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Abstract

Privacy policies are essential for users to un-
derstand how service providers handle their
personal data. However, these documents
are often long and complex, as well as filled
with technobabble and legalese, causing users
to unknowingly accept terms that may even
contradict the law. While summarizing and
interpreting these privacy policies is crucial,
there is a lack of high-quality English par-
allel corpus optimized for legal clarity and
readability. To address this issue, we in-
troduce APPSI-139, a high-quality English
privacy policy corpus meticulously annotated
by domain experts, specifically designed for
summarization and interpretation tasks. The
corpus includes 139 English privacy policies,
15,692 rewritten parallel corpora, and 36,351
fine-grained annotation labels across 11 data
practice categories. Concurrently, we propose
TCSI-pp-V2, a hybrid privacy policy summa-
rization and interpretation framework that em-
ploys an alternating training strategy and co-
ordinates multiple expert modules to effec-
tively balance computational efficiency and ac-
curacy. Experimental results show that the
hybrid summarization system built on APPSI-
139 corpus and the TCSI-pp-V2 framework
outperform large language models, such as
GPT-40 and LLaMA-3-70B, in terms of read-
ability and reliability. The source code and
dataset are available at https://github.com/
EnlightenedAI/APPSI-139.

1 Introduction

The privacy policy outlines how service providers
collect, process, store, manage, and use the per-
sonal information of individuals interacting with
their applications (Zhu et al., 2023). Service
providers are permitted to handle personal infor-
mation according to the stipulations outlined in the
agreement, with the authorization of users.

*Corresponding Author.

However, most privacy policies are often consid-
ered “incomprehensible” due to complex technical
jargon, legal language, and convoluted grammati-
cal structures (Ermakova et al., 2014; Singh et al.,
2011). This issue is further exacerbated by “ra-
tional ignorance,” where users perceive the effort
required to understand lengthy privacy policies as
disproportionate to the benefits, and “dark pat-
terns,” where design elements subtly guide users
to quickly click “Agree” or “Join Now” with-
out fully understanding the consequences (Zhu
et al., 2018). Such behavior can lead to the dis-
closure or misuse of users’ sensitive data with-
out explicit consent (Obar and Oeldorf-Hirsch,
2020). Although efforts such as “Privacy Nutri-
tion Labels” (Li et al., 2022; Kollnig et al., 2022),
“LPL” (Gerl et al., 2018), and “TILT” (Griinewald
and Pallas, 2021) aim to establish standardized
and formalized guidelines for privacy policies, as-
sisting service providers in presenting their pri-
vacy policies more clearly and understandably, en-
suring that service providers genuinely adhere to
these guidelines remains a significant challenge.

Automatic summarization is considered a po-
tential solution, utilizing natural language process-
ing and machine learning techniques to automati-
cally extract and summarize key information from
text (Keymanesh, 2022; Zayed et al., 2025; Fu
et al., 2023). However, due to the lack of paral-
lel corpora for interpreting privacy policies, most
existing methods for summarizing privacy policies
focus primarily on extracting key information and
shortening the length of the policy, while giving
less attention to addressing the “incomprehensibil-
ity” caused by legal and technical terminology.

In response to the above issues, we have orga-
nized domain experts to carefully annotate a par-
allel corpus for English privacy policy summariza-
tion and interpretation, APPSI-139, and based on
this, we propose the privacy policy summarization
and interpretation framework, Tsci-pp-V2.
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The APPSI-139 corpus includes English pri-
vacy policies from 139 top applications across do-
mains such as shopping, live streaming, sports,
and gaming. It has been annotated by legal ex-
perts to ensure the content is comprehensive, accu-
rate, and easy to understand. The corpus consists
of two main components: high-quality annotations
and a policy interpretation parallel corpus. Specifi-
cally, there are 36,351 annotations covering 11 cat-
egories of data practices and 3 special tags, used
to identify core clauses, label sensitive informa-
tion, and recognize potential risks. Additionally,
the policy interpretation parallel corpus contains
15,692 pairs, where legal experts have rewritten
and paraphrased key clauses containing technob-
abble and legalese into comprehensible language
to reduce the difficulty of understanding.

The TCSI-pp-V2 framework is a Topic-
Controlled framework for Summarizing and
Interpreting Privacy Policy, built on end-to-end
multi-task learning. The framework decomposes
the summarization task into five subtasks and
employs an alternating training strategy across
five parameter-sharing experts, each specialized
in one subtask. Specifically, four experts are
dedicated to identifying and locating key clauses
by detecting their Importance, Risk, Sensitivity,
and Topic, while a Rewrite expert is responsible
for rewriting and interpreting technobabble and
legalese. Through this collaborative architecture,
the framework enables precise clause identifi-
cation and transformation into comprehensible
language, supporting users in making informed
and cognitively sound privacy decisions.

For clarity, we summarize our main contribu-
tions as follows.

o We created APPSI-139, the first parallel corpus
of English privacy policies, meticulously anno-
tated and explained by legal experts, aimed at
providing user-friendly interpretations to help
users make informed privacy decisions.

e We propose the TCSI-pp-V2 framework, which
coordinates multiple expert modules through an
alternating training strategy, effectively balanc-
ing computational efficiency with accuracy.

e Based on APPSI-139 corpus and the TCSI-pp-
V2 framework, we develop a summarization
and interpretation system. Questionnaire sur-
vey evaluations show that, compared to general-
purpose models like GPT-40, our system outper-

forms in terms of readability and reliability, help-
ing users make more informed and rational pri-
vacy decisions.

2 Related Work

2.1 Privacy Policy Corpus

In the current research landscape, we observe
that publicly available corpus for privacy poli-
cies are not only limited in number but also pre-
dominantly focused on information extraction or
content analysis. For instance, OPP-115 (Wil-
son et al., 2016) and APP-350 (Zimmeck et al.,
2019) are among the earliest known privacy pol-
icy corpora, which were compiled using expert
annotation and crowd-sourced annotation respec-
tively. These corpora break down privacy poli-
cies into finer data practices, providing useful re-
sources for tasks such as classification and content
extraction of privacy policy texts. PI-Extract (Bui
et al.,, 2021) is a special project that selects
30 privacy policies from OPP-115 and annotates
a more detailed text range for entity recogni-
tion tasks. Furthermore, PrivacyQA (Ravichan-
der et al., 2019) and PolicyQA (Ahmad et al.,
2020) are privacy policy question-and-answer cor-
pus based on OPP-130. These two corpus consist
of pairs made up of the “original text” of the pri-
vacy policy and “questions”, which can extract rel-
evant sentences or paragraphs based on the user’s
questions. Optoutchoice-2020 (Bannihatti Kumar
et al., 2020) and Optoutchoice-2017 (Sathyendra
et al., 2017) are two corpora specifically annotated
with content related to privacy settings, such as
ad tracking, which play an important role in help-
ing users extract and manage privacy settings in
privacy policies. Huang et al. (2024) use large
language models (LLMs) to create a large-scale
classification corpus. The Chinese corpus CA4P-
483 (Zhao et al., 2022) was annotated by trained
students and includes sentence-level category la-
bels and detailed data processing practices. These
privacy policy corpora are mainly designed for ex-
tracting specific information or content. CAPP-
130 (Zhu et al., 2023) introduced a summary cor-
pus aimed at addressing the “incomprehensibility
issue through rewriting, with detailed sentence-
level annotations and rewrite examples. However,
the English version of CAPP-130 was obtained
through machine translation, without adaptation to
native English expressions, and lacks the linguis-
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Summarization by TCSI-pp-V2

1. How We Collect Your Information

(1) In our services, we may need to collect and process your sensitive personal information.

2. How We Share Your Information

IRisk Warning: (1) Our services enable user-generated content like comments and uploads, but we're not responsible for its security or privacy.

3. How We Use Your Information

(1) The account owners may receive your personal data, for example by having the ability to view your activity in the Organization's access log.
(2) We may aggregate or de-identified information for any purpose, and such information is not subject to this Privacy Policy.
(3) We may process identification information and work-related information for contractors and vendor representatives

(5) We may disclose aggregated information about our users, and information that does not identify any individual or device, without restriction.

)

(4) We also use personal data to manage our relationships and contracts with account owners and others.
)
)

(6) We take appropriate technical and organizational measures to protect your personal data from unauthorized access and misuse.

(7) We may collect the content you create, upload, generate, or access through the Services.

4. How You Can Manage Your Information

Nothing was found related to Clause of "How You Can Manage Your Information".

Figure 1: Summarization by TCSI-pp-V2.

tic precision and legal clarity required for effective
understanding of privacy policies.

2.2 Privacy Policy Summarization

Recently, natural language processing and ma-
chine learning technologies have made signifi-
cant strides in addressing the readability issues of
“length” and “incomprehensibility” in privacy poli-
cies. These technologies offer an efficient solu-
tion by automatically extracting key information
or generating condensed summaries. Specifically,
there are three main approaches: extractive sum-
marization, abstractive summarization, and hy-
brid summarization. Extractive summarization
improves the readability of privacy policies by
selecting sentences or paragraphs related to spe-
cific topics. For example, Wilson et al. (2016);
Harkous et al. (2018); Liu et al. (2018); Tomuro
et al. (2016); Zhao et al. (2022); Ravichander
et al. (2019); Ahmad et al. (2020) and PolicyGPT
(Tang et al., 2023) tackle policy verbosity by
extracting topic-relevant sentences. Meanwhile,
Keymanesh et al. (2020); Nokhbeh Zaeem et al.
(2022, 2020) focuses on using machine learning
to assess and retrieve content that may pose po-
tential privacy risks. Abstractive summarization
leverages general text simplification techniques
(Al-Thanyyan and Azmi, 2021; Alva-Manchego
et al., 2020; Siddharthan, 2014) to generate con-
cise and paraphrased summaries. Recent advances
in large language models (LLMs)(Saini et al.,
2025; Zhu et al., 2024; Li et al., 2024), such as
ChatGPT(Ouyang et al., 2022), open new oppor-
tunities for privacy policy analysis by simplifying
complex linguistic structures (Feng et al., 2023).
However, fine-tuned smaller models for specific
tasks provide more practical advantages(Qin et al.,

2023), while LLMs remain constrained by compu-
tational resources, deployment costs, and the high
demands of prompt design when handling lengthy
texts (Zhang et al., 2025; Fang et al., 2026; Shi
et al., 2024) . Hybrid summarization combine the
strengths of extractive and abstractive approaches,
improving the controllability and consistency of
generative models (Wang et al., 2017). For ex-
ample, the TCSI-pp framework (Zhu et al., 2023)
outperforms GPT-4 in addressing privacy policy
“length” and “incomprehensibility” but still faces
computational redundancy due to independent en-
coding.

3 The APPSI-139 Corpus and
TCSI-pp-V2 Framework

In this section, we disclose the details of APPSI-
139 in Section 3.1 and present the summarization
framework TCSI-pp-V2 in Section 3.2. The sum-
marization examples are shown in Figure 1.

3.1 The APPSI-139 Corpus

Privacy policies often contain a large amount of
technical jargon, which requires a strong profes-
sional background to fully comprehend. To en-
sure that the annotations accurately capture the
core elements of privacy policies, a team of le-
gal expertsincluding a law professor and five
lawyers with masters degreeshas developed anno-
tation guidelines for English privacy policy sum-
maries through multiple rounds of pilot annota-
tions. Building on the design of CAPP-130 (Zhu
et al., 2023), the guidelines are divided into three
parts: Data Practice Categories, Special Mark-
ings, and Rewritten Sentences. Figure 2 illustrates
the organization of APPSI-139.

Data Practice Categories classify and orga-

3683



_________ S —
[ J __________ \ oo J __________ \
| 15692 Rewritten | | 36351 Annotation |
e e e 7 e e e e e J
[
__________ I [ FE—

\I ’ Y
] Special Marking

* Importance

* Risk

* Sensitivity

Data Practice Category ;

« First Party Collection |
* Permission Acquisition |
 Third Party Sharing ]
« Usage ]
« Data Retention ]
« Data Security ]
« Edit/ Control 1
« Specific Audiences i
« Contact Information i
+ Policy Change i
« Cease Operation ;

____________________

___________________

Figure 2: The organization of APPSI-139.

nize information within privacy policies, ensur-
ing clearer and more standardized comprehension
of data handling practices. These categories in-
clude First Party Collection, Permission Acquisi-
tion, Third Party Sharing, Usage, Data Retention,
Data Security, Edit/Control, Specific Audiences,
Contact Information, Policy Change, and Cease
Operation. Detailed definitions of each category
are provided in Appendix B.

Special Marking highlights clauses related to
important data practices, sensitive personal infor-
mation, and potential risks, including Importance,
Risk, and Sensitivity tags. The definitions are as
follows:

o Importance: Applies to provisions directly re-
lated to key data processing elements, includ-
ing the definitions of Risk,” Sensitivity,” and
the eleven categories of “Data Practices” in the
clauses. These provisions remain crucial for sub-
sequent summarization and rewriting tasks.

e Risk: Applies to content that may raise compli-
ance issues or violate major data protection reg-
ulations (e.g., GDPR, CCPA), including vague
language about data handling, such as “We may
share your location data with third parties with-
out further notice”.

o Sensitivity: Applies to data practices involving
users’ sensitive personal information, including
biometric identifiers, precise geolocation, and
financial account details. The sensitivity an-
notation aligns with several standards, includ-
ing the EU General Data Protection Regulation
(GDPR), the US National Institute of Standards
and Technology (NIST) SP 800-122 guidelines,

and the Chinese standard GB/T 35273-2020,
each representing regional and national regula-
tions. For details, see Appendix C.

Rewritten Sentence provides user-friendly and
comprehensible versions by rewriting and para-
phrasing sentences labeled as Importance”, Sensi-
tive”, and “Risk”.

To ensure that privacy policies reflect the latest
trends and legal requirements, while also maintain-
ing representativeness and diversity, we source the
privacy policies of the top 100 most downloaded
applications from two major app marketplaces:
Google Play and the App Store in the English-
speaking world. After excluding duplicates and
instances where different applications share the
same privacy policy, we obtain 139 distinct and
representative privacy policies. These documents,
current as of October 2023, cover a wide range
of mainstream application types, including shop-
ping, live streaming, sports, navigation, and vari-
ous game genres such as real-time battles, sports
competitions, simulation management, and board
games. Given that subtle semantic differences in
privacy policies can have legal implications, and
that smaller models are still widely used in edge
deployments, we employ regular expressions to
segment these privacy policies into individual sen-
tences for detailed annotation and interpretation.

Finally, we permit each segmented sentence to
have multiple labels. The annotation work for this
English privacy policy dataset is carried out by
five experts, each holding a master’s degree with
a legal background and possessing lawyer certifi-
cation. They possess advanced English language
skills, with proficiency surpassing the TOEFL and
IELTS graduate admission requirements. Among
these five annotators, three have previously par-
ticipated in the Chinese privacy policy annotation
of the CAPP-130 dataset(Zhu et al., 2023). Be-
fore starting this project, all annotators undergo
systematic training covering annotation guidelines
and typical examples to ensure annotation quality
and stability. A preliminary analysis of five anno-
tated documents yields a Cohen’s Kappa score of
0.892, indicating strong agreement. To account for
the multi-label and multi-task nature of the dataset,
this score was calculated by considering all classi-
fication categories, including Special Marking, Im-
portance, Risk, and Sensitivity. We computed the
agreement across these tasks to ensure the reliabil-
ity of the integrated schema. This high level of
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Topic Num Pct Med. Avg.
First 3667 11.8% 230 272
Permission 153 0.5% 220 232
Third 3019 9.8% 250 29.0
Usage 3159  102% 23.0 288
Retention 974 3.2% 25.0 282
Security 1069 3.5% 23.0 254
Specific 1858 6.0% 23.0 259
Control 3772 122% 220 2438
Contact 1229 4.0% 19.0 21.0
Change 795 2.7% 18.0 20.2
Cease 13 0.04% 230 312
Important 15795 51.04% 24.0 273
Risk 577 1.9% 26.0 29.7
Sensitivity 374 1.21% 260 289

Table 1: Statistical Information of APPSI-139.
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Figure 3: The framework of TCSI-pp-V2.

agreement informs our decision to adopt the strat-
egy of assigning each expert to a single subtask,
which includes the five specific tasks: identifying
sentences related to Importance”, Risk”, Sensitiv-
ity”, Data Practice Categories”, or those requir-
ing a “Rewritten”. During formal annotation, to
transparently handle edge cases, annotators docu-
ment ambiguous clauses. These are then resolved
through discussion, with final adjudication by se-
nior reviewers.

This results in a high-quality corpus named
APPSI-139  (Application ~ Privacy  Policies
Summarization and Interpretation, set of 139).
This corpus comprises 36,351 annotations for
30,877 sentences, including 15,692 rewritten
sentences.

The corpus enables analyze the composition
of typical English privacy policies from a data
practice perspective. Table 1 presents the statis-
tics for APPSI-139. The Pct (percentage) repre-
sents the proportion of sentences in a specific data

practice category or with special markers relative
to the total number of sentences. Since a sen-
tence can have multiple labels, the total percent-
age may exceed 100%. Mean and median rep-
resent the average and middle values of sentence
lengths, respectively. The average sentence length
exceeds the median for all categories, indicating a
right-skewed distribution. The APPSI-139 corpus
shows an uneven distribution of data practice cate-
gories in English privacy policies. First-party col-
lection (11.8%), third-party sharing (9.8%), edit-
ing/control (12.2%), and usage (10.2%) account
for about 44% of the content, forming the core
components. Rewritten sentences average 20
words, compared to 27 in the originals, reflecting
a 26% reduction. In APPSI-139, the “Risk” la-
bel appears in 1.9% of sentences, highlighting the
widespread privacy and data security risks faced
by users of English-language applications.

3.2 The TCSI-pp-V2 Framework

To ensure the completeness and controllabil-
ity of privacy policy summarization, we pro-
pose TCSI-pp-V2 (Topic-Controlled framework
for Summarization and Interpretation of Privacy
Policies), which represents a hybrid summariza-
tion approach based on end-to-end multi-task
learning and builds upon the APPSI-139 corpus.
As shown in Figure 3, the framework consists of
four primary components:

Input: First, we preprocess any given English
privacy policy VP using regular expressions to ex-
tract a collection of sentences at the individual sen-
tence level, denoted as P = {p1,...,pn}, where
pr, refers to the n-th sentence in the policy. Sec-
ond, users select the topics they wish to summarize
from the ropics that we provide.

Shared Bottom Layer: The Shared Bottom
Layer processes the input signals and extracts key
features for all tasks, reducing redundancy by
learning shared representations. It begins with
an embedding layer that captures the semantic
content of the input text, represented as P =
{p1,...,pn}. This layer converts the text into a
numerical matrix, denoted as £ = {ej,...,e,}.
Next, the feature extraction function, Ft(e;,0¢),
processes the embeddings E and extracts features,
producing a new set, Features = {f1,..., fu}.

Experts Layer: Expert layers are components
trained for specific tasks, with each expert layer
specifically designed to handle different aspects of
privacy policy summarization and interpretation.
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Specifically, we train five distinct expert layers to
accomplish the task of privacy policy summariza-
tion.

e Importance identification F;(f;,6;) takes all
Vp corresponding features f; as input and iden-
tifies the “Important” sentences. Here, 6; repre-
sents a set of parameters obtained through train-
ing.

e Topics identification F;( f;, §;) indexes the fea-
tures f; of Vp;|important = true to determine
the data practice category (topic) to which these
“important” sentences belong. Based on user-
specified topics, we extract sentences consistent
with them, producing the set Filtered.

e Risk identification F,.(f;,6,) indexes the fea-
tures f; of Vpj|p € Filtered to identify sen-
tences that potentially harm user data security.

e Sensitivity identification F( f;, ;) indexes the
features f; of Vpj|p € Filtered to flag sen-
tences related to sensitive personal information.

o Text interpretation  Frcurite(fj, Orewrite)
rewrites important long sentences containing
obscure professional and technical terms into
simple and easily understandable short sen-
tences. This addresses the issue of “incompre-
hensibility”. Specifically, Fyewrite(fj, Orewrite)
uses an auto-regressive model P(z|f;; z1:4—1)
to rephrase the original privacy policy into
formulations that are easily comprehensible for
the general public.

Output: The framework summarizes and inter-
prets privacy policies based on preselected topics
and highlights sentences that contain Risk” and
Sensitivity” information to enhance their readabil-
ity.

In summary, TCSI-pp-V2 introduces a shared
encoder across all sub-tasks, replacing the five sep-
arate encoders in TCSI-pp, and incorporates task-
specific logic optimization, thereby theoretically
reducing encoding overhead by about 80%. Pseu-
docode appears in Appendix D.

4 [Experiments

In this section, we introduced the experimental
setup in Section 4.1, presented performance bench-
marks for information extraction models based on
APPSI-139 in Section 4.2, discussed performance
benchmarks for the rewriting model in Section 4.3,

assessed TCSI-pp-V2’s readability through a so-
cial survey in Section 4.4, conducted a comprehen-
sive evaluation of resource efficiency in Section
4.5, performed a comparative analysis with state-
of-the-art Large Language Models in Section 4.6,
and investigated the model’s robustness to varying
input lengths in Section 4.7.

4.1 Base Models

We have implemented the TCSI-pp-V2 frame-
work using mT35, Bert2GPT, XLNet2GPT, and
Electra2GPT as base models. The model ar-
chitecture has consisted of an encoder followed
by four classification heads for the respective
sub-tasks and a decoder for content rewriting.
This design has allowed for the joint optimiza-
tion of classification and generation tasks within
a unified framework. For comparison, we also
have implemented the TCSI-pp framework. For
the four information identification sub-tasks, we
have trained models based on the following
Transformer encoders: RoBERTa (xim-roberta-
base)(Conneau et al., 2020), BERT (bert-base-
cased)(Devlin et al.,, 2018), ERNIE (ernie-2.0-
base-en)(Sun et al., 2020), PERT (english-pert-
large)(Cui et al., 2022), DistilBERT (distilbert-
base-uncased)(Sanh et al., 2019), ELECTRA
(electra-base-discriminator)(Clark et al., 2020),
XLNet (xlnet-base-cased)(Yang et al., 2019), De-
BERTa (deberta-v3-base)(He et al., 2023), AL-
BERT (albert-base-v2)(Lan et al., 2019), and
mT5 (mT5-small)(Xue et al., 2021). For the
content rewriting sub-task, we have trained the
TCSI-pp framework using Bert2Bert, Bert2GPT,
ERNIE2GPT, and mT5. All of these base mod-
els have been available from the Hugging Face
model repository HuggingFace!. To ensure that
the input sequence does not exceed the maximum
position limit of the pre-trained models, we have
truncated documents by removing the ending part.
Data splitting details appear in Appendix E.

4.2 Information Extraction

Table 2 has presented the performance of mod-
els trained on the APPSI-139 corpus for informa-
tion extraction. The table has included four multi-
task learning TCSI-pp-V2 models and nine single-
task learning TCSI-pp baseline models. The tasks
Importance,” Risk,” and Sensitivity” have been
binary classification, while Topic” has involved

"https://huggingface.co/
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Topics Important Risk Sensitive
TCSI-pp Method Micro Macro Micro Macro Micro Macro Micro Macro
RoBERTa 80.77 79.09 6995 6990 9527 6160 9728 71.53
Bert 81.00 79.63 76.87 7621 9554 61.58 97.07 62.51
alBert 7328 7234 7509 7394 9782 6099 9782 6098
Pert 79.82 7858 78.84 7820 96.74 49.17 9793 4948
V1 ERNIE 8143 79.56 78.29 7755 9641 6241 97.06 69.25
DistilBert  80.55 79.18 77.73 77.03 95.70 58.18 97.34 60.43
DeBERTa 78.47 76.33 79.35 7834 99.27 66.55 97.01 68.33
XINet 81.39 80.13 7790 7736 96.03 59.73 9690 66.45
Electra 8191 80.03 78.00 77.22 96.08 60.69 96.90 62.20
Mean 7985 7831 76.89 76.19 96.54 60.01 97.26 63.46
mT5 78.18 77.12 7393 7355 9560 58.77 9696 67.40
XINet2gpt 80.79 78.79 76.25 7499 9598 63.39 96.68 64.09
V2 Electra2gpt 80.00 78.83 76.19 7579 9549 5931 9336 64.53
Bert2gpt 79.68 7797 76774 7581 9581 60.80 96.74 63.45
Mean 79.66 78.17 7578 75.04 9572 60.57 9593 64.86
Table 2: Evaluation metrics for the information identification models.
TCSI-pp Model ROUGE-1 ROUGE-2 ROUGE-L BERT-score Bart-score
mT5 0.7199 0.6296 0.7072 0.947 -1.56
Bert2gpt 0.6477 0.5411 0.6312 0.930 -2.22
V1 Bert2bert 0.6784 0.5980 0.6610 0.939 -2.14
ERNIE2gpt 0.5805 0.3931 0.5459 0.926 -2.26
Mean 0.6566 0.5405 0.6363 0.935 -2.05
mT5 0.7051 0.6111 0.6903 0.943 -1.68
Bert2gpt 0.6548 0.5456 0.6375 0.933 -2.03
V2 XINet2gpt 0.6751 0.5623 0.6598 0.939 -1.786
Electra2gpt 0.6653 0.5476 0.6491 0.938 -1.89
Mean 0.6752 0.5666 0.6592 0.938 -1.84

Table 3: Evaluation metrics for the rewrite expert models.

multi-class classification. Due to data sparsity, the
categories Cease Operation” and Permission Ac-
quisition” have been excluded. Evaluation metrics
have included Micro-F1 and Macro-F1 scores.

As shown in Table 2, under the TCSI-pp
framework, DeBERTa performs best on binary
classification, while XLNet and ELECTRA ex-
cel in multi-class tasks. In TCSI-pp-V2, XL-
Net2GPT slightly outperforms the other three
models. Across single-task models (BERT, XL-
Net, DeBERTa, ELECTRA) and their multi-
task counterparts, performance differences remain
within 0.02, indicating that TCSI-pp-V2’s multi-
task models match the performance of TCSI-pp
while reducing computational costs. Further de-
tails regarding Precision, Recall, and F1 scores for
the multi-class “Topic” classification are provided
in Appendix F.

4.3 Rewritten and Interpretations

To evaluate the performance of the interpretations
model in TCSI-pp-V2, we have used rewritten sen-
tences from APPSI-139 for fine-tuning. Four inter-
pretations models have been implemented based
on the TCSI-pp and TCSI-pp-V2 frameworks, re-
spectively. Table 3 has displayed the evaluation
metrics for information identification models, in-
cluding ROUGE (Lin, 2004), Bert-score (Zhang
et al., 2020), and Bart-score (Yuan et al., 2021).
These metrics provide a multi-dimensional assess-
ment: ROUGE measures lexical overlap, while
Bert-score and Bart-score capture semantic consis-
tency and generative quality. Together, they ro-
bustly reflect the model’s alignment with human
expert judgments and legal intent beyond simple
word-matching.
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Model Ql Q2 Q3 Q4 Q5

Q6 Q7 Q8 QY9 Q10 Percentage

TCSI-pp-V2 22 27 27 20 20
Llama3-70b 18 6 13 5 15
GPT40 5 15 6 25 12
Kimi 8 5 7 3 6

20 14 14 20 23 39.06%
11 21 21 14 10 25.28%
11 13 13 14 16 24.52%
11 5 5 5 4 11.13%

Table 4: Questionnaire statistics of readability.

Table 3 shows that mT5 outperforms other mod-
els in both the single-task setting based on TCSI-
pp and the multi-task setting based on TCSI-pp-
V2, with a slight advantage in single-task training.
However, for Bert2GPT, the model trained with
multi-task learning surpasses the single-task ver-
sion across all metrics. Moreover, in the rewrit-
ing task, multi-task models consistently achieve
higher average scores than single-task models,
with particularly notable improvements in accu-
racy and recall. This suggests that multi-task
training maintains or even enhances performance
in generation tasks, as related tasks share com-
mon features and the model benefits from learn-
ing more generalized representations through joint
training.

4.4 Readability Questionnaire Survey of
TCSI-pp-V2

To evaluate the readability of the privacy policy
summarization system based on TCSI-pp-V2, we
have conducted a social survey on WIX?. The sur-
vey has consisted of 10 single-choice questions,
each presenting a paragraph from a privacy pol-
icy alongside summaries generated by four mod-
els: our model, CPT-40°, Llama3-70b*, and Kimi
(Moonshot V1)°. We have invited participants to
select the summary they have found most read-
able, based on criteria such as comprehensibility,
completeness, fidelity, and conciseness. In total,
we have collected 53 valid responses, as shown
in Table 4. The respondents, aged between 18
and 40, all have received university-level educa-
tion. The summarization examples, instruction
templates, and detailed statistics of the survey par-
ticipants are provided in Appendix G.

According to Table 4, 39.06% of participants
rate TCSI-pp-V2 summaries as the most read-
able based on comprehensibility, completeness, fi-

2https://www.wjx.cn/
*https://openai.com/index/hello-gpt-40/
4https://huggingface.co/meta—llama/
Meta-Llama-3-70B
Shttps://kimi.moonshot.cn/

Metric TCSI-pp TCSI-pp-V2
Encoding Time (s) 92.66 24.72
Task Inference Time (s) 99.28 98.54
Total Time (s) 191.94 123.26
Avg. Time per Sentence (s) 0.101 0.065
Inference Memory (MB) 7343 2766

Table 5: GPU Memory and Time Cost Comparison.

delity, and conciseness, followed by Llama3-70b
(25.28%), GPT-40 (24.52%), and Kimi (11.13%).
Additionally, TCSI-pp-V2 leads in seven out of ten
questions, outperforming the other models overall.
These results indicate that TCSI-pp-V2 demon-
strates excellent overall readability when summa-
rizing application privacy policies, outperforming
Llama3-70b, GPT-40, and other LLMs in privacy
policy summarization and interpretation task.

4.5 Resource Efficiency

To evaluate the computational efficiency and prac-
tical deployability of our framework, we have mea-
sured the GPU memory usage and inference la-
tency of TCSI-pp and TCSI-pp-V2 (both utiliz-
ing the mT5-small backbone). The evaluation has
been conducted on a representative subset of 10
privacy policies comprising 1,893 sentences, with
the metrics detailed in Table 5.

The results demonstrate that TCSI-pp-V2
achieves substantial efficiency gains. Specifically,
the encoding time is reduced by approximately
73%, and the average processing time per sen-
tence is nearly halved. Furthermore, the peak
GPU memory overhead significantly drops from
7,343 MB to 2,766 MB. These improvements
confirm that our optimized shared-encoder archi-
tecture effectively mitigates computational redun-
dancy, making it more suitable for real-time appli-
cations without sacrificing inference accuracy.

4.6 Comparative Analysis with Large
Language Models

To benchmark our framework against contempo-
rary state-of-the-art baselines, we have compared
TCSI-pp-V2 with several prominent Large Lan-
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Task Metric Qwen3-8B Llama3-8B GPT-40-mini Gemini-2.5 TCSI-pp-V2
Topic Micro F1 47.85 30.77 50.36 65.38 78.18
Macro F1 44.44 24.65 32.83 6.42 77.12
Important Micro F1 63.50 52.53 51.00 73.33 73.93
Macro F1 62.11 52.45 49.36 71.29 73.55
Risk Micro F1 85.53 96.00 89.34 85.05 95.60
Macro F1 49.30 48.98 51.24 45.95 58.77
Sensifive Micro F1 45.37 28.01 38.64 23.33 96.96
Macro F1 32.52 21.88 27.87 21.76 67.40
ROUGE-L 0.4541 0.4156 0.4286 0.4776 0.6903
Rewritten BERTScore 0.8970 0.8520 0.8950 0.9070 0.9430
BARTScore -2.76 -3.03 -2.89 -2.78 -1.68

Table 6: Performance Comparison between LLMs and TCSI-pp-V2 on the APPSI-139 Dataset.

guage Models (LLMs), including open-weight
models (Qwen3-8B, Llama-3.1-8B) and propri-
etary systems (GPT-40-mini, Gemini-2.5). These
models have been evaluated on the APPSI-139
dataset using meticulously designed prompt engi-
neering to handle both classification and abstrac-
tive rewriting tasks, with results shown in Table 6.
As shown in Table 6, TCSI-pp-V2 consistently
outperforms the selected LLMs across most tasks
and does so with a significantly smaller parame-
ter count. This indicates that even though general-
purpose LLMs possess vast general knowledge,
they still struggle with the domain-specific nu-
ances of privacy legalities, particularly in Topic
and Sensitive classification. Moreover, our model
maintains superior generation quality with higher
ROUGE-L and BERTScore values. These results
validate that specialized fine-tuning on expert-
annotated data remains more effective than zero-
shot prompting for high-precision legal analysis.

4.7 Robustness to Input Length

To assess the robustness of TCSI-pp-V2, we have
conducted a comprehensive analysis focusing on
extreme input distributions. Specifically, TCSI-
pp-V2 has been evaluated on the 100 longest and
shortest test samples across all classification and
rewriting tasks. This evaluation has highlighted
the framework’s adaptability to varying informa-
tion densities, with detailed results in Table 7.

The experimental results demonstrate that
TCSI-pp-V2 maintains high stability across the
input length spectrum. We observe only minor
performance fluctuations: exceptionally long poli-
cies exhibit a slight decrease in Risk classification
accuracy due to their complex clause structures,

Task Metric Longest  Shortest All
Topic Micro F1 79.41 76.23 78.18
Macro F1 77.20 75.09 77.12
Tmportant Micro F1 74.56 73.64 73.93
Macro F1 71.85 72.35 73.55
Risk Micro F1 94.74 94.34 95.60
Macro F1 59.39 56.91 58.77
Sensitive Micro F1 96.83 96.18 96.96
Macro F1 66.92 66.76 67.40
ROUGE-L 0.6979 0.6542  0.6903
Rewritten BERTScore  0.9450 0.9430  0.9430
BARTScore -1.63 -1.75 -1.68

Table 7: Performance of Different Lengths.

while extremely short texts yield marginally lower
ROUGE-L scores due to the scarcity of contextual
cues. Nevertheless, the consistent performance
across all subsets underscores the effectiveness of
our multi-task architecture in processing diverse
and structurally complex privacy documents.

5 Conclusion

To address the challenges of understanding com-
plex and legally dense privacy policies, we intro-
duce APPSI-139, the first parallel corpus of En-
glish privacy policies annotated by legal experts,
aimed at providing user-friendly interpretations.
We also propose the TCSI-pp-V2 framework, a hy-
brid summarization method based on multi-task
learning that effectively balances computational
efficiency and accuracy. Based on this framework,
we develop a privacy policy summarization sys-
tem, which, according to evaluations, outperforms
general-purpose models like GPT-40 in readabil-
ity and reliability. This system helps users make
more informed and rational privacy decisions, en-
hancing the comprehension and interpretation of
English privacy policies.
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Limitation

Currently limited to English-language privacy
policies, we aim to expand our framework to cover
additional jurisdictions, multilingual settings and
other privacy document types in the future. Addi-
tionally, as the system relies on model inference
and training data, it may, in some cases, overlook
key information or generate different interpreta-
tions, which could impact the completeness and
accuracy of the summary. This is a common risk
associated with all generative models when sum-
marizing privacy policies.
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A Key Information of APPSI-139

Intended Users APPSI-139 is designed for re-
searchers and practitioners in the fields of natural
language processing, privacy policy analysis, and
Al systems. It supports a wide range of applica-
tions, including multi-task learning, text summa-
rization, and text classification. The dataset is also
suitable for policymakers and legal scholars inter-
ested in examining how privacy practices are com-
municated in consumer-facing documents.

Hosting and Maintenance Plan All datasets
in APPSI-139 are hosted and version-tracked via
GitHub and are publicly available for direct down-
load. Our core developing team is committed
and has the resources to maintain and actively de-
velop APPSI-139 for, at minimum, the next three
years. We plan to grow APPSI-139 in several di-
mensions by including new learning datasets and
leaderboards. We welcome external contributors.

Computing resources We use a server with an
NVIDIA V100 GPU, Intel(R) Xeon(R) CPU with
128GB RAM for all empirical experiments in this
manuscript.

Code availability The source code, annotation
guidelines, and dataset are provided in a public
repository, which can be accessed via https://
github.com/EnlightenedAI/APPSI-139.

Ethics Statement The development and dissem-
ination of the APPSI-139 dataset adhere to strin-
gent ethical standards to ensure the integrity of the
data, and the responsible use of the information.
This transparency ensures that users of the APPSI-
139 dataset understand the origin of the data and
the context in which it was collected.

Transferability and Scalability The APPSI-
139 dataset is designed with high transferability
across different legal regimes and domains. Our
annotation schema is hierarchical and fine-grained,
abstracting common regulatory elementssuch as
data collection, sharing, and sensitive data cate-
goriesthat are consistent across jurisdictions. For
regulatory requirements in other regions, this
schema is locally extendable or fine-tuneable with-
out rebuilding the entire framework. In future
work, our focus remains on exploring these lo-
calized extensions to support multilingual applica-
tions and cross-jurisdictional use.

Intended uses and dataset documentation
The dataset is designed for automatic summariza-
tion and rewriting of privacy policies, aiming to
help users make more informed and rational pri-
vacy decisions. By providing high-quality privacy
policy summaries, users can more easily under-
stand complex legal terms and privacy agreements,
enabling them to make wiser choices when han-
dling personal data and privacy rights. The dataset
supports research and implementation across var-
ious methods, including natural language classi-
fication and retrieval, text generation, in-context
learning, and instruction fine-tuning. In addition
to labeling and retrieving privacy policy content, it
can also optimize LL.Ms through in-context learn-
ing and instruction fine-tuning, adjusting summary
content based on user needs, thereby enhancing
the model’s performance in privacy policy appli-
cations.

Detailed  documentation  following  the
“Datasheets for Datasets” guidelines (Gebru
et al., 2021) is provided in Section H.

Accessibility

1. Links to access the dataset and its metadata
https://github.com/EnlightenedAI/
APPSI-139.

2. The data is saved in a JSON format, where an
example is shown in the README.md.

3. Research group will maintain this dataset on
the official Github account.

4. CC BY 4.0. (https://creativecommons.
org/licenses/by/4.0/)

B Data Practice Category

Data Practice Category Information also known
as Topic, is used to describe the category of the
sentence or term in privacy policies. It includes:

o First Party Collection: The types of user infor-
mation collected by the service provider, the pur-
pose of collection, and whether providing such
information is mandatory.

o Permission Acquisition: How the service
provider obtains application permissions from
users, the purpose of these permissions, and
whether they are mandatory.
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Category

Example Items

Personal Property Information

Bank account, authentication information (password), deposit in-
formation (fund amounts, payment/receipt records), property in-
formation, credit records, credit reports, transaction and consump-
tion records, transaction history, virtual currency, virtual transac-
tions, game exchange codes, etc.

Personal Health Information

Illnesses, hospitalization records, medical prescriptions, labora-
tory reports, surgery/anesthesia records, nursing records, medi-
cation records, drug/food allergy information, reproductive infor-
mation, past medical history, family medical history, infectious
disease history, etc.

Biometric Information

Genetic data, fingerprints, voiceprints, palm prints, ear shapes,
iris, facial recognition features, etc.

Personal Identity Information

ID card, military ID, passport, driver’s license, work permit, so-
cial security card, residence permit, etc.

Other Information

Sexual orientation, marital history, religious beliefs, unpublished
criminal records, communication records and content, contact
lists, friend lists, group lists, travel history, web browsing history,

accommodation information, precise location data, etc.

Table 8: Examples of personal sensitive information.

Third Party Sharing: The purposes, types, and
methods of sharing or disclosing user informa-
tion to third parties.

Usage: How user data is used, including for data
analysis, personalized recommendations, etc.

Data Retention: How user information is
stored, including the duration and location of
storage.

Data Security: How user information is pro-
tected and measures for handling data breaches.

Edit/Control: How users manage and handle
their provided personal data.

Specific Audiences: Describes privacy practices
specific to particular user groups, such as minors
or residents of specific regions.

Contact Information: How to contact the ser-
vice provider.

Policy Change: How users are notified about
changes to the privacy policy.

Cease Operation: How user data is handled
when the service ceases operations.

C Personal Sensitive Information

Personal sensitive information refers to data that,
if disclosed, misused, or disclosed without au-
thorization, may pose a threat to an individuals
safety and property. It can also lead to damage
to personal reputation, physical and mental health,
or result in discriminatory treatment. Generally,
personal information related to children under 14
years old (inclusive) and any information directly
linked to an individual’s privacy is considered sen-
sitive, as outlined in the Chinese national stan-
dard GB/T 35273-2020. The following criteria can
help determine whether information qualifies as
personal sensitive information:

1. Disclosure: When personal information is
disclosed, the individual and the organiza-
tion or institution collecting or processing it
lose control over its distribution, resulting in
uncontrolled spreading and usage. In some
cases, personal information, once leaked,
may be used against the individuals will or
in conjunction with other data, posing a sig-
nificant risk to the persons rights. This type
of information should be categorized as per-
sonal sensitive information. For example, if
someones ID card is used to register a phone
number or open a bank account without their
permission, it should be considered personal
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Algorithm 1 TCSI-pp-V2 framework.

Input: Privacy policy P; Specified topics € Topics.

Output: Summarization Py.
Initialize: P = {p1, ..., pn} < Preprocessing(P
#Step 1: Five trained experts carry out auto summ
For Vp; € P :

[i = Fy(Fe(pj, 0e),05)

If Fi(fj,0;) is True:  topic = Fy(f;,6)

If Jtopicin topics:

Filtered < topic,r; = Fr.(fj,0r),s; = Fs

); Fliltered = list()
arization.

(fju 95)7 T@U)T’it@j = rewrite(fj7 erewm’te) cC

#Step 2: Examine into a more understandable Summarization.

For Ytopic € topics: P < title_topic
#Write the title of topic to Pys.
For Vrewrite; € topic in Filtered:
If r; or s; is True:
Else:
Return P,

P,s + rewrite;)

P,is < rewrite; with highlight

all samples training samples

validation samples testing samples

Important 30877 24710
Risk 15579 12607
sensitive 15579 12607
Topic 15579 12607
Rewritten 15677 12543

3088 3088
1576 1576
1576 1576
1576 1576
1567 1567

Table 9: The statistics of train-validation-test data.

sensitive information.

Illegal Provision: Certain personal informa-
tion becomes a significant risk to the individu-
als rights when shared without consent, espe-
cially if its spread beyond the intended scope.
Such information should be regarded as per-
sonal sensitive information. For instance, sex-
ual orientation, banking details, and medical
history related to infectious diseases should
be considered sensitive if disclosed without
consent.

Abuse: Some personal information, when
used beyond its authorized limits or for pur-
poses other than originally intended, may
pose a substantial risk to an individual’s
rights. This information should be classified
as personal sensitive information. For ex-
ample, if an insurance company uses a per-
sons health information to determine premi-
ums for marketing purposes without obtain-
ing the individual’s consent, this is an abuse
of personal sensitive information.

We provides examples of personal sensitive in-
formation in Table 8.

D TCSI-pp-V2 framework

The pseudocode of the TCSI-pp-V2 framework is
shown in Algorithm 1.

E Data Splitting

We split the APPSI-139 corpus into training data,
validation data, and testing data at a ratio of
80:10:10. This approach effectively prevents po-
tential data leakage and ensures the independence
of the testing units. The details of each cor-
pus are shown in Table 9. The source code,
annotation guidelines, and dataset are available
in a public repository at https://github.com/
EnlightenedAI/APPSI-139.

F Detailed Results for Topic
Classification

Table 10 has provided a comprehensive evalua-
tion of Precision, Recall, and F1 scores for multi-
class classification on Topic, covering two mod-
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TCSI-pp TCSI-pp-v2
Topic Xlnet Electra Xlnet2gpt Electra2gpt
P R F P R F P R F P R F
First 81.5 82.6 821 882 794 835 844 803 823 902 71.6 799
Third 81.3 78.1 79.7 813 781 79.7 793 824 808 81.0 71.8 76.1
Usage 859 789 822 882 806 843 887 759 819 833 80.6 820
Retention 81.6 85.7 87.9 795 795 795 80.0 727 762 815 750 78.1
Security 83.8 76.0 79.7 704 742 723 732 796 763 79.7 6