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Supplementary of Multi-scale Cell-based Layout Representation for Document Understanding

1. Ablation study

To compare with different methods we use the same hy-
per parameters in every comparison experiment, which re-
sults in some experiments results are worse than the results
in the main paper. We use the F1 score of named entity
recognition to evaluate the methods.

Table 1. Comparison results with and without the proposed
data augmentation Ours(P) means our proposed spatial position
representation. LMv3 means the LayoutLMv3 model.

Method Data Augmentation F1 (%)

LMv3BASE No 21.41
LMv3BASE Yes 22.50
Ours(P) No 25.56
Ours(P) Yes 26.17

Data augmentation on FUNSD. We use the proposed
data augmentation on the FUNSD [2] dataset to evaluate the
performance of data augmentation on form documents. The
results are shown in Table 1. The F1 score is improved by
1.09% on LayoutLMv3BASE [1] and 0.61% on Our(P) by
using the proposed data augmentation, respectively. There-
fore, the proposed data augmentation can be used not only
for receipts, but also for form documents.

Table 2. Comparison results using LMv3LARGE on the FUNSD
dataset. Word means the number of word-level cells and Token is
the number of token-level cells in the input data. P means applying
the proposed spatial position representation to the baseline model.
M means applying the multi-scale layout to the baseline model.
LM means the LayoutLMv3 model.

Method Word Token Scale factor Θ F1 (%)

LMv3LARGE 512 0 - 22.52
Ours(P) 512 0 - 26.15
Ours(M) 300 212 - 59.63
Ours(P+M) 300 212 - 62.61

Ours(P) 512 0 0.1 26.92
Ours(P) 512 0 0.2 27.06
Ours(P) 512 0 0.3 25.86

LayoutLMv3LARGE on FUNSD. Since we did not
show many results using LayoutLMv3LARGE , we ap-
ply the proposed spatial position representation, multi-
scale layout and proposed data augmentation method to
LayoutLMv3LARGE , and use F1 score of the FUNSD

dataset to evaluate them. As a result, three methods im-
proved the performance of LayoutLMv3LARGE , as pre-
sented in Table 2. Different from the results on the CORD
dataset, an appropriate scale factor on the FUNSD dataset
is 0.2 which is less than the CORD dataset. The named en-
tities cover larger areas in the documents from the FUNSD
dataset than from the CORD dataset. Because the number
of named entities of each document image in the FUNSD
dataset is more than in the CORD dataset. Using a big
scale factor Θ would make the bounding boxes overlap each
other. Therefore, the appropriate scale factor Θ of the pro-
posed data augmentation of the FUNSD dataset is smaller
than that of the CORD dataset.

Table 3. Comparison results using LMv3BASEon the CORD
dataset. Pre presents using pre-trained baseline model. Word
shows the number of word-level cells in the input data. Token
shows the number of token-level cells in the input data. W means
using the classification results of word-level cells to calculate F1
score. T means using the classification results of token-level cells
to calculate F1 score. P means applying the proposed spatial po-
sition representation to the baseline model. M means applying
the multi-scale layout to the baseline model. LM means the Lay-
outLMv3 model.
Method Pre Word Token Metric F1 (%)

Ours(P) No 512 0 W 60.68
Ours(P) No 300 0 W 57.86
Ours(M) No 300 212 T 84.51
Ours(P+M) No 300 212 T 85.25

LMv3BASE Yes 512 0 W 96.56
Ours(P) Yes 512 0 W 96.97
Ours(P) Yes 300 0 W 96.52
Ours(M) Yes 300 212 T 97.01
Ours(M+P) Yes 300 212 T 97.23
Ours(M+P) Yes 300 212 W 97.12

LayoutLMv3BASE on CORD. We use
LayoutLMv3BASE as a baseline model to test the
multi-scale cell-based layout on the CORD dataset [3].
The results are shown in Table 3. To insert the token-level
cell into the input data and do not modify the structure
of the baseline model, we have to reduce the number of
word-level cells in the input data. We product experiments
to check the influence of reducing word-level cells. The
F1 score decreases with the reduction in the number of
word cells in the input data. Therefore, we consider that
improvement of F1 score is the result of utilizing the
multi-scale layout.

Evaluation on LayoutLM and LayoutLMv2. To eval-
uate the generic of the cell-based layout, we apply the pro-
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Table 4. Evaluation the cell information using LayoutLM and
LayoutLMv2. LMv2 means LayoutLMv2, and LM means Lay-
outLM. P means applying the proposed spatial position represen-
tation to the baseline model.

Model Pre-train F1 (%) Acc. (%)

LMBASE No 18.91 42.94
Ours(P)LMBASE

No 20.09 44.38
LMv2BASE No 20.55 45.87
Ours(P)LMv2BASE

No 23.18 47.48
LMv2BASE Yes 82.76 -
Ours(P)LMv2BASE

Yes 83.09 -

posed spatial position representation to LayoutLMBASE [4]
and LayoutLMv2BASE [5] using the FUNSD dataset. We
use the row and column index to replace the x and y coordi-
nates of the bottom right corner for each bounding box and
do not change the structure of the original models. Noted
that we do not use image embedding in LayoutLM, there-
fore the modality of the LayoutLM is Text + Layout. As
shown in Table 4, the cell information could improve the
performance of all baseline models. We consider the cell in-
formation could provide useful information for layout rep-
resentation and improve the performance of existing meth-
ods.
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