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Abstract

The legal systems have a hierarchical struc-
ture, and a higher-level law often authorizes
a lower-level law to implement detailed pro-
visions, which is called delegation. When in-
terpreting legal texts with delegation, readers
must repeatedly consult the lower-level laws
that stipulate the detailed provisions, imposing
a substantial workload. Therefore, it is neces-
sary to develop a system that enables readers
to instantly refer to relevant laws in delegation.
However, manually annotating delegation is
difficult because it requires extensive legal ex-
pertise, careful reading of numerous legal texts,
and continuous adaptation to newly enacted
laws. In this study, we focus on Japanese law
and develop a two-stage pipeline system for
automatic delegation annotation. First, we ex-
tract keywords that indicate delegation using a
named entity recognition approach. Second, we
identify the delegated provision corresponding
to each keyword as an entity disambiguation
task. In our experiments, the proposed system
demonstrates sufficient performance to assist
manual annotation in practice.

1 Introduction

The legal systems in many jurisdictions have a hi-
erarchical structure, and a higher-level law often
authorizes a lower-level law to implement detailed
provisions, which is called delegation (Yoshida,
2012; Del Monte and Mańko, 2021; Whittington
and Iuliano, 2017; Sim et al., 2024). Figure 1
shows an example of delegation in Japanese law,
where Article 24-3 of the Long-Term Care Insur-
ance Act states that “other necessary matters per-
taining to a Designated and Entrusted Juridical
Person for Prefectural Affairs are prescribed by a
Cabinet Order.” The detailed provisions regarding
the “Designated and Entrusted Juridical Person for
Prefectural Affairs” are delegated to Article 11-9 of
the Order for Enforcement of the Long-Term Care
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Figure 1: Example of delegation in Japanese laws. The
original Japanese text is provided in Appendix I.

Insurance Act, which is a lower-level Cabinet Or-
der. Understanding such delegation is essential for
interpreting how multiple laws work in coordina-
tion. However, reading legal texts with numerous
delegation clauses requires identifying the dele-
gated laws and repeatedly consulting them, which
imposes a substantial burden on legal practitioners.
Thus, support systems that automatically identify
and visualize delegation have long been developed
by legal information providers for commercial and
governmental use.

Effective deployment of such a system requires
the system providers to annotate delegation across
the entire body of laws, and updates must be made
every time new laws are enacted or existing laws
are amended. Over 6,000 new or amended laws are
issued annually on average in Japan1, for instance,
and manually annotating the delegation for each
revision requires significant costs and efforts.

In this study, we focus on Japanese law and build
a two-stage pipeline system (Pozzi et al., 2023;
Kannan Ravi et al., 2021; van Hulst et al., 2020;
Sawada et al., 2024) to automatically identify del-

1Based on the legal information database D1-Law.com
(https://www.daiichihoki.co.jp/d1-law/) provided by
DAI-ICHI HOKI CO., LTD., we computed the average num-
ber of newly enacted laws and amended laws over five years
from January 1, 2020, to December 31, 2024.
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Figure 2: Overview of the delegation extraction task. First, we extract delegation keywords from a provision,
such as “Order of the Ministry of Land, Infrastructure, Transport and Tourism” (delegation keyword extraction).
Because multiple instances may appear as a delegation keyword, we then identify the appropriate Order issued by
the Ministry from among many candidates, such as the Regulations for Enforcement of the Act on Development of
Traffic Routes to Remote Islands. In addition, since a delegation keyword may refer either to an entire law or to a
specific provision, we also determine the appropriate granularity, i.e., Article 4 (delegation target identification).

egation. We formulate the extraction of keywords
that signify delegation (delegation keyword extrac-
tion) as a Named Entity Recognition (NER) task,
and the identification of the corresponding dele-
gated provisions (delegation target identification)
as an Entity Disambiguation (ED) task.

Experimental results using language models
with diverse architectures show that the delega-
tion keyword extraction achieves approximately 95
points in precision, recall, and F1, and the dele-
gation target identification achieves a Recall@10
above 90. These results indicate that the system is
sufficiently effective for a semi-automatic annota-
tion workflow, where the pipeline presents a ranked
list of candidate delegated provisions to annotators
at legal information providers for selecting the cor-
rect one. This reduces the number of provisions
that annotators must examine and decreases the
annotation workload.

2 Delegation in Japanese Law

Figure 2 illustrates an overview of our delegation
extraction task. When presented with a provision
in a higher-level law as input2, we first extract
the delegation keywords appearing in the provi-

2Henceforth, we refer to the higher-level law that delegates
authority as delegation source law and its relevant provision as
delegation source provision. We also refer to the lower-level
law to which the authority is delegated as delegation target
law and its relevant provision as delegation target provision.

sion. Then, using these extracted keywords, we
identify the specific provision in a lower-level law
to which the higher-level provision delegates au-
thority. In general, when a delegation source law
is enacted, the corresponding delegation target law
has not yet been promulgated. As a result, dele-
gation keywords do not refer to the titles of spe-
cific laws. Instead, they appear as expressions in-
dicating the type of the target laws, e.g., “Cabinet
Order” or “Order of the Ministry of Land, Infras-
tructure, Transport and Tourism”, or the existence
of delegated matters, e.g., “as prescribed by the
Minister of Economy, Trade and Industry”. There-
fore, the task involves first extracting these dele-
gation keywords from the higher-level provision
(delegation keyword extraction), and then iden-
tifying the specific lower-level provision to which
they refer (delegation target identification).

A major challenge in delegation extraction is the
high degree of ambiguity in delegation keywords.
Because these expressions do not specify the exact
title of the delegation target law, e.g., “Order of
the Ministry of Land, Infrastructure, Transport and
Tourism”, the same keyword may refer to different
laws depending on the context. Hence, the system
must select the correct delegation target law from
many candidates, considering the content of the
delegation source law and its provisions.

Furthermore, Japanese laws exhibit a hierarchi-
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Figure 3: Hierarchical structure within a law, in which
an upper-level element, e.g., Article 1, may contain
multiple lower-level elements, e.g., Paragraph 2.

cal internal structure consisting of provisions at
different levels of granularity, including articles,
paragraphs, and items, as shown in Figure 3. Con-
sequently, delegation target provisions may also
vary in their granularity. Correctly determining the
appropriate level for a delegation target requires
not only resolving cross-law references but also
interpreting the scope and abstraction level of the
delegated matter. This requirement constitutes an-
other distinctive challenge in delegation extraction.
Appendix A provides further details and examples
illustrating these two sources of difficulty drawn
from Japanese laws. Appendix H compares the
delegation extraction task with prior work.

3 Dataset and Task Definition

We construct a delegation extraction dataset that
involves two subtasks, delegation keyword extrac-
tion and delegation target identification, based on a
manually annotated legal provision data provided
by DAI-ICHI HOKI CO., LTD. The provision data
covers provisions from all laws enacted by the Na-
tional Diet as well as orders issued by national
administrative bodies. Each annotated provision
contains information on the positions of delegation
keywords and, where applicable, the correspond-
ing delegation target provisions at various levels of
granularity. From this data, we extract the subset of
provisions that include both delegation keywords
and target provisions, and we construct a delegation
extraction dataset consisting of 69,730 sentences
obtained by splitting 19,907 provisions at sentence
boundaries. Using this dataset, we decompose and
formalize the problem into the two subtasks. Ap-
pendix B provides detailed explanations, statistics,
and examples of the dataset.

Delegation Keyword Extraction The dataset
comprises 20,723 delegation keywords, which ap-

pear in 20,386 out of 69,730 sentences. Using
the positional information of these delegation key-
words within sentences, we formulate this subtask
as an NER task that may contain zero or more
named entities. We evaluate the model based on the
exact matches between the gold and predicted key-
word spans, using precision, recall, and F1 score.

Delegation Target Identification This task in-
volves identifying the correct delegation target
from all candidate provisions, analogous to en-
tity disambiguation. Each delegation keyword in
the dataset is annotated with a label indicating the
delegation target provision at a specific level of
granularity, i.e., the delegation target label, such
as entire law, article, paragraph, or item. We uti-
lize five levels of granularity when constructing the
provision database, including entire laws, articles,
paragraphs, items, and supplementary provisions,
as these levels appear at least once as delegation
targets in the dataset. The provision database con-
tains approximately 2.28 million provisions, each
consisting of the law title, article number, and text
body. We treat all provisions in this database as can-
didate delegation targets and align their provision
IDs with the delegation target labels in the delega-
tion extraction dataset. To evaluate model perfor-
mance in the semi-automatic annotation workflow
described in Section 1, we use Recall@k (R@k),
which measures whether the correct delegation tar-
get is included in the top-k retrieved candidates,
and Mean Reciprocal Rank (MRR), which mea-
sures the reciprocal of the rank assigned to the
correct target. We report results at four levels of
granularity: entire law, article, paragraph, and item.
Evaluation details are provided in Appendix C.

4 Method

As shown in Figure 2, we extract delegation by a
pipeline system that consists of a delegation key-
word extraction and a target identification module.

4.1 Delegation Keyword Extraction

We build keyword extraction models based on three
approaches: sequence labeling (Devlin et al., 2019;
Li et al., 2021; Lai et al., 2022) and span classifica-
tion (Yamada et al., 2020; Fu et al., 2021) based on
encoder-only language models, and the more recent
generation-based method (Zhou et al., 2024; Sainz
et al., 2024) based on decoder-only models. We
evaluate them and use the best-performing model
as the keyword extraction module.
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Figure 4: Overview of the granularity-aware training.

The sequence labeling model predicts BIO tags,
while the span classification model identifies spans
of up to 16 tokens corresponding to delegation key-
words. However, in Japanese, both approaches
suffer from tokenization mismatches, as the lack of
whitespace often leads to boundary errors. There-
fore, we first split each sentence at potential key-
word boundaries using a dictionary and then to-
kenize each segment separately before feeding it
into the model. The generation-based model di-
rectly generates delegation keywords. We com-
pare English and Japanese prompts to examine
whether a model benefits more from the domi-
nant pre-training language or from prompts that
align more naturally with Japanese legal texts. Ap-
pendix D.1 provides further details.

4.2 Delegation Target Identification

We build a model that searches for the delegation
target provision in the provision database based
on a delegation keyword using an entity retrieval
framework. It is designed to incorporate the hier-
archical structure of laws. Appendix D.2 provides
further details of the model definition, model train-
ing, and inference.

Entity Retrieval A mention referring to a par-
ticular entity is treated as a query, and the system
retrieves the corresponding entity from a knowl-
edge base. Some studies employ pretrained text
embedding models (Wang et al., 2024a) or dual
encoders (Gillick et al., 2018) to convert both the
mention and the entity into vector representations,
enabling vector similarity search between them (Or-
lando et al., 2024; Nakatani et al., 2025; Gillick
et al., 2019; Wu et al., 2020). In this study, we treat
the delegation keyword as the query and the pro-
vision database as the target knowledge base, per-
forming vector similarity search between keyword

representations and candidate provision represen-
tations. We construct two retrieval models: a text
embedding model and a dual encoder model. We
compare their performance to analyze the charac-
teristics of each approach and identify the method
most suitable for the delegation extraction task.

Training We introduce the granularity-aware
training strategy illustrated in Figure 4. We gradu-
ally change the granularity of both the delegation
target labels in the delegation extraction dataset and
the candidate provisions in the provision database,
moving from the law-level to the article-level, and
then to the paragraph-level. The model is trained
in three stages, and we apply both in-batch
training and in-batch+hard-negative training
at each stage. For each input, in-batch uses
the gold delegation targets of the other samples
within the same minibatch as negative examples. In
in-batch+hard-negative, we also include hard
negatives, which are highly similar but incorrect
provisions retrieved by the model using in-batch
training. Notably, as shown in Figure 3, legal doc-
uments have a hierarchical structure comprising
multiple levels of granularity, including entire laws,
articles, and paragraphs. For tasks with such hi-
erarchical label structures, coarse-to-fine training,
where models are first fine-tuned on coarse-grained
labels and then tuned on fine-grained ones, im-
proves label prediction performance (Stretcu et al.,
2020; Sadat and Caragea, 2022; Banerjee et al.,
2019). Therefore, we progressively shift the train-
ing data from coarser to finer granularity to capture
both the global relationships among laws and the
fine-grained relationships among provisions at the
article and paragraph levels.

5 Experimental Setup

We conduct five-fold cross-validation for both the
delegation keyword extraction module and the dele-
gation target identification module using the dataset
described in Section 3. For evaluation, 20% of the
dataset is held out as the test set, while the remain-
ing 80% is further divided into training and devel-
opment sets with a 9:1 ratio. We report the mean
score and standard deviation across the five folds.
We also evaluate the overall performance of the
pipeline system that integrates these two modules.

Delegation Keyword Extraction We compare
the performance of three model types: a span
classification model based on LUKE (Yamada
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et al., 2020), a sequence labeling model based on
BERT (Devlin et al., 2019), and generative extrac-
tion models based on Llama 3.1 (Grattafiori et al.,
2024) and Llama 3.1 Swallow (Fujii et al., 2024).
For LUKE and BERT, we further compare mod-
els that incorporate sentence pre-segmentation to
handle cases where token boundaries do not align
with keyword boundaries (denoted as LUKEsplit
and BERTsplit), against models trained without
pre-segmentation (LUKEw/o split and BERTw/o split).
Llama 3.1 is evaluated using the English prompt.
For Swallow, we report results for both the En-
glish prompt (Swallowen) and the Japanese prompt
(Swallowja). All models are fine-tuned by each
training data. Appendix E.1 provides the complete
training details, e.g., hyperparameters.

Delegation Target Identification We use the
multilingual E5 (Wang et al., 2024b) as the text
embedding model and Japanese Tohoku-BERT
as components of the dual encoder. We train
both models using the granularity-aware training
strategy described in Section 4.2 to construct del-
egation target identification models (E5step and
BERTstep). For these two models, we evaluate per-
formance under two configurations during the final
stage of training with item-level data: one using
only in-batch training, and the other using both
in-batch and in-batch+hard-negative train-
ing. As baselines, we also report the performance
of models trained on all data without modifying
either the training data or the provision database
(E5w/o step and BERTw/o step). For these models,
we similarly evaluate performance under the same
two settings: in-batch only, and in-batch plus
in-batch+hard-negative. Appendix E.2 pro-
vides further training details and information.

Pipeline System We integrate both modules and
use the keyword positions predicted by the key-
word extraction module to construct the input for
the delegation target identification module. The
delegation target retrieval model then performs in-
ference, and a prediction is counted correct only
when the results of both the delegation keyword ex-
traction and the delegation target identification are
correct. Based on this criterion, we compute pre-
cision, recall, and F1 score to evaluate the overall
performance of the pipeline system (Ayoola et al.,
2022). For each module, we use the model that
achieved the highest performance in its respective
standalone experiments.

Model Precision Recall F1

LUKEw/o split 97.6 (±0.211) 89.4 (±0.368) 93.3 (±0.266)
LUKEsplit 95.7 (±0.464) 94.7 (±0.263) 95.2 (±0.330)
BERTw/o split 96.9 (±0.514) 89.3 (±0.231) 92.9 (±0.317)
BERTsplit 94.2 (±0.589) 94.5 (±0.276) 94.4 (±0.407)

Llama 3.1 93.2 (±0.347) 94.6 (±0.240) 93.9 (±0.169)
Swallowen 93.4 (±0.435) 94.9 (±0.363) 94.1 (±0.309)
Swallowja 93.5 (±0.434) 94.8 (±0.345) 94.1 (±0.303)

Table 1: Results for delegation keyword extraction

6 Results and Discussions

We will focus on summarizing important aspects
here, and defer more discussions to Appendix F.

Delegation Keyword Extraction As Table 1
shows, all models achieved F1 scores above 93,
indicating high overall performance on the delega-
tion keyword extraction task. LUKEsplit achieved
the best performance with the F1 score of 95.2.
Among the model types, the encoder-only mod-
els, LUKEsplit and BERTsplit, outperformed the
decoder-based models, Llama 3.1, Swallowen, and
Swallowja. Moreover, the comparable performance
of Swallowen and Swallowja indicates that the dif-
ference between English and Japanese prompts has
little effect in this task. This suggests that while
decoder-only models designed for text generation
can achieve reasonable performance through fine-
tuning, encoder-only models are more suitable for
this task due to their ability to efficiently capture
bidirectional contextual information.

Delegation Target Identification Table 2 shows
the results for the delegation target identification
task. For each model, we focus on the better-
performing variant between those trained with
and without in-batch+hard-negative at the fi-
nal training stage, and derive the following ob-
servations. First, both E5step and BERTstep out-
perform E5w/o step and BERTw/o step, respectively,
achieving improvements of about 20–30 points in
R@1 across all evaluation granularities. In terms
of MRR, E5step and BERTstep improve by about
10–15 points at the law level and by 20–30 points
at finer granularities. These results indicate that
the granularity-aware training strategy effectively
enhances model performance. Second, both E5step
and BERTstep achieve R@10 scores above 90 even
at the most fine-grained “item” level. This suggests
that the models provide sufficient performance for
annotation support scenarios, where candidate pro-
visions are presented to annotators, who then se-
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Model Eval Granularity R@1 R@5 R@10 R@50 R@100 MRR

E5w/o step

Entire Law
69.4 (±1.80)
69.5 (±3.03)

85.5 (±0.685)
85.1 (±1.60)

90.0 (±0.319)
89.1 (±1.40)

95.9 (±0.0997)
94.7 (±0.614)

97.2 (±0.116)
96.2 (±0.307)

76.3 (±1.24)
76.4 (±2.15)

Article
50.0 (±1.85)
43.8 (±7.02)

70.0 (±1.39)
63.4 (±4.91)

77.3 (±1.18)
70.8 (±3.95)

88.9 (±0.585)
83.8 (±1.49)

92.1 (±0.457)
87.9 (±1.03)

58.8 (±1.49)
52.7 (±5.95)

Paragraph
22.4 (±3.79)
22.8 (±7.08)

62.6 (±2.76)
56.3 (±8.56)

72.9 (±1.97)
65.4 (±7.07)

87.2 (±0.745)
80.6 (±3.44)

90.9 (±0.506)
85.4 (±2.18)

40.6 (±3.25)
38.3 (±7.48)

Item
21.8 (±3.91)
22.4 (±7.24)

62.0 (±2.87)
55.7 (±8.90)

72.4 (±2.08)
64.9 (±7.38)

87.0 (±0.744)
80.3 (±3.58)

90.8 (±0.533)
85.2 (±2.27)

40.0 (±3.38)
37.9 (±7.68)

E5step

Entire Law
93.2 (±0.347)
92.6 (±0.892)

96.8 (±0.355)
96.7 (±0.416)

97.6 (±0.300)
97.7 (±0.351)

98.9 (±0.190)
98.9 (±0.282)

99.2 (±0.152)
99.2 (±0.206)

94.7 (±0.311)
94.4 (±0.654)

Article
79.2 (±0.929)
78.9 (±1.84)

90.5 (±0.873)
90.1 (±1.41)

93.3 (±0.731)
92.9 (±1.09)

96.9 (±0.486)
96.6 (±0.840)

97.9 (±0.254)
97.5 (±0.610)

84.1 (±0.886)
83.9 (±1.59)

Paragraph
51.0 (±6.99)
56.3 (±6.64)

88.4 (±1.02)
87.4 (±2.47)

92.1 (±0.883)
91.4 (±1.75)

96.5 (±0.554)
96.0 (±1.07)

97.5 (±0.342)
97.1 (±0.882)

68.3 (±3.75)
70.6 (±4.41)

Item
50.8 (±7.00)
56.0 (±6.70)

88.1 (±0.986)
87.1 (±2.56)

91.9 (±0.847)
91.2 (±1.85)

96.4 (±0.554)
95.9 (±1.09)

97.5 (±0.357)
97.0 (±0.940)

68.0 (±3.74)
70.3 (±4.46)

BERTw/o step

Entire Law
72.0 (±1.04)
75.0 (±1.65)

85.2 (±0.815)
87.4 (±0.903)

89.4 (±0.512)
91.0 (±0.422)

95.4 (±0.350)
96.0 (±0.194)

96.9 (±0.274)
97.1 (±0.225)

77.8 (±0.852)
80.5 (±1.27)

Article
48.5 (±0.951)
50.7 (±2.11)

67.2 (±1.07)
69.2 (±1.80)

74.8 (±0.973)
76.3 (±1.21)

87.6 (±0.913)
87.6 (±0.706)

91.0 (±0.607)
91.0 (±0.585)

57.0 (±0.889)
59.0 (±1.91)

Paragraph
19.5 (±2.58)
25.9 (±2.89)

58.0 (±1.99)
62.1 (±2.54)

69.0 (±1.40)
71.7 (±1.52)

85.3 (±1.00)
85.3 (±0.775)

89.4 (±0.701)
89.3 (±0.675)

37.0 (±2.25)
42.5 (±2.52)

Item
18.7 (±2.59)
25.4 (±2.84)

57.2 (±1.99)
61.6 (±2.50)

68.4 (±1.43)
71.2 (±1.56)

85.0 (±1.00)
84.9 (±0.775)

89.2 (±0.685)
89.0 (±0.681)

36.2 (±2.27)
42.0 (±2.50)

BERTstep

Entire Law
89.9 (±1.35)
91.6 (±1.78)

94.6 (±0.854)
96.2 (±0.746)

96.0 (±0.670)
97.5 (±0.365)

98.3 (±0.328)
98.9 (±0.162)

98.8 (±0.163)
99.3 (±0.138)

92.0 (±1.02)
93.6 (±1.26)

Article
70.8 (±4.21)
78.3 (±3.86)

84.7 (±2.48)
90.0 (±1.97)

88.9 (±1.75)
92.9 (±1.20)

95.1 (±0.725)
97.0 (±0.355)

96.6 (±0.464)
97.9 (±0.224)

76.8 (±3.46)
83.4 (±3.06)

Paragraph
44.5 (±5.73)
55.6 (±5.43)

80.9 (±3.63)
87.5 (±2.58)

86.7 (±2.40)
91.5 (±1.52)

94.4 (±0.898)
96.4 (±0.526)

96.2 (±0.624)
97.5 (±0.330)

61.0 (±4.86)
70.1 (±4.23)

Item
44.0 (±5.78)
55.3 (±5.45)

80.5 (±3.73)
87.2 (±2.61)

86.4 (±2.48)
91.3 (±1.57)

94.3 (±0.961)
96.3 (±0.537)

96.1 (±0.604)
97.5 (±0.354)

60.6 (±4.93)
69.8 (±4.25)

Table 2: Results of the delegation target identification task. For E5step and BERTstep, the upper rows show results
with in-batch only at the last step of the granularity-aware training, while the lower rows show results with
both in-batch and in-batch+hard-negative. For E5w/o step and BERTw/o step, the upper rows show results using
in-batch once, and the lower rows show results using one round each of in-batch and in-batch+hard-negative.

Granularity Precision Recall F1

Entire Law 89.6 (±0.234) 88.6 (±0.345) 89.1 (±0.244)
Article 76.7 (±0.888) 75.9 (±0.972) 76.3 (±0.920)
Paragraph 54.0 (±6.90) 53.3 (±6.72) 53.6 (±6.81)
Item 53.6 (±6.97) 53.0 (±6.79) 53.3 (±6.88)

Table 3: Results for the pipeline system combining
LUKEsplit and E5step

lect the correct delegation target provision. By
presenting highly ranked candidate provisions, the
models can help reduce the number of provisions
annotators need to inspect, thereby lowering the
annotation burden.

Pipeline System Table 3 shows the results of the
pipeline system combining LUKEsplit and E5step,
which achieved the highest performance in the
above experiments. For E5step, we use the better-
performing variants at each granularity, trained

with or without in-batch+hard-negative at the
final step of the granularity-aware training. The
pipeline system achieves a precision, recall, and F1
score of around 90% at the law level, indicating
that it can reasonably to handle the high ambiguity
of delegation keywords. However, its performance
drops substantially at finer granularities, i.e., arti-
cle, paragraph, and item levels, revealing remaining
challenges in selecting the appropriate granularity
of delegation target provisions in accordance with
the abstraction level of delegated matters.

7 Case Studies

To further examine the effect of the granularity-
aware training described in Section 4.2, we ana-
lyze cases where E5w/o step failed to identify the
correct delegation target provision while E5step suc-
ceeded. For both models, we use variants trained
with in-batch+hard-negative training, which
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Figure 5: A case in which E5w/o step predicted an incor-
rect provision whose content is highly similar to the
delegation source provision, whereas E5step correctly
identified the delegation target provision.

achieved better performance at the finest “item”
level, compared to the models constructed without
in-batch+hard-negative training.

In the example shown in Figure 5, the delega-
tion keyword is “Cabinet Order” and the correct
delegation target provision is Article 15-2 of the
Order for Enforcement of the Industrial Safety and
Health Act. Here, this Order is itself a Cabinet
Order, and the reference expression “Article 46-2
of the Act” in the target provision indicates the
source provision, which together allow the correct
target to be inferred. While E5step correctly identi-
fied the target, E5w/o step instead predicted Article
1-2-4, paragraph (1) of the Ministerial Order on
Registration and Designation Related to Industrial
Safety and Health Act and Orders based on the Act,
whose heading “Renewal of Registrations” and de-
scription “Unless the registration is renewed every
five years, it expires” are semantically similar to
the source provision. This observation suggests
that the granularity-aware training in Section 4.2
enables the model to perform inference not only
based on textual similarity, but also by exploiting
cues such as law types and reference expressions.
This capability likely contributes to handling the
substantial ambiguity inherent in delegation key-
words in the delegation extraction task.

Figure 6 shows an example where the delega-
tion keyword is “Cabinet Order,” and the correct
delegation target is the entirety of the Order for En-
forcement of the City Planning Act. The enacting
clause of this Order identifies itself as a Cabinet
Order established based on the City Planning Act,

Figure 6: A case in which E5w/o step predicted an provi-
sion at an incorrect granularity, whereas E5step correctly
identified the delegation target provision.

which is the delegation source law. This allows
us to infer that this Order is the delegation target
law. Moreover, from the general provision in the
source article, “matters necessary for enforcement
of this Act are prescribed by Cabinet Order,” one
can infer that the delegation target is not a specific
element within the Order but rather the Order in
its entirety. While E5step correctly identified the
delegation target, E5w/o step incorrectly predicted
Article 46 of the Order for Enforcement of the City
Planning Act. Article 46 regulates only a specific
matter, i.e., city planning in “Tokyo Metropolis,”
and is thus not appropriate as a delegated target.
As discussed in Section 2, the delegation extraction
task has the difficulty of selecting the appropriate
granularity of the delegation target. The example in
Figure 6 suggests that the granularity-aware train-
ing in Section 4.2 helps the model to handle rela-
tively coarse-grained decisions such as choosing
between “entire law” and “article”.

8 Conclusion

This study introduces the task of automatically
extracting delegation between legal provisions in
Japanese laws. We developed a two-stage pipeline
system comprising the delegation keyword extrac-
tion module and the delegation target identification
module. Our experiments demonstrated the effec-
tiveness of the granularity-aware training strategy,
where we gradually refine the granularity of the
training data from the law-level to the article-level
and then to the paragraph-level. The resulting per-
formance is sufficient to support human annotation
in our actual operational setting.
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Limitations

Task Setting and Practical Objectives Our cur-
rent aim is to support human annotators in prac-
tical workflows, rather than to achieve fully au-
tomatic delegation extraction. Accordingly, our
system is designed to reduce annotation effort by
retrieving high-quality candidate provisions that
can be efficiently verified and corrected by experts.
Given this practical requirement, the experimen-
tal design emphasizes realistic annotation-support
scenarios rather than end-to-end autonomous ex-
traction. Within this scope, we have confirmed that
the proposed system meets the performance needs
identified in our operational context. Fully auto-
matic delegation extraction, as well as extensions to
more complex settings, e.g., multi-hop delegation
across multiple laws, are left for future work.

Data Availability and Practical Relevance Our
dataset contains proprietary annotations that can-
not be publicly released due to contractual and
operational constraints. While this limitation af-
fects public availability, the dataset was constructed
specifically for real-world deployment within a re-
alistic annotation workflow. Therefore, the find-
ings presented here reflect the characteristics and
requirements of actual delegation extraction tasks
in Japanese laws, and we believe they offer direct
value for applied legal NLP research.

Dataset Scope We primarily focus on Japanese
legislation. Although the core task of extracting del-
egation clauses is not unique to Japan, legal draft-
ing conventions and terminology vary considerably
across jurisdictions, such as the EU (Del Monte
and Mańko, 2021), the UK (Sim et al., 2024), and
the United States (Whittington and Iuliano, 2017).
Nevertheless, focusing on a single, well-defined
jurisdiction enables us to clarify fundamental chal-
lenges in delegation extraction and to demonstrate
the feasibility and utility of our framework in a
practical setting. Therefore, investigating cross-
jurisdictional extensions and evaluation on other
legislative corpora is left for future work.

Model Training As discussed in Section 6, our
system shows degraded performance when identi-
fying delegation targets at finer-grained levels of
legal structure, such as paragraphs and items. How-
ever, even at these finer-grained levels, our system
achieves performance sufficient for semi-automatic
annotation support scenarios. Looking ahead, a key

direction for future work is to incorporate the hier-
archical structure of legislative texts directly into
the model architecture or loss function design. Ex-
ploring these measures, in addition to utilizing our
granularity-aware training strategy, would enable
the system to better capture relationships across
different levels of legal granularity and enhance
prediction accuracy at finer-grained levels.

Multiple Delegation Targets We regard a pre-
diction as correct if the model identifies at least
one of the true delegation targets for a given dele-
gation keyword, even when multiple targets exist.
However, multi-target cases are rare. Our evalua-
tion setting simplifies the task compared to real
legal analysis, where it is sometimes necessary
to identify all corresponding delegation targets to
fully understand the scope and effect of a provision.
Nonetheless, this formulation captures an essential
aspect of the delegation extraction problem: suc-
cessfully retrieving at least one valid target already
reduces the effort required for delegation annota-
tion. Moving forward, a possible extension is to
enhance the delegation target identification module
to handle multi-target scenarios, e.g., by adding a
binary classifier that determines whether each re-
trieved candidate is a valid delegation target. This
would enable more comprehensive extraction and
improve the utility in practical annotation settings.

Ethical Considerations

Licenses Our dataset was constructed from the
legal texts publicly available in the e-Gov Legisla-
tion Search (e-Gov法令検索)3 and the proprietary
annotation data provided by DAI-ICHI HOKI CO.,
LTD. The translations of legal texts used in this pa-
per are prepared by the authors with reference to the
Japanese Law Translation Database System4. Both
the e-Gov Legislation Search and the Japanese Law
Translation Database System provide data under
terms of use compatible with the Creative Com-
mons Attribution 4.0 International License (CC
BY), which permits the use of the data in this study.
In addition, DAI-ICHI HOKI CO., LTD. permitted
the authors to use its annotation data.

Harmful Content The data used in this study
are publicly available legal texts and proprietary
annotations of delegation on them, both of which
are free of harmful content.

3https://laws.e-gov.go.jp/
4https://www.japaneselawtranslation.go.jp/
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A Difficulties in the Delegation Extraction
Task

The examples in this appendix provide concrete
instantiations of the two main sources of difficulty
discussed in Section 2: (1) ambiguity arising from
delegation keywords that do not specify the exact
target law, and (2) variation in the appropriate gran-
ularity of the delegation target provision.

A.1 Ambiguity of Delegation Keyword

As shown in Figure 2, both Article 32 of the Act for
Establishment of the Ministry of Land, Infrastruc-
ture, Transport and Tourism and Article 19 of the
Act on Development of Traffic Routes to Remote
Islands contain the delegation keyword “Order of
the Ministry of Land, Infrastructure, Transport and
Tourism.” In the former case, the delegation tar-
get law is the Regulations for Organization of the
Regional Development Bureaus, which specify the
responsibilities and internal structure of the Re-
gional Development Bureaus. In the latter case, the
delegation target law is the Regulations for Enforce-
ment of the Act on Development of Traffic Routes to
Remote Islands, which prescribes various matters
related to the enforcement of the Act on Develop-
ment of Traffic Routes to Remote Islands. Although
the same surface form “Order of the Ministry of
Land, Infrastructure, Transport and Tourism” ap-
pears in both examples, the appropriate delegation
target law must be selected from many Orders is-
sued by the Ministry, based on the content of the
delegation source law and provision5.

A.2 Variation in the Delegation Target
Granularity

Article 19 of the Act on Development of Traf-
fic Routes to Remote Islands mentioned in Ap-
pendix A.1 delegates general matters concerning
the enforcement of the Act to the entirety of the
Regulations for Enforcement of the Act. In contrast,
Article 8 of the same Act delegates authority not
to the entirety of the Regulations, but specifically

5The dataset used in this study (described in Section 3)
contains 330 distinct delegation target laws referred to by
the keyword “Order of the Ministry of Land, Infrastructure,
Transport and Tourism”.

to Article 4 of the Regulations, as shown in Fig-
ure 2. Article 8 of the Act stipulates that “Order of
the Ministry of Land, Infrastructure, Transport and
Tourism,” which is the delegation keyword, pre-
scribes submission of a traffic route profit and loss
statement. This is why the delegation target provi-
sion is Article 4 of the Regulations that describes
the details of the submission, instead of its entirety.
Accurately identifying the proper granularity of
the delegation target provision requires interpreting
both the scope and the level of abstraction of the
matter being delegated.

B Detailed Dataset Information

Table 4 shows the frequency and examples of key-
words in the keyword extraction dataset. The dele-
gation keywords include not only single nouns such
as “Cabinet Order” and “Order of the Ministry of
Land, Infrastructure, Transport and Tourism,” but
also enumerations of multiple nouns, such as “Or-
der of the Ministry of Internal Affairs and Commu-
nications / Order of the Ministry of Finance” and
expressions involving verbs, such as “prescribed
by the Minister of Health, Labor and Welfare.”

Table 5 presents the distribution of delegation
target labels and the provision database by granular-
ity. While most delegation target labels correspond
to entire laws, articles, or paragraphs, the provi-
sion database also contains approximately 800,000
provisions at other granularities, namely items and
entire supplementary provision sections6, which
are less frequently observed as delegation target
labels.

Figure 7 and Table 6 show examples in the key-
word extraction dataset and the provision database,
respectively. The example in Figure 7 is annotated
with the delegation keyword span “[258, 313],”
which identifies the keyword “Order of the Ministry
of Land, Infrastructure, Transport and Tourism,” as
well as the delegation target provision ID “12.” The
delegation target provision can be identified from
the provision database by looking up this ID.

6Japanese laws consist of a main provision section and a
supplementary provision section. The main provision section
contains substantive provisions of the law, while the supple-
mentary provision section includes ancillary regulations, such
as the effective date of the law. Although both the main
provision sections and supplementary provision sections are
composed of elements such as articles, paragraphs, and items,
in this study we do not distinguish whether a given element
belongs to the main provision sections or to the supplementary
provision sections.
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Frequency Unique Keywords Total Occurrences Example Keywords

101– 22 (4.9%) 18,576 (90.0%) Cabinet Order, Order of the Ministry of Land, Infrastructure, Transport and Tourism
11–100 46 (10.3%) 1,289 (6.2%) prescribed by the Minister of Health, Labor and Welfare
2–10 154 (34.5%) 634 (3.1%) Order of the Ministry of Internal Affairs and Communications / Order of the Ministry of Finance
1 224 (50.2%) 224 (1.1%) specified separately by the Minister of Finance

Table 4: Frequency and examples of delegation keywords in the delegation extraction dataset

Granularity Delegation target labels Provision database

Entire law 5,169 29,788
Article 16,923 418,855
Paragraph 12,906 1,020,253
Item 25 599,426
Supp 12 208,252

Total 35,035 2,276,574

Table 5: Breakdown of delegation target labels and the
provision database by granularity. The counts of delega-
tion target labels are shown in total occurrences. “Supp”
refers to the granularity of the entire supplementary pro-
visions section.

Legal Text

Act on Development of Traffic Routes to Remote Islands 

(Submission of Traffic Route Profit and Loss Statement) 

Article 8  A subsidized traffic route operator must submit a traffic route 

profit and loss statement concerning the traffic route to the remote 

islands and other documents to the  Minister of Land, Infrastructure, 

Transport and Tourism, as provided for in Order of the Ministry of Land, 

Infrastructure, Transport and Tourism.

Gold Label

Delegation Keyword Span: [258, 313]

Delegated Provision: Regulations for Enforcement of the Act on 

Development of Traffic Routes to Remote Islands 

Article 4

Delegated Provision ID: 12

Figure 7: Example of the keyword extraction dataset

C Evaluation Details

In the evaluation of the delegation target identifica-
tion module, we construct the input for the model
by utilizing the positions of delegation keywords,
which serve as the gold labels in the delegation
keyword extraction task. Based on these inputs, the
model retrieves the top-k (k = 1, 5, 10, 50, 100)
candidate provisions, from which we calculate
R@k and MRR to assess model performance.
R@k represents the proportion of instances in
which the correct delegation target provision ap-
pears among the top-k candidates, and is defined
as follows:

R@k =
1

N

N∑

i=1

1{ri ≤ k} (1)

ID Title of Law Article Number Text

1 Regulations for Enforce-
ment of the Act on Devel-
opment of Traffic Routes
to Remote Islands

Entirety [This represents the entirety of Regulations for
Enforcement of the Act on Development of
Traffic Routes to Remote Islands] Regulations
for Enforcement of the Act on Development
of Traffic Routes to Remote Islands are hereby
established as follows.

2 Regulations for Enforce-
ment of the Act on Devel-
opment of Traffic Routes
to Remote Islands

Article 1 [Regulations for Enforcement of the Act on
Development of Traffic Routes to Remote Is-
lands (Application for Traffic Route Subsidy)
Article 1] Regulations for Enforcement of the
Act on Development of Traffic Routes to Re-
mote Islands. . .

3 Regulations for Enforce-
ment of the Act on Devel-
opment of Traffic Routes
to Remote Islands

Article 1 Paragraph
(1)

[Regulations for Enforcement of the Act on
Development of Traffic Routes to Remote Is-
lands (Application for Traffic Route Subsidy)
Article 1 paragraph (1)] Regulations for En-
forcement of the Act on Development of Traf-
fic Routes to Remote Islands. . .

4 Regulations for Enforce-
ment of the Act on Devel-
opment of Traffic Routes
to Remote Islands

Article 1 Paragraph
(2)

[Regulations for Enforcement of the Act on
Development of Traffic Routes to Remote Is-
lands (Application for Traffic Route Subsidy)
Article 1 paragraph (2)] The written applica-
tion prescribed in the preceding paragraph is
to be. . .

...

12 Regulations for Enforce-
ment of the Act on Devel-
opment of Traffic Routes
to Remote Islands

Article 4 [Regulations for Enforcement of the Act on
Development of Traffic Routes to Remote Is-
lands (Submission of Traffic Route Profit and
Loss Statement) Article 4] For each traffic
route. . .

Table 6: Example entries in the provision database

where N denotes the total number of input in-
stances, ri is the rank of the correct delegation
target for instance i, and 1· is an indicator function
that returns 1 if the condition holds and 0 otherwise.
Meanwhile, MRR measures how highly the correct
delegation target appears in the similarity ranking,
and is defined as:

MRR =
1

N

N∑

i=1

1

ri
(2)

The evaluation is conducted at four levels of
granularity: entire law, article, paragraph, and item.
For each granularity, when the gold delegation tar-
get provision is annotated at a finer level, a pre-
diction is considered correct if the predicted del-
egation target matches the gold delegation target
up to the evaluated granularity. For instance, in
the article-level evaluation, if the gold delegation
target is specified at a finer level, such as para-
graph or item, the prediction is considered correct
as long as it matches the gold target up to the arti-
cle level. For example, if the correct target provi-
sion is Article 12, paragraph 1 of the Regulations
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Figure 8: English prompt used in the generation-based
extraction model.

for Enforcement of Navigation Aids Act (see Fig-
ure 15 in Appendix G.2), then predicting Article 12
of the same Regulations is also treated as correct.
Conversely, when the gold target is annotated at a
coarser granularity than the evaluation level, a pre-
diction is counted as correct only when it exactly
matches the gold target. For example, in the article-
level evaluation, if the gold target is annotated at a
coarser level such as entire law, only predictions of
the entire law are considered correct; predictions
of individual articles within that law are counted
as incorrect7. When multiple delegation targets are
associated with a single instance, the prediction is
regarded as correct if any of them are successfully
retrieved.

D Methodology Details

D.1 Delegation Keyword Extraction

D.1.1 Pre-Segmentation of Input Texts

To handle the misalignment between token bound-
aries and delegation keyword boundaries caused
by tokenization errors, we employ the pre-
segmentation of input texts at potential keyword
boundaries. Concretely, we first identify strings in
input texts that exactly match delegation keywords
appearing in the training and development sets,
which together cover 80% of the dataset. For each
input sentence, we scan for these exact matches and
split the input text into segments at their boundaries.
Each resulting segment is tokenized independently
using the tokenizer of the model. Finally, the tok-
enized segments are concatenated to form the input
sequence.

7Although the dataset includes provisions at the entire
supplementary provision sections level, which lies between
entire law and article in granularity, we exclude this level from
evaluation for simplicity.

Figure 9: Japanese prompt used in the generation-based
extraction model.

D.1.2 Prompts for Generation-Based Models
Figures 8 and 9 show the English and Japanese
prompts we use for generation-based delegation
keyword extraction models.

D.2 Delegation Target Identification
D.2.1 Model Definition
The delegation target identification model com-
putes the similarity between a delegation keyword
and a candidate provision using the inner product
of their vector representations:

score(x, y) = h⊤
x hy (3)

where hx and hy denote the vector representations
of the keyword description x and the candidate pro-
vision description y, respectively. Each vector is
obtained by encoding the token sequences corre-
sponding to x and y as follows:

hx = red(E1(x)), (4)

hy = red(E2(y)) (5)

Here, E1 and E2 are encoders. When using a text
embedding model, a single encoder is employed
(E1 = E2). The function red(·) converts the en-
coder output into hx and hy. For the text embed-
ding model, it is defined as average pooling over
the final-layer token representations (Wang et al.,
2024a), while for the dual encoder architecture, the
final-layer [CLS] token output is used (Humeau
et al., 2020; Wu et al., 2020). The maximum token
length is set to 128, and tokens beyond this limit
are truncated.

The input description x of a delegation keyword
is constructed as:

x = header ctxtl [Ms] keyword [Me] ctxtr
(6)

where keyword denotes the delegation keyword,
and ctxtl and ctxtr represents its left and right
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Figure 10: Example of delegation keyword description
x

contexts, respectively. [Ms] and [Me] are special
tokens that mark the start and end of the keyword
span (Wu et al., 2020). header is a concatenation
of the law title, article heading, and article number,
enclosed in brackets. Because law titles and article
numbers may be referenced in target provisions,
and article headings often summarize the content
of the provision, this information can be useful
for delegation target identification. For instance,
for Article 8 of the Act on Development of Traf-
fic Routes to Remote Islands, the header is “[Act
on Development of Traffic Routes to Remote Is-
lands (Submission of Traffic Route Profit and Loss
Statement) Article 8],” and it is followed by the del-
egation keyword “Order of the Ministry of Land,
Infrastructure, Transport and Tourism” and its sur-
rounding context (see Figure 10). When using a
text embedding model, the prefix “query:” is added
to the beginning of x.

Each candidate provision description y from the
provision database Y is constructed as:

y = header text (7)

where text represents the provision text, and
header is constructed in the same way as for x.
When the candidate refers to an entire law, the
header is a concatenation of the string “This rep-
resents the entirety of” and the law title. In this
case, when the law contains an enacting clause, it
is used as text. If no such clause exists, text re-
mains empty. Since enacting clauses often contain
references to higher-level laws that serve as legal
bases of the law, they may provide useful clues for
delegation target identification (Komamizu et al.,
2022). For example, in the case of the entirety of
the Regulations for Organization of the Regional
Development Bureaus, the header is “[This repre-
sents the entirety of Regulations for Organization
of the Regional Development Bureaus],” and the
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Figure 11: Example of candidate provision description
y

text consists of its enacting clause (see Figure 11).
When using a text embedding model, “passage:”
is added at the beginning of y, whereas for a dual
encoder model, a special token is inserted between
header and text (Wu et al., 2020).

D.2.2 In-Batch training and
In-Batch+Hard-Negative Training

During training, we compute the probability that y
in the provision database Y is the delegation target
provision for x, denoted as P (y | x), based on their
similarity scores. The model parameters are opti-
mized to maximize the similarity between x and
its correct target provision. To reduce computation
cost, P (y|x) is approximated as:

P (y | x) ≃ exp(score(x, y))∑
y′∈YC

exp(score(x, y′))
(8)

where y′ denotes a provision in the candidate set
YC , which consists of delegation target provisions
in the current minibatch YB ⊂ Y and hard nega-
tive samples Yhard ⊂ Y , i.e., YC = YB ∪ Yhard.
The hard negative samples are constructed by first
training a model using only the candidate provi-
sions in the minibatch (in-batch training with
YC = YB), then retrieving the top 10 provisions in
Y\{y} that have the highest similarity to x (Gillick
et al., 2019). Finally, using parameters from the
in-batch training as initialization, we fine-tune
the model on YC to minimize the following loss
(in-batch+hard-negative training):

L = −score(x, y)

+ log(
∑

y′∈YC

exp(score(x, y′))). (9)

D.2.3 Granularity-Aware Training
As described in Section 4.2, we employ the
granularity-aware training strategy during the
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model training. In this strategy, we gradually
change the set of provisions Y from the law-level
to the paragraph-level, and perform model training
described in Appendix D.2.2 in three stages.

In the first stage of training, the model is trained
on law-level data, where both the gold labels y
in the training data and the provision database Y
are converted to the law-level granularity. Con-
cretely, if a training instance specifies a delega-
tion target provision at the article or paragraph
level, the corresponding label is replaced with
the provision ID representing the entire law. For
example, if Article 4 of the Regulations for En-
forcement of the Act on Development of Traffic
Routes to Remote Islands is designated as the del-
egation target, it is replaced with the entirety of
the Regulations. In addition, all provisions finer
than the law-level are removed from the provision
database Y . Using these law-level training data
and database, we perform both in-batch training
and in-batch+hard-negative training for the re-
trieval model.

Next, we successively train the model using
article-level data and paragraph-level data, where
the granularity of the data is refined from articles
to paragraphs. As in the law-level stage, we con-
vert the target granularity of the training data, and
remove the provisions that are finer than the tar-
get granularity from the provision database8. Dur-
ing each training stage, the model parameters are
initialized with those obtained from the previous
stage.

D.2.4 Inference
At inference time, the model predicts the delega-
tion target provision ŷ for an input provision x as
the candidate provision y ∈ Y with the highest
similarity score, as defined in Equation 10. The
representation of candidate provisions is precom-
puted and cached, and the nearest neighbor for an
input provision x is searched using Faiss (Johnson
et al., 2021).

ŷ = argmax
y∈Y

score(x, y) (10)

In nearest neighbor search, we exclude candidate

8Due to the data specification used in this study, some
“articles” in the law are stored in the provision database not as
articles themselves but as the first paragraph of the correspond-
ing article. For these “articles,” we concatenate all paragraphs
belonging to the same article to newly construct an “article,”
and then remove finer-grained elements. In total, 42,613 new
articles were created following this procedure.

Models Hugging Face ID

Delegation Keyword Extraction
LUKE studio-ousia/luke-japanese-large-lite
BERT tohoku-nlp/bert-large-japanese-v2
Llama3.1 meta-llama/Llama-3.1-8B-Instruct
Swallow tokyotech-llm/Llama-3.1-Swallow-8B-Instruct-v0.5

Delegation Target Identification
E5 intfloat/multilingual-e5-base
BERT tohoku-nlp/bert-large-japanese-v2

Table 7: List of the models we used in this study and
their corresponding Hugging Face IDs.

provisions belonging to the same law as the input
provision. Although these provisions often receive
high similarity scores due to their identical or sim-
ilar content to the input, they cannot be assigned
as the delegation target provision, as delegation oc-
curs only from higher-level to lower-level laws. To
ensure valid predictions, we exclude the provisions
that belong to the same law as the input provision,
and identify the delegation target provision as the
one with the highest similarity among all remaining
candidate provisions.

E Detailed Experimental Setup

We use the Hugging Face Transformers (Wolf et al.,
2020) implementation when we train models. Ta-
ble 7 shows the list of model names and their Hug-
ging Face IDs. For delegation target identification,
we use the Base model of E5 and the Large model
of BERT to keep the model sizes approximately
comparable. We train and evaluate all the models
using a single NVIDIA A6000 GPU with 48GB
of memory or a single NVIDIA A100 GPU with
80GB of memory.

E.1 Delegation Keyword Extraction
We fine-tune all the models on our training set, with
the generation-based models using LoRA (Hu et al.,
2022). Table 8 shows the models and the hyper-
parameters used in training. Note that for training
Llama 3.1 Swallow, the same hyperparameters as
Llama 3.1 are used.

E.2 Delegation Target Identification
For delegation target identification, we use E5
and BERT as encoder models. Both models
are trained using the hyperparameters listed in
Table 9. Regarding the number of epochs,
we first perform in-batch training followed
by in-batch+hard-negative training for four
epochs for each step.
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LUKE BERT Llama 3.1

batch size (train) 8 10 10
batch size (eval) 8 20 4
learning rate 1e−5 1e−5 1e−5
epochs 5 20 5
optimizer AdamW AdamW AdamW
eps 1e−6 1e−6 1e−6
scheduler linear linear cosine
warmup ratio 0.06 0.06 0.1
weight decay 0.01 0.01 0.1
max grad norm 0.00 0.00 0.3
β [0.9, 0.98] [0.9, 0.98] [0.9, 0.98]

Table 8: Hyperparameters used in training delegation
keyword extraction models

batch size (train) 16
batch size (eval) 16
learning rate 1e−5
epochs 4
optimizer AdamW
eps 1e−6
scheduler linear
warmup ratio 0.06
weight decay 0.01
max grad norm 0.00
β [0.9, 0.98]

Table 9: Hyperparameters used in training delegation
target identification models

F Additional Discussions

F.1 Delegation Keyword Extraction

Comparing LUKEsplit and BERTsplit in Table 1, the
F1 score of LUKEsplit is 0.8 points higher. LUKE
is pretrained with a large entity-annotated corpus
from Wikipedia and is thus specialized for entity-
related tasks, which likely contributed to its effec-
tiveness in the delegation keyword extraction.

In addition, the pre-segmentation of input sen-
tences at keyword boundaries, described in Sec-
tion 4.1, improved F1 scores by 1.9 and 1.5 points
for LUKEsplit and BERTsplit, respectively, com-
pared with their non-segmented counterparts. Both
models showed an increase in recall of more than 5
points, accompanied by a decrease in precision of
about 1.9 points, indicating that pre-segmentation
tends to increase the number of detected keywords.
In fact, for LUKE, the number of detected key-
words increased by approximately 1,500 after pre-
segmentation, suggesting that verb expressions
such as “specified” were more likely to be detected

as keywords.

Case studies using the predictions of the dele-
gation keyword extraction models are provided in
Appendix G.1.

F.2 Delegation Target Identification

Table 2 shows the results of delegation target
identification. Focusing on the better-performing
variant between those trained with and without
in-batch+hard-negative training at the final
stage, we derive the following observations.

(1) As discussed in Section 6, both E5step and
BERTstep achieved a level of performance sufficient
for annotation support scenarios. However, R@1
of both models at the item level remains around
55 points, indicating that further improvement is
needed for fully automatic delegation target identi-
fication without human verification.

(2) As described in Section 2, the delegation key-
words are often expressed generically and do not
explicitly mention the title of the delegation target
law. Therefore, the model must infer the appropri-
ate target law from a large number of candidates
based on the context of the delegation source pro-
vision. In this respect, both E5step and BERTstep
achieve R@1 scores exceeding 90 at the law level,
suggesting that the granularity-aware training en-
ables the models to capture broader inter-law re-
lationships and partially resolve the ambiguity of
delegation keywords at the law level.

(3) Comparing E5step and BERTstep, E5step
consistently outperforms across all granularities
in both R@1 and MRR. One possible expla-
nation is that E5 learns semantic representa-
tions over relatively long text units, such as sen-
tences and discourse-level segments, during pre-
training (Wang et al., 2024a), whereas BERT
applies bidirectional self-attention at the token
level, focusing on contextualized token representa-
tions (Devlin et al., 2019). Since the delegation tar-
get identification requires understanding not only
the meanings of individual delegation keywords
but also the overall content and abstraction level of
provisions across sentences or broader textual con-
texts, the ability of E5 to represent longer textual
units may provide a distinct advantage.

Additional case studies of the delegation target
identification results are provided in Appendix G.2.
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G Additional Case Studies

G.1 Delegation Keyword Extraction
G.1.1 Pre-Segmentation at Keyword

Boundaries
To verify the effect of pre-segmentation of input
sentences at keyword boundaries described in Sec-
tion 4.1, we analyze cases that led to the higher
recall and lower precision of LUKEsplit compared
to LUKEw/o split. Fisrtly, Figure 12 shows a case
where LUKEsplit successfully extracted a delega-
tion keyword that LUKEw/o split failed to detect. In
this example,文部科学大臣の定め (specified by
the Minister of Education, Culture, Sports, Sci-
ence and Technology) is the delegation keyword.
However, the tokenizer of LUKE segments the key-
word and words surrounding it into [. . .に関し,
、 ,文部科学,大臣,の,定める,資格] ([regard-
ing . . . , “,”, “Education, Culture, Sports, Science
and Technology”, Minister, by, specified, qualifi-
cations]), preventing LUKEw/o split from detecting
文部科学大臣の定め as a contiguous keyword
span. On the other hand, since 定め appears as
a delegation keyword in the training and develop-
ment data, LUKEsplit first splits the sentence into
smaller blocks such as [. . .に関し、文部科学
大臣の, 定め, る資格]([“by the Minster of Edu-
cation, Culture, Sports, Science and Technology
regarding . . . ”, specified, qualifications]). It then
applies the tokenizer to each block individually,
obtaining the token sequence [に関し,、 , 文部
科学, 大臣, の, 定め, る, 資格]. This enables
LUKEsplit to correctly detect 文部科学大臣の
定め as a delegation keyword. This case demon-
strates that pre-segmentation of input sentences at
potential keyword boundaries serves as an effec-
tive strategy to mitigate false negatives caused by
tokenization errors at keyword spans.

Secondly, Figure 13 illustrates one of the cases
that led to reduced precision for LUKEsplit. In
this example, no delegation keyword is present.
LUKEw/o split correctly predicted the absence of
a keyword, whereas LUKEsplit produced a false
positive by detecting 定め (specified). Because
the tokenizer of LUKE segments the keyword and
words surrounding it into [期間を,定めて,その,
業務, に従事] ([period, specified, that, service,
“engaging in”]), the token 定め does not consti-
tute a candidate span in LUKEw/o split. In contrast,
LUKEsplit pre-segments the input sentence at key-
word boundaries, yielding the token sequence [期
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Figure 12: Example contributing to the improved recall
of LUKEsplit. LUKEw/o split failed to detect this keyword,
whereas LUKEsplit correctly predicted it.
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Figure 13: Example leading to reduced precision in
LUKEsplit. While LUKEw/o split correctly predicted that
no keyword is present, LUKEsplit falsely detected定め
(specified).

間を,定め,て,その,業務,に従事]. As a conse-
quence, LUKEsplit treats 定め as a span for clas-
sification. In this particular case, it is likely that
LUKEsplit labeled定め as a keyword span due to
surface-level similarity with instances observed in
the training data.

G.1.2 Model Confidence for an Incorrect
Prediction

Sequence labeling models and span classification
models output a confidence score9 for each pre-
dicted label, indicating whether each token or span
in the input text is a delegation keyword. In this
section, we analyze a case in which the model as-

9A value between 0 and 1.
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Figure 14: Example in which the model made an incor-
rect prediction with high confidence.

signs a high confidence score but still produces an
incorrect prediction, in other words, a case that
is particularly challenging for the model. We use
BERTsplit, a sequence labeling model, and define
the confidence score of the token corresponding
to the predicted keyword span as the prediction
confidence of the model. When a predicted span
consists of multiple tokens, we use the average of
their confidence scores.

In the example shown in Figure 14, the dele-
gation keyword is “public notice.” Although the
model fails to detect this keyword, the confidence
score assigned to the corresponding span is 1.0.
The delegation extraction dataset constructed in
this study contains 20,723 keyword spans, but “pub-
lic notice” appears as a keyword in only 27 of them
(0.13%). In this case, the low frequency of “pub-
lic notice” in the training data is likely one of the
reasons the model failed to detect it.

G.2 Delegation Target Identification

To examine remaining challenges in delegation tar-
get identification, we analyze a case in Figure 15,
where both E5w/o step and E5step failed to make a
correct prediction 10. Here, the delegation keyword
is “Order of the Ministry of Land, Infrastructure,
Transport and Tourism,” and the delegation target
provision is Article 12, paragraph (1) of the Regu-
lations for Enforcement of the Navigation Aids Act.
The delegation source provision of this example
states that matters concerning a report to the Com-
mandant of the Japan Coast Guard in the event of
an accident shall be prescribed by the “Order of
the Ministry of Land, Infrastructure, Transport and
Tourism.” Within Article 12 of the Regulations,
paragraph (1) regulates the reporting duties to the
Commandant of the Japan Coast Guard, while para-

10We use the prediction of the models trained with
in-batch+hard-negative training, in the same way as in
Section 7.

Figure 15: A case in which both E5w/o step and E5step
predicted a provision at an incorrect granularity relative
to the correct delegation target provision.

graph (2) defines the Commandant’s subsequent
actions. Therefore, the delegation target provision
in this case is limited to Article 12, paragraph (1),
instead of the entire Article 12.

However, both E5step and E5w/o step incorrectly
predicted the entire Article 12, including paragraph
(2), as the delegation target. With respect to the
challenge of selecting the appropriate granularity of
the delegation target, one of the key difficulties in
the delegation extraction task, this example demon-
strates that fine-grained granularity decisions, such
as choosing between the article level and the para-
graph level, remain an unsolved challenge.

H Related Work

H.1 Legal NLP
In the legal domain, a wide range of NLP studies
have been conducted on laws from various jurisdic-
tions, including information extraction tasks such
as NER and relation extraction, question answer-
ing (QA), legal judgment prediction, and document
summarization (Zhong et al., 2020; Ariai et al.,
2025; Siino et al., 2025). Legal information extrac-
tion aims to automatically extract elements such
as legal concepts, actors, and actions, as well as
the relations among them, from legal texts (Pre-
masiri et al., 2025). Research on legal QA focuses
on methods that retrieve legal documents relevant
to a given legal question and generate appropri-
ate answers (Martinez-Gil, 2023). Legal judgment
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prediction seeks to infer court decisions from de-
scriptions of the facts of a case (Cui et al., 2023).
Legal document summarization focuses on devel-
oping summarization methods that address the char-
acteristics of legal texts, including their consider-
able length, specialized terminology and formats,
and extensive cross-references to other legal doc-
uments (Akter et al., 2025). Among these tasks,
those most closely related to the delegation extrac-
tion task examined in this paper are NER and QA.

H.2 Named Entity Recognition
Research on NER in the legal domain has examined
entities appearing in statutes enacted by legisla-
tures, regulations issued by administrative agencies,
and judicial decisions handed down by courts (Pre-
masiri et al., 2025). In addition to standard NER
categories such as persons and locations, some stud-
ies focus on legal-domain-specific categories (Ha-
gag et al., 2024; Au et al., 2022; Kalamkar et al.,
2022). Among such domain-specific categories,
those similar to the delegation keywords addressed
in this work include references within the input text
to court decisions, statute titles, and article num-
bers (Gheewala et al., 2019; Ahmed et al., 2022;
Sharafat et al., 2019; Chalkidis et al., 2017; Pais
et al., 2021; Glaser et al., 2018; Duarte et al., 2022).

Whereas prior work mainly targets specific
statute titles or case names such as “Order no. 625
from 25 April 2019” (Pais et al., 2021), the expres-
sions extracted in our work include generic nouns
indicating the type of law (e.g., “Cabinet Order,”
and “Order of the Ministry of Land, Infrastructure,
Transport and Tourism”) and abstract expressions
indicating the presence of a delegated matter (e.g.,
“as specified by the Minister of Economy, Trade and
Industry”). This difference in the target expressions
is one of the distinctions between our delegation
extraction task and the existing NER research.

H.3 Question Answering
Research on QA in the legal domain includes sys-
tems that retrieve statutes or case law relevant to
the input text. In statute-retrieval QA, the task is
to take a legal problem as a query and retrieve the
statutes or provisions necessary to answer the prob-
lem. For example, the French language dataset
BSARD (Louis and Spanakis, 2022), constructed
from Belgian legislation, and the Chinese language
dataset STARD (Su et al., 2024), constructed from
Chinese legislation, introduce QA tasks in which
questions such as “Is it legal to contract a lifetime

lease?” are given as input, and the system retrieves
the statutory provisions relevant to answering them.
Additionally, using Japanese statutes, the interna-
tional competition COLIEE, which focuses on legal
information extraction and textual entailment, in-
cludes a task where Japanese bar exam questions
are used as queries to search for relevant provisions
in the Japanese Civil Code11 (Goebel et al., 2024).

Research that retrieves case law instead uses de-
scriptions of the factual circumstances of a case
as queries and retrieves precedents involving simi-
lar fact patterns (Feng et al., 2024). For instance,
COLIEE also includes a task in which decisions
from the Federal Court of Canada serve as queries,
and the system retrieves other decisions related to
them. In addition, LexCLiPR (Upadhya and T.y.s.s,
2025), a multilingual dataset constructed from de-
cisions of the European Court of Human Rights,
proposes a task in which case-law guides, which
are expository documents that describe how case
law is interpreted and applied, are used as queries
to retrieve the decisions they analyze.

The above studies retrieve relevant statutes, pro-
visions, or case law at the level of the entire input,
and therefore do not capture strict, localized corre-
spondences between specific parts of the input and
specific parts of the retrieved results. In contrast,
our work identifies locally grounded correspon-
dences by extracting delegation keywords from the
input provision and specifying the delegation target
provision associated with each keyword. Captur-
ing such local correspondences is essential for the
precise interpretation of individual provisions and
for deepening the understanding of legal systems.

I Japanese Source Text and English
Translation

Tables 10–12 provide the original Japanese legal
texts and their corresponding English translations
referenced in this study. The original Japanese texts
are retrieved from e-Gov Legislation Search (e-Gov
法令検索) maintained by the Digital Agency of
Japan. The English translations were prepared by
the authors with reference to the Japanese Law
Translation Database System maintained by the
Ministry of Justice of Japan. Where portions of the
text were omitted for brevity, the symbol “. . . ” is
used to indicate such omissions. Indentation and
other layout formatting are simplified.

11Both the problem statements and the legal provisions are
provided in the original Japanese and in English translation.
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Japanese English

介護保険法
（指定都道府県事務受託法人）
第二十四条の三 . . . (6) 前各項に定めるもののほか、指
定都道府県事務受託法人に関し必要な事項は、政令で定
める。

Long-Term Care Insurance Act
(Designated and Entrusted Juridical Person for Prefectural
Affairs)
Article 24-3 . . . (6) In addition to the provisions as prescribed
in each of the preceding paragraphs of this Article, other
necessary matters pertaining to a Designated and Entrusted
Juridical Person for Prefectural Affairs are prescribed by a
Cabinet Order.

介護保険法施行令
（指定都道府県事務受託法人による報告）
第十一条の九 都道府県知事は、都道府県事務の適正な
実施を確保するため必要があると認めるときは、その必
要な限度で、指定都道府県事務受託法人に対し、報告を
求めることができる。

Order for Enforcement of the Long-Term Care Insurance Act
(Report by Designated and Entrusted Juridical Person for
Prefectural Affairs)
Article 11-9 When the prefectural governor finds it necessary
for ensuring the proper implementation of prefectural affairs,
within the extent necessary, the prefectural governor may
require a Designated and Entrusted Juridical Person for
Prefectural Affairs to submit a report.

国土交通省設置法
（地方整備局の事務所）
第三十二条 国土交通大臣は、地方整備局の所掌事務の
一部を分掌させるため、所要の地に、地方整備局の事務
所を置くことができる。
２ 地方整備局の事務所の名称、位置、管轄区域、所掌
事務及び内部組織は、国土交通省令で定める。

Act for Establishment of the Ministry of Land, Infrastructure,
Transport and Tourism
(Offices of Regional Development Bureaus)
Article 32 (1) The Minister of Land, Infrastructure, Transport
and Tourism may establish offices of the Regional Development
Bureaus at necessary locations, in order to allot a part of the
functions under the jurisdiction of the Bureaus.
(2) The names, locations, jurisdiction, functions under the
jurisdiction, and organizational structures of the offices of the
Regional Development Bureaus are provided for in Order of the
Ministry of Land, Infrastructure, Transport and Tourism.

地方整備局組織規則
国土交通省設置法（平成十一年法律第百号）第三十二条
第二項及び国土交通省組織令（平成十二年政令第二百五
十五号）第二百八条第六項の規定に基づき、並びに同法
及び同令を実施するため、地方整備局組織規則を次のよ
うに定める。

Regulations for Organization of the Regional Development
Bureaus
Pursuant to the provisions of Article 32 paragraph (2) of the Act
for Establishment of the Ministry of Land, Infrastructure,
Transport and Tourism (Act No. 100 of 1999) and to the
provisions of Article 208 paragraph (6) of the Order for
Organization of the Ministry of Land, Infrastructure, Transport
and Tourism (Cabinet Order No. 255 of 2000), in order to
enforce that Act and that Order, the Regulations for
Organization of the Regional Development Bureaus is
established as follows.

離島航路整備法
（航路損益計算書等の提出）
第八条 補助航路事業者は、国土交通省令の定めるとこ
ろにより、当該離島航路に関する航路損益計算書その他
の書類を国土交通大臣に提出しなければならない。

Act on Development of Traffic Routes to Remote Islands
(Submission of Traffic Route Profit and Loss Statement)
Article 8 A subsidized traffic route operator must submit a
traffic route profit and loss statement concerning the traffic route
to the remote islands and other documents to the Minister of
Land, Infrastructure, Transport and Tourism, as provided for in
Order of the Ministry of Land, Infrastructure, Transport and
Tourism.

離島航路整備法
（施行規定）
第十九条 この法律に定めるもののほか、この法律の施
行に関し必要な事項は、国土交通省令で定める。

Act on Development of Traffic Routes to Remote Islands
(Provisions on Implementation)
Article 19 Beyond what is provided for in this Act, necessary
matters related to the enforcement of this Act are prescribed by
Order of the Ministry of Land, Infrastructure, Transport and
Tourism.

離島航路整備法施行規則
（航路損益計算書等の提出）
第四条 補助航路事業者は、航路ごとに、航路補助金の
交付を受けようとする会計年度の九月三十日を末日とす
る一年間の航路損益計算書三通を作成し、これを当該年
度の十一月三十日までに、当該航路の拠点を管轄する地
方運輸局長を経由して国土交通大臣に提出するものとす
る。 . . .

Regulations for Enforcement of the Act on Development of
Traffic Routes to Remote Islands
(Submission of Traffic Route Profit and Loss Statement)
Article 4 For each traffic route, a subsidized traffic route
operator shall prepare three copies of traffic route profit and loss
statements covering the one year ending on September 30 of the
fiscal year for which the operator seeks to obtain a traffic route
subsidy, and submit these documents to the Minister of Land,
Infrastructure, Transport and Tourism via the Director of the
District Transport Bureau with jurisdiction over the base of the
traffic route, by November 30 of the relevant fiscal year. . .

Table 10: Original Japanese legal texts and their English translations referenced in the main text
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Japanese English

学校教育法
第百二十九条第三項 専修学校の教員は、その担当する
教育に関する専門的な知識又は技能に関し、文部科学大
臣の定める資格を有する者でなければならない。

School Education Act
Article 129 paragraph (3) Teachers in specialized training
colleges must have qualifications specified by the Minister of
Education, Culture, Sports, Science and Technology, regarding
specialized knowledge or skills of the education they are in
charge of.

電波法
第七十九条第一項 総務大臣は、無線従事者が左の各号
の一に該当するときは、その免許を取り消し、又は三箇
月以内の期間を定めてその業務に従事することを停止す
ることができる。

Radio Act
Article 79 paragraph (1) The Minister of Internal Affairs and
Communications may revoke a radio operator’s license, or order
a radio operator to cease engaging in that service for a specified
period not exceeding three months, if the radio operator falls
under one of the following items:

子ども・子育て支援法
第七十一条の十四第三項 内閣総理大臣は、第一項の規
定により支払基金に同項各号に掲げる事務の全部若しく
は一部を行わせることとするとき又は支払基金に行わせ
ていた当該事務の全部若しくは一部を行わせないことと
するときは、その旨を公示しなければならない。

Child and Child Care Support Act
Article 71-14 paragraph (3) If the Prime Minister is to entrust
the Payment Fund with all or a part of the administrative affairs
listed in each item of the paragraph (1) pursuant to the
provisions of that paragraph, or is to cease entrusting the
Payment Fund with all or a part of the administrative affairs, the
Prime Minister must issue public notice of this.

Table 11: Original Japanese legal texts and their English translations referenced in Appendix G.1
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Japanese English

労働安全衛生法
（登録の更新）
第四十六条の二 登録は、五年以上十年以内において政
令で定める期間ごとにその更新を受けなければ、その期
間の経過によつて、その効力を失う。 . . .

Industrial Safety and Health Act
(Renewal of Registrations)
Article 46-2 If not renewed for every five- to ten- year period
specified by Cabinet Order, a registration ceases to be effective
upon the expiration of that period. . .

労働安全衛生法施行令
（登録製造時等検査機関等の登録の有効期間）
第十五条の二 法第四十六条の二第一項（法第五十三条
の三から第五十四条の二までにおいて準用する場合を含
む。）の政令で定める期間は、五年とする。

Order for Enforcement of Industrial Safety and Health Act
(Valid Period of Registration for Registered Manufacturing
Inspection, etc. Agency)
Article 15-2 The period prescribed by the Cabinet Order set
forth in the paragraph (1) of the Article 46-2 of the Act
(including as applied mutatis mutandis pursuant to Article 53-3,
Article 54 and Article 54-2) is for 5 years.

労働安全衛生法及びこれに基づく命令に係る登録及び指
定に関する省令
（登録の更新）
第一条の二の四 登録は、五年ごとにその更新を受けな
ければ、その期間の経過によつて、その効力を失う。 . . .

Ministerial Order on Registration and Designation Related to
Industrial Safety and Health Act and Orders based on the Act
(Renewal of Registrations)
Article 1-2-4 (1) Unless the registration is renewed every five
years, it expires when that period has elapsed. . .

都市計画法
（政令への委任）
第八十八条 この法律に定めるもののほか、この法律の
実施のため必要な事項は、政令で定める。

City Planning Act
(Delegation to Cabinet Order)
Article 88 In addition to what is provided for in this Act,
matters necessary for enforcement of this Act are prescribed by
Cabinet Order.

都市計画法施行令
内閣は、都市計画法(昭和四十三年法律第百号)及び都市
計画法施行法(昭和四十三年法律第百一号)の規定に基づ
き、この政令を制定する。

Order for Enforcement of the City Planning Act
The Cabinet hereby enacts this Cabinet Order pursuant to the
provisions of the City Planning Act (Act No. 100 of 1968) and
the Act for Enforcement of the City Planning Act (Act No. 101
of 1968).

都市計画法施行令
（都に関する特例）
第四十六条 法第八十七条の三第一項の政令で定める都
市計画は、法第十五条の規定により市町村が定めるべき
都市計画のうち、次に掲げるものに関する都市計画とす
る. . .

Order for Enforcement of the City Planning Act
(Special Provisions regarding Tokyo Metropolis)
Article 46 (1) The city plans to be specified by a Cabinet
Order as prescribed in Article 87-3, paragraph (1) of the Act are
the following city plans that a municipality is to define pursuant
to the provisions of Article 15 of the Act: . . .

航路標識法
（航路標識に事故が発生した場合の報告義務）
第十五条 第十一条第一項の許可を受けた者は、当該許
可に係る航路標識について破損その他の事故が発生し、
当該航路標識の現状に変更があつたときは、国土交通省
令で定めるところにより、直ちに、その旨を海上保安庁
長官に報告しなければならない。

Navigation Aids Act
(Duty to Report upon Accident Involving Navigation Aids)
Article 15 If Navigation Aids related to permission referred to
in Article 11, paragraph (1) have been damaged or involved in
any other accidents, and the existing state of the Navigation
Aids has been changed, the person who has obtained the
permission must immediately report it to the Commandant of
the Japan Coast Guard pursuant to the provisions of Order of the
Ministry of Land, Infrastructure, Transport and Tourism.

航路標識法施行規則
（事故が発生した場合の報告）
第十二条 法第十五条の規定による報告は、電話、ファ
クシミリ装置その他なるべく早く到着するような手段に
よらなければならない。
2海上保安庁長官は、前項の報告があったときは、必要
と認める書類の提出を命ずることができる。

Regulations for Enforcement of the Navigation Aids Act
(Reporting When There Has Been an Accident)
Article 12 (1) A report under Article 15 of the Act must be
made by telephone, facsimile machine, or other means that will
arrive as soon as possible.
(2) When receiving the report stated in the preceding
paragraph, the Commandant of the Japan Coast Guard may
order the submission of documents deemed necessary.

Table 12: Original Japanese legal texts and their English translations referenced in Appendix G.2
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