https://helvia.ai/labs/making-llms-worth-every-penny-
resource-limited-text-classification-in-banking/ 

“Breaking the Bank with ChatGPT: Few-Shot Text Classification 
for Finance”. L. Loukas, I. Stogiannidis, P. Malakasiotis, S. Vassos. 
FinNLP @ IJCAI 2023 (short early version)

“Making LLMs Worth Every Penny: Resource-Limited Text 
Classification in Banking”. L. Loukas, I. Stogiannidis. O. 
Diamantopoulos, P. Malakasiotis, S. Vassos. (ACM ICAIF 2023) - 
also selected by ACM for ACM’s Research Highlights

1.

2.



Rest Publications



“DICoE@FinSim-3: Financial Hypernym Detection using 
Augmented Terms and Distance-based Features”. L. Loukas, K. 
Bougiatiotis, M. Fergadiotis, D. Mavroeidis. (FinNLP @ IJCAI 2021)

⚬ 4th place at shared competition. Used inference sample 
augmentation based on external business ontology + OOV 
embeddings + feature engineering

“Financial Misstatement Detection: A Realistic Evaluation” E. 
Zavitsanos, D. Mavroeidis, K. Bougiatiotis, E. Spyropoulou, L. Loukas, 
G. Paliouras, Proceedings of the International Conference on AI in 
Finance (ACM ICAIF 2021)

⚬ an early version of EDGAR-CRAWLER was used in this work!

1.

2.

3. side quest: Greek NLP Toolkit @ COLING 2025



Contributions
• Papers

⚬ 4 conference papers at ACL/WWW/ACM ICAIF venues
⚬ 3 workshop papers at ACL/IJCAI venues
⚬ 301 citations overall

• Patents
⚬ 1 granted US patent / 2 patent applications to EU/WPTO patent offices

￭ assigned to Ernst & Young and NCSR Demokritos for commercial license

• Software
⚬ 1 open-source software (OSS) with 420+ stars on Github (EDGAR-CRAWLER)

• Data
⚬ 1 corpus (EDGAR-CORPUS, downloaded 4K times)
⚬ 2 annotated datasets (FiNER-139 & Banking77 expert-curated samples)

• Models
⚬ 3 open-access BERT models (SEC-BERT, downloaded 7K times)
⚬ 1 embedding model with SOTA results (EDGAR-W2V)



Thank you!


