Figure 3: Examples from CORD (left) and CORD++(right) dev sets. (a) Parses are shown in grouped key-value
format with the errors in red. (b) The illustration of serialization error. (c) The input tokens serialized by S,qy .

Table 2: The dataset properties.

# of field # of examples Mean # of Layout

Table 3: Parse prediction accuracy. The datasets are referred
by their abbreviations in Table. 2. AF; indicates the difference
between SPADE® (2nd row) and s,,,,+BERT+IOBy (4th row).

Dataset  Lang. Abbr. types  (train:dev:test) #of fields text nodes Depth complexity

CORD IDN co 30 800:100:100 13030 62.3 2 low test (+oracle’) test

CORD+ IDN co+ " " 62.3 2 high

CORD++ IDN co++ " 62.3 2 high Model coO RI NC  INV co co+ Co++ RI NC INV
CORD-M IDN co-m 400:50:50 b 124.6 3 low

RECEPT-IDN ggg RI ?(2) 292500786425586415& %2?1%2 1283 % }]10"{1 SPADE® w/o tca 91.5 92.7 94.0 87.4 87.4 86.1 82.6 88.5 91.1 84.5
NAMECARD NC :256: 315 . igl

Iwoce  JPN  mv 6 896.79:83 37115 212 2 hi;h SPADE® 92.5* 93.3* 94.3 88.1 88.2 87.4 83.1 89.1 91.6 85.0
FUNSD® ENG ru 4 149:50 9743 179 3 high S+BERT+I0Bg 92.4* 93.3* - 90.1 74.0 52.0 88.1

4 The statistics are from Jaume et al. (2019).

eralizable way. We first show that our model can
handle hierarchical structure in documents by eval-
uating the model on two datasets CORD (Park
et al., 2019) and Recerp-ipDN that consist of (In-
donesian) receipt images. We then show SPADE®
can perform well on tasks that require modeling
the complex spatial relationship in documents by
reporting the performance on name card IE where
the spatial layout is more complex than receipts.
Then the evaluation on the invoice dataset shows
the advantage of SPADE® when both of the two
challenging factors are simultaneously present. Fi-
nally, we show that SPADE® can handle even more
types of documents by evaluating the model on a
form understanding dataset, FUNSD (Jaume et al.,
2019). Table 3 summarizes the performance of
several baseline models and SPADE® in various
semi-structured document information extraction
tasks.

Handling hierarchical structure in documents
CORD consists of receipt images without creases
or warping. SPADE® initially achieves 91.5% and
87.4% in F; with and without the oracle (ground
truth OCR results), respectively (Table 3, 1st row,
co). Their dependency parsing score is also shown

Supy+BERT+IOBy  92.5% 93.4" 94.4* 84.9* 90.1 85.4 64.8 89.3 90.5 83.1

AFy 0 -0.1 -0.1 +3.2 -1.9 +2.0 +18.3 -0.2 +1.1 +1.9

UB-FLAT 58.1 654 100 83.2

¥ The input tokens are recognized by human annotators.
“ The input tokens are line-grouped by human annotators.

in Table 7 in Appendix (1st panel, co). To push
the performance further, we notice that individual
text nodes have a single incoming edge for each
relation except in special documents like table (Fig.
1). Using this property, we integrate Tail Collision
Avoidance algorithm (tca) that iteratively trims the
tail-sharing-edges and generate new edges until the
process becomes self-consistent (Section 4.2). F;
increases by +1.0% and +0.8% with and without
the oracle upon the integration (2nd row, co).

Importance of generating hierarchical struc-
ture in receipt IE In receipt IE task, the inter-
grouping of fields is critical due to multiple appear-
ance of same field types such as menu name and
price (Fig. 3a). Without the field grouping, the
maximum achievable score is 58.1 F; (Table 3, 6th
row, UB-rFLAT). Generating hierarchical parses from
the semi-structured documents is relatively new
and thus the direct comparison to previous state-
of-the-art methods are not feasible without con-
siderable modification. General confidential issue
related to industrial documents and multi-lingual
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properties of our task also hinder the comparison.
In this regard, we build our own baselines con-
sisting of the manually engineered serializer and
BERT-based double IOB taggers (s+BERT+I0Bg").

BERT-tagger The serializer generates pseudo-
1D-text from the input tokens distributed in 2D
and groups them line-by-line based on their height
differences. BERT+10B, predicts the boundary be-
tween the fields and between the groups of the
fields (see Section 3.2 for the detail). In CORD,
S+BERT+10Bo shows comparable performance with
SPADEG® with the oracle (-0.1 Fy) but shows +1.9
F; on the test set (2nd and 3rd rows, co). The
relatively lower score of SPADE® on the test set
may originate from the small size of the training set
(800, Table 2) as SPADE® needs to handle the text
serialization in a data-driven way. Indeed, when
both models are trained using REceipT-IDN that con-
sists of 9508 training examples, SPADE® outper-
forms by +1.0 F; on the test set (2nd and 3rd rows,
RECEIPT-IDN).

Inflexibility of tagging model in handling com-
plex spatial relationships Next, we prepare
CORD+ and CORD++, which are more chal-
lenging setups where the images are warped or
tilted as often seen in real-world applications
(Fig. 3). SPADEO® significantly outperforms
S+BERT+I0Bg (+13.4% F; in CORD+, +31.1% F;.b
in CORD++). This is due to the failure in the se-
rialization in s+BERT+I0By resulting in line-mixing
(Fig. 3b, c and Fig. 5, 6 in Appendix). To un-
derstand how much improvement can be achieved
through further manual engineering, we prepare
Sapy+BERT+10Bo Which is equipped with the ad-
vanced serializer where polynomial fitting is em-
ployed to group tokens placed on curvy line. The
result shows although there is a large improve-
ment in CORD+ and CORD++ task compared to
S+BERT+10Bo, SPADE® still shows the better perfor-
mance (+2.0% in CORD+, +18.3% in CORD++,
1st and 4th rows). This shows the limitation of
a serializer-based method that it cannot be easily
generalized to handle document images in wild
and the performance can be bottlenecked by the
serialization step regardless of how advanced tag-
ging models are. The competent performance of
SPADE® on CORD-M, a dataset generated by con-
catenating two receipt images from CORD into a
single image (Fig. 4 in Appendix), further high-

3S stands for the serializer.

lights the flexibility of SPADE®.

Handling documents having complex layout
We further evaluate SPADE® on name card IE task.
Unlike receipts, no inter-grouping between fields is
necessary for name card IE. However, name cards
often have a complex layout such as non-horizontal
alignment of text or multi column even without
tilting and warping (Fig. 1d). Our model achieves
+1.1% F; compared to S,py+BERT+IOBy On the test
set (Table 3, nc).

Handling documents having both hierarchical
structure and complex layout To fully explore
the capability of SPADE®, we further evaluate the
model on invoice IE task. Typical invoices have a
hierarchical structure where some fields need to be
grouped together, such as item name, count, and
price that correspond to one same item. In addi-
tion, invoices also have a relatively complex lay-
out, having multiple tables or columns. SPADE®
achieves +1.9 F; compared to s,p,+BERT+I0Bs, (Ta-
ble. 3, mv).

Handling general documents In order to see if
SPADE® can handle more general kinds of doc-
uments, we use the FUNSD form understanding
dataset (Jaume et al., 2019) where document IE is
performed under a more abstract setting by finding
general key-value pairs and their inter-grouping
(Section A.1.6). The performance is measured
on two OCR-independent subtasks (Jaume et al.,
2019): (1) “entity-labeling (ELB)” which predicts
the information category of the serialized words,
and (2) “entity-linking (ELK)” which measures the
score for key-value pair link prediction. The evalu-
ation reveals that SPADE® achieves the state of the
art on ELK, outperforming the previous baseline
by 37.3% F; (Table 4, rightmost column). In ELB,
SPADE® achieves +11.5% F; absolute improve-
ment with respect to BERT-Base Tagger. Both mod-
els use BERT-Base as a backbone. Although the F;
scores of LayoutLM are higher than our model,
their contributions are orthogonal to ours since
they focus on making a better pretrained model.
Also, it cannot perform ELK. We emphasize that
SPADEQ® solves the three subtasks—ELB, ELK, and
word serialization—simultaneously, while other tag-
ger models need to use the perfectly serialized in-
put text and solve only entity labeling. The stable
performance of SPADE® over randomly rotated
documents (ELB-R) or shuffled tokens (ELB-S)
supports this highlighting the merit of the serializer-
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free architecture.

Table 4: F; scores for two FUNSD subtasks: entity labeling
(ELB, ELB-R, and ELB-S) and entity linking (ELK). “Need S”
means the input tokens should be serialized. “# of D” indicates
the number of documents used for layout pretraining.

Model |Need S # of D|[ELB ELB-R ELB-S |[ELK
Baseline® 0 |57 - - 4
BERT-Base Tagger* 0 [60.1 43.9 (-16.2) 42.5 (-17.6)
BERT-Large Tagger* 0 [64.6 47.6 (-17.0) 42.7 (-21.9)

500K [69.9 - -
11M |78.9 72.5 (-6.4) 70.2 (-8.7)
0 [71.6 705 (-1.1) 72.0 (+0.4)%|41.3

b From Xu et al. (2019).

LayoutLM-Base Tagger”
LayoutLM-Base Tagger*
SPADEoT

X 00 o0 o0 o0

“Jaume et al. (2019).

* The source code from https://github.com/microsoft/unilm/tree/master/layoutlm.

$ The separation of long input text (> 512) into multiple independent inputs
introduces small difference in F;.
FFive encoder layers are used for computational efficiency.

Ablation study We probe the role of each com-
ponent of SPADE® via ablation study (Table 5).
The performance drops dramatically upon the re-
moval of the relative coordinate information of to-
kens in the self-attention layer, highlighting its im-
portance in the serializer-free encoder (2nd row).
When the absolute coordinates are used in the in-
put instead of the relative coordinates, F; drops by
6.9% (3rd row). Finally, 2.6% drop in Fj is ob-
served upon the removal of the data augmentation
during training (4th row).

Table 5: Ablation study on CORD dataset.

Model F
SPADEsT 84.5
(-) relative coordinate 10.5 (-74.0)
(-) relative coordinate (+) absolute coordinate 78.6 (-6.9)
(-) data augmentation 81.9 (-2.6)

T Five encoder layers are used for computational efficiency.

7 Conclusion

We present SPADE®, a spatial dependency parser
that can extract highly structured information from
documents that have complex layouts. By formulat-
ing document IE as a spatial dependency graph con-
struction problem, we provide a powerful unified
framework that can extract hierarchical informa-
tion without feature engineering. We empirically
demonstrate the effectiveness of our model over var-
ious real-world documents—receipts, name cards,
and invoices—and in a popular form understanding
task.
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A Appendices

A.1 Dataset
A.1.1 Dataset collection

The internal datasets REcEIPT-IDN, NAMECARD and INvoOICE are annotated by the crowd through an in-house
web application following (Park et al., 2019; Hwang et al., 2019). First, each text segment is labeled
(bounding box and the characters inside) for the OCR task. The text segments are further grouped
according to their field types by the crowds. For RecepT-IDN and Invoicg, additional group-ids are
annotated to each field for inter-grouping of them. The text segments placed on the same line are also
annotated through row-ids. For quality assurance, the labeled documents are cross-inspected by the
crowds.

A.1.2 CORD, CORD+, CORD++, and CORD-M for receipt IE

CORD and their variant consist of 30 information categories such as menu_name, count, unit_price,
price, and total _price (Table 6). The fields are further grouped and forms the information layer at a
higher level.

A.1.3 RecerrT-IDN for receipt IE

REcEIPT-IDN is similar to CORD but includes more diverse information categories (50) such as store_name,
store_address, and payment_time (Table 6).

A.1.4 NaMEcArD for name card IE

NAMECARD consists of 12 field types, including name, company_name, position, and address (Table
6). The task requires grouping and ordering of tokens for each field. Although there is only a single
information layer (field), the careful handling of complex spatial relations is required due to the large
degree of freedom in the layout.

A.1.5 Invoick for invoice IE

Invorce consists of 62 information categories such as item name, count, price with tax, item
price without_tax, total_price, invoice_number, invoice_date, vendor_name, and
vendor_address (Table 6). Similar to receipts, their hierarchical information is represented via
inter-field grouping.

A.1.6 FUNSD for general form understanding

FUNSD form understanding task consists of two sub tasks: entity labeling (ELB) and entity linking (ELK).
In ELB, tokens are classifed into one of four fields—header, question, answer, and other—while doing
serialization of tokens within each field. Both subtasks assume that the input tokens are perfectly serialized
with no OCR error. To emphasize the importance of correct serialization in the real-world, we prepare
two variant of ELB tasks: ELB-R and ELB-S. In ELB-R, the whole documents are randomly rotated
by a degree of -20°-20° and the input tokens are serialized using rotated y-coordinates. In ELB-S task,
the input tokens are randomly shuffled. In both tasks, the relative order of the input tokens within each
field remain unchanged. In ELK task, tokens are linked based on their key-value relations (inter-grouping
between fields). For example, each “header” is linked to the corresponding “question”, and “question” is
paired with the corresponding “answer”.

Table 6: The representative fields of the datasets.

Dataset representative fields and their numbers

CORD,CORD+, CORD++,CORD-M menu_name (2572), count (2357), unit_price (737), price (2559), total_price (974)

menu-name (28832), munu_count (27132), menu-unitprice (11530),

RECEIPT-IDN menu_price (28028), total_price (10284), store name (9413), payment_time (9817)

NAMECARD name (25917), company._name (24386), position (22848), address (26018)

itemname (2761), count (1950), price_with_tax(781), price_without_tax (2230),

Invorce total_price (844), invoice_number (803), invoice_date (987), vendor_name (993), vendor_address (993),

FUNSD“* header (563), question (4343), answer (3623), other (1214)
2 From (Jaume et al., 2019).
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A.2 Evaluation metric

During calculation of F; for parses, the difference between prediction and ground truth is not counted
in store_name, menu_name, and item name fields in receipt and invoice when the edit distance (ED) is
less then 2 or when the ED/gt-string-length < 0.4. Also, in Japanese documents, white spaces are ignored.

In the FUNSD form understanding task, we measure entity labeling (ELB) and entity linking (ELK)
scores following (Jaume et al., 2019). ELB measures the field classification accuracy of already “per-
fectly” serialized tokens of each field (words group), whereas ELK measures the inter-grouping accuracy
between word groups. As SPADE® does both the serialization of the fields and grouping between fields
simultaneously, we do not feed the serialized tokens into SPADE® but only use the oracle information to
indicate the first text node of each field from the predicted graph. These text nodes effectively represent
entire fields and are used for the evaluation.

A.3 The score for the dependency relation prediction

Table 7: The score for the dependency relation prediction. s and g stand for rel-s
and rel-g.

Precision Recall F

Model rel co RI NC NV FU co RI NC NV FU co RI NC NV FU

o-Tca s 964 977 907 974 6067 97.1 988 920 983 637" 968 983 913 97.8 6227
G-1ca g 878 911 - 867 4117 901 93.8 - 880 3447 889 924 - 873 3747

o s 968 97.8 919 97.6 7047 97.1 988 913 982 598" 969 983 916 979 64.67
6 g 899 922 - 886 4977 892 931 - 863 3057 89.6 927 - 874 3787

UB-No-SER S 100 100 100 100 - 327 313 57.7 188 - 493 47.7 731 31.7 -
UB-NO-SER g 0 0 - 0 - 0 0 - 0 - 0 0 - 0 -

tFive encoder layers are used instead of twelve for computational efficiency.

a C
\ Table 8: Accuracy table for CORD-
M task.

test

+GLOCR '

Model task  language  Fy Fy

SPADEf  receipt IDN 87.7 829

T Five encoder layers are used for computa-
tional efficiency.

b

{'menu_name': ['Lemon Tea (L)'], 'count': ['1'], 'price': ['25000']}
{'total_price': ['25000'], 'cash_price': ['30090'], 'change_price': ['5000']}

'PKT TELOR/PERK'], 'price’: ['26000']}

'TERONG'], 'price’: ['12000

'PARU' ], price’: ['23000']}

'SBL GR'], 'price’: ['20000']}

['NESTLE 330 ML'], 'price': ['800@']}
18900

{'menu nanme’ :
{'subtotal _price': ['89000'], 'tax_ price’:

1. ] : e
{'total_price': ['97900'], "menuqty_cnt': ['5.80xITEMS'], 'cash_price': ['100000'], 'change_price': ['2100']}
3

Figure 4: The example of a receipt image from CORD-M (a), the predicted parse (b), and the accuracy table (c).
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Ctotal cashprice" '50000' total changeprice’s (4500, ota.ttal_price’: (45500}
Saov+BERT+I0B,
Cmenucnt: (1) menarm: (SEAL GAUACHET, manu e [163007)

menuent: (1 [EGG TART', ‘menu price’ 'L
s 11 e ST, e nsaaon
145007 otal.total 1

S+BERT+I0B,
Cmemuct 11 menu s (REAL GANACHE', menuprice': (165001}
.ot (1], ‘menun [EGG TART'. ‘menu pice’: 13
' (PEZA TOAST, menuprce soan)
001, otaltotal_p g

o (500007

Ground truth
Cmemunts 11 menu s (REAL GANACHE', menugrice': (165001}
menun: (EGG TART], menu price’ 130001

o (P2ZA TORST ménoprice. (160001}
Ctotal cashprice’: 50000’ total.changeprice’ [4500'), total total_price’: [45500'])

DE
Cmenu.cn: (1), 'menu.ni [REAL GANACHE), ‘menprice®: (16500'))

Cmenu.cnts (1], menunm [EGG TART], ‘menu price’: 13000}
{menu.cnt: (1], menu.n [PIZZA TOASTI, ‘menu price: [16000))

o . (4500 "otal.total_price’: '45500')
Si0,+BERT+I0B,

Cmenunt 11 menun; (REAL GANACHE', manugric 16500130007}

e 1), menu o ['EGG TART, ‘menu price’: 16000, ‘menu.sub_ €At (1, 'menu sub_r ['PIZZATOAST)
Clorlcomotca (30000, oo €hangepce {4500, total s prce L455001)

S+BERT+I0B;
s REAL CANACHE) EESESSSOOI000T)
160

menurice. 1455001}
Cloahangéprice 14508, \ola et rce: 1500001

Ground truth

Comamuce: (), manuners (> Ovtios %), manupries (20000 ki (20000, mank sy [10% T ckded )
sub_totalsubtotal_price’: '18181),sub_total.tax_price” [1818')

Lo oo LLooano . tota hangépice’ {00001, el tota e’ (20000}

SPADE
Cmenucr 1, MGG LSOUBNING, men pric’ 20000, ANGSUBLAIS[SOK menu.unorice’ (200001}
{'sub_total subtotal price’: (18181 ol tax price’: (181

i oo Lo0a0o). e hangeprc’ 50001, el taL e’ (20000}

Saov+BERT+I0B,

'menu.cnt: '), menu.nim's '5-Ovaltne'), ‘menu prce': 20000 'man sub_ ' '50% 101, ‘menu.unitprice”: 200001}
{'sub_totalsubtotal._price”: ['18181'], 'sub,total.tax_prce’: (1813}

{total.cashprice’ 100000 total changeprice': (80000') totaltotal_price: 200001}

S+BERT+10B,

{menuens V), menuam SOvatin’
s toalsubtoalprice’ 18181 'subtota o
{iocosnrice: Too000) vt changeprice (30000

u price: 20000, ‘e sub_ s [50% 10
i price’:[1818']}
“total.total prce’: [20000')}

‘menu.unitprice’; 1200007}

Ground truth
{'menu.nt' (], 'menu.nm' '5-Ovaltine 50%,‘menu.price’ 20000'), ‘menu.unitprice’ '20000',‘menu.vatyn': 0% Tax Included'])
Louttotasubtotalprice’ 1B18L, b tta taxcoice: 1018)

Lo oo LLo0a0o. tota hangeprce’ {0001, aalotaL e’ (20000}

SPADE
Cmenucr 1, IMGNGAT LSOUBNI, menpric’ 20000, IANSUBLAS (SO, menu.unoric’ (200001}
{'sub_total sublotal_price’: [18181'] 'sub_total tax_price’ ['1

Lo commrice: (250000 ot changeprice (30000, Toa tta i’ 1200001)

Sov+BERT+I0B,

Cmenu.cnts '], men s (S-Ovaline'), ‘men price:(20000)
{menu pricer _nms (501}
{'sub_totalsubtotal_price’: ‘181811, sub.total.tax_price’: (181

)
{total.cashprice’: 100000, total.changeprica’. (80000, total total_price’: 200001}

S+BERT+I0|
Cmenu.cnt' (11, méngnm S urice (20000 RATSUESON!, menuunirce’: (20000}
o S sbtta price 116183 sttt rce’ (161

Lo commrice: (250000 ot changeprie (30000, Toa ttoL i’ 1200001}

Ground truth

Cimenunt: [, ‘menu.o 5 Ouaing 0%, menu.rice: (200001, menu.unkprce' (200001, menuatys(10% Tox ncuded )
Coun ol aubiotalprice’ (18181, b ol pric (1810

ol oshorice VLo0o00 . wota hanaepric’ 300001

200007}

atlamaLpric

SPADE
{menucnt (1),

TS0V menu.rice: (20000 ERUUTHBAS 1200001}
{'sub_totalsubtotal_price: 181811}

oot comprie 1130500, Tt hangeprice: (500001, otl ot prce (200001}
Sur+BERT+IOB,

{menu.nm’ ['5-Oval

{sub_totalsubtotal Jm aoovcrsien

oot prce: T

ol oo 100000, ttal changepric’ 300001, atal el rce’ (20000
S+BERT+I0B;

{menuent’ [, m Ovaitine!), 'men.price’: 200001}

(oo tom suntorl pricer Uuul)

{totaltotal_price’: (18181

e coompre 11000001, votal changepric’ A0000', “otat tal e’ £20000)

CORD dev set

CORD dev set

Ground truth
nucnt: [
28000, "sub,_total.tax_price" (0]}
a0
SPADE
Tmenu.
{sub_tota.sube ¢ ;01
{total.cashprice’: 28000 101, totaltotal
Saov+BERT+10B,
{menu.cnt’ '], ‘menu.nm: ['M-Caramel Black Tea') ‘menu price's [ 28000'), menu.sub_nm
(o fotakbttal rice: 20000, i tatm e’ (01)
1281 (01, totaltotal_prce’: (28000]
S+BERT+I0B;
menyat: (T, menua (1 aramelSack Tew, menugrice’s (20000 menusun s
{'sub_totalsubtotal_price’ 28000') ‘sub_total.tax prce’: (0}
Fioaicamtce: 135000 ol changeprce 3T towl ol pice: (280001}
ith
0
subtotal_price’ 12 e (01}
SPADE
5 0007, ' [
2
i it o . o . .
Coun ot price: 101
Ctotal coshprice* (28000280001, total changeprices [0 \_price’: (26000
S+BERT+108,
Cmenucnt’ 170, ‘menu.n': M Caramel Black Tea'), ‘men.price’: 28000, ‘menu.sub_nim' 'Less lce', ‘menu.uitprice" '28000°))
{sub_total.tax_price’ [0'))
{total.cashprice’ 128000280007 otal changeprice’: [0 rice': (28000])

id: 1
Ground lruth

(Kopi Susu Kolonel ), ‘menu.price’: (2
et enangepnce: 117000 oot e 23000

e (1 ¥: [Kopi Susu Koloner, ‘menu. price*: '23000')
Crotacommpic: 300001, <6t changepnce- 17000, ool ot price [230007)

Siov+BERT+I08;
{menu.cnt (1, 104 - Kopi Sust Kelonel, ‘menu price*: 23000}
Cronacommprca’ (300001, 6t chargeoric 1270001, ar vt rce 12300073

S+BERT+I0B;
(menucnt (1], imenuam
{total.cashprice’: 50000’

1404 = Kopi Sust Kolonel], ‘menu.price’: (23000}
e changepnce 27000, oottt 250001

Ground truth
Cmenu.cnt (1 50 Koloner ], "menprice’: 12
Cromacompica’ (500001, 615 changepncer 117000 ). ool tto et 1230003

P,
Crmer ('], ‘menu.m' [Kopi Susu Kolonel 1], ‘menu.price’: [23000')}

(ot cashpnce” 500007, oot changaprice 127000, et oo rce 1230001}
Sxpu+BERT+I0B;

L LA RN 2

0007}
{menu.cnt (1], ‘menu.m: Ko ner]. ‘menu price* 23000
Cromacrangenricer 1270001 ot et prce (30000

S+BERT4IOB, |
Umenu.cnt St i
Cmenucnt (11, Reonal . mana hc’ (23000}
Crom<hanseprice 1370001 ol sata e 150000

Ground truth
(' menu.cnt 1], 'menu.am': [Kopi Susu Kolonel, ‘menu.price*: 23000
Cromat<asnptce’ (350607, oo changepece: 137005, et ol s [230001)

[ ¥: [Kopl Susu Koloner ] ‘menu.price’: 2
{rotacachptice! (500007 Kot changeprice 157000 vora oot prce (230001)

Sur+BERT+I0B,
Cmer [, tmes (ELD Kopi Susu Koloner], ‘men.price’: 223000}
CRotlcosnpic”. 1300001, <otl changepice: 1270091, okl ot prce 1250007

S+BERT+I0B,
Cmenu.cnt (1, ‘mi L), ‘menu price’: (230001
Cmenu.nm [Knnususukmone\‘] ‘menu price’: 230001}
{totalchangeprice’: 27000’ tota.tota_price’ 500001}

id: 3

Ground truth

{menynt: (1) menumr: (1 Crameltack Tew, menugrice’s (20000
{'sub_totalsubtotal_price’: ['2 x price’: (0

o coshpice: 1330001, ot <angepre’ 1O ot aarprice’ 1280001)

menusub_nm

SPADE
Cmenu.cat [ . (W-Caramel Black Tea', menuprice’s 128000, menusub_p
Csu atalsubotl pric’ (28000} s, taltx price (01
Ctotalcashprice: 28000’ total.changeprice’ (0], totalotal price: [28000'))
Spor+BERT+108,

1 ‘menuinm (M-Caramel Black Tea'). menu.pices (28000, menusub_p

{on o sumaiar  price 280001, sub.ola o grc’: (0
{total.cashrice’: 2 total.changeprice’; [0, otal total_price’: 128000'])

S+BERT+I0B;
Cmenunt: 1) menum (1 Caramel Back Tea, menuprice’: 23000
7], 'sub_total.tax_price’ [0}
101,

“sub_total.subtotal_price’s (280001,
{total.cashprice’ 28000, total.changeprice’s [0, tota.total_price': (28000}

‘menu.sub_nm

Cmer i
{'sub_totalsubtotal
{total cashprice’ [

1, ‘menu.am'; ['M-Carame Black Tear), ‘menu.price’: 28000'), ‘menu.sub_nm'
price’ (28000 i tax_pr
001 total.changeprice’: (0] otal total_price’: [28000'])

cnt (1), ‘menum' (W-Caramel Black Tea') menu.price’s (280001, men sub_
otal_price’ 28000, ‘sub_total tax price’
‘total.changeprice

Ltotal_price* 280001}

Ground trut

170% Less ee'),

170% Less ce'),

170% Less ee'),

170% Less el

170% Less ce'),

170% Less le'),

[70% Less ce'),

170% Less ee'),

menuunitprice’: (260001)
menuunitprice’:(260001)
menuunitprice: (280001}
“menuunitprice’ (280007}
menuuntprice’: (260001)
“menuunitprice’ (280007}
menuunitprice’: (280007}
menuunitprice’: (260001}

menu.cnt: 1), 'menu.nm's [M-Caramel Black Teat), ‘menu.price’ '28000') ‘menu sub_nm's [70% Less ce'), menu.unitprice: (280001}

{sub_total. ce': (280001 sub.total.ax.pri

{total.cashprice’: 28000, total.changeprice’s [0, total.total_price': 28000}

Tmenu.cat' '], ‘menu.nm ('M-Caramel Black Tea'), ‘menu price': [ 28000], ‘menu.sub_n' '70% Less Ice') ‘menu unitrice’s (28000']}

{'sub_totalsubtotal_price’ 28000') ‘sub_total.tax price':

{total.coshprice’ 28000, total.changeprice’s [0, total.total_price': (280001}

Siov+BERT+10B

menu.nm's(-Caramel Black Teal ‘menu.price’ 28000 mensub_ ' [70% Less ce, ‘menuunitrice’s (28000}

otal.total_price*: 28000

Figure 5: The example from CORD, CORD+, and CORD++ dev sets (ids 0-3).

342



CORD dev set id: 4 CORD dev set id: 5

)

) = 0 N
3 3
> > £f

Ground truth

{omenucnt: (100 manuom: [LE MNERALY e grice (30001
{'sub_total.sublotal_price’: [7273'] sub_total.tax price’: [ 7271}
Cioticospee 130001, e ok prce (3060,

Ground truth

Conenune: £, manu.n 1880 Cicken. ‘e rce' (41000, ments. b, ot 1, men. s, (Sedang, mand.su, e (O}
{'sub_total subtotal price: 41000}

{total.cashprice': '50000'), total changeprice’s [9000'), total.menuqty_cnt' '1'), total total_price’: (41000]}

SPADE

[ menu.om' ['LE MINERAL', ‘menu.price’: (8000
{'sub_total.subtotal_price': [7273'), 'sub_total.tax_price’: [727'1}
G o 13000, Yt ety 6n: U001, oo v price: (80001)

'41000°), 'menu.sub_cnt' ['1'), ‘menu.sub_nm: 'Sedang’], 'menu.sub_price’: (']}

SPADE
Tmenu.cat: (1], ‘menu.nm'; (8BQ Chicken'], ‘menu.price’
{'sub _total subtotal_price': '41000'1)

{total.cashprice': 50000

‘total.changeprice’: ['9000'). total menutype._cnt': ['1'],‘total total price’: 41000}

Sapu+BERT+I0B,
S5, +BERT+I0B, Cmenu.cat’ (1.0, ‘menu.nm's ['LE MINERALY), 0001}
{'menu.cnt': ['1'). ‘menu.nm’: ['BBQ Chicken']. ‘menu.price': ['41000'), 'menu sub_cnt': ['1'), ‘menu.sub_nm': ['Sedang']. 'menu.sub_price': ['0']} {sub_total.subtotal_price: ['7273'], 'sub_total.tax_price': 1717 N
Cotal.cashprice’. '50000', otal.changeprice’: '9000, totalmenuaty_cnt: (1, totalotalpice’ (41000} {total.cashrice’: 18000, tota.total_price’s (8000}
Csub,_totalsubtotal_prce’: ['41000°)

S+BERT+I0B,
S+BERT+I0B, Umenu.cnt’ (1.00') menu.m':['LE MINERAL, ‘menu.price’: (8000}

ek [, arw.e 880 Cckn, s ey 41000, i, it (. manusub e i, mentut e’ (1)
1'50000'

(sub_total subtotal_price: ['7273'] sub,total tax o grice’ (727}
crt: (1], totaltotal_price’: [000'T) 000’}

27
{'total.cashprice’: (8000’ total.total_price’ 8

Pgoraaiiotlioes

Ground truth

Comanucn= (100 e (LE MNERAL marpros: [3000T)
‘sub_total subtotal_price': [7273'], ‘sub_total tax_price’: [

{'total.cashprice’: 8000’ total.total_price’:8000']}

Ground truth
Cmenu.cnt: (1. ‘menu.nm's (BBQ Chicken'), ‘menuprice’ (41000 ‘menu.sub_cnt' '), ‘menusub_ ' 'Sedang’l, men.sub price: (0}

{'sub _total subtotal_price’: ['41000'1)

{total.cashprice': '50000], total changeprice’: (9000,

SPADE

{'menu.nm ['LE MINERAL, ‘menu.pric

Cmenu.cat "1, ‘menu.om': (B8Q Chicken'], ‘men prce’; [41000'), ‘menu.sub_cnt’: '], menusub.nm’ “menusub_price’ [01) ('sub_totalsubtotal_price*: ['7273', ‘sub total.tax price’: (7271}
{oub toalsotota i 410007 (otal.cashprice* (8000’ tatal menu 'LOV “otal totalprice’ ['80001)
300001, 1190007, otal.menutype_cnt: 1], total.total_price’: (410001}
Saou+BERT+I0B,
S:0/+BERT+108, e FLO menuo (1€ MIERALL menugrice: (80007

o

v ' Sedang’), ‘menu.sub_price’: [0}
e e 0001

731, 'sub total tax price":
(o camnprice 18000 Kool oot price 0000

o o ubtat prce: {41y
S+BERT+I0B,

S+BERT+I0B, Cmenu.cnt: (1,00, m

{menu.cat': (1) ‘menu.nm'; [88Q Chicken']

{total.cashprice” 50000’ 'total.changepr

{'sub_total subtotal_price’: 41000}

m': ['LE MINERAL'), ‘menu.price’: [8000']}
7273, sub_total tax_price’: 727}
0

/: (41000'), ‘menu.sub_cnt: ‘1] iMenu:subnm's [ Sedang'], 'menu.sub_price’: [0'])
9000, total menugty_cnt' ('], total.total_price’: (410001}

Ground truth

{manuones (LO0L mamunny: (16 MMERALY mensprce: (80003
{'sub_total subltotal_price’: 7273'], sub_total tax price’: (7
{total.cashprice': '8000', total total_price’: 8000'))

Ground truth

C'menu.cnt: ('], 'menu.nm'; (BBQ Chicken'], ‘menu.price’: ['41000°), menu.sub,_cnt' ['T', ‘menu.sub_nm': 'Sedang’), 'menu.sub_price’: (0]}
{'sub_total subtotal_price’: [41000)

{total.cashprice’: [50000' 'total.changeprice: '9000'] otal.menuqty_cnt: '] totaltotal price: 410007}

DE
Tmenunm': [LE MINERAL

SPADE w price”: (80007
C'menu.cat: (1], ‘menu.nm [aaocmzun ‘menu.price’s ['41000'], ‘menu.sub_cnt': ['1'], ‘menu.sub_nm': 'Sedang], 'menu.sub_price’: [0']} (St tottsubtotal price’ (72731, s toto tax pice: (7127)
(WD total. MMGIILWKQ '410( {'total.cashprice': ['8000'], ‘total.menuqty_cnt': [1.00. 'nxa\ total_price’: ['8000]}
500001 )  cnt (1), totaltotal prce’ ('41000))
Sior+BERT+108,
Si/+BERT+108, {imemucrt: L1001 menaoms (1€ WNERAL RSRURSELBOOT2TST)

{memwcre: [, manue: (880 Gickar
{torlcosnorice” (50
P

o St bt _;m- 727, 'sub_total.tax_price:
{total total_price’: 8000}

e price (41000, menusub o 1. memusub o [Sedon. menusu,prce’ (01)
'41000','900') total menuaty_cnt': 'L totaltotalprice’ '000')

S+BERT+I0B,

e cne: 1001, mem v LE MNERAL SERERITIRORIIZZD
{'sub_total.subtotal_price'; ['727'] 'sub_total.tax_price': [8000'))

{total.total price’: [8000']}

S+BERT+I0B,

Cmenucr TRROUTHRATIBECH. o sic: (41000 e subct: 11, men b o (Sedang. s, rce's(01)
{'sub_total.subtotal_pr

Crolcosmpnee: 1330001, otaLehAngEPEE (900, toal ey, <nt: (1], otlctaprice’ (410007

CORD dev set id: 6 CORD dev set id: 7

Ground truth
imenun: [POTATO SAUSAGE BREADI, menu ric [190001)
/OREO GREEN TEA SPAEAD', e prce- 520001}
['VIHITE CHOCO BANANA SPREAD'], ‘menu price’: '52000']}

Ground truth

{manacots 41 maruaiscountydo (.85431, maa s (Choco DI, maru rice (8
sul sco 57], sub_total.subte 6], sub_total.tax_price’: 54091}
Cratlcosprice 160000, 1ot Enangeprice 405001 oa el price 13950013

r e ais 0545’ ‘Chaco Devir 636361
menu.cnt: (4], menu discountprce’: “menu.nm: [Chaco Devir], menu.price’
{roTaTosauGe snERD, menrce oy e (SO ot i L i)
[OREQ GREEN TEA SPREAD' 'sub_totaldiscount_price’. [~9545'] 'sub_total subtotal_price”: [63636'),‘sub total.tax price’ 54091y

Ciotcommarce: 100000, toal Changeprice 405001 oo ot pce 1395007

{total credicardprice’ (123000, <otal ot price

So,+BERT+I0B,
Suoy+BERT+108, Cmenu.cnt (4, ‘meny
1) menu ' [POTATO SAUSAGE SREADY. menu pric” (19000} Cmenu.cnt 1], menu discor

mens i [ORED GREEN TEA SPREAD'L menu e’ 5
I [WHTE CHOCO SARANA SPRERD 1 men o’ (320001

1) {sub_total.
ot edicordonces 11350001, ot toa price: (1230000

5457}
ount prce QSASI on o aubotal, | rce: (36361, s otabtacprice’ (3409)
+140500'], total.total_price’s 595001}

S+BERT+IO|
Lonenu.cn L menunm: [ hoco DavFL mau rice:
{menu.cots 3607, e discountori
scount_prce 93431, sub toalsublotal_price’: (636367,
0

S+BERT+I0B;

63636}

[POTATO SAUSAGE SREAD', menuprice: (130001
['OREO GREEN TEA SPREAD'], ‘menu price’ 52

- LWNITE CHOCO SANANA SPREAD 1 -menc.price (520001
o creancardpnce 1139000 Totat too e 1123000

o [-95451

sub_te
{rotcoshor

ub_total tax_price’; 5409']}
“otalchangeprce (40500, totalotal price: 335001

Ground truth

{menu.cnt: 1], menu.nm'; [POTATO SAUSAGE BREAD)], ‘menu.price': (19000
‘menu.nm': [OREO GREEN TEA SPREAD'), ‘menu price': '52000'])

‘menu.m'; [WHITE CHOCO BANANA SPREAD'], ‘menu price’; '52000']}

{'total creditcardprice’: '123000'], ot total_price’: [1123000']}

Ground truth

{menu.cnt' ['4'),‘menu.discountprice’: 9 g
o ol scouns pnceLS5451. o.seetsubr e 826361, 4 o e (54081}
{total.cashprice’: 1100000, total.changeprice': [140500'] total total_price 595001}

SPADE

Umenu.cnt' ['4'),‘menu.discountprice': [9545'), ‘menu.m': [Choco Devil
‘menu.nm': [CP 360 Club Card I}

{'sub_total discount_price: [*, ‘9545, 'sub_total subtotal_price: ['63636'), ‘sub_total.tax_price's '5409'1)

{total.cashprice': [1100000'] "total.changeprice': 40500 total total_price ['59500'1}

menu.price”: 1636361}

[VMTE CHOCO BANANA SPREADYL manw rce: (520001}
‘menu.nm’: [OREQ GREEN TEA SPREAD'], ‘menu price’: '52(

. LPOTATO SAUSAGE BREADI, mene. rce (150001
1230001, totaotal pice’ (1230001

{'menu.cnt’ (1], 'me
ot creditcardpricer

SADV+BERT+IOBz

S:0,+BERT+I0B,

Cimenunt: 1) menu FOTATO SAUSAGE SREAY). menuric’ 113000}
{menu.cnt OREQ GREEN TEA SPREAD', menuprice’.(52000')
Cimea cnt 11, men ' PWHITE CHOCO BAVANA SPREAD' ) menu e 3200013
{iotcreicardpnce: (133000 Toa el pce (1250007

scounprce: (95451, manu s Choco Deu, manuprce:
ot price 95451 oo tota Subroal e (636361, 5 toaltan rices (34091
Cratcamprice 160000), tote nangeprce (405001 e el price: 13650013

S+BERT+108,
S+BERT+I0B; ‘menu.nm’s ['Choco Devil], ‘menu.price' 63636}
.t nu.pr 545 1360 Club Card')
Cprice’: [+9545'], 'sub_total.subtotal_price': [63636'], sub_total.tax.price’: ['5409'1}

['OREQ WHITE POTATO GREEN CHOCO SAUSAGE TEA']} {total.cashprice': [1100000') ‘total.changeprice': [40500'] total total_price: 59500}

B
{total creditcardprice’ 123000', total.total_price*: 123000}

Ground trllth
ce®: 9545 w.nm's [Choco Devil

©
Elipiory 95457, ‘sub toal subwlal | prce (53639, s toala pice (34091}
1 /5 (40500', total.total_price’; 595001}

Ground trllth
POTATO SAUSAGE BREAD'], ‘menu; price [119000'])
meﬂn ' ['OREQ GREEN TEA SPREAD'], ‘men. price’ ['52000']}
r .0’ [WHITE CHOCO BANANA SPREAD'), ‘menu price’: 520001}
{rotalcreicordorice- (133000 ot toal prce 123000

PADE
{menu.cnt' [27],‘menudiscountprice':
'CP 368 Club Card'l}
ot price! [-9545°, su otalsubtotl price (936361, b total o price 3409}
) totltoalprice 15950017

9545'), ‘menu.nm'; (‘Choco Devir’,

menu.price”: 1636361}
Tmenu.cnt (1], ‘menu.nr

Conencne

[POTATO SAUSAGE BREAD’), ‘menu prce’: (190001}

m': [OREO GREEN TEA SPREAD ‘men.price”: '52000'])

¥: [WHITE CHOCO BANANA SPREAD', ‘men price: 520007}
1235001, otaltotol_price’

Coub toal

e rediteardprice

Sapv+BERT+IOB,
{'menu.cnt': [}, ‘menu.price': ['636369545']}
{'menu.cnt': ('], ‘menu. pnu‘ ['6363695455'])
{sub_t mlal 3 <_price’: [1409'
Jb_total.subtotal_price |59§un "
{total. :-shpnce‘ 1'100000'), 'total.changeprice': ['40500'T}

Saov+BERTI0B,
Cmenu.cnt: (11, menisnm'; [GREEN SAUSAGE TEA CHOCO')
€ ice't [1235001), 1 total total_price: 1

S+BERT+I0B;
USAGE TEAT] ‘menu price’ 19000°, Imenu.5ub_ni': [GREENT)
[CHOCO), ‘menu prce’: 52000} S+BERT+I0B,
(submummml o 1520001 Cmanucnts ], mensprce: (62636954563695457)
. total total_price’s [ n

{'sub_total subtotal_price’ 63
]
{total.cashprice': [1100000') total.changeprice': [40500'] total total_price: ['59500'1}

Figure 6: The example from CORD, CORD+, and CORD++ dev sets (ids 4-7).
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