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Automation of incoming invoices processing promises to yield vast efficiency improvements in accounting. Until 
a universal adoption of fully electronic invoice exchange formats has been achieved, machine learning can 
help bridge the adoption gaps in electronic invoicing by extracting structured information from unstructured 
invoice formats. Machine learning especially helps the processing of invoices of suppliers who only send invoices 
infrequently, as the models are able to capture the semantic and visual cues of invoices and generalize them 
to previously unknown invoice layouts. Since the population of invoices in many companies is skewed toward 
a few frequent suppliers and their layouts, this research examines the effects of training data taken from such 
populations on the predictive quality of different machine-learning approaches for the extraction of information 
from invoices. Comparing the different approaches, we find that they are affected to varying degrees by skewed 
layout populations: The accuracy gap between in-sample and out-of-sample layouts is much higher in the 
Chargrid and random forest models than in the LayoutLM transformer model, which also exhibits the best overall 
predictive quality. To arrive at this finding, we designed and implemented a research pipeline that pays special 
attention to the distribution of layouts in the splitting of data and the evaluation of the models.
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 Introduction

Invoices are essential documents for different business processes 
ch as procurement and accounts payable. They hold the details of 
ansactions between clients and suppliers, due to which they also bear 
gal value (Cristani et al., 2018) and are frequently used by external 
ditors as evidence for the existence of transactions and their correct 
cording (ISA 330, 2009, Krieger et al., 2021).
Invoicing is becoming progressively more digitalized, which in-
eases the productivity and efficiency of the associated processes 
aviskar, Ahirrao, Potdar, et al., 2021, Cristani et al., 2018, Narayanam 
 al., 2020, Tanner & Richter, 2018). Electronic invoicing encom-
sses different degrees of digitization, from printed invoices, which are 
anned over natively electronically readable invoices in PDF format 
at are exchanged by email, to invoicing as an integrated business-
-business process via electronic data interchange (EDI) (Tanner & 
chter, 2018). In integrated business processes, the invoices may also 
 created automatically (Narayanam et al., 2020, 2021). Fig. 1 pro-
des an overview of digital invoice processing, delineating the dif-
rence between the processing of unstructured invoice formats and 
I-based invoices.

Corresponding author.

PDFs contain information in an unstructured format and require an 
information extraction (IE) (Sarawagi, 2008) step to gain a semantic 
representation, as shown in Fig. 1. Invoices are, however, a particularly 
interesting type of business document, which makes the IE step simul-
taneously challenging and significant. While there are several pieces of 
information that can be expected to appear on an invoice, their posi-
tioning and schematical organization, the layout, is usually unregulated 
and to be freely decided on by the issuing company (Cristani et al., 
2018).

In EDI-based invoicing, on the other hand, the information is directly 
delivered in a structured format, usually XML based, which facilitates 
any downstream processing (Narayanam et al., 2021, Tanner & Richter, 
2018). Despite this advantage, the adoption of EDI invoicing is still 
progressing slowly, which can be attributed in part to the fact that com-
panies benefit to varying degrees from its adoption (Tanner & Richter, 
2018): Whereas companies receiving large quantities of invoices bene-
fit heavily from EDI invoicing, the adoption barriers might be too great 
for companies for which this is not the case. Thus, companies looking 
to adopt EDI invoicing need to actively onboard their suppliers; they 
can achieve this onboarding most easily with suppliers from which they 
receive a large quantity of invoices. Infrequent suppliers, which make 
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g. 1. Schematic depiction of digitalized invoice processing. The green box 
ghlights the scope of our work.

 the biggest share of suppliers of most larger companies (Klein et 
., 2004), are less inclined to adopt EDI invoicing, as they do not ben-
t to the same extent from its adoption (Tanner & Richter, 2018). IE 
om unstructured invoices therefore represents an attractive intermedi-
e step toward automated invoice processing until EDI-based invoicing 
s universally superseded PDFs and paper-based invoices.
As mentioned before, the challenge for IE lies in the diversity of 
ese long tail suppliers and the resulting variety of layouts (Cristani 
 al., 2018). Template-based IE solutions require a substantial amount 
 human involvement to create and maintain the different supplier 
mplates, which can number hundreds (Cristani et al., 2018) or even 
ousands (Klein et al., 2004) and therefore offset the efficiency gains 
om automation. This shortcoming of template-based IE can be ad-
essed through machine learning (ML).
A growing body of research proposes different ML approaches for IE 

om invoices, which would allow the training of models that are able 
 generalize to previously unseen invoice layouts. These approaches 
ploy precomputed or learned structural representations that embed 
e visual and semantic properties of the invoices while preserving the 
yout. They can be broadly classified into graph-based (Krieger et al., 
21, Liu, Gao, et al., 2019, Lohani et al., 2019, Yu et al., 2020) and 
id-based (Denk & Reisswig, 2019, Katti et al., 2018, Zhang et al., 
20, Zhao et al., 2019) approaches, as well as approaches relying on 
sitional embeddings (Garncarek et al., 2021, Majumder et al., 2020, 
 et al., 2020, 2022). However, ML models are sensitive to the biases 
 the data being used for training (Shah et al., 2020). One crucial type 
ereof, selection bias, can originate from samples being used for train-
g that are not representative of the population to which the model 
 then applied (Shah et al., 2020). Given the structure of suppliers 
esent in many larger companies—few high-frequency suppliers, many 
w-frequency long tail suppliers— we are interested in understanding 
w the layout-aware ML approaches respond to training data taken 
om such a population. Therefore, the question that has motivated us 
 conduct this research is the following:

How do ML-based approaches to IE from invoices respond to skewed 
vendor distributions?

The contribution of this paper is twofold. First, we show that ML 
odels can suffer from layout bias and that different models are af-
cted to varying degrees by this bias. We train and evaluate different 
L-based approaches to IE from a set of invoices that are skewed to-
ard a few suppliers. The evaluation results are then disaggregated 
2

to in-sample and out-of-sample layouts, showing that all models are qu
Intelligent Systems with Applications 20 (2023) 200285

ore accurate1 on in-sample layouts. We also contribute to the litera-
re by conducting a benchmark of different layout-aware ML models 
er a common set of invoices using a common evaluation metric. The 
sults show that the pretrained transformer model LayoutLM (Xu et al., 
20) outperforms all other models in our benchmark by a comfortable 
argin, especially for out-of-sample layouts. LayoutLM is also the most 
bust against layout bias. The results further indicate that the other 
odels in our study have different strengths with respect to detecting 
rtain information entities.
The remainder of this paper is structured as follows: In section 2, 

e review relevant previous research and delineate the research gap. 
 section 3, we describe the employed methods and materials, after 
hich the details of the model implementation are provided (section 4). 
ereafter, we present (section 5) and discuss (section 6) the results, 
d we conclude our research in section 7.

 Related literature

Due to the large possible varieties of layouts in invoices, they are 
nsidered a particularly challenging and interesting case for automated 
siness document processing (Cristani et al., 2018). In essence, any 
rm of automation requires the information contained on invoices to 
 made available for downstream applications in a structured fashion.

1. Challenges associated with the automated processing of invoices

The information on invoices can be broadly classified into two types 
 entities: header fields and line items. Header fields encompass, in-
r alia, the invoice number, the issue date, the total amount due, 
d the value-added-tax identification number (VAT ID) of the supplier 
ristani et al., 2018). Line items provide the details of the exchanged 
ods or services, such as a description of the provided good or ser-
ce, the unit price, the number of units provided, and the total amount 
e per line item (Katti et al., 2018). EDI-based electronic invoicing 
cilitates the capture of invoice data by directly providing the infor-
ation in a structured, usually XML-based, format (Tanner & Richter, 
18). However, the adoption of EDI invoicing remains limited (Koch, 
17, Tanner & Richter, 2018). Its main beneficiaries are large compa-
es that receive large quantities of invoices. For many of their smaller 
ppliers, the incentive is weaker in the face of the organizational (Tan-
r & Richter, 2018) and technical (Cristani et al., 2018, Tanner & 
chter, 2018) obstacles associated with the adoption of EDI-based in-
icing. According to Koch (2017), even several years after adopting 
 EDI invoicing system, only 25%–30% of the invoices received by 
ost large companies are fully electronic, and those they do receive 
e usually from business partners with whom they share a large num-
r of transactions. This, however, represents only a small proportion 
 an organization’s suppliers, as typically most suppliers only send in-
ices infrequently (Koch, 2019). The distribution of invoices received 
r supplier is therefore skewed toward a few high-frequency suppli-
s; for this reason, Tanner and Richter (2018) refer to lower-frequency 
ppliers, usually small and medium-sized enterprises, as the long tail. 
g. 2 provides a visual example of this distribution. This adoption gap 
n be bridged by technologies that allow the extraction of information 
om unstructured formats such as document images or PDFs.

2. Machine learning for IE from invoices

Early systems proposed for IE from business documents relied on 
anually preconfigured layout templates and rules (Baviskar, Ahirrao, 
tdar, et al., 2021, Cristani et al., 2018, Klein et al., 2004). Other sys-
ms leverage fuzzy string matching algorithms to extract information 

In this paper, we refer to the “accuracy” of an ML model as its predictive 

ality, not as the evaluation metric.
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Fig. 2. Distribution of invoices per supplier as described by Koch (2019). Figure based on Koch (2019) and Tanner and Richter (2018).
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rough the triangulation between different documents (Datasnipper, 
23, Tater et al., 2022). A pioneering study applying ML for IE was 
esented by Palm et al. (2017). The authors introduced “CloudScan,” 
system that serializes the text of invoices into sequences of tokens 
d performs sequence tagging using a recurrent neural network to ex-
act key-value pairs. CloudScan, however, dismisses the layout of the 
voice documents, forcing the authors to decide on the ordering of 
e words (Palm et al., 2017). Subsequent approaches have addressed 
is shortcoming by developing document representations that retain 
e layout information. The approaches can broadly be classified into 
aph-based approaches (Liu, Gao, et al., 2019, Lohani et al., 2019, Yu 
 al., 2020), grid-based approaches (Denk & Reisswig, 2019, Katti et 
., 2018, Zhao et al., 2019), and positional embeddings (Garncarek et 
., 2021, Majumder et al., 2020, Xu et al., 2020, 2022).
Graph-based approaches model the document as a graph, in which 
xt elements (words or paragraphs) are represented as nodes and the 
ges represent the spatial relationship between the text elements. The 
sk of extracting key-value pairs is then modeled as node classification 
ohani et al., 2019, Yu et al., 2020, Zhang et al., 2020) or sequence 
gging (Liu, Gao, et al., 2019), and graph convolution is employed to 
pture the contextual information between the text elements.
Grid-based approaches map the document text to a grid such that the 
lative spatial positions of the text elements are preserved. The grids 
n be of varying granularity: Chargrid (Katti et al., 2018) and BERT-
id (Denk & Reisswig, 2019) employ pixel-level grids, whereas CUTIE 
hao et al., 2019) uses a coarser grid, in which each word is mapped to 
single cell. The extraction of key-value pairs is then modeled as a se-
antic segmentation or object detection task (Denk & Reisswig, 2019, 
tti et al., 2018, Zhao et al., 2019). Chargrid and BERTgrid also com-
ne semantic segmentation with object detection to detect line item 
unding boxes (Denk & Reisswig, 2019, Katti et al., 2018). The re-
ective models capture contextual patterns through (grid) convolution 
echanisms common in computer vision.
Another stream of study proposes models based on transformer ar-
itecture (Garncarek et al., 2021, Xu et al., 2020, 2022) and the 
lf-attention-based mechanism (Majumder et al., 2020). The layout 
 the documents is accounted for by using learned (Majumder et al., 
20) or precomputed positional embeddings (Garncarek et al., 2021, 
 et al., 2022, 2020), which use the two-dimensional coordinates of 
e respective text’s bounding box, analogical to the positional encod-
gs proposed in Vaswani et al. (2017). The transformer-based models 
rther employ pretraining strategies like BERT (Bidirectional Encoder 
presentations from Transformers) (Devlin et al., 2019) over a mul-
ude of different layout-rich document types, aiming for a general 
derstanding of documents. The pretrained models can then be fine-
ned for different downstream tasks over different types of layout-rich 
cuments such as token classification to extract information from in-
3

ices. as
3. Limits to comparability across different approaches to IE from invoices

All of the above mentioned studies address the problem of extract-
g information from invoices by using a different approach, in terms 
 either document representation, model architecture, or input fea-
res. Although they all present promising results, a direct comparison 
tween approaches from the literature is hardly possible. Table 1 sum-
arizes the used data sets, evaluation metrics, and evaluation baselines 
 the studies. It shows the basis on which the limited comparability 
tween the proposed approaches is grounded.
First, most of the studies use some sort of proprietary set of invoices; 
is is because invoices often contain highly sensitive data and are 
erefore not made available to the general public (Baviskar, Ahirrao, & 
techa, 2021, Baviskar, Ahirrao, Potdar, et al., 2021). The next reason 

 the granularity of the reported results: If results are reported for indi-
dual entity types, there is no established common set of entity types 
 be extracted from the invoices. This primarily affects line items: Only 
few studies (Denk & Reisswig, 2019, Katti et al., 2018, Lohani et al., 
19) report the model’s performance on line item entities.
A further limitation is given through the evaluation methodology. As 
n be seen in Table 1, the performance of the models is evaluated on 
fferent levels of granularity. The evaluations range from character-
vel (Denk & Reisswig, 2019, Katti et al., 2018) through word-level 
ohani et al., 2019) to entity-level (Garncarek et al., 2021, Xu et al., 
20, 2022, Yu et al., 2020). Most studies use established measures 
 information retrieval such as precision, recall, F1 score, and average 
ecision to evaluate the performance of their approach. With respect to 
e different levels of evaluation, however, it is not always clearly stated 
w the results are aggregated from lower-level predictions to higher-
vel measures. For example, the transformer-based models LAMBERT, 
youtLM and LayoutLMv2 employ byte-pair-encoding (BPE) (Sennrich 
 al., 2016) and WordPiece (Wu et al., 2016) subword tokenization, 
hich subsequently yield subword-level predictions. Here, only Gar-
arek et al. (2021) state the use of the geometric mean as an aggre-
tion method to arrive at entity-level measures from the predictions. 
 the case of Chargrid and BERTgrid, the evaluation is only conducted 
 the character level and not further aggregated at all; the authors use 
 accuracy measure similar to the word error rate (Denk & Reisswig, 
19, Katti et al., 2018). Due to the use of this metric, Chargrid and 
RTgrid may not be compared to the other models that have not been 
ed as evaluation baselines in the respective studies.
The use of baselines is another factor affecting the comparability 
tween approaches. Especially in experiments where proprietary data 
ts have been used (Denk & Reisswig, 2019, Katti et al., 2018, Liu, 
ao, et al., 2019, Lohani et al., 2019, Majumder et al., 2020, Yu et 
., 2020, Zhao et al., 2019, Zhang et al., 2020), the authors resort to 
ing a sequential model after the example of CloudScan and variants 
 their own models. Only a few studies use non-sequential approaches 

 baselines; in addition, Denk and Reisswig (2019) benchmark their 
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Table 1

Achieved results reported in the related literature along with the used data sets, evaluation metrics and baselines. Proprietary data sets 
are indicated with the abbreviation (pr.)
Model (Reference) Data set(s) Evaluation metrics Reported aggregated 

results

Baselines

BERTgrid (Denk & 
Reisswig, 2019)

Invoices (pr.) Character-level accuracy (Word-error 
rate) for three header entities and one 
line item entity, as well as aggregated 
over all entities and line item entities

65.48% ±0.58 Chargrid, Wordgrid 
(similar to CUTIE), 
variants of the 
proposed model

LAMBERT 
(Garncarek et al., 
2021)

Mix of open and 
proprietary data sets for 
training, open data sets for 
evaluation (SROIE, CORD)

Entity-level F1 scores averaged across 
entities for SROIE and CORD

94.41 F1 on CORD, 
98.17 F1 on SROIE

RoBERTa (Liu, Ott, et 
al., 2019), LayoutLM, 
LayoutLMv2

Chargrid (Katti et 
al., 2018)

Invoices (pr.) Character-level accuracy (Word-error 
rate) for five header entities and three 
line item entities

61,99% Macro 
average computed 
from the results 
reported for the 
individual entity 
types

Sequential 
(Bidirectional GRUs), 
variants of the 
proposed model

GAT+BiLSTM-CRF 
(Liu, Gao, et al., 
2019)

Invoices (pr.),
receipts (pr.)

F1 score for six header entities for the 
invoice data set, averaged F1 scores across 
all entities for invoices and receipts

0.873 F1 on invoices, 
0.836 F1 on receipts

Sequential 
(BiLSTM+CRF)

GCN (Lohani et 
al., 2019)

Invoices (pr.) Word-level F1 score, precision, recall for 
36 entities, including line item entities

0.93 F1 (micro) on 
invoices

None

Self-attention 
(Majumder et al., 
2020)

Invoices (pr.),
receipts (SROIE)

F1 score, ROC-AUC for seven resp. two 
header entities for invoices and receipts

0.878 F1 (macro) on 
invoices

Variants of the 
proposed model

LayoutLM (Xu et 
al., 2020)

Open data sets for training 
and evaluation (incl. 
SROIE)

Entity-level precision, recall, F1 score for 
SROIE

0.9524 F1 on SROIE Previous best on the 
SROIE leaderboard

LayoutLMv2 (Xu 
et al., 2022)

Open data sets for training 
and evaluation (incl. 
SROIE)

Entity-level precision, recall, F1 score for 
SROIE

0.9601 F1 on CORD, 
0.9781 F1 on SROIE

BERT (Devlin et al., 
2019), UniLMv2 (Bao 
et al., 2020), 
LayoutLM (Xu et al., 
2020); SROIE 
leaderboard, 
including PICK (Yu et 
al., 2020) and TRIE 
(Zhang et al., 2020)

PICK (Yu et al., 
2020)

Medical invoices (pr.), 
train tickets (pr.), receipts 
(SROIE)

Mean entity precision (mEP), recall 
(mER), and F score (mEF) for six header 
entities on the medical invoice data set, 
as well as aggregated mEF on the train 
ticket and SROIE data sets

98.6 mEF on train 
tickets, 96.1 mEF on 
SROIE, 87.0 mEF on 
medical invoices

Sequential 
(BiLSTM+CRF), 
LayoutLM (Xu et al., 
2020) (only on 
SROIE)

CUTIE (Zhao et 
al., 2019)

Receipts (pr.; SROIE) Average precision (AP) and soft AP 
(tolerance for false positives) across keys 
for different receipt types, including 
SROIE

94.0, 81.5, 74.6 AP 
on different receipt 
type subsets

Sequential (Palm et 
al., 2017), BERT 
(Devlin et al., 2019), 
variants of the 
proposed model

TRIE (Zhang et al., 
2020)

Taxi invoices (pr.), 
receipts (SROIE), resumes 
(pr.)

The quantity of goods or services 
provided. In case of services, this might 
relate to temporal units.

93.26 F1 on taxi 
invoices, 96.18 F1 on 
SROIE, 76.3 F1 on 
resumes

Chargrid, Sequential 
(Ma & Hovy, 2016), 
GAT+BiLSTM-CRF 
(Liu, Gao, et al., 
2019)
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oposed model against a variant of CUTIE, and Zhang et al. (2020) use 
argrid and the graph attention-based model proposed in Liu, Gao, et 
. (2019) as baselines.
In conclusion, the utilization of proprietary data sets, different eval-
tion methodologies and metrics, and the inconsistent use of baselines 
ad to poor comparability of different approaches in this field of re-
arch.

4. Open data sets for IE from business documents and previous 
nchmarking studies on IE from invoices

A partial remedy to the points outlined above is offered by the 
anned receipts OCR and information extraction (SROIE) challenge 
uang et al., 2019) and the consolidated receipt data set for post-OCR 
rsing (CORD) (Park et al., 2019), as well as the Kleister data sets 
tanisławek et al., 2021), and the multi-layout invoice document data 
t (MIDD) (Baviskar, Ahirrao, & Kotecha, 2021).
SROIE and CORD are composed of receipts. Both data sets are simi-
4

r in size; SROIE contains 973 receipts, of which 347 are dedicated to di
sting. CORD contains 1000 receipts, with 800 examples dedicated to 
aining and 100 each for validation and testing. The SROIE data set is 
notated for four header entity types: company, address, receipt date, 
d total amount. The CORD data set, on the other hand, encompasses 
ly line item–like entities; most header fields have been left out due to 
ivacy concerns (Park, 2021).
Stanisławek et al. (2021) introduce two data sets, Kleister-NDA and 
eister-Charity, which exhibit a greater complexity stemming from 
e multipage nature of the underlying document types. The data sets 
ature two types of layout-rich documents, nondisclosure agreements 
leister-NDA) and financial statements (Kleister-Charity), which are 
notated for several information entities. The MIDD data set is the 
ly open data set containing invoices. It encompasses the OCR out-
ts for 630 invoices from four different layouts, annotated for seven 
voice header fields. However, MIDD provides only the text and the 
rresponding annotations without the associated bounding box coor-

nates, due to which the layout information is lost.
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Fig. 3. Study pipeline. A set of invoices is passed through an optical character recognition (OCR) engine and annotated for several information entities. The annotated 
OCR outputs are used to train and evaluate different ML models over several iterations (folds). One fold is set aside for hyperparameter optimization.
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SROIE, CORD, and the Kleister data sets are split into predefined 
ain, validation, and test sets. For the SROIE, CORD, and Kleister-NDA 
ta sets, there is no information provided on the quantity of the dif-
rent layouts and their distribution in the respective splits, and for 
eister-Charity, the information is only rudimentary (Huang et al., 
19, Park et al., 2019, Stanisławek et al., 2021). Majumder et al. 
020) found that the receipts in the SROIE training and validation 
ts stem from 234 layouts, with 46 out of 626 receipts pertaining to 
e layout. As SROIE offers a public ladder in which researchers and 
actitioners may participate, the test set is kept private.
Introducing the Kleister data sets and Stanisławek et al. (2021) the 
nchmark sequential (Flair, (Akbik et al., 2019); BERT, (Devlin et 
., 2019); RoBERTa, (Liu, Ott, et al., 2019)) and layout-aware mod-
s (LAMBERT, (Garncarek et al., 2021); LayoutLM, (Xu et al., 2020)) 
 the Kleister data sets shows that the layout-aware LAMBERT model 
tperforms all other models. Similar benchmarks have also been con-
cted on invoice data sets: Liu et al. (2016) constructed a comprehen-
ve set of features and compare naive Bayes, logistic regression and 
pport vector machine classifiers on a rather small data set composed 
 97 invoices. In their study, the logistic regression and support vec-
r machine classifiers outperformed the naive Bayes by a significant 
argin. Baviskar, Ahirrao, & Kotecha (2021) compared different word 
bedding techniques (Word2Vec, GloVe, FastText, embedding layer) 
r a sequential BiLSTM model on a data set of 1646 invoices from eight 
ppliers. They found that embedding words through a dedicated em-
dding layer achieved the best results.
To conclude, the studies proposing approaches to IE use mostly pro-
ietary sets of invoices. The distribution of different layouts in the 
spective data sets is widely left unaddressed. The same applies to the 
en data sets that are being used to benchmark IE on visually rich 
cuments. This leaves doubt as to whether the distribution of invoice 
youts has an effect on the models. In addition, obtaining a compari-
n of the predictive quality of different layout-aware models is difficult 
e to the utilization of different evaluation metrics and the reliance on 
quential models as baselines. Previous benchmarking studies on IE 
om invoices employ only either very small data sets (Liu et al., 2016) 
 data sets with small numbers of invoice layouts Baviskar, Ahirrao, & 
techa (2021). Furthermore, neither study employs any of the layout-
are approaches introduced in section 2.2. We therefore see the need 
r a study that benchmarks different approaches to IE from invoices 
5

d explicitly addresses the distribution of layouts. in
 Study design

The goal of this study is to close the gaps mentioned in the previous 
ction by conducting an independent benchmark study of different ML-
sed approaches to information extraction from invoices. We devised 
pipeline similar to the pipelines employed by Baviskar, Ahirrao, & 
techa (2021), Liu et al. (2016), and Stanisławek et al. (2021), which 

 pictured in Fig. 3. The main differences between our pipeline and 
e one presented in previous research (Baviskar, Ahirrao, & Kotecha, 
21, Liu et al., 2016, Stanisławek et al., 2021) are that we specifically 
counted for suppliers—and therefore layouts—in the data splitting 
d model evaluation. Furthermore, we tuned the neural networks for a 
termined set of hyperparameters to achieve the best possible accuracy 
r each model. This section provides details on the data set and the 
ethodology utilized for annotating the data set, tuning and training 
e models, and evaluating their accuracy.
As there are only few implementations available of the abovemen-
ned models, we had to limit our study to a few selected examples. 
ur goal is to represent a broad range of methodologies; hence, we 
ve chosen examples for each of the three model types described in 
ction 2.2: graph based, grid based and transformer based. We chose 
argrid and BERTgrid as grid-based approaches, and the GCN- and 
AT-based models introduced in Lohani et al. (2019) and Liu, Gao, 
 al. (2019). All of them have been specifically designed for invoice 
cuments. We also included the LayoutLM transformer model, whose 
thors aimed for a more general understanding of business documents 
 see how it compares to invoice-specific approaches. In addition to 
e rather complex neural network models, we included a random for-
t model in our evaluation as a baseline.

1. Data set

Our data set was composed of 1059 invoices provided by a large 
erman firm that sources products and services from a multitude of 
untries across the world. The predominant language of the docu-
ents was English (955 invoices), followed by German (76 inv.). The 
ss frequent languages were French (8 inv.), Dutch (8 inv.), Spanish 
 inv.) and Italian (5 inv.). The invoices in our data set documented 
e procurement of physical goods as well as services. Out of the 1059 

voices, 63 were multipage documents, resulting in a total of 1126 
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Fig. 4. Barplot of the supplier distribution in the data set; each bar represents one supplier. The distribution follows the pattern described by Koch (2019).
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voice pages. The invoices stemmed from 259 different suppliers, re-
cting a wide variety of invoice layouts. The distribution of suppliers 
as, however, skewed. Fig. 4 plots the distribution of suppliers in the 
ta set. The figure shows that the distribution of suppliers follows 
long-tailed distribution; a large subset of invoices stemmed from a 
ndful of suppliers, including one supplier who was disproportionately 
presented with 348 invoices. While the associated invoices followed 
e same layout structure, they still exhibited variance between them; 
e documents could contain different counts of line items, which in 
rn may be of varying length.

2. Data set annotation

We extracted the text from the abovementioned invoices using 
 optical character recognition (OCR) engine. The OCR step yielded 
9,032 word-level text boxes from the 1126 invoice pages. The docu-
ents were annotated by two domain experts for 14 different informa-
n entities. The annotation was done by drawing bounding boxes over 
e document images using Microsoft Azure Machine Learning’s label-
g tool for object detection. A corresponding class label was assigned 
 a text box if its area was at least 80% covered by an annotation 
unding box. We further assigned a background class to all text boxes 
at were not sufficiently covered by an annotation box. In total, 54,023 
xt boxes were assigned an entity class, with recipient address being 
e most frequently assigned class (13,683 annotated text boxes) and 
tal tax amount the least frequently assigned class (383 annotated text 
xes). The data set therefore exhibits a sharp class imbalance, both 
tween the background class and the information entity classes and be-
een the entity classes themselves. Note that some entity types did not 
pear on every invoice, whereas others could appear multiple times 
 the same invoice, as was the case with invoice numbers. Table 7 in 
e appendix provides the details on the assigned entity classes, along 
ith the data types for each entity class. The data types were also used 
ter as features for the random forest and GCN models. This section 
d the previous section outline two biases in the data set: a skewed 
stribution of suppliers and a steep class imbalance. To gain a valuable 
sessment of the models’ accuracy, they must be accounted for during 
aining and evaluation.

3. Evaluation

Given the characteristics of the data set, an appropriate evaluation 
ethodology was required to accurately address the research question. 
e skewed supplier distribution called for an according stratification 
hen the data were split into the respective training, validation, and 
st sets. On the other hand, the evaluation metric should have been 
affected by the class imbalance.

3.1. Data splitting and folding strategy
As we wanted to assess the accuracy of the models on both invoices 
6

hose layouts have been part of the training set and invoices whose bi
g. 5. The invoices are split into 10 subsets. Each box represents one split; 
e colors indicate its utilization as training, validation, or testing data in the 
fferent folds. The tuning fold is set aside for hyperparameter optimization.

youts the models have not been exposed to, we ensured that each 
lit contained a proportion of invoices from suppliers that were exclu-
ve to it. In this way, we maximized the variance of invoice layouts in 
e training set while simultaneously enabling a decomposition of the 
aluation results on the respective invoices with in-sample and out-of-
mple layouts. To address the stochastic influences governing the data 
litting, a 10-fold cross-validation (Han et al., 2011) was employed. 
is also allowed us to judge the robustness of the models toward vary-
g training and testing data. Fig. 5 provides a graphical representation 
 the folding strategy. The documents in the data set were split into 10 
pproximately) equally sized, mutually exclusive subsets of invoices. 
e then generated 10 different folds from the subsets so that each split 
as used as the test set once. Fig. 6 shows the distribution of suppli-
s per split and highlights the suppliers contributing the documents 
ith out-of-sample layouts. To prevent the models from overfitting to 
e training data, one split in each fold was assigned as the validation 
t, on which a stopping criterion was applied during the training (see 
ction 3.4). One split was set aside as the validation set for the hyper-
rameter optimization (see section 3.5) and subsequently discarded 
om the evaluation; the evaluation metrics were therefore computed 
er 9 folds.

3.2. Evaluation metric
To assess the model performance during training and for the final 
aluation, we employed the F1 score, similar to Stanisławek et al. 
021). The score is commonly used in information retrieval and is well 
ited to judging the predictive quality of a model in the presence of 
balanced class distributions (Manning et al., 2008). The models were 
aluated at the text-box level against the ground truth described in 
ction 3.2. For the models returning a probability distribution 𝑃 over 
e entity types 𝑌 , we selected the entity type with the highest proba-

lity as the prediction. If the model yielded more granular predictions 
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Fig. 6. Bar charts of the supplier distribution in the individual splits analogous to Fig. 4. The red bars indicate suppliers that do not appear in the training set 
(out-of-sample suppliers) if the respective split is used as the test set.
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odels selected for benchmarking.
Layout

representation

Input features Information 
extraction

Prediction 
granularity

Model

BERTgrid Grid BERT embeddings Semantic 
segmentation,

object 
detection

Pixel-level

Chargrid Grid One-hot-encoded 
characters

Semantic 
segmentation,

object 
detection

Pixel-level

GCN Word-level 
graph

BPE, manually 
constructed 
features

Node 
classification

Word-level

GAT+

BiLSTM-

CRF

Paragraph-

level 
graph

Word2Vec 
(Mikolov et al., 
2013) 
embeddings, 
manually 
constructed 
distance-related 
edge features

Sequence 
tagging, node 
classification

Word-level

Lay-

outLM

Positional 
embedding

Tokens Word 
classification

Token-level

Random 
Forest

- Manually 
constructed text 
box and string 
features

Word 
classification

Word-level

associated with one text box 𝑖, such as 𝑛 subword tokens or pixels, 
e predictions for each text box were aggregated using the geometric 
ean, as has been used by Garncarek et al. (2021):

= 𝑎𝑟𝑔 𝑚𝑎𝑥𝑦

( 𝑛∏
𝑗=1

𝑃 (𝑌 = 𝑦)𝑖,𝑗
) 1

𝑛

is way, we ensured the comparability of results across different mod-
s that yield predictions of differing granularity (see Table 2).

4. Training

During training, an early stopping criterion kept the models from 
erfitting to the training data (Bengio, 2012). We monitored the 
ediction-level macroaveraged F1 score, the unweighted mean of the 
7

scores per entity, on the validation set with a patience of 10 epochs. us
e macroaveraged F1 score included the background class, as the mod-
s needed to be able to distinguish between relevant entities and back-
ound text. Where applicable, we followed the class-weighting scheme 
oposed by Paszke et al. (2016) to address the class imbalance de-
ribed above, similar to Katti et al. (2018):

𝑐𝑙𝑎𝑠𝑠 =
1

𝑙𝑛(𝑐 + 𝑝𝑐𝑙𝑎𝑠𝑠)

sing the class frequency 𝑝𝑐𝑙𝑎𝑠𝑠, the scheme yielded static class weights 
𝑐𝑙𝑎𝑠𝑠, which affected how much the examples of each class affected 
e training loss; the greater the weight, the more a falsely predicted 
stance of the associated class contributed to the loss. The class weights 
ere governed by a single hyperparameter 𝑐, which could be easily 
ned for during hyperparameter optimization.

5. Hyperparameter optimization

The performance of neural networks is significantly tied to the cho-
n hyperparameters (Smith, 2018). We therefore optimized their hy-
rparameters using Bayesian optimization (Snoek et al., 2012), aiming 
 maximize the prediction-level F1 score on the validation set. The op-
ization was performed with one dedicated split as the validation set 

ee section 3.3), to which the fold using the same split as the test set 
 excluded from the evaluation. Following the recommendations given 
 Bengio (2012), when working with limited resources, we focused 
 the learning rate 𝛼 and the minibatch size 𝐵. We further tuned for 
third hyperparameter: the class weighting factor 𝑐, which governs 
e distribution of class weights (see section 3.4). As the models and 
ta representations consumed varying amounts of GPU memory, we 
termined the sample interval for 𝐵 for each model by starting with 
1 = 2 and exponentially increasing 𝐵 until the GPU memory limit was 
ached. The sample interval for 𝛼 was determined using a 𝛼-range test 
mith, 2017), exponentially increasing 𝛼 from 10−8 to 1.0 using the 
aximum previously determined 𝐵. For 𝑐, we chose a sample interval 
tween 1.0 and 2.0. A factor of 1.0 completely leveled out any im-
lances between the classes, whereas 2.0 assigned each class identical 
eights, leaving the class distribution untouched.

 Implementation

We developed a research environment in Python using different ML 
ckages and frameworks, mainly around the PyTorch ecosystem. We 

ed PyTorch 1.7.0 with CUDA 10.1 to implement, train, and test all 



Intelligent Systems with Applications 20 (2023) 200285F. Krieger, P. Drews and B. Funk

Table 3

Tuned hyperparameters per model.
𝛼 𝐵 𝑐

Search interval Selected Search interval Selected Search interval Selected

Model

BERTgrid {2.7542 × 10−4 ,2.7542 × 10−2} 1.4550 × 10−2 {2, 4} 2 {1.0, 2.0} 1.2292

Chargrid {2.2909 × 10−4 ,2.2909 × 10−2} 2.1209 × 10−2 {2, 4} 4 {1.0, 2.0} 1.1319

GCN {1.9055 × 10−6 ,1.9055 × 10−4} 1.9055 × 10−4 {2, 64} 16 {1.0, 2.0} 1.2149

GAT+BiLSTM-CRF {3.0200 × 10−5 ,3.0200 × 10−3} 9.8624 × 10−4 {2, 16} 16 - -

LayoutLM {1.6596 × 10−6 ,1.6596 × 10−4} 3.2771 × 10−4 {2, 8} 4 {1.0, 2.0} 1.2112
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odels and referred to PyTorch-geometric (Fey & Lenssen, 2019) for 
y graph layers in the models. The BERTgrid, Chargrid, GAT+BiLSTM-
F, and GCN models were implemented directly by us; the imple-
entations of LayoutLM and random forest were obtained from the 
ggingfaces transformers library (Wolf et al., 2020) and scikit-learn 
edregosa et al., 2011). Tesseract 4.0 was employed as the OCR engine 
 extract the text boxes from the documents. It should be noted that 
sseract is able to extract paragraph-level text boxes, which, however, 
n be of arbitrary accuracy on invoices. We utilized this functional-
 of Tesseract for the GAT+BiLSTM-CRF model (see section 4.3). To 
reamline and execute the experiments of the PyTorch-based models, 
e employed PyTorch Lightning. All experiments were run on a single 
mputing instance with 6 processor cores, 118 GB RAM, and an Nvidia 
0 GPU with 8 GB video RAM. In this section, we provide the imple-
entation details for the individual models. Table 3 gives an overview 
 the chosen hyperparameters that resulted from the optimization step 
 the neural network models. The following subsections provide the 
plementation details for the individual models.

1. Chargrid

Our implementation of Chargrid deviated in minor aspects from the 
scription given in Katti et al. (2018). We did not oversample invoices 
ith multiple line items during training—the data set was already quite 
all, with repeating invoice layouts, and we wanted to limit further 
sk of overfitting. We maintained the target resolution for the Char-
id representations used in the original paper. Furthermore, Katti et 
. (2018) mention employing anchor boxes (Ren et al., 2015) to sup-
rt the object detection task; their parametrization is, however, not 
rther specified. Following the recommendations given by Zhang et al. 
021), we therefore decided to generate a total of 13 anchor boxes 
r pixel, using ten linearly increasing aspect ratios 𝐫 (relation of an-
or box width to height) from 5 to 50, 𝐫 =

[
5,… ,50

]
and four linearly 

creasing scales 𝐬 from 0.1 to 0.4, 𝐬 =
[
0.1,… ,0.4

]
. The chosen 𝐬 and 

form rectangular anchor boxes of flat and wide shape and allowed 
 to accommodate line items of varying sizes. To evaluate the model, 
e upsampled the predicted segmentation mask back to the document’s 
iginal resolution by inverting the interpolation from the Chargrid con-
ruction step (Katti et al., 2018). The upsampled segmentation mask 
as then compared against the ground-truth’s labeled text boxes.

2. BERTgrid

BERTgrid (Denk & Reisswig, 2019) employs the same model archi-
cture as Chargrid, the main difference between the two being the 
cument representation fed into the model. Whereas Chargrid repre-
nts a document by one-hot-encoding characters on the pixel level, 
RTgrid embeds tokens using a pretrained BERT model. Our imple-
entation deviated from the approach described in Denk and Reiss-
ig (2019) in the usage of said BERT model: As we did not have a 
rge quantity of invoices to pretrain a custom BERT model, we used 
standard multilingual pretrained BERT model obtained from the hug-
ngface transformers library (Wolf et al., 2020), which was not further 
8

etrained on invoices. As the BERTgrid document representation yields co
Table 4

Results of the parameter search for the 
GAT+BiLSTM-CRF model.

Search interval Selected

Layer

BiLSTM1 [64, 2048] 512

GAT1 [64, 2048] 256

GAT2 [64, 2048] 256

BiLSTM2 [64, 2048] 512

rge tensors and WordPiece tokens are generally coarser than charac-
rs, we downsampled the document representation to half the target 
solution of our Chargrid representation. In all other aspects, our im-
ementation of BERTgrid equalled our implementation of Chargrid.

3. GAT+BiLSTM-CRF

The model described in Liu, Gao, et al. (2019) combines different 
echanisms to model contextual relationships; graph-attention layers 
e combined with BiLSTM layers and a CRF sequence tagging head. For 
r implementation of the model, we opted for two graph-attention lay-
s in light of the results of the ablation study presented in Liu, Gao, et 
. (2019). A two-layer multiperceptron (MLP) with ReLu nonlinearity 
beds the node-edge-node features in each graph layer. As the authors 
d not specify an optimizer for training in the original paper, we em-
oyed ADAM (Kingma & Ba, 2017), similar to Lohani et al. (2019) and 
 et al. (2020). The sizes for the model layers—that is, the number of 
dden nodes per layer—were not given in the paper. They govern the 
mplexity of the model and therefore the ability of the model to gen-
alize (Bengio, 2009). Hence, we performed a bandit-based random 
rameter search with successive halving (Karnin et al., 2013) aimed 
 maximizing the macroaveraged F1 score on the validation set. The 
me cross-validation iteration as for the hyperparameter optimization 
scribed above was used. The search ran for 50 iterations, each time 
aining the model for 30 epochs. Table 4 gives the results of the param-
er search. Note that the MLPs that embed the edge-to-edge features 
ve the same number of nodes as the respective GAT layers. To build 
e underlying document graph as described by Liu, Gao, et al. (2019), 
e extracted paragraph-level OCR outputs, which can span text pas-
ges ranging from single words to multiple lines. For each word in the 
ragraph, we extracted word embeddings using pretrained Word2Vec 
ikolov et al., 2013) vectors via gensim (Řehůřek & Sojka, 2010). 
 enable batch-wise computation, we padded the length of all para-
aphs to the length of the longest paragraph in our data set, which was 
 words. We assigned a distinct vector to each padding element and 
nstructed a padding mask for each document indicating non-padding 
ements for the CRF layer. Out-of-vocabulary words were similarly as-
gned a designated embedding vector. When evaluating the model, the 
ost likely sequence of tags for each paragraph was obtained using 
e Viterbi algorithm (Forney, 1973). The sequence was then converted 
om the IOB tagging scheme back to the original set of labels and com-
red against the ground truth. Note that each word in a paragraph 

rresponded to one text box in the ground truth.
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Table 5

Results of the parameter search for 
the GCN model.

Search space Selected

Layer

GCN1 [64, 2048] 512

GCN2 [64, 2048] 256

GCN3 [64, 2048] 256

GCN4 [64, 2048] 128

4. GCN

The model presented by Lohani et al. (2019) employs graph convo-
tion over a precomputed document graph similar to Liu, Gao, et al. 
019); however, it relies solely on node classification to extract any 
levant information pieces. Our implementation only deviated in a mi-
r detail from the description provided in Lohani et al. (2019): As 
e did not have the author’s knowledge- or data bases available, we 
d not implement any related features. The BPE embeddings were ob-
ined from BPEmb (Heinzerling & Strube, 2018). As the description of 
e model architecture given by the authors did not include layer size 
ecifications, we ran a parameter search in the same fashion as for the 
AT+BiLSTM-CRF model. Table 5 contains the results.

5. LayoutLM

We obtained an implementation of the LayoutLM model with pre-
ained weights via the huggingfaces transformers library (Wolf et al., 
20), which corresponds to the LayoutLM𝐵𝑎𝑠𝑒 configuration with text 
d layout modality, complemented with a token classification head 
mposed of a two-layer MLP with dropout. As proposed by Xu et al. 
020), we fine-tuned the parameters of the whole (pretrained) model 
 the token classification task using an ADAM optimizer (Kingma & 
, 2017). The learning rate was warmed up linearly for one epoch. 
hen extracting the tokens for each document, we scaled the 𝑥 and 𝑦
 the textboxes to the range {0, 1000}. The extracted token sequences 
ere then padded to the maximum length possible (512). If their length 
ready exceeded the maximum length, we applied a sliding window ap-
oach.

6. Random forest

As described above, we also trained and evaluated a random forest 
odel (Breiman, 2001). Random forests are known to be robust, with 
ly very limited performance gains to be achieved via hyperparameter 
ning (Probst et al., 2019). We therefore abstained from tuning the ran-
m forest and used the standard parameters. The model was trained on 
e OCR outputs, which had been enriched with several manually con-
ructed features. One row in the data set corresponded to one single 
xt box. The manual features captured the properties of the text asso-
ated with each text box, such as its length and the number of (special) 
aracters and digits, and data types (see appendix A). We furthermore 
lculated dictionary-based features that searched for the presence of 
scriminative terms such as “Invoice no.” or “Total” in the vicinity of 
e text box. These features mimicked the context diffusion mechanisms 
 the neural networks. Handling text boxes independently from each 
her further allowed us to employ subsampling to address the class im-
lance. We subsampled the background class so that the numbers of 
beled and unlabeled instances in the training set were equal.

 Results

Using the implementation described above, we tuned, trained, and 
aluated the models as described in section 3.3. We report the F1 scores 
ith standard deviation per model and entity type averaged across all 
9

lds and the corresponding macro averages in Table 6. The results are la
Intelligent Systems with Applications 20 (2023) 200285

rther disaggregated down into results obtained from invoices with in-
mple and out-of-sample layouts. In the tables, bold and underlined
sults indicate the best and second-best results per entity class. Fig. 7
mmarizes the tables and provides box plots of the attained F1 scores 
r model. The figure shows a significant gap in predictive quality be-
een in-sample and out-of-sample layouts, both in terms of macro 
erage (green dashed line) and scattering. This gap—which we will 
fer to from here on as the accuracy gap—varies between the different 
odels. While the accuracy gap of the LayoutLM model—the overall 
st model in the study—is 0.1742 points, it is much larger for the 
her models. The most affected are the random forest and Chargrid 
odels, with gaps of 0.4299 and 0.4206 F1, respectively. The GCN and 
RTgrid modes are less affected: Their accuracy drops by 0.3287 and 
3187, respectively. LayoutLM achieves the best overall results, both 
r in- and out-of-sample layouts in terms of macroaveraged F1 scores: 
8761, and 0.7019, respectively. Looking at the overall results and the 
sults over in-sample layouts, its closest competitor is the random for-
t model, with macro in-sample and out-of-sample F1 scores of 0.7744 
d 0.8288, respectively. It outperforms all neural networks other than 
youtLM in terms of macroaveraged F1, and it even manages to outper-
rm LayoutLM in the detection of line item quantities over in-sample 
youts. This picture changes as we look at the out-of-sample results. 
ndom forest’s accuracy drops to 0.3989, being subsequently outper-
rmed by both the BERTgrid and the GCN models. While BERTgrid is 
ightly better than the GCN model over out-of-sample layouts, GCN 
hieves a lower standard deviation, indicating more consistent re-
lts. This observation also holds true for in-sample layouts and overall 
sults. The overall worst-performing model is the GAT+BiLSTM-CRF 
odel in terms of both macro average F1 and standard deviation. How-
er, its accuracy gap between in- and out-of-sample layouts is smaller 
an that of random forest and Chargrid. Comparing the overall results 
r the individual entity classes, all models extract the recipient address 
ith the highest accuracy and the total tax amount with the lowest. 
owever, when reduced to the out-of-sample layouts, the models show 
orse performance on the line item tax amounts than on the total tax 
ounts; even LayoutLM achieves an F1 of merely 0.2826. This is sur-
ising, considering that LayoutLM achieves a very good F1 score of 
8811 on the class over in-sample layouts. All of the models fail in at 
ast one fold to extract the line item tax amounts; the GAT+BiLSTM-
F does not succeed at all. Apart from LayoutLM, which almost always 
tperforms all other models, the models exhibit individual strengths in 
tracting certain entities. For example, the GAT+BiLSTM-CRF achieves 
e second-highest F1 score for the vendor VAT ID on out-of-sample lay-
ts, whereas Chargrid almost matches the accuracy of LayoutLM for 
e item tax amounts.

 Discussion

The goal of our research was to determine how ML-based ap-
oaches to IE from invoices respond to a skewed distribution of suppli-
s that is characterized by few highly frequent suppliers and a long tail 
 infrequent suppliers. Specifically, we were interested in the accuracy 
 the models on the invoices of long tail suppliers.
Our research approach pays special attention to the distribution of 

youts in the training, validation, and test data sets, which has been 
rgely neglected in previous research on IE from invoices. The data 
 our study are split into mutually exclusive subsets such that each 
bset contains a proportion of out-of-sample layouts issued by long 
il suppliers. We found that all models in our study were significantly 
ss accurate on out-of-sample layouts than on in-sample layouts. This is 
flected in both lower macro F1 scores and higher standard deviations 
tween folds.
These findings suggest that there exists a layout bias of which de-

gners of IE systems for invoices need to be aware. If we had not 
saggregated the classification results into in-sample and out-of-sample 

youts, the accuracy gap between them could have gone undetected. 
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Out-of-sample layouts

Chargrid GAT+

BiLSTM-

CRF

GCN LayoutLM Random 
Forest

0.2104 0.2278 0.4203 0.7476 0.4762

(0.0754) (0.1073) (0.0914) (0.0985) (0.1127)

0.3237 0.3972 0.5914 0.8376 0.4884

(0.1067) (0.2354) (0.1212) (0.0673) (0.0933)

0.4966 0.2410 0.4861 0.7302 0.4693

(0.0566) (0.1428) (0.1255) (0.0886) (0.0958)

0.0797 0.3639 0.2641 0.7068 0.2059

(0.0690) (0.1819) (0.0833) (0.1082) (0.1247)

0.1374 0.1945 0.2609 0.7578 0.1928

(0.1645) (0.2173) (0.1918) (0.1092) (0.1555)

0.1514 0.2110 0.4522 0.6916 0.3873

(0.1487) (0.1463) (0.1881) (0.1024) (0.2043)

0.7850 0.7761 0.8048 0.9066 0.5795

(0.0825) (0.0861) (0.0457) (0.0282) (0.0936)

0.3752 0.5163 0.5142 0.7999 0.4072

(0.1018) (0.1096) (0.0827) (0.0589) (0.0849)

0.3846 0.1019 0.4133 0.5442 0.3106

(0.2143) (0.1398) (0.1196) (0.0441) (0.2080)

0.5784 0.3967 0.4704 0.6967 0.5173

(0.1000) (0.1120) (0.0677) (0.0868) (0.0427)

0.4020 0.0951 0.5452 0.6840 0.4276

(0.1770) (0.1234) (0.1294) (0.1156) (0.0880)

0.5154 0.2182 0.5410 0.7262 0.4447

(0.1948) (0.1299) (0.1715) (0.1006) (0.1621)

0.5899 0.2149 0.5942 0.7154 0.5257

(0.0722) (0.1383) (0.1112) (0.1037) (0.0985)

0.2696 0.0000 0.1675 0.2826 0.1515

(0.2000) (0.0000) (0.1643) (0.2224) (0.1743)

0.3785 0.2825 0.4661 0.7019 0.3989

(0.2336) (0.2346) (0.1979) (0.1727) (0.1800)
Table 6

F1 scores with standard deviation by model and entity class across in-sample and out-of-sample layouts in the test sets.
All layouts In-sample layouts

Entity type BERTgrid Chargrid GAT+

BiLSTM-

CRF

GCN LayoutLM Random 
Forest

BERTgrid Chargrid GAT+

BiLSTM-

CRF

GCN LayoutLM Random 
Forest

BERTgrid

Invoice Number 0.8122 0.7624 0.5797 0.7761 0.9115 0.8505 0.8989 0.9103 0.7600 0.8578 0.9324 0.8938 0.3830

(0.0292) (0.0380) (0.1620) (0.0336) (0.0252) (0.0284) (0.0364) (0.0520) (0.2542) (0.0647) (0.0315) (0.0474) (0.1005)

Issue Date 0.8702 0.8157 0.6953 0.8291 0.9241 0.8177 0.8827 0.8826 0.6465 0.8469 0.9465 0.9150 0.6028

(0.0414) (0.0708) (0.2140) (0.0463) (0.0244) (0.0447) (0.0327) (0.0344) (0.2057) (0.0371) (0.0258) (0.0266) (0.1257)

Total Amount 0.8130 0.7857 0.5539 0.7309 0.8288 0.7394 0.9137 0.8820 0.7304 0.8757 0.9407 0.8843 0.6262

(0.0477) (0.0398) (0.1755) (0.0575) (0.0555) (0.0582) (0.0435) (0.0693) (0.2611) (0.0479) (0.0257) (0.0460) (0.0988)

Vendor VAT ID 0.5933 0.6155 0.5611 0.7317 0.8563 0.7363 0.8154 0.8137 0.6943 0.6823 0.8609 0.7343 0.2850

(0.0535) (0.0591) (0.1819) (0.0479) (0.0359) (0.0505) (0.0391) (0.0364) (0.2090) (0.0644) (0.0313) (0.0394) (0.1448)

Due Date 0.8536 0.8444 0.7156 0.7822 0.9097 0.8275 0.8323 0.8299 0.6095 0.8210 0.8636 0.8418 0.4140

(0.0313) (0.0638) (0.2169) (0.0697) (0.0257) (0.0496) (0.0547) (0.0524) (0.1708) (0.0415) (0.0373) (0.0471) (0.2306)

Provision Date 0.7045 0.5971 0.4468 0.6008 0.7822 0.6407 0.7817 0.8610 0.6362 0.8563 0.9097 0.8879 0.6077

(0.0337) (0.0428) (0.1284) (0.0753) (0.0554) (0.0601) (0.0991) (0.0680) (0.1785) (0.0358) (0.0221) (0.0334) (0.1073)

Recipient Address 0.9361 0.9344 0.8396 0.9136 0.9602 0.8630 0.8718 0.8778 0.6784 0.8277 0.8956 0.8822 0.8004

(0.0135) (0.0199) (0.2321) (0.0126) (0.0094) (0.0174) (0.0306) (0.0343) (0.2055) (0.0327) (0.0420) (0.0297) (0.0662)

Vendor Address 0.5619 0.5133 0.7523 0.7801 0.8897 0.7838 0.7394 0.7618 0.5765 0.7452 0.7775 0.7686 0.6137

(0.0471) (0.0339) (0.2155) (0.0448) (0.0326) (0.0247) (0.0454) (0.0417) (0.2285) (0.0368) (0.0574) (0.0317) (0.0546)

Total Tax Amount 0.5464 0.6206 0.3626 0.6036 0.6917 0.6912 0.7279 0.6804 0.4966 0.6338 0.8005 0.6904 0.2931

(0.0997) (0.0673) (0.1741) (0.0837) (0.0544) (0.0681) (0.0411) (0.0542) (0.1523) (0.0772) (0.0675) (0.0497) (0.1994)

Line Item Description(s) 0.7797 0.7708 0.6400 0.6413 0.8317 0.6851 0.9579 0.9588 0.8487 0.9321 0.9692 0.9155 0.6232

(0.0321) (0.0322) (0.1764) (0.0543) (0.0270) (0.0216) (0.0138) (0.0150) (0.2650) (0.0104) (0.0089) (0.0194) (0.1022)

Line Item Price(s) 0.7857 0.7903 0.5727 0.7908 0.8441 0.7925 0.8460 0.8427 0.6064 0.7754 0.8513 0.7886 0.3275

(0.0462) (0.0507) (0.1596) (0.0378) (0.0318) (0.0509) (0.0560) (0.0511) (0.2198) (0.0633) (0.0621) (0.0632) (0.1271)

Line Item Quantity(s) 0.7491 0.8381 0.5999 0.8228 0.8938 0.8456 0.5974 0.6703 0.4089 0.6458 0.7284 0.7594 0.2738

(0.0943) (0.0692) (0.1651) (0.0436) (0.0197) (0.0292) (0.1320) (0.0427) (0.1989) (0.0917) (0.0609) (0.0683) (0.1993)

Line Item Subtotal(s) 0.8360 0.8352 0.6184 0.7881 0.8665 0.8237 0.5493 0.5376 0.7983 0.8310 0.9080 0.8553 0.6237

(0.0324) (0.0295) (0.1884) (0.0278) (0.0425) (0.0314) (0.0520) (0.0345) (0.2423) (0.0490) (0.0347) (0.0246) (0.1235)

Line Item Tax Amount(s) 0.7226 0.7445 0.5564 0.7237 0.7540 0.7449 0.6324 0.6785 0.5946 0.7962 0.8811 0.7861 0.1111

(0.0424) (0.0403) (0.2284) (0.0389) (0.0584) (0.0362) (0.0593) (0.0644) (0.2442) (0.0507) (0.0326) (0.0483) (0.2357)

Macro Avg. 0.7546 0.7477 0.6067 0.7511 0.8532 0.7744 0.7891 0.7991 0.6490 0.7948 0.8761 0.8288 0.4704

(0.1241) (0.1231) (0.2141) (0.0982) (0.0791) (0.0786) (0.1334) (0.1228) (0.2363) (0.1000) (0.0776) (0.0816) (0.2360)
00285
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Fig. 7. Box plots of the F1 scores across all folds for both in-sample and out-of-sample layouts by model. The red line emphasizes the gap in predictive quality 
between in-sample and out-of-sample layouts. The macro average is the unweighted average of class-wise F scores across all folds.
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nsidering our aim of automating the IE from invoices from long tail 
ppliers, letting this bias go undetected could have had negative effects 
 practice as the models would yield considerable amounts of false pos-
ves and false negatives. We expected to find the existence of this bias, 
t we were surprised to find that the models were affected to varying 
grees by this it.
Therefore, with respect to previous research, we see the main con-

ibution of our research as discovering the layout bias and describing 
11

d implementing an evaluation methodology to detect it. The distribu- ri
1

n of layouts has seldom been reported or methodologically addressed 
 the related literature. This unfortunately also holds true for the open 
nchmark data sets SROIE (Huang et al., 2019), CORD (Park et al., 
19) and Kleister (Stanisławek et al., 2021), due to which we suspect 
at the results obtained from these benchmark data sets might also 
 affected, albeit to a possibly different degree. A further contribution 
 this paper is the development and implementation of a benchmark 
 a dedicated invoice data set, using a common set of accuracy met-

cs. Previous studies of IE from layout-rich documents either relied on 



F.

pr

ev

in

20

si

fu

sy

ca

us

ta

in

ta

th

fa

le

st

th

sk

sa

ad

ac

th

ex

co

ra

th

fo

la

ca

da

th

Ch

al

fa

iz

th

w

re

𝑓

A

w

en

G

be

tio

re

el

ap

an

en

on

nu

to

pe

vo

lig

el

bi

fr

Th

th

m

po

ch

m

m

tio

op

fo

al

20

as

tie

H

an

7.

ca

m

sh

ho

tio

a 
su

on

ha

th

bi

on

be

ca

lit

ta

m

tig

an

eff

Fo

ua

la

to

ex

ac

im

fin

tia

fa

at

to

cr

dr

fr

ri

ra

la

CR

M

D

Bu
Krieger, P. Drews and B. Funk

oprietary data sets, used different metrics and aggregation levels for 
aluation, or did not report results for individual entities. Benchmark-
g studies dedicated to IE from invoices (Baviskar, Ahirrao, & Kotecha, 
21, Liu et al., 2016) did not include layout-aware approaches to IE.
The results further hold practical implications. They show that de-

gners of systems that seek to automate IE from invoices should care-
lly evaluate the distribution of layouts in the population to which the 
stem is applied. In the case presented in this paper, the layout bias 
n represent a form of selection bias (Shah et al., 2020): The invoices 
ed for model training were taken from a ground population that con-
ined a skewed distribution of invoice layouts. If the models are only 
tended to be applied to long tail suppliers, this approach will most cer-
inly yield suboptimal outcomes, as shown in our results. If, however, 
e models are to be applied to the whole range of incoming invoices, 
iling to appropriately capture highly recurrent invoice layouts would 
ad to inefficiencies. In this case, a significant change in the supplier 
ructure of the company would require a retraining of the models, and 
erefore also the annotation of a new set of invoices. Furthermore, the 
ewed distribution of layouts could be addressed using multicriterion 
mple weights, which take into account the distribution of layouts in 
dition to the distribution of classes.
Of all models in our experiment, LayoutLM shows both the best 
curacy over both in-sample and out-of-sample layouts. It continues 
e victory march of transformer models in NLP, which benefit from 
tensive pretraining over large unlabeled document corpora. In this 
ntext, one surprising finding in our study was the accuracy of the 
ndom forest model. The model’s overall accuracy was on a par with 
at of the nontransformer neural networks, and it was able to outper-
rm the Chargrid and GAT+BiLSTM-CRF models over out-of-sample 
youts. Random forests could be employed very effectively to handle 
ses in which all possible layouts can be represented in the training 
ta. Another unexpected finding was how the predictive quality of 
e BERTgrid and Chargrid models compared to the GCN model. While 
argrid and BERTgrid are very close in overall accuracy, BERTgrid is 
most 0.1 points better on the out-of-sample layouts. This hints at the 
ct that the semantic BERT embeddings help the model draw general-
ations. The drawback of both models is the memory consumption of 
e respective document grids: BERTgrid especially yields large tensors 
ith the dimensions {𝑤𝑖𝑑𝑡ℎ𝑡𝑎𝑟𝑔𝑒𝑡, ℎ𝑒𝑖𝑔ℎ𝑡𝑡𝑎𝑟𝑔𝑒𝑡, features}. The GCN model 
lies on more efficient graph representations of the shape {𝑛𝑜𝑑𝑒𝑠, 
𝑒𝑎𝑡𝑢𝑟𝑒𝑠}; however, it achieves results very close to those of BERTgrid. 
s BERTgrid and Chargrid employ object detection to detect line items, 
e especially expected them to perform better over line item–related 
tities, which was not the case. Finally, the poor performance of the 
AT+BiLSTM-CRF model, both overall and on unseen layouts, might 
 attributed to the quality of the OCR outputs; the paragraph recogni-
n on layout-rich documents of Tesseract is prone to errors, and the 
sulting paragraphs fluctuate heavily in length.
With respect to the individual entities, we observed that the mod-

s had problems extracting the total tax amount. The total tax amount 
peared infrequently in our data set; only 383 text boxes have been 
notated as such. The recipient address was the easiest information 
tity in our data set: the recipient is always the same company, and 
ly small variations in the address appear, such as street names, house 
mbers, and cities for the different offices. Considering its importance 
 both accountants and auditors, we were disappointed to see the low 
rformance of all models on the total amount as compared to the in-
ice number and issue date.
These results and the subsequent discussion have to be seen in the 
ht of some limitations. First, the data set was rather small. The mod-
s might respond better to larger data sets and show fewer signs of 
as, even if the distribution of layouts were similarly skewed. Apart 
om its size, the data set was also composed of mainly English invoices. 
erefore, the effect of multiple languages on the predictive quality of 
e models was not adequately considered. Furthermore, the evaluation 
12

ethodology was quite strict and did not account for further rule-based in
Intelligent Systems with Applications 20 (2023) 200285

st-processing to reduce false positives and false negatives, such as 
ecking the internal consistency of the extracted amounts. Also, most 
odels in the experiment were our own implementations, and they 
ight not have been true in all aspects to the original implementa-
ns. This was a necessity, as the original implementations were not 
enly accessible: In some cases, the authors omitted important details 
r the implementation, such as the ratios of the anchor boxes (Katti et 
., 2018), or model parameters (Liu, Gao, et al., 2019, Lohani et al., 
19). In other cases, we did not have the respective resources; such 
 knowledge- and data bases (Lohani et al., 2019) or massive quanti-
s of invoices to train a custom BERT model (Denk & Reisswig, 2019). 
owever, we have specified all relevant details of our implementation 
d justifications for deviations from the original papers in section 4.

 Conclusion

IE from invoices offers a way to automate invoice processing that 
uses less friction with suppliers that are not suitable for the imple-
entation of an EDI-based invoicing tool. The results from our research 
ow that designers of IE systems for invoices should carefully consider 
w to collect invoices for training and testing data, as the distribu-
n of invoices per supplier in a company is usually biased toward 
few suppliers. According to our results, this skewed distribution of 
ppliers, and therefore layouts, causes the models to perform worse 
 invoices with out-of-sample layouts, such as invoices whose layouts 
ve not been part of the training set. However, this effect varied across 
e models used in our study. LayoutLM is the least affected by layout 
as, while it simultaneously exhibits the best macroaveraged F1 scores 
 both in-sample and out-of-sample layouts; this result can most likely 
 attributed to the extensive pretraining of the model. This kind of bias 
n go undetected if not appropriately accounted for. As it has received 
tle attention in previous research, we also suspect that the results ob-
ined from popular open data sets for IE from layout-rich documents 
ight be affected. We therefore strongly encourage researchers to inves-
ate the distribution of layouts in the respective training, validation, 
d test sets for these data sets.
Our study also aims to inspire future research that investigates the 
ects of layout distributions in the training data on model accuracy. 
r instance, future research could perform a more nuanced model eval-
tion that differentiates between e.g. zero shot, one shot, or multi shot 
youts in the test data. In this context, it would also be of interest 
 conduct a sensitivity analysis on layout saturation, i.e., how many 
amples of one layout are required for the models to achieve a high 
curacy on invoices of the respective layout. Such analysis may hold 
plications for the optimal composition of training data and model 
e-tuning strategies. Besides that, future studies could explore poten-
l means to increase the generalization capability of models in the 
ce of skewed layout distribution. Here, we perceive synthetically cre-
ed documents as one way of addressing it. The challenge hereby is 
 induce a sufficient layout variation in the synthetic data while still 
eating realistically looking documents. Another way this could be ad-
essed is by weighting the instances of training data according to the 
equency of their layouts - documents that partain to a highly occur-
ng layout should impact the training loss relatively less than those of 
rer layouts. This poses the challenge of combining the weighting of 
yout frequencies with the weighting of class frequencies.
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Table 7

Information entity classes.
Key Item Data Type Description Annotated 

text boxes
Invoice number Alphanumeric The unique identifier of each invoice. May appear multiple 

times on the same invoice.
1,147

Issue date Date The date on which the invoice has been issued. May appear 
multiple times on the same invoice.

1,377

Total amount Decimal The gross total amount due per invoice. Includes any tax, 
discounts, or other deductions.

1,096

Recipient address Text, integer, 
alphanumeric

Sequence of text indicating the name, street, house number, 
ZIP code, and country of the invoice’s recipient.

13,683

Supplier address Text, integer, 
alphanumeric

Sequence of text indicating the name, street, house number, 
ZIP code, and country of the invoice’s issuer.

12,857

Supplier VAT ID / 
tax ID

Alphanumeric The (value-added) tax ID of the invoice’s issuer follows a fixed 
pattern in EU invoices, varying across other countries, mostly 
not present in US invoices.

1,345

Total tax amount Decimal or 
percentage

The share of the total amount due to value added or sales tax. 
Usually expressed as a sum or percentage of the net amount.

383

Due date Date The date upon which the payment is due. 822

Service date Date The date on which the related services have been performed or 
the delivery of the related products has occurred. In the case of 
services, this can also be a range of dates and be part of a line 
item.

1,292

Line item description Text A textual description of the goods or services provided. 13,289

Line item quantity Integer The quantity of goods or services provided. In the case of 
services, this might relate to temporal units.

1,747

Line item unit price Decimal The price (gross or net) per unit. 1,632

Line item tax 
amount

Decimal, percentage The (value-added, sales) tax due for the goods or services 
provided, expressed either in an amount or as a percentage of 
the net price.

1,359

Line item subtotal Decimal The (gross or net) subtotal of each line item, equivalent to 
quantity x price (+ tax).

1,994
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