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Abstract

This paper presents a comprehensive evalua-
tion of Large Language Models (LLMs) on
the Semantic Overlap (SOS) Task, assessing
their ability to extract overlapping information
from multiple narratives. Utilizing established
metrics like ROUGE, BERTscore, and Sem-
F1, we compare the quality of LLM-generated
summaries against reference summaries, pro-
viding insights into their effectiveness in cap-
turing semantically overlapping information.
We also introduce a novel dataset for the SOS
task, facilitating robust experimentation and
benchmarking. Through experimentation, we
analyze the strengths and limitations of vari-
ous LLMs, offering valuable insights into their
capabilities in capturing overlapping informa-
tion. The code and datasets used to conduct this
study are available at https://github.com/
jmsalvador2395/11m_eval

1 Introduction

In this paper we conduct a comprehensive evalua-
tion of LLMs on the Semantic Overlap Summariza-
tion (SOS) Task (Bansal et al., 2022b). Inspired
by (Karmaker Santu et al., 2018), this task focuses
on extracting overlapping information multiple nar-
ratives. Leveraging established metrics such as
ROUGE (Lin, 2004), BERTscore (Zhang et al.,
2020), and Sem-F1 (Bansal et al., 2022a), we as-
sess the quality of generated summaries against
reference summaries, providing insights into the
effectiveness of these models in capturing semanti-
cally overlapping information.

Moreover, we introduce a novel dataset to serve
as an additional benchmark for the SOS task, en-
riching the landscape for semantic overlap assess-
ment. As a part of our evaluation framework, we de-
vise a set of prompts utilizing the TeLER taxonomy
(Karmaker Santu and Feng, 2023), which outlines
categories of prompting methods for instruction-
tuned LLMs.
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Figure 1: Count of top prompts by level for each combi-
nation of model and metric. Level 1 prompts generally
outperform the other TeLER levels for these datasets.

2 Datasets

In this study we evaluate on two datasets for the
SOS task: the AllSides dataset which was previ-
ously presented by (Bansal et al., 2022b) and our
newly introduced PrivacyPolicy dataset.

2.1 AllSides

The AllSides dataset is collected from All-
Sides.com, a third-party online news forum known
for presenting news and information from various
political perspectives. To build the dataset, the au-
thors crawled news articles from AllSides.com, fo-
cusing on stories covering 2,925 events. These arti-
cles were sourced from media outlets affiliated with
both "Left" and "Right" political leanings, such as
the New York Times and Fox News, respectively.
Each news story includes a factual description la-
beled as "Theme" by AllSides, which serves as a
neutral point of view for readers to reference.

2.2 PrivacyPolicy

The PrivacyPolicy dataset is an additional evalua-
tion set containing 158 thoroughly validated sam-
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Figure 2: Best scores over each TeLER prompt level for all 15 evaluated LLMs and for each dataset. Yellow shows

BERTscore, green shows ROUGE, and pink shows Sem-F1.

ples. These samples were collected by crawling
the web for privacy policies posted by various
companies such as Amazon or Instagram. For
each sample, we pair a subsection of two differ-
ent policies according to 9 categories: User Ac-
cess, Edit and Deletion, Other, Data Security, User
Choice/Control, Policy Change, Data Retention,
International and Specific Audiences, First Party
Collection/Use, Third Party Sharing/Collection.
Similar to the AllSides dataset, the PrivacyPolicy
dataset also features 3 reference summaries per
sample.

3 Methodology

We evaluate our datasets using 6 families of LLMs,
totalling 15 models. Google PaLM2 (Anil et al.,
2023), OpenAl GPT-3.5-turbo and GPT-4 (OpenAl,
2023), MosaicML MPT (Team, 2023), LMSYS
Vicuna (Zheng et al., 2023), Mistral Al (Jiang et al.,
2023), and MetaAl Llama2 (Touvron et al., 2023).
For the commercial LLMs (OpenAl and Google),
we are able to use their provided APIs for inference
but for open-source LLMs we use the huggingface
transformers library (Wolf et al., 2020) to access
model weights and evaluate on a server of 4xA4500
20GB GPUs. For additional inference speed we
leverage the vLLM library (Kwon et al., 2023).

To generate our summaries, we come up with 5
sets of prompts, each comprising of one of each
TeLER level (Karmaker Santu and Feng, 2023)
from level O to level 4. After collecting our sum-
maries, the set with the highest average scores were
kept for final evaluation.

4 Results

See Figure 2 for a comprehensive breakdown of
the scores achieved by each LLM for each met-
ric. Here you can see that each model consistently
scores lower on the PrivacyPolicy dataset than the
AllSides dataset.

Figure 1 shows the spread of best scoring prompt
levels for each pair of metric and model totalling
240

5 Conclusion

In this study we provide a comprehensive look
into the capability of LLMs for the Semantic Over-
lap Summarization (SOS) task. To facilitate ro-
bust evaluation, we text on a previously created
dataset and additionally introduce the PrivacyPol-
icy dataset. We leverage the TeLER prompting tax-
onomy to devise the a set of hand-crafted prompts
that generate the highest scores we can achieve
with pre-trained instruction-tuned LLMs.
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Figure 3: Correlation scores between all evaluation met-
rics.

A.3 Average Score per Level
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Model Dataset  Level # Samples Sem-F1 (USE) Sem-FI (Distil) Sem-FI (RoBERTa) Rouge-1 Rouge-2 Rouge-L Rouge-L Sum BERTSscore

Imsys/vicuna-13b-v1.5-16k all_sides 0 137 0.25 0.3 0.3 0.16 0.07 0.12 0.13 -0.29
Imsys/vicuna-13b-v1.5-16k all_sides 1 137 0.17 0.23 0.23 0.14 0.07 0.12 0.12 -0.36
Imsys/vicuna-13b-v1.5-16k all_sides 2 137 0.18 0.24 0.23 0.15 0.07 0.12 0.13 -0.33
Imsys/vicuna-13b-v1.5-16k all_sides 3 137 0.42 0.41 0.43 0.36 0.17 0.26 0.28 0.28
Imsys/vicuna-13b-v1.5-16k all_sides 4 137 0.47 0.45 0.48 0.37 0.19 0.28 0.29 0.3
Imsys/vicuna-13b-v1.5 all_sides 0 137 0.24 0.29 0.28 0.17 0.08 0.13 0.14 -0.29
Imsys/vicuna-13b-v1.5 all_sides 1 137 0.2 0.26 0.25 0.16 0.08 0.13 0.13 -0.3
Imsys/vicuna-13b-v1.5 all_sides 2 137 0.42 0.41 0.42 0.36 0.17 0.26 0.28 0.28
Imsys/vicuna-13b-v1.5 all_sides 3 137 0.42 0.41 0.43 0.35 0.16 0.26 0.27 0.27
Imsys/vicuna-13b-v1.5 all_sides 4 137 0.45 043 0.45 0.37 0.18 0.27 0.29 0.28
Imsys/vicuna-7b-v1.5-16k all_sides 0 137 0.38 0.39 0.4 0.24 0.12 0.17 0.19 -0.04
Imsys/vicuna-7b-v1.5-16k all_sides 1 137 0.5 0.49 0.5 0.34 0.17 0.26 0.26 0.24
Imsys/vicuna-7b-v1.5-16k all_sides 2 137 0.43 0.42 0.44 0.35 0.17 0.27 0.28 0.25
Imsys/vicuna-7b-v1.5-16k all_sides 3 137 0.38 0.38 0.39 0.34 0.16 0.25 0.27 0.26
Imsys/vicuna-7b-v1.5-16k all_sides 4 137 0.36 0.35 0.37 0.29 0.14 0.22 0.23 0.2
Imsys/vicuna-7b-v1.5 all_sides 0 137 0.32 0.33 0.34 0.18 0.08 0.13 0.15 -0.16
Imsys/vicuna-7b-v1.5 all_sides 1 137 0.5 0.5 0.5 0.35 0.19 0.26 0.27 0.25
Imsys/vicuna-7b-v1.5 all_sides 2 137 0.44 0.43 0.45 0.39 0.21 0.3 0.32 0.33
Imsys/vicuna-7b-v1.5 all_sides 3 137 0.4 0.39 0.41 0.34 0.17 0.26 0.27 0.28
Imsys/vicuna-7b-v1.5 all_sides 4 137 0.35 0.35 0.37 0.27 0.13 0.2 0.21 0.19
meta-llama/Llama-2-13b-chat-hf  all_sides 0 137 0.58 0.57 0.59 0.26 0.13 0.17 0.2 0.21
meta-llama/Llama-2-13b-chat-hf  all_sides 1 137 0.44 0.44 0.46 0.42 0.23 0.33 0.34 0.34
meta-llama/Llama-2-13b-chat-hf  all_sides 2 137 0.54 0.49 0.52 0.35 0.16 0.25 0.26 0.29
meta-llama/Llama-2-13b-chat-hf  all_sides 3 137 0.46 0.4 0.46 0.32 0.14 0.22 0.25 0.13
meta-llama/Llama-2-13b-chat-hf  all_sides 4 137 0.5 0.46 0.51 0.32 0.14 0.22 0.24 0.2
meta-llama/Llama-2-7b-chat-hf all_sides 0 137 0.59 0.58 0.6 0.26 0.13 0.17 0.19 0.21
meta-llama/Llama-2-7b-chat-hf all_sides 1 137 0.6 0.57 0.59 0.42 0.23 0.32 0.32 0.38
meta-llama/Llama-2-7b-chat-hf all_sides 2 137 0.54 0.48 0.52 0.35 0.16 0.25 0.26 0.29
meta-llama/Llama-2-7b-chat-hf all_sides 3 137 0.5 0.45 0.49 0.33 0.14 0.24 0.24 0.26
meta-1lama/Llama-2-7b-chat-hf all_sides 4 137 0.49 0.45 0.48 0.33 0.14 0.24 0.24 0.26
mistralai/Mistral-7B-Instruct-v0.1 ~ all_sides 0 137 0.53 0.52 0.54 0.32 0.13 0.21 0.21 0.25
mistralai/Mistral-7B-Instruct-v0.1 ~ all_sides 1 137 0.65 0.62 0.62 0.47 0.29 0.39 0.39 0.47
mistralai/Mistral-7B-Instruct-v0.1 ~ all_sides 2 137 0.53 0.47 0.52 0.36 0.17 0.26 0.26 0.29
mistralai/Mistral-7B-Instruct-v0.1 ~ all_sides 3 137 0.52 0.46 0.5 0.35 0.17 0.26 0.27 0.27
mistralai/Mistral-7B-Instruct-v0.1  all_sides 4 137 0.52 0.47 0.51 0.37 0.18 0.27 0.27 0.29
mistralai/Mistral-7B-Instruct-v0.2  all_sides 0 137 0.48 0.44 0.47 0.18 0.07 0.11 0.13 0.06
mistralai/Mistral-7B-Instruct-v0.2  all_sides 1 137 0.64 0.64 0.63 0.45 0.25 0.36 0.36 0.45
mistralai/Mistral-7B-Instruct-v0.2 ~ all_sides 2 137 0.53 0.48 0.53 0.37 0.18 0.28 0.28 0.33
mistralai/Mistral-7B-Instruct-v0.2  all_sides 3 137 0.52 0.48 0.54 0.38 0.19 0.29 0.29 0.32
mistralai/Mistral-7B-Instruct-v0.2  all_sides 4 137 0.54 0.49 0.54 0.38 0.19 0.29 0.29 0.32
mosaicml/mpt-7b-chat all_sides 0 137 0.41 0.41 0.44 0.25 0.11 0.17 0.18 0.14
mosaicml/mpt-7b-chat all_sides 1 137 0.54 0.5 0.54 0.32 0.15 0.23 0.23 0.26
mosaicml/mpt-7b-chat all_sides 2 137 0.5 0.45 0.5 0.32 0.14 0.23 0.23 0.25
mosaicml/mpt-7b-chat all_sides 3 137 0.47 0.44 0.49 0.29 0.12 0.21 0.21 0.22
mosaicml/mpt-7b-chat all_sides 4 137 0.5 0.46 0.5 0.31 0.14 0.23 0.23 0.23
mosaicml/mpt-7b-instruct all_sides 0 137 0.59 0.57 0.6 0.28 0.2 0.23 0.24 0.25
mosaicml/mpt-7b-instruct all_sides 1 137 0.6 0.56 0.59 0.36 0.18 0.26 0.26 0.3
mosaicml/mpt-7b-instruct all_sides 2 137 0.52 0.46 0.5 0.28 0.12 0.2 0.2 0.18
mosaicml/mpt-7b-instruct all_sides 3 137 0.49 0.44 0.48 0.27 0.11 0.18 0.19 0.14
mosaicml/mpt-7b-instruct all_sides 4 137 0.53 0.5 0.53 0.28 0.15 0.2 0.22 0.17
mosaicml/mpt-30b-chat all_sides 0 137 0.57 0.56 0.58 0.27 0.14 0.18 0.19 0.2
mosaicml/mpt-30b-chat all_sides 1 137 0.52 0.51 0.54 0.25 0.14 0.19 0.2 0.17
mosaicml/mpt-30b-chat all_sides 2 137 0.46 0.44 0.47 0.22 0.09 0.15 0.16 0.11
mosaicml/mpt-30b-chat all_sides 3 137 0.44 0.42 0.47 0.2 0.08 0.14 0.15 0.07
mosaicml/mpt-30b-chat all_sides 4 137 0.45 0.44 0.48 0.23 0.1 0.16 0.16 0.09
mosaicml/mpt-30b-instruct all_sides 0 137 0.59 0.56 0.58 0.35 0.19 0.26 0.27 0.31
mosaicml/mpt-30b-instruct all_sides 1 137 0.6 0.56 0.57 0.39 0.19 0.32 0.32 0.41
mosaicml/mpt-30b-instruct all_sides 2 137 0.44 0.43 0.43 0.29 0.13 0.24 0.24 0.22
mosaicml/mpt-30b-instruct all_sides 3 137 0.48 0.47 0.47 0.33 0.14 0.28 0.27 0.27
mosaicml/mpt-30b-instruct all_sides 4 137 0.47 0.44 0.47 0.33 0.14 0.25 0.25 0.26
chat-bison-001 all_sides 0 137 0.55 0.52 0.54 0.22 0.09 0.15 0.17 0.15
chat-bison-001 all_sides 1 137 0.63 0.59 0.61 0.46 0.27 0.39 0.39 0.47
chat-bison-001 all_sides 2 137 0.5 0.46 0.49 0.35 0.16 0.26 0.26 0.28
chat-bison-001 all_sides 3 137 0.49 0.43 0.49 0.33 0.15 0.24 0.25 0.21
chat-bison-001 all_sides 4 137 0.55 0.5 0.54 0.37 0.18 0.28 0.28 0.3
gpt-3.5-turbo all_sides 0 137 0.53 0.52 0.54 0.32 0.13 0.21 0.21 0.26
gpt-3.5-turbo all_sides 1 137 0.63 0.59 0.62 0.48 0.28 0.41 041 0.46
gpt-3.5-turbo all_sides 2 137 0.51 0.47 0.51 0.36 0.18 0.28 0.28 0.3
gpt-3.5-turbo all_sides 3 137 0.51 0.47 0.51 0.37 0.18 0.27 0.28 0.28
gpt-3.5-turbo all_sides 4 137 0.51 0.47 0.52 0.36 0.18 0.26 0.27 0.29
gpt-4 all_sides 0 137 0.6 0.57 0.6 0.37 0.17 0.25 0.25 0.32
gpt-4 all_sides 1 137 0.65 0.61 0.64 0.47 0.26 0.38 0.38 0.44
gpt-4 all_sides 2 137 0.58 0.51 0.56 0.41 0.2 0.29 0.29 0.33
gpt-4 all_sides 3 137 0.58 0.5 0.55 0.4 0.2 0.29 0.29 0.33
gpt-4 all_sides 4 137 0.6 0.53 0.58 0.4 0.2 0.3 0.3 0.35

Table 1: All data collected on the AllSides dataset for our finalized set of prompts



Model
Imsys/vicuna-13b-v1.5-16k
Imsys/vicuna-13b-v1.5-16k
Imsys/vicuna-13b-v1.5-16k
Imsys/vicuna-13b-v1.5-16k
Imsys/vicuna-13b-v1.5-16k
Imsys/vicuna-13b-v1.5
Imsys/vicuna-13b-v1.5
Imsys/vicuna-13b-v1.5
Imsys/vicuna-13b-v1.5
Imsys/vicuna-13b-v1.5
Imsys/vicuna-7b-v1.5-16k
Imsys/vicuna-7b-v1.5-16k
Imsys/vicuna-7b-v1.5-16k
Imsys/vicuna-7b-v1.5-16k
Imsys/vicuna-7b-v1.5-16k
Imsys/vicuna-7b-v1.5
Imsys/vicuna-7b-v1.5
Imsys/vicuna-7b-v1.5
Imsys/vicuna-7b-v1.5
Imsys/vicuna-7b-v1.5
meta-llama/Llama-2-13b-chat-hf
meta-llama/Llama-2-13b-chat-hf
meta-llama/Llama-2-13b-chat-hf
meta-llama/Llama-2-13b-chat-hf
meta-llama/Llama-2-13b-chat-hf
meta-llama/Llama-2-7b-chat-hf
meta-llama/Llama-2-7b-chat-hf
meta-llama/Llama-2-7b-chat-hf
meta-llama/Llama-2-7b-chat-hf
meta-llama/Llama-2-7b-chat-hf
mistralai/Mistral-7B-Instruct-v0.1
mistralai/Mistral-7B-Instruct-v0.1
mistralai/Mistral-7B-Instruct-v0.1
mistralai/Mistral-7B-Instruct-v0.1
mistralai/Mistral-7B-Instruct-v0.1
mistralai/Mistral-7B-Instruct-v0.2
mistralai/Mistral-7B-Instruct-v0.2
mistralai/Mistral-7B-Instruct-v0.2
mistralai/Mistral-7B-Instruct-v0.2
mistralai/Mistral-7B-Instruct-v0.2
mosaicml/mpt-7b-chat
mosaicml/mpt-7b-chat
mosaicml/mpt-7b-chat
mosaicml/mpt-7b-chat
mosaicml/mpt-7b-chat
mosaicml/mpt-7b-instruct
mosaicml/mpt-7b-instruct
mosaicml/mpt-7b-instruct
mosaicml/mpt-7b-instruct
mosaicml/mpt-7b-instruct
mosaicml/mpt-30b-chat
mosaicml/mpt-30b-chat
mosaicml/mpt-30b-chat
mosaicml/mpt-30b-chat
mosaicml/mpt-30b-chat
mosaicml/mpt-30b-instruct
mosaicml/mpt-30b-instruct
mosaicml/mpt-30b-instruct
mosaicml/mpt-30b-instruct
mosaicml/mpt-30b-instruct
chat-bison-001

chat-bison-001

chat-bison-001

chat-bison-001

chat-bison-001

gpt-3.5-turbo

gpt-3.5-turbo

gpt-3.5-turbo

gpt-3.5-turbo

gpt-3.5-turbo

Table 2: All data collected on the PrivacyPolicy dataset using our finalized set of prompts

Dataset

privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy
privacy_policy

Level

PN~ O RWLURN—~ORWN—~ORWN—OO

PN~ O RWLWRN—~ORWN—~—ORWN—-0RWN—O A

W~ O R WLWRN—~ORWN—~—ORWN—~0ORAWN—O A

W= O &

# Samples

137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137
137

Sem-F1 (USE)

0.17
0.15
0.25
0.23
0.29
0.2

0.19
0.25
0.25
0.27
0.22
0.27
0.24
0.28
0.3

0.21
0.25
0.24
0.24
0.24
0.29
0.29
0.3

0.29
0.28
0.29
0.32
0.31
0.31
0.3

0.3

0.28
0.31
0.3

0.31
0.24
0.33
0.31
0.31
0.31
0.24
0.27
0.26
0.27
0.27
0.32
0.28
0.27
0.27
0.27
0.29
0.31
0.31
0.31
0.31
0.27
0.28
0.29
0.28
0.28
0.26
0.33
0.32
0.33
0.33
0.34
0.34
0.33
0.34
0.34
0.31
0.34
0.33
0.33
0.34

Sem-F1 (Distil)

0.26
0.24
0.37
0.34
0.4

0.29
0.29
0.37
0.38
0.39
0.32
0.39

0.46

Sem-F1 (RoBERTa)

0.27
0.23
0.41
0.36
0.44
0.3

0.29
0.41
0.41
0.42
0.33
0.4

0.39
0.45
0.44
0.31
0.39

Rouge-1

0.06
0.1

0.19
0.14
0.18
0.07
0.11
0.2

0.17
0.18
0.06
0.2

0.2

0.18
0.18
0.06
0.17
0.2

0.17
0.18
0.1

0.23
0.18
0.18
0.16
0.09
0.23
0.19
0.18
0.18
0.14
0.22
0.2

0.19
0.2

0.05
0.24
0.21
0.21
0.21
0.12
0.19
0.18
0.17
0.17
0.13
0.18
0.15
0.16
0.14
0.12
0.18
0.11
0.13
0.14
0.15
0.22
0.19
0.19
0.18
0.09
0.26
0.22
0.2

0.22
0.14
0.27
0.21
0.22
0.23
0.13
0.26
0.22
0.21
0.22

Rouge-2 Rouge-L  Rouge-L Sum
0.02

0.03
0.05
0.04
0.05
0.02
0.04
0.06
0.05

0.06

0.05 0.05
0.08 0.08
0.14 0.15
0.1 0.1

0.13 0.14
0.05 0.06
0.09 0.09
0.14 0.16
0.12 0.13
0.13 0.14
0.04 0.05
0.15 0.15
0.14 0.16
0.13 0.14
0.13 0.13
0.04 0.05
0.12 0.13
0.14 0.16
0.13 0.14
0.13 0.14
0.07 0.09
0.17 0.18
0.13 0.14
0.13 0.13
0.11 0.12
0.06 0.07
0.17 0.17
0.13 0.14
0.13 0.13
0.14 0.14
0.1 0.1

0.17 0.17
0.14 0.14
0.14 0.14
0.14 0.14
0.03 0.04
0.19 0.19
0.15 0.15
0.14 0.15
0.15 0.15
0.09 0.09
0.14 0.14
0.12 0.13
0.12 0.13
0.12 0.13
0.09 0.1

0.13 0.14
0.11 0.12
0.11 0.13
0.1 0.11
0.08 0.09
0.14 0.14
0.08 0.09
0.09 0.1

0.11 0.11
0.11 0.12
0.18 0.18
0.14 0.14
0.14 0.15
0.14 0.14
0.07 0.08
0.21 0.22
0.16 0.16
0.15 0.16
0.17 0.17
0.1 0.11
0.22 0.22
0.15 0.15
0.16 0.16
0.16 0.16
0.09 0.1

0.2 0.2

0.15 0.15
0.14 0.14
0.15 0.15

BERTSscore
-0.38
-0.32
0.1
-0.12
0.08
-0.3
-0.22
0.14
0.08
0.1
-0.27
0.11
0.13
0.11
0.1
-0.26
0.06
0.13
0.09



Dataset Lv | BERTscore | Rouge-1 | Rouge2 | Rouge-L | Rouge-L Sum | Sem-F1 (Distil) | Sem-F1 (RoBERTa) | Sem-F1 (USE)
0 -0.108 0.101 0.031 0.071 0.080 0.369 0.401 0.263
1 0.099 0.204 0.063 0.157 0.160 0.393 0.413 0.282

PrivacyPolicy | 2 0.111 0.190 0.049 0.135 0.143 0.401 0.443 0.288
3 0.086 0.180 0.047 0.129 0.135 0.403 0.443 0.289
4 0.099 0.185 0.050 0.134 0.138 0.411 0.445 0.296
0 0.105 0.255 0.123 0.177 0.190 0.475 0.493 0.481
1 0.265 0.365 0.199 0.290 0.292 0.511 0.526 0.525

AllSides 2 0.227 0.327 0.154 0.243 0.249 0.443 0.473 0.475
3 0.239 0.331 0.152 0.243 0.252 0.437 0.474 0.472
4 0.249 0.332 0.159 0.245 0.251 0.453 0.489 0.486

Table 3: Average scores per metric broken down by level and dataset. highest of each metric and dataset are in bold.




