
Benchmarking LLMs on the Semantic Overlap Summarization Task

Anonymous ACL submission

Abstract

Semantic Overlap Summarization (SOS) is001
a constrained multi-document summarization002
task, where the constraint is to capture the com-003
mon/overlapping information between two al-004
ternative narratives. In this work, we perform005
a benchmarking study of popular Large Lan-006
guage Models (LLMs) exclusively on the SOS007
task. Additionally, we introduce the Privacy-008
PolicyPairs (3P) dataset to expand the space009
of SOS benchmarks in terms of quantity and010
variety. This dataset provides 135 high-quality011
SOS data samples sourced from privacy policy012
documents. We then use a standard prompting013
taxonomy called TELeR to create and evaluate014
905, 216 distinct LLM-generated summaries015
over two SOS datasets from different domains,016
and we further conduct human evaluation on017
a subset of 540 samples. We conclude the pa-018
per by analyzing models’ performances and the019
reliability of automatic evaluation1.020

1 Introduction021

In the field of Natural Language Processing (NLP),022

Large Language Models (LLMs) have proven them-023

selves to be the most capable text generation024

models in a variety of tasks and fields (Bubeck025

et al., 2023; Dai et al., 2022; Du et al., 2022;026

Smith et al., 2022; Schäfer et al., 2024; School,027

2023; Thirunavukarasu et al., 2023). One task028

where LLMs are understudied is Semantic Over-029

lap Summarization (SOS) (Bansal et al., 2022b;030

Karmaker Santu et al., 2018), where the goal is to031

summarize the common/overlapping information032

between two alternative narratives conveying simi-033

lar information. Applications for this task include034

isolating facts from opinions in news articles, infor-035

mation aggregation for legal documents, extracting036

common issues related to a product reported in037

online reviews, etc. In this paper, we conduct a038

1The code and datasets used to conduct this study are
available at https://anonymous.4open.science/r/llm_
eval-E16D

comprehensive benchmarking study on how LLMs 039

perform on the SOS task using 16 popular models. 040

As LLMs’ performance can widely vary 041

with prompt variations (Rodriguez et al., 2023; 042

Reynolds and McDonell, 2021), we use a standard 043

prompting taxonomy, TELeR (Santu and Feng, 044

2023), to devise a comprehensive set of prompts 045

with different degrees of detail before invoking 046

LLMs to perform the SOS task. Our evaluation 047

includes two different alternative narrative-pairs 048

datasets. The first dataset is the previously intro- 049

duced AllSides dataset released by Bansal et al. 050

(2022b), and the second dataset is our original con- 051

tribution, which was built with extensive human 052

annotation effort, which we name as the Privacy- 053

PolicyPairs (3P) dataset. 054

We report ROUGE, BERTscore, and SEM-F1 055

on the Allsides and 3P datasets for each combina- 056

tion of LLMs and prompt style, totaling 905,216 057

distinct samples. We further collected human anno- 058

tations on a subset of 540 samples to truly gauge 059

the capabilities of LLMs in capturing overlapping 060

information from multiple narratives. Finally, we 061

analyze LLMs’ performances and the reliability 062

of automatic evaluation via correlation analysis 063

against human annotations. 064

2 The Benchmark Datasets 065

2.1 The AllSides Data 066

The AllSides dataset is the first to be introduced 067

for the SOS task. To build this dataset, Bansal et al. 068

(2022b) crawled news articles from AllSides.com 069

to create 2,788 sample training set and 137 sample 070

test set. Each sample contains 2 source documents 071

of left and right-leaning sources and is accompa- 072

nied by a reference summary. The test set includes 073

an additional 3 human-annotated summaries for 074

more robust evaluation. 075
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2.2 The PrivacyPolicyPairs (3P) Data076

For a more diverse evaluation, we introduce the077

PrivacyPolicyPairs (3P) dataset, focusing on the078

SOS task for a different domain and containing 135079

human-annotated samples. Each sample comprises080

2 source documents (two different privacy policy081

narratives), the category of passage, 3 reference082

summaries, company names, and word counts (ex-083

ample figure in the appendix). Our (3P) dataset is084

built on the OPP-115 Corpus introduced by Wilson085

et al. (2016), which comprises 115 privacy policies086

(267K words) spanning 15 sectors (Arts, Shopping,087

News, etc.). The policy data of the OPP-115 corpus088

are also tagged with the following categories:089

• First Party Collection/Use090
• Third Party Sharing/Col-091

lection092
• User Choice/Control093
• User Access, Edit, & Dele-094

tion095
• Data Retention

• Data Security
• Policy Change
• Do Not Track
• International & Specific

Audiences
• Other

These categories are associated with text spans096

in each document that denote where the labels097

were relevant. Our motivation behind introducing098

a new dataset for SOS evaluation is to 1) extend099

the amount of available testing data from just 137100

samples from the AllSides evaluation set to 272101

total evaluation samples with a combined total of102

953 human annotations and 2) provide data from a103

domain different from the AllSides data.104

Constructing the 3P Dataset: To build the 3P105

dataset, we set out to create pairs of passages from106

the original OPP-115 corpus. To ensure a degree of107

overlap, we first grouped each document into the108

15 sectors that were originally assigned by Wilson109

et al. (2016) (Arts, Shopping, Business, News, etc.).110

Then, within each sector, we paired different pas-111

sages according to their category labels (First Party112

Collection, Data Retention, etc.). This process re-113

sulted in 6110 passage pairs across all sectors.114

Out of the 15 sectors, we focused on eCommerce,115

Technology, and Food and Drink. We then recruited116

three volunteer annotators from the department and117

instructed them to write a summary of common118

information present in each document pair. The119

exact instructions can be found in Appendix A.6.120

After the initial round of annotation, the annotators121

came together, discussed the differences in each122

of their summaries, and revised their original sum-123

maries accordingly. After revising and removing124

samples with no overlap, we yielded 3 annotations125

per passage pair for a total of 405 annotations for 126

135 high-quality samples. 127

3 Methodology 128

3.1 Evaluated Large Language Models 129

We choose to test our datasets using 7 families of 130

instruction-tuned LLMs, totaling 16 models which 131

are listed in Table 1. OpenAI and Google provide 132

their own unique APIs but for open source LLMs, 133

we used the transformers library (Wolf et al., 2020) 134

to access model weights and run inference on a 135

server with 4 Nvidia A4500 20GB GPUs. For 136

additional speedup, we utilized the vLLM library 137

(Kwon et al., 2023). 138

LLM Family Model
Google Gemini gemini-1.5-pro-001 (May 2024)
(Team et al., 2024)
OpenAI gpt-3.5-turbo-0125 (May 2024)
(OpenAI, 2023)

mosaicml/mpt-7b-chat (7B)
MosaicML MPT mosaicml/mpt-30b-chat (30B)
(Team, 2023) mosaicml/mpt-7b-instruct (7B)

mosaicml/mpt-30b-instruct (30B)
lmsys/vicuna-7b-v1.5 (7B)

LMSYS Vicuna lmsys/vicuna-13b-v1.5 (13B)
(Zheng et al., 2023) lmsys/vicuna-7b-v1.5-16k (7B)

lmsys/vicuna-13b-v1.5-16k (13B)
MistralAI mistralai/Mistral-7B-Instruct-v0.1 (7B)
(Jiang et al., 2023) mistralai/Mistral-7B-Instruct-v0.2 (7B)
MetaAI Llama2 meta-llama/Llama-2-7b-chat-hf (7B)
(Touvron et al., 2023) meta-llama/Llama-2-13b-chat-hf (13B)
Microsoft Phi-3 microsoft/Phi-3-mini-4k-instruct (3.8B)
(Abdin et al., 2024) microsoft/Phi-3-mini-128k-instruct 3.8B)

Table 1: The list of models evaluated in this paper with
parameter counts. We use 7 families of models, 2 of
which are closed source, and 5 open source.

3.2 Prompt Design 139

We prompted LLMs in a zero-shot setting as these 140

methods have gained popularity with the growing 141

capabilities of LLMs (Sarkar et al., 2023, 2022). 142

Specifically, we utilize the guidelines laid out by 143

the TELeR taxonomy due to its use and reference in 144

previous studies (Hadi et al., 2023; Li et al., 2024; 145

Hackl et al., 2023; Eigner and Händler, 2024a,b; 146

Rodrigues et al., 2024). For this study, we used 147

TELeR levels 0 through 4 (5 out of the 7). To 148

ensure comprehensive prompt engineering, we cre- 149

ated templates for TELeR levels 0 through 4 and 150

In-Context Learning styled prompts (Brown et al., 151

2020) (details in appendix A.6). For each template, 152

we then created variations of prompts that follow 153

their respective formats. For example, the group 154

of TELeR L1 prompts is comprised of 8 prompts: 155

5 general, 3 AllSides-specific, and 3 3P-specific. 156

Then, to construct our final set of prompts, we 157

took all possible combinations of system roles and 158
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prompts, creating 56,576 prompts for each of our159

16 models and, thus, creating 905,216 distinct160

evaluation samples in total.161

3.3 Evaluation162

Automatic Evaluation: We conduct automatic163

evaluation using 11 different metrics. For lexical164

overlap metrics we use ROUGE (Lin, 2004),165

BLEU (Papineni et al., 2002), METEOR (Lavie166

and Agarwal, 2007), chrF (Popović, 2015),167

Translation Edit Rate (Snover et al., 2006), and168

CIDEr (Vedantam et al., 2015). For embedding-169

based metrics we use BERTscore (Zhang170

et al., 2020), SEM-F1 (Bansal et al., 2022a),171

BLEURT (Sellam et al., 2020), Mover-172

Score (Zhao et al., 2019), and Sentence173

Mover’s Similarity (Clark et al., 2019). See174

Appendix A.4 for details of each metric.175

Human Evaluation: We recruited 3 human volun-176

teer for annotation purposes. To avoid the burden177

of having annotators analyze 9 million samples,178

we reduce the number of evaluation samples by 1)179

evaluating a subset of data that corresponds to 15180

narrative pairs (7 from AllSides and 8 from 3P) out181

of the 272 test set samples from AllSides and 3P,182

2) evaluating only the largest/newest models from183

each family and 3) evaluating only the summaries184

that correspond to the best-performing prompts185

within each TELeR level. This strategy reduced186

the number of summary evaluations from 9M to187

540 samples per annotator. The annotators scored188

model summaries on a scale of 0-5 based on how189

well they captured the overlapping information be-190

tween the two documents given. After individually191

scoring the summaries, the annotators sat together192

to resolve disagreements and assign a final score193

to each sample, giving us 2,160 scores across all194

samples.195

4 Results196

Human Evaluation: The average annotation197

scores provided by humans are shown in Table 3.198

Out of all model families, gpt-3.5-turbo summaries199

were most preferred with an average score of 3.53200

followed by mpt-30b-chat with 3.39 average. From201

the different prompt styles we tested, responses202

generated from TELeR L2 were most preferred203

with a 3.42 average.204

Automatic Evaluation: We report automatic eval-205

uation results for all metrics, all models, and all206

datasets in Table 2. This table shows the high- 207

est scores achieved by each model across the set 208

of all prompts with different TELeR levels. For 209

the AllSides dataset, the best-scoring models vary 210

with the evaluation metric used, with some metrics 211

yielding phi-3-mini-128k-instruct as the best, 212

while others favor gemini-pro. For the 3P dataset, 213

gpt-3.5-turbo consistently scored the best with 214

gemini-pro coming in second across most met- 215

rics. 216

Figure 1: System-level Pearson correlation and
Kendall’s τ scores between annotator scores and auto-
matic evaluation metrics (higher is better). The “comb”
subscript shows the combined score where the annota-
tors sat with each other to settle on a final score for each
annotation sample.

Human Vs. Automatic Evaluation: In Figure 1, 217

we report the System-level Kendall’s τ and Pear- 218

son’s ρ correlation coefficients between all our met- 219

rics and our human annotations (Chaganty et al., 220

2018; Novikova et al., 2017; Peyrard et al., 2017; 221

Bhandari et al., 2020). We show the correlation 222

scores for each individual annotator, but focus on 223

the Acomb field, which represents the final score 224

that was agreed upon by all annotators. Interest- 225

ingly, while Sem-F1 was originally proposed as a 226

specialized metric for the SOS task (Bansal et al., 227

2022a) and while this is indeed shown to be the 228

case according to the Kendall’s τ correlation, we 229

can also see that it is matched by SMS and is also 230

seen being beaten by METEOR in Pearson’s ρ. 231

Key Findings: Our comprehensive benchmarking 232

study provides us with the following interesting 233
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AllSides Dataset

Model R-L Sum R-L R-1 R-2 BLEU METEOR chrF TER ↓ Sem-F1 BERT
score BLEURT Mover

score SMS

gemini-pro 0.418 (l1) 0.418 (l1) 0.499 (l1) 0.331 (l1) 0.003 (l0) 0.538 (l1) 54.634 (l1) 138.21 (l1) 0.643 (l1) 0.503 (l1) -0.144 (l1) 0.617 (l1) 0.617 (l1)
gpt-3.5-turbo 0.421 (l1) 0.421 (l1) 0.494 (l1) 0.300 (l1) 0.003 (icl) 0.528 (l1) 53.151 (l1) 148.21 (l1) 0.641 (l4) 0.490 (l1) -0.174 (l1) 0.616 (l1) 0.612 (l1)
vicuna-13b-v1.5 0.330 (l3) 0.317 (l3) 0.426 (l2) 0.231 (l2) 0.004 (l1) 0.487 (l2) 49.272 (l2) 142.27 (l2) 0.528 (l2) 0.393 (l2) -0.412 (l3) 0.586 (l3) 0.590 (l1)
vicuna-13b-v1.5-16k 0.326 (l2) 0.296 (l4) 0.410 (l2) 0.236 (l1) 0.003 (l1) 0.462 (l3) 47.970 (l1) 130.22 (l1) 0.535 (l3) 0.362 (l2) -0.440 (l3) 0.581 (l4) 0.590 (l1)
vicuna-7b-v1.5 0.355 (l2) 0.333 (l2) 0.446 (l2) 0.255 (l2) 0.004 (l1) 0.497 (l2) 50.817 (l2) 321.37 (l3) 0.549 (l4) 0.405 (l2) -0.439 (l3) 0.590 (l2) 0.595 (l2)
vicuna-7b-v1.5-16k 0.323 (l2) 0.309 (l2) 0.419 (l2) 0.231 (l2) 0.004 (l1) 0.484 (l2) 48.843 (l2) 308.47 (l3) 0.550 (l3) 0.387 (l2) -0.407 (l3) 0.582 (l2) 0.586 (l2)
Llama-2-13b-chat-hf 0.372 (l1) 0.357 (l1) 0.442 (l1) 0.257 (l1) 0.002 (l1) 0.495 (l4) 49.459 (l1) 236.98 (l1) 0.563 (l2) 0.369 (l1) -0.468 (l2) 0.592 (l1) 0.584 (l1)
Llama-2-7b-chat-hf 0.336 (l3) 0.332 (l1) 0.434 (l3) 0.239 (l3) 0.002 (l1) 0.498 (l3) 49.593 (l3) 251.37 (l4) 0.603 (l2) 0.402 (l3) -0.309 (l1) 0.589 (l1) 0.588 (l3)
Phi-3-mini-128k-instruct 0.442 (l3) 0.433 (l3) 0.507 (l3) 0.342 (l3) 0.003 (l2) 0.541 (l1) 54.296 (l1) 156.74 (l2) 0.646 (l1) 0.480 (l1) -0.179 (l1) 0.616 (l1) 0.623 (l1)
Phi-3-mini-4k-instruct 0.375 (l1) 0.375 (l1) 0.453 (l1) 0.255 (l1) 0.002 (l1) 0.493 (l1) 49.756 (l1) 198.04 (l1) 0.607 (l3) 0.445 (l1) -0.188 (l1) 0.600 (l1) 0.588 (l1)
Mistral-7B-Instruct-v0.1 0.428 (l1) 0.428 (l1) 0.498 (l1) 0.318 (l1) 0.002 (l1) 0.539 (l1) 53.128 (l1) 190.72 (l1) 0.636 (l3) 0.494 (l1) -0.194 (l1) 0.614 (l1) 0.613 (l1)
Mistral-7B-Instruct-v0.2 0.374 (l1) 0.374 (l1) 0.464 (l1) 0.268 (l4) 0.002 (l0) 0.511 (l4) 51.546 (l4) 253.57 (l1) 0.637 (l1) 0.462 (l1) -0.229 (l1) 0.601 (l1) 0.596 (l1)
mpt-30b-chat 0.340 (l1) 0.338 (l1) 0.419 (l1) 0.252 (l1) 0.001 (l2) 0.476 (l2) 47.994 (l2) 520.50 (l2) 0.596 (l1) 0.374 (l2) -0.319 (l2) 0.588 (l1) 0.591 (l1)
mpt-30b-instruct 0.345 (l1) 0.345 (l1) 0.427 (l1) 0.237 (l2) 0.010 (l3) 0.445 (l2) 46.618 (l2) 112.52 (l2) 0.602 (l2) 0.435 (l1) -0.309 (l1) 0.593 (l1) 0.588 (l2)
mpt-7b-chat 0.267 (l4) 0.263 (l3) 0.356 (l3) 0.206 (l4) 0.003 (icl) 0.434 (l4) 43.745 (l4) 327.89 (l2) 0.578 (l4) 0.304 (l3) -0.378 (l3) 0.593 (l2) 0.585 (l4)
mpt-7b-instruct 0.278 (l1) 0.277 (l1) 0.370 (l1) 0.195 (l1) 0.006 (l4) 0.422 (l1) 44.214 (l1) 134.32 (l4) 0.585 (l2) 0.316 (l3) -0.378 (l3) 0.571 (l1) 0.586 (l2)

PrivacyPolicyPairs (3P) Dataset
gemini-pro 0.244 (l4) 0.243 (l4) 0.314 (l4) 0.118 (l1) 0.003 (icl) 0.347 (l4) 41.843 (l4) 150.77 (l1) 0.528 (l4) 0.308 (l1) -0.198 (l2) 0.561 (l4) 0.545 (l4)
gpt-3.5-turbo 0.262 (l1) 0.262 (l1) 0.324 (l1) 0.117 (l1) 0.003 (l1) 0.355 (l1) 41.186 (l2) 171.67 (l1) 0.535 (l4) 0.329 (l1) -0.156 (l1) 0.567 (l1) 0.546 (l1)
vicuna-13b-v1.5 0.196 (l2) 0.180 (l2) 0.250 (l2) 0.088 (l2) 0.002 (l2) 0.339 (l2) 37.375 (l2) 322.60 (l2) 0.445 (l3) 0.205 (l2) -0.463 (l4) 0.552 (l3) 0.533 (l2)
vicuna-13b-v1.5-16k 0.184 (l2) 0.171 (l2) 0.239 (l2) 0.077 (l2) 0.003 (l1) 0.318 (l2) 36.181 (l2) 164.16 (l1) 0.471 (l0) 0.189 (l2) -0.423 (l4) 0.546 (l2) 0.529 (l2)
vicuna-7b-v1.5 0.175 (l2) 0.165 (l2) 0.227 (l2) 0.071 (l2) 0.005 (l1) 0.308 (l2) 35.699 (l2) 460.12 (l1) 0.441 (l4) 0.177 (l2) -0.501 (l1) 0.543 (l1) 0.527 (l1)
vicuna-7b-v1.5-16k 0.188 (l1) 0.186 (l1) 0.247 (l1) 0.069 (l2) 0.003 (l1) 0.303 (l3) 36.652 (l1) 375.69 (l1) 0.497 (l3) 0.204 (l1) -0.404 (l4) 0.553 (l3) 0.533 (l3)
Llama-2-13b-chat-hf 0.207 (l1) 0.196 (l1) 0.266 (l1) 0.083 (l1) 0.001 (l1) 0.305 (l1) 38.272 (l1) 340.60 (l1) 0.466 (l3) 0.184 (l1) -0.500 (l4) 0.545 (l1) 0.531 (l1)
Llama-2-7b-chat-hf 0.199 (l1) 0.197 (l1) 0.258 (l1) 0.079 (l1) 0.001 (l1) 0.300 (l4) 37.899 (l1) 361.54 (l1) 0.495 (l1) 0.214 (l1) -0.383 (l1) 0.547 (l1) 0.529 (l1)
Phi-3-mini-128k-instruct 0.218 (l3) 0.217 (l3) 0.282 (l3) 0.083 (l1) 0.003 (l4) 0.308 (l1) 37.816 (l1) 187.90 (l4) 0.497 (l1) 0.276 (l1) -0.205 (l1) 0.554 (l1) 0.533 (l1)
Phi-3-mini-4k-instruct 0.215 (l1) 0.215 (l1) 0.278 (l1) 0.083 (l1) 0.002 (l1) 0.321 (l1) 38.572 (l1) 259.86 (l1) 0.503 (l1) 0.251 (l1) -0.345 (l1) 0.551 (l1) 0.529 (l1)
Mistral-7B-Instruct-v0.1 0.214 (l1) 0.213 (l1) 0.275 (l1) 0.083 (l1) 0.002 (l1) 0.330 (l1) 37.823 (l4) 238.45 (l1) 0.517 (l1) 0.249 (l1) -0.362 (l2) 0.549 (l1) 0.535 (l1)
Mistral-7B-Instruct-v0.2 0.234 (l1) 0.233 (l1) 0.298 (l1) 0.106 (l1) 0.002 (l1) 0.340 (l4) 39.959 (l1) 247.36 (l1) 0.523 (l1) 0.279 (l1) -0.291 (l1) 0.558 (l1) 0.540 (l1)
mpt-30b-chat 0.192 (l1) 0.190 (l1) 0.247 (l1) 0.075 (l1) 0.002 (l1) 0.312 (l2) 35.142 (l2) 385.01 (l2) 0.507 (l2) 0.200 (l2) -0.347 (l2) 0.655 (icl) 0.534 (l2)
mpt-30b-instruct 0.213 (l1) 0.210 (l1) 0.267 (l1) 0.084 (l1) 0.014 (l1) 0.297 (l2) 35.520 (l1) 131.85 (l1) 0.487 (l2) 0.268 (l1) -0.361 (l1) 0.667 (icl) 0.538 (l1)
mpt-7b-chat 0.177 (l2) 0.175 (l2) 0.233 (l2) 0.066 (l1) 0.003 (l0) 0.270 (l1) 33.066 (l2) 352.14 (l2) 0.479 (l2) 0.159 (l2) -0.464 (l3) 0.651 (icl) 0.530 (l1)
mpt-7b-instruct 0.166 (l1) 0.162 (l1) 0.215 (l1) 0.075 (l1) 0.006 (l4) 0.270 (l2) 33.105 (l1) 152.96 (l4) 0.469 (l1) 0.127 (l1) -0.561 (l1) 0.654 (icl) 0.529 (l1)

Table 2: The best average scores for each metric over each dataset. Higher is better for all but TER which is
indicated by ↓. Bold blue indicates the best score for a given metric, while the second best is indicated by bold
black. Each score is accompanied by the TELeR level that was used to produce the score.

Model Score
(0-5) Template Score

(0-5)
gemini-pro 3.37 ICL 3.08

gpt-3.5-turbo 3.53 L1 3.38
mpt-30b-chat 3.39 L2 3.42

Mistral-7B-Instruct-v0.2 3.38 L3 3.32
Phi-3-mini-128k-instruct 3.37 L4 3.32

vicuna-13b-v1.5-16k 3.32

Table 3: Average negotiated preference score for each
model and prompt template. "ICL" represents the In-
Context Learning style prompts, while "Lx" refers to
the level of the TELeR prompt.

insights regarding the relationships between mod-234

els, evaluation metrics, TELeR Levels, and human235

preferences for the SOS task.236

• Models vs. TELeR Levels: When comparing237

models against TELeR prompts in Table 2, we238

found that while TELeR L1 generally perform239

the best, some models show preferences towards240

other styles. For example, all the vicuna models241

show favor over L2 (64 top scores), with much242

fewer L1 prompts showing top scores (23).243

• Datasets vs. TELeR Levels: Based on Table 2,244

L1 prompts consistently score the highest, count-245

ing 106 and 122 for AllSides and 3P, respectively.246

L2 comes in second place with 49 and 47, sug-247

gesting that brevity is preferred in general while248

designing prompts for the SOS task.249

• Human Preference Vs. TELeR Levels: Table 250

3 shows that human annotators showed bias to- 251

wards TELeR L2 prompts. However, the vari- 252

ance seems to be relatively small across L1 - L4. 253

5 Conclusion 254

In this study, we investigated the capability of 255

LLMs for performing the Semantic Overlap Sum- 256

marization (SOS) task. We evaluated LLMs on an 257

existing dataset and additionally introduced a new 258

dataset called the PrivacyPolicyPairs (3P) dataset. 259

To account for the effects of prompt sensitivity, we 260

adopted the TELeR prompting taxonomy to create 261

a diverse set of prompts and found that: 1) Dif- 262

ferent TELeR levels impact each model and data 263

set differently, suggesting that the degree of details 264

provided in prompts must be studied and reported 265

before making a final conclusion on LLMs’ per- 266

formance; 2) METEOR, SMS, and Sem-F1 are 267

the metrics that correlate the best with human judg- 268

ments at the system level; and 3) Human annotators 269

tend to prefer summaries generated from TELeR 270

L2, i.e., prompts with moderate details. 271

6 Limitations 272

Dataset Size: At only 135 samples, it is not feasi- 273

ble to train a model on just the 3P data alone. Of 274

course the AllSides dataset exists to accompany the 275

4



3P dataset but they represent a different category276

of documents from the 3P dataset which is another277

barrier to training. However while the size of the278

new dataset is small, there is a large amount of time279

and resource that is required to build a dataset of280

this nature. Firstly, this dataset requires that for281

each sample, we find two documents that share an282

overlapping narrative. Second, each sample is an-283

notated manually by 3 people which for this dataset284

results in 405 annotations. That is without consid-285

ering the other annotations where no overlap was286

found. Third, there have been several instances287

where disagreements need to be resolved which288

requires further discussion among annotators. De-289

spite these limitations it is worth noting that this290

work effectively doubles the amount of samples to291

evaluate on the SOS task when considering both292

AllSides data and 3P data combined, taking our293

initial 137 sample news article test set to a com-294

bined 272 sample evaluation set over both news295

articles and privacy policy documents. In the fu-296

ture, a larger scale effort will be needed to increase297

the space of data for the SOS task.298

Human Annotation: Annotation work is expen-299

sive in both time and money. We recruited all300

our annotators from within our department and301

saved on money but time cost is unavoidable. To302

make the process easier for our volunteers we re-303

duced the amount of annotation samples by select-304

ing 15 samples out of all 272 test set samples be-305

tween AllSides and 3P. We also only evaluated the306

largest/newest models from each model family and307

finally, we wonly evaluated summaries that corre-308

spond to the best-performing prompts within each309

TELeR level. It is also important to note that the310

annotation process was purely for scoring user pref-311

erence and there is no "right" or "wrong" answers312

to validate.313

Model Finetuning: For this work we did not per-314

form any fine-tuning on the evaluated models. All315

scores were obtained using the pre-trained weights316

for each model. This means that it’s possible for317

additional performance to be gained using methods318

like LoRA (Hu et al., 2021). However the main319

goal of this study was to benchmark LLMs to set320

new baselines for the SOS task. In that regard we321

believe this to be an appropriate setup.322

Automatic Evaluation: In this work we show that323

automatic evaluation cannot yet be trusted for the324

SOS task. However, reporting automatic evaluation325

metrics is standard practice so it is important that326

we take precaution when using these values to draw 327

conclusions. 328
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A Appendix1241

A.1 Additional Figures1242

Figure 2 shows Pearson’s correlation scores be-1243

tween all metrics on both datasets. The Pearson1244

scores were computed using the SciPy library (Vir-1245

tanen et al., 2020)1246

A.2 More on the 3P Dataset1247

In table 4, we show statistics of the 3P dataset.1248

Figure 5 shows an example of what a sample in the1249

3P dataset looks like.1250

3P Dataset Statistics
# Samples 135
Avg. # Words per Document 331.00
Avg. # Words per Document Pair 662.01
Avg. # Sentences per Document 14.96
Avg. # Sentences per Document Pair 28.99
Avg. # Words per Reference 22.46
Avg. # Sentences per Reference 1.75

Table 4: Dataset statistics for the 3P dataset consisting
of 135 document pairs with 3 references each.

A.3 Related Work1251

Text Summarization: SOS is essentially a sum-1252

marization task. Over the past two decades, many1253

document summarization approaches have been in-1254

vestigated (Zhong et al., 2019). The two most pop-1255

ular among them are extractive approaches (Cao1256

et al., 2018; Narayan et al., 2018; Wu and Hu, 2018;1257

Figure 2: Raw correlation scores between all evaluation
metrics.

Zhong et al., 2020) and abstractive approaches 1258

(Bae et al., 2019; Liu et al., 2017; Nallapati et al., 1259

2016). Some researchers have tried combining 1260

extractive and abstractive approaches (Chen and 1261

Bansal, 2018; Hsu et al., 2018; Zhang et al., 2019). 1262

Semantic Overlap Summarization: Semantic 1263

Overlap Summarization (SOS) is a task aimed at 1264

extracting and condensing shared information be- 1265

tween two input documents, DA and DB . The 1266

output, denoted as DO, is generated in natural lan- 1267

guage and only includes information present in 1268

both input documents. The task is framed as a 1269

constrained multi-seq-to-seq (text generation) task, 1270

where brevity is emphasized to minimize the rep- 1271

etition of overlapping content. The output can be 1272

extractive summaries, abstractive summaries, or a 1273

combination of both (Karmaker Santu et al., 2018). 1274

This is similar to the sentence intersection task, 1275

where your input is comprised of sentences instead 1276

of documents and your output contains only the 1277

common information (Levy et al., 2016; Thadani 1278

and McKeown, 2011). 1279

To facilitate research in this area, Bansal et al. 1280

(2022b) introduced the AllSides dataset for training 1281

and evaluation, which we also used for evaluation 1282

in this work. 1283

LLMs and Summarization: As the transformer 1284

architecture gained popularity, further research 1285
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Table 5: A single sample from the 3P dataset. For each sample, you are given the category name, company names,
the corresponding policy subsections, the count of words in each policy, and the 3 reference summaries. The
highlighted text shows the overlapping information.

showed favorable behavior at scale, allowing the1286

creation of larger and more performant models (Ka-1287

plan et al., 2020; Sharma and Kaplan, 2022; Tay1288

et al., 2023, 2021; Dehghani et al., 2023). With the1289

rising prevalence of these large language models,1290

summarization naturally became one of the many1291

areas of NLP that have progressed as a result. LLM1292

performance has been evaluated in tasks such as1293

news summarization (Zhang et al., 2024), multi-1294

document summarization (Huang et al., 2024), and1295

dialogue summarization (??) but there has also1296

been research into using them as annotators or eval-1297

uators (Shen et al., 2023; Liu et al., 2024).1298

Prompt Engineering for LLMs: “Prompt Engi-1299

neering” is a technique for maximizing the utility1300

of LLMs in various tasks (Zhou et al., 2022). It1301

involves crafting and revising the query or con-1302

text to elicit the desired response or behavior from1303

LLMs (Brown et al., 2022). Prompt engineering1304

is an iterative process requiring multiple trial and1305

error runs (Shao et al., 2023). In fact, differences in1306

prompts along several key factors can significantly1307

impact the accuracy and performance of LLMs in1308

complex tasks. To address this issue, Santu and1309

Feng (2023) recently proposed the TELeR taxon- 1310

omy, which can serve as a unified standard for 1311

benchmarking LLMs’ performances by exploring 1312

a wide variety of prompts in a structured manner. 1313

The TELeR Taxonomy: As shown in Figure 3, the 1314

TELeR taxonomy introduced by Santu and Feng 1315

(2023) categorizes complex task prompts based on 1316

four criteria. 1317

1. Turn: This refers to the number of turns or shots 1318

used while prompting an LLM to accomplish 1319

a complex task. In general, prompts can be 1320

classified as either single or multi-turn. 1321

2. Expression: This refers to the style of expres- 1322

sion for interacting with the LLM, such as ques- 1323

tioning or instructing. 1324

3. Level of Details: This dimension of prompt 1325

style deals with the granularity or depth of ques- 1326

tion or instruction. Prompts with higher levels 1327

of detail provide more granular instructions. 1328

4. Role: LLMs can provide users with the option 1329

of specifying the role of the system. The re- 1330

sponse of LLM can vary due to changes in role 1331

definitions in spite of the fact that the prompt 1332

content remains unchanged. 1333

14



The taxonomy outlines 7 distinct levels starting1334

from level 0 to level 6. With each increase in level1335

comes an increase in complexity of the prompt.1336

In level 0, only data/context is provided with no1337

further instruction. Level 1 extends level 0 by pro-1338

viding single-sentence instruction. Then level 21339

extends level 1, and so on, until level 6, where1340

all characteristics of previous levels are provided1341

along with the additional instruction for the LLM to1342

explain its output. For more details on the TELeR1343

taxonomy and its applications, see Santu and Feng1344

(2023). For convenience, we include the outline1345

diagram from the paper in Appendix A.6.1346

A.4 Evaluation Metrics1347

SEM-F1 (Bansal et al., 2022a): Semantic F1 com-1348

putes the sentence-wise similarity (e.g., cosine sim-1349

ilarity between two sentence embeddings) to infer1350

the semantic overlap between a system-generated1351

sentence and a reference sentence from both pre-1352

cision and recall perspectives and then, combine1353

them into the F1 score.1354

BERTscore (Zhang et al., 2020): An automatic1355

evaluation metric for text generation. Analogously1356

to common metrics, BERTScore computes a simi-1357

larity score for each token in the candidate sentence1358

with each token in the reference sentence.1359

ROUGE (Lin, 2004): Recall-Oriented Understudy1360

for Gisting Evaluation counts the number of over-1361

lapping units such as n-gram, word sequences, and1362

word pairs between the computer-generated sum-1363

mary to be evaluated and the ideal summaries cre-1364

ated by humans. This metric is mainly used for1365

evaluating text generation.1366

BLEURT (Sellam et al., 2020): A learned evalua-1367

tion metric based on BERT that can model human1368

judgments with a few thousand possibly biased1369

training examples. This metric is primarily evaluat-1370

ing machine translation systems.1371

BLEU (Papineni et al., 2002): Bilingual Evalua-1372

tion Understudy score is a precision-based metric1373

that evaluates the quality of generated text by mea-1374

suring n-gram overlap between the generated and1375

reference texts. It is primarily used for machine-1376

translation tasks.1377

METEOR (Lavie and Agarwal, 2007): An au-1378

tomatic metric for machine translation evaluation1379

that is based on a generalized concept of unigram1380

matching between the machine-produced transla-1381

tion and human-produced reference translations.1382

chrF (Popović, 2015): character n-gram F-score 1383

for automatic evaluation of machine translation 1384

output. 1385

MoverScore (Zhao et al., 2019): Built upon a com- 1386

bination of contextualized representations of sys- 1387

tem and reference texts and a distance between 1388

these representations measuring the semantic dis- 1389

tance between system outputs and references. 1390

Sentence Mover’s Similarity (Clark et al., 2019): 1391

Measures the semantic similarity between two texts 1392

by computing the minimum cost of transforming 1393

one set of sentence embeddings into another using 1394

the Earth Mover’s Distance (EMD). 1395

CIDEr (Vedantam et al., 2015): Measures the sim- 1396

ilarity between generated and reference texts by 1397

computing TF-IDF-weighted n-gram overlap, em- 1398

phasizing important and distinctive words. It was 1399

originally designed for image captioning 1400

TER (Snover et al., 2006): Measures the number 1401

of edits (insertions, deletions, substitutions, and 1402

shifts) needed to transform a generated text into a 1403

reference text, normalized by the total number of 1404

words in the reference. Lower TER scores indicate 1405

better translations, as fewer edits are required. 1406

A.5 System Level and Summary Level 1407

Correlation 1408

To understand the performance of automatic evalua- 1409

tion metrics in comparison to human evlautions we 1410

examine the correlations between the distribution 1411

of scores. 1412

Rather than a raw correlation computation be- 1413

tween human scores and automatic scores, the 1414

system-level and summary-level methods are the 1415

commonly used for computing correlation (Cha- 1416

ganty et al., 2018; Novikova et al., 2017; Peyrard 1417

et al., 2017; Bhandari et al., 2020). 1418

We use the definition from Liu et al. (2023) to de- 1419

scribe these methods. Given m system outputs on 1420

each of the n data samples and two different evalua- 1421

tion methods (human evaluations vs automatic eval- 1422

uations) resulting in two n-row, m-column score 1423

matrices X and Y , the summary-level correlation 1424

is an average of samplewise correlations: 1425

rsum(X,Y ) =

∑
i C(Xi, Yi)

n
,

where Xi, Yi are the evaluation results on the i-th 1426

data sample and C is a function calculating a cor- 1427

relation coefficient (e.g. , the Pearson correlation 1428
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coefficient). In contrast, the system-level correla-1429

tion is calculated on the aggregated system scores:1430

rsys(X,Y ) = C(X̄, Ȳ ),

where X̄ and Ȳ contain m entries which are1431

the system scores from the two evaluation meth-1432

ods averaged across n data samples, e.g. , X̄0 =1433 ∑
iXi,0/n1434

A.6 Prompt Design1435

We prompted LLMs in a zero-shot setting with1436

TELeR since zero-shot approaches to NLP tasks1437

have gained popularity with the growing capabil-1438

ities of LLMs. For example, works from Sarkar1439

et al. (2023, 2022) explore their zero-shot use cases1440

in topic inference and text classification. The tax-1441

onomy is best outlined by Figure 3.1442

For this study, we used TELeR levels 0 through1443

4 (5 out of the 7). We chose not to prompt us-1444

ing levels 5 and 6 because their use of retrieval1445

augmented prompting does not necessarily apply1446

to the SOS task. This is due to all relevant con-1447

text being present, i.e., the two source narratives1448

are already provided as part of the prompt. Fur-1449

thermore, requirement number 5 for level 6 also1450

specifies asking the LLM to explain its own output,1451

which would negatively affect the generated sum-1452

maries during evaluation. We also experiment with1453

in-context learning prompts (Brown et al., 2020).1454

In Section 3.2, we discussed having different1455

prompt variations for TELeR levels 0 through 41456

and In-Context Learning prompts. The number of1457

variations for each group is shown in Table 6.1458

Template Group For PPP For AllSides For Both Total
Systm Role 2 2 6 10
TELeR L0 0 0 1 1
TELeR L1 3 3 5 11
TELeR L2 3 3 3 9
TELeR L3 3 3 2 8
TELeR L4 3 3 2 8
In-Context Learning 0 0 1 1

Table 6: The number of prompts created for each tem-
plate group. The "For PPP/AllSides columns indicate
how many prompts were created for that dataset only.
The "For Both" column is for the prompts that could be
applied to both datasets. For exact prompt details, refer
to Appendix A.6 for exact prompt contents.

For each group, our templates follow these gen-1459

eral patterns:1460

• TELeR Level 0: {Document 1} {Document 2}1461
• TELeR Level 1:1462

Document 1: {Document 1}1463
Document 2: {Document 2}1464

Summarize the overlapping information be- 1465
tween these two documents 1466

• TELeR Level 2: 1467
{TELeR Level 1 Prompt Text} 1468
This information must keep in mind the 5W1H 1469
facets of the documents. Do not include any 1470
uncommon information. 1471

• TELeR Level 3: 1472
{TELeR Level 1 Prompt Text} 1473

– This information must keep in mind the 1474
5W1H facets of the documents. 1475

– Do not include uncommon information. 1476
• TELeR Level 4: 1477

{Level 3 Prompt Text}. 1478
Your response will be evaluated against a set of 1479
reference summaries. Your score will depend 1480
on how semantically similar your response is 1481
to the reference. 1482

• In-context Learning: 1483
Document 1: {Example Document 1} 1484
Document 2: {Example Document 2} 1485
Summary: {Example Summary} 1486

1487
Document 1: {Document1} 1488
Document 2: {Document2} 1489
Summary: 1490

The exact prompts are laid out in the following 1491

passage. 1492

System Role Variations Our system role templates 1493

are made up of 2 AllSides-specific items, 2 3P 1494

specific-items and 6 for general purpose. These are 1495

written as follows 1496

• AllSides 1497
– you will be given two news articles to read. then you 1498

will be given an instruction. follow these instructions 1499
as closely as possible 1500

– you will read two news articles and answer any ques- 1501
tions about them 1502

• 3P 1503
– you are to read two privacy policies and briefly pro- 1504

vide information according to the user’s needs 1505
– you are to read two privacy policies and provide con- 1506

cise answers to the user 1507
• Both 1508

– you are to read several documents and briefly provide 1509
information according to the user’s needs 1510

– you are to read several documents and provide concise 1511
answers to the user 1512

– you will read two documents and give brief answers 1513
to user questions 1514

– you are a machine who is given 3 inputs: document 1515
1, document 2, and the instructions. your output will 1516
adhere to these 3 inputs. 1517

– you will be given 2 documents and a set of instruc- 1518
tions. follow the instructions as closely as possible. 1519

– you will be given 2 documents and a set of instruc- 1520
tions. your response to these instructions will rely on 1521
the material covered in the 2 documents. 1522

In-Context Learning Template: We use the fol- 1523

lowing for our in-context learning template: 1524
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Figure 3: TELeR Taxonomy proposed by Santu and Feng (2023): (<Turn, Expression, Level of Details, Role>)

• Document 1: {{Example Document 1}}1525
Document 2: {{Example Document 2}}1526
Summary: {{Example Reference}}1527

1528
Document 1: {{Document 1}}1529
Document 2: {{Document 2}}1530
Summary:1531

TELeR Level 0 Template: With no possibility1532

for variation, our TELeR L0 template is written as1533

follows:1534

• {Document 1} {Document 2}1535

TELeR Level 1 Template: For our TELeR L11536

templates we have 3 AllSides-only items, 3 3P-1537

only items, and 5 general-purpose items.1538

• AllSides1539

– Document 1: {{Document 1}}1540
Document 2: {{Document 2}}1541

1542
In one sentence, please tell me the overlapping infor-1543
mation between article 1 and article 21544

– Document 1: {{Document 1}}1545
Document 2: {{Document 2}}1546

1547
summarize the overlapping information between the1548
articles1549

– Document 1: {{Document 1}}1550
Document 2: {{Document 2}}1551

1552
output the overlapping information of the events cov-1553
ered in these articles1554

• 3P1555

– Policy 1: {{Document 1}} 1556
Policy 2: {{Document 2}} 1557

1558
In one sentence, please tell me the overlapping infor- 1559
mation between policy 1 and policy 2 1560

– Policy 1: {{Document 1}} 1561
Policy 2: {{Document 2}} 1562

1563
summarize the information that the two policies share 1564

– Policy 1: {{Document 1}} 1565
Policy 2: {{Document 2}} 1566

1567
what is the shared information between the two poli- 1568
cies 1569

• Both 1570
– Document 1: {{Document 1}} 1571

Document 2: {{Document 2}} 1572
1573

In one sentence, please tell me the overlapping infor- 1574
mation between Document 1 and Document 2 1575

– Document 1: {{Document 1}} 1576
Document 2: {{Document 2}} 1577

1578
summarize the overlapping information between the 1579
documents. 1580

– Document 1: {{Document 1}} 1581
Document 2: {{Document 2}} 1582

1583
output the overlapping information between the doc- 1584
uments. 1585

– Document 1: {{Document 1}} 1586
Document 2: {{Document 2}} 1587

1588
output the common information between the docu- 1589
ments. 1590

– Document 1: {{Document 1}} 1591
Document 2: {{Document 2}} 1592

1593
output only the overlapping information 1594
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TELeR Level 2 Variations: For our TELeR L21595

templates we have 3 AllSides-only items, 3 3P-only1596

items, and 3 general-purpose items.1597

• AllSides1598
– Document 1: {{Document 1}}1599

Document 2: {{Document 2}}1600
1601

these articles share similarities. output the informa-1602
tion that is shared between them. keep your output1603
short. to be as accurate as possible, cover the "who,1604
what, when, where, and why of the shared informa-1605
tion.1606

– Document 1: {{Document 1}}1607
Document 2: {{Document 2}}1608

1609
who or what are the common subjects of the two1610
documents? what events are common between the1611
documents? do the documents mention any locations1612
that are the same between the two? give your response1613
in a single sentence.1614

– Document 1: {{Document 1}}1615
Document 2: {{Document 2}}1616

1617
summarize the overlap1618

• 3P1619
– Policy 1: {{Document 1}}1620

Policy 2: {{Document 2}}1621
1622

These policies are categorized under "Category". De-1623
scribe the common aspects of these two policies in1624
terms of this category. make sure to include the shared1625
entities, actions and scope of the documents. Do not1626
make any mention of information that is not shared1627
between them. Keep your response short1628

– Policy 1: {{Document 1}}1629
Policy 2: {{Document 2}}1630

1631
These policies are categorized under "Category". De-1632
scribe the common aspects of these two policies in1633
terms of this category. make sure to include the shared1634
entities, actions and scope of the documents. Do not1635
make any mention of information that is not shared1636
between them. give your response in a single sen-1637
tence.1638

– Policy 1: {{Document 1}}1639
Policy 2: {{Document 2}}1640

1641
These privacy policy excerpts are tagged with the1642
category: "Category". summarize the overlapping1643
information between the documents. to be as accurate1644
as possible, cover the who, what, when, where, and1645
why of the common information.1646

• Both1647
– Document 1: {{Document 1}}1648

Document 2: {{Document 2}}1649
1650

summarize the overlapping information between the1651
two documents. explain the who, what, when, where,1652
and why to give full context.1653

– Document 1: {{Document 1}}1654
Document 2: {{Document 2}}1655

1656
summarize the overlapping information between the1657
two documents. explain the who, what, when, where,1658
and why to give full context. the output should be1659
two sentences at most.1660

– Document 1: {{Document 1}} 1661
Document 2: {{Document 2}} 1662

1663
output the shared information between the documents. 1664
do not include any information outside of the shared 1665
information. keep your response short. 1666

TELeR Level 3 Variations: For our TELeR L3 1667

templates we have 3 AllSides-only items, 3 3P-only 1668

items, and 2 general-purpose items. 1669

• AllSides 1670
– Document 1: {{Document 1}} 1671

Document 2: {{Document 2}} 1672
1673

please answer the following: 1674
- who or what are the common subjects of the two 1675
documents 1676
- what events are common between the documents 1677
- do the documents mention any locations that are the 1678
same between the two 1679
- keep your response brief. 2 sentences max. 1680

– Document 1: {{Document 1}} 1681
Document 2: {{Document 2}} 1682

1683
Consider the following questions and respond in a 1684
single sentence: 1685
- who or what are the common subjects of the two 1686
documents 1687
- what events are common between the documents 1688
- do the documents mention any locations that are the 1689
same between the two 1690

• 3P 1691
– Policy 1: {{Document 1}} 1692

Policy 2: {{Document 2}} 1693
1694

These policies are categorized under "Category". 1695
With this in mind, please answer the following: 1696
- Describe the common aspects of these two policies 1697
in terms of this category. 1698
- make sure to include the shared entities, actions and 1699
scope of the documents. 1700
- Do not make any mention of information that is not 1701
shared between them. 1702
- Do not respond in a list format and instead respond 1703
normally. 1704
- Keep your response to 3 sentences at most 1705

– Policy 1: {{Document 1}} 1706
Policy 2: {{Document 2}} 1707

1708
These policies are labelled under the "Category" cat- 1709
egory. With this in mind, use a single sentence that 1710
answers the following: 1711
- Describe the common aspects of these two policies 1712
in terms of this category. 1713
- make sure to include the shared entities, actions and 1714
scope of the documents. 1715
- Do not make any mention of information that is not 1716
shared between them. 1717
- Do not respond in a list format and instead respond 1718
normally. 1719

– Policy 1: {{Document 1}} 1720
Policy 2: {{Document 2}} 1721

1722
These policies are labelled under the "Category" cat- 1723
egory. With this in mind, use a single sentence that 1724
answers the following: 1725
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- summarize the information that is shared between1726
the policies1727
- cover the who, what, when, where, and why of the1728
common information1729
- respond in as few sentences as possible1730

• Both1731
– Document 1: {{Document 1}}1732

Document 2: {{Document 2}}1733
1734

please answer the following:1735
- who or what are the common subjects of the two1736
documents1737
- what events are common between the documents1738
- do the documents mention any locations that are the1739
same between the two1740
- keep your response brief. 2 sentences max.1741

– Document 1: {{Document 1}}1742
Document 2: {{Document 2}}1743

1744
Consider the following questions and respond in a1745
single sentence:1746
- who or what are the common subjects of the two1747
documents1748
- what events are common between the documents1749
- do the documents mention any locations that are the1750
same between the two1751

TELeR Level 4 Variations For our TELeR L41752

templates we have 3 AllSides-only items, 3 3P-1753

only items, and 2 general-purpose items.1754

• AllSides1755
– Document 1: {{Document 1}}1756

Document 2: {{Document 2}}1757
1758

your goal is to describe all the common information1759
between the given documents. to accomplish this you1760
will need to answer the following:1761
- who or what are the common subjects of the two1762
documents1763
- what events are common between the documents1764
- do the documents mention any locations that are the1765
same between the two1766
- keep your response brief. 2 sentences max.1767

1768
For Example:1769
Doc1: i have a dog. it’s pretty fast.1770
Doc2: i have a dog. he is a slow runner1771
Reference Summary: i have a dog.1772

– Document 1: {{Document 1}}1773
Document 2: {{Document 2}}1774

1775
your goal is to describe all the common information1776
between the given documents. to accomplish this you1777
will need to answer the following:1778
- who or what are the common subjects of the two1779
documents1780
- what events are common between the documents1781
- do the documents mention any locations that are the1782
same between the two1783

1784
your response will be evaluated according to how1785
similar it is to a "reference summary".1786
Example:1787
Question: what is common between the sentence "the1788
dog is slow" and "the dog is fast"1789
Reference Summary: Both sentences talk about the1790
speed of a dog1791

– Document 1: {{Document 1}} 1792
Document 2: {{Document 2}} 1793

1794
your goal is to describe all the common information 1795
between the given documents in one sentence. your 1796
single-sentence response will need to capture the 1797
following: 1798
- the common events 1799
- common people 1800
- common locations 1801
- the overlapping narrative of the documents 1802

1803
your response will be evaluated according to how 1804
similar it is to a "reference summary". 1805
Example: 1806
Doc1: the dog is slow 1807
Doc2: the dog is fast 1808
Reference Summary: Both sentences talk about the 1809
speed of a dog 1810

• 3P 1811
– Policy 1: {{Document 1}} 1812

Policy 2: {{Document 2}} 1813
1814

your goal is to describe all the common information 1815
between the given privacy policies. to accomplish 1816
this you will need to answer according to the 1817
following: 1818
- Describe the common aspects of these two policies 1819
in terms of this category. 1820
- make sure to include the shared entities, actions and 1821
scope of the documents. 1822
- Do not make any mention of information that is not 1823
shared between them. 1824
- Do not respond in a list format and instead respond 1825
normally. 1826
- Keep your response to 3 sentences at most 1827

1828
your response will be evaluated according to how 1829
similar it is to a "reference summary". 1830
For example, an output of "cat" could be compared to 1831
"light" to get a score of 0 but that same output could 1832
be compared to "cat" to receive a score of 100. These 1833
reference summaries are usually quite short so it is 1834
important to keep your response to 3 sentences or less. 1835

1836
your response will be evaluated according to how 1837
similar it is to a "reference summary". Example: 1838
Doc1: the dog is slow 1839
Doc2: the dog is fast 1840
Reference Summary: Both sentences talk about the 1841
speed of a dog 1842

– Policy 1: {{Document 1}} 1843
Policy 2: {{Document 2}} 1844

1845
your goal is to describe all the common information 1846
between the given documents in one sentence. your 1847
single-sentence response will need to include the 1848
following: 1849
- common aspects related to the given category 1850
- common entities 1851
- common applications 1852

1853
your response will be evaluated according to how 1854
similar it is to a "reference summary". 1855

1856
Example Documents: 1857
Doc1: the dog is slow 1858
Doc2: the dog is fast 1859

1860
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Example Response:1861
Both sentences talk about the speed of a dog1862

– Policy 1: {{Document 1}}1863
Policy 2: {{Document 2}}1864

1865
your goal is to describe all the common information1866
between the given documents in one sentence. your1867
single-sentence response will need to include the1868
following:1869
- common aspects related to the given category1870
- common entities1871
- common applications1872

1873
your response will be evaluated according to how1874
similar it is to a "reference summary".1875

1876
Example Documents:1877
Doc1: the dog is slow1878
Doc2: the dog is fast1879

1880
Example Response:1881
Both sentences talk about the speed of a dog1882

• Both1883

– Document 1: {{Document 1}}1884
Document 2: {{Document 2}}1885

1886
Write a summary of the given documents that follows1887
these instructions:1888
- who or what are the common subjects of the two1889
documents1890
- what events are common between the documents1891
- do the documents mention any locations that are the1892
same between the two1893
- keep your response brief. 2 sentences max.1894

1895
your response will be evaluated according to how1896
similar it is to a "reference summary".1897
For Example:1898
Doc1: i have a dog. it’s pretty fast.1899
Doc2: i have a dog. he is a slow runner1900
Reference Summary: i have a dog.1901

– Document 1: {{Document 1}}1902
Document 2: {{Document 2}}1903

1904
Summarize the overlapping information between1905
these documents. your summary should follow these1906
instructions:1907
- exclude any information that is similar but differing1908
or contradictory1909
- write the summary as if you were summarizing a1910
single document.1911
- your summary should be short. keep it within 21912
sentences.1913

1914
your response will be evaluated according to how1915
similar it is to a "reference summary".1916
For Example:1917
Doc1: i have a dog. it’s pretty fast.1918
Doc2: i have a dog. he is a slow runner1919
Reference Summary: i have a dog.1920

A.7 Annotation Details1921

3P Dataset Annotations When constructing the1922

3P dataset, annotators were instructed as follows:1923

1) You are given a list of document pairs. 1924

For each document pair, read and un- 1925

derstand the overlapping information be- 1926

tween doc1 and doc2. 1927

2) Write a summary that only includes 1928

the overlapping information you have 1929

identified. 1930

What is overlapping information? Any 1931

information, statement, or fact that is 1932

shared between two or more documents 1933

example: ’John doe is on a trip to Las Ve- 1934

gas’ and ’John Doe went to see the fight 1935

in Vegas’ shares the information ’John 1936

Doe is in Las Vegas’ 1937

What DOES NOT qualify as overlap- 1938

ping information: shared mentioning of 1939

names example: ’John Doe is a pilot ’ 1940

and ’John Doe has never been to Canada’ 1941

does not have any overlapping informa- 1942

tion 1943

Model Summary Annotations As covered in Sec- 1944

tion 3.3, we chose our human evaluation samples 1945

by 1) evaluating a subset of data that correspond 1946

to 15 samples (7 from AllSides and 8 from 3P) out 1947

of the 272 test set samples between AllSides and 1948

3P), 2) evaluating only the largest/newest models 1949

from each model family, and 3) evaluating only 1950

the summaries that correspond to the best perform- 1951

ing prompts within each TELeR level. To clarify 1952

point 3, each TELeR level has a set of templates, as 1953

shown in Table 6. TELeR L1, for example, has 8 1954

prompt and 8 system role templates that can be used 1955

to prompt the models on the AllSides dataset. All 1956

possible combinations for TELeR L1 prompt and 1957

system role templates give us 64 unique prompts 1958

to be applied to the entire dataset. After collecting 1959

responses and evaluating the average performance 1960

for each of the 64 unique prompts, the samples 1961

associated with the prompt that yielded the best 1962

performance over the AllSides dataset were chosen 1963

for human annotation. 1964

When evaluating the summaries generated by 1965

the LLMs, annotators were instructed as follows: 1966

1) You are given a list of document pairs. 1967

For each document pair, read and un- 1968

derstand the overlapping information be- 1969

tween doc1 and doc2. 1970

3) Read each of the corresponding ’re- 1971

sponse’ entries and assign a score be- 1972

tween 0 and 5 (decimal values indluded) 1973
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based on how well you think it covers the1974

overlapping information * decimal val-1975

ues such as 1.23 are acceptable scores.1976

What is overlapping information? Any1977

information, statement, or fact that is1978

shared between two or more documents1979

example: ’John doe is on a trip to Las Ve-1980

gas’ and ’John Doe went to see the fight1981

in Vegas’ shares the information ’John1982

Doe is in Las Vegas’1983

What DOES NOT qualify as overlap-1984

ping information: shared mentioning of1985

names example: ’John Doe is a pilot ’1986

and ’John Doe has never been to Canada’1987

does not have any overlapping informa-1988

tion1989

A.8 Additional Results1990

Human Preference on Model and Template:1991

While Table 7 shows that the automatic evalua-1992

tions tend to have a preference towards TELeR1993

L1 prompts, Table 3 shows that human annota-1994

tors actually tend to prefer TELeR L2 prompts1995

instead. However, this preference is only1996

0.04 points ahead of the next best. The ta-1997

ble also indicates the annotators’ preference to-1998

wards gpt-3.5-turbo for the commercial LLMs.1999

Then, for the open-source LLMs, mpt-30b-chat2000

was the most preferred, with an average an-2001

notator score of 3.39. However, it is impor-2002

tant to note that Phi-3-mini-128k-instruct2003

and Mistral-7B-Instruct-v0.2 match and beat2004

gemini-pro, respectively, according to humans.2005
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Dataset Tmplt. R-L Sum R-L R-1 R-2 BLEU METEOR chrF TER ↓ S-F1 BERTsc BLEURT MoverScore SMS

AllSides

L0 0.212 0.192 0.279 0.135 0.0009 0.337 36.115 1353.976 0.476 0.173 -0.637 0.548 0.546
L1 0.276 0.258 0.356 0.188 0.0010 0.407 42.538 833.364 0.524 0.281 -0.474 0.568 0.561
L2 0.257 0.243 0.339 0.170 0.0010 0.386 40.701 827.023 0.516 0.240 -0.558 0.562 0.549
L3 0.273 0.263 0.358 0.175 0.0012 0.406 42.696 590.499 0.499 0.297 -0.505 0.569 0.565
L4 0.259 0.250 0.335 0.162 0.0015 0.372 39.775 514.080 0.457 0.244 -0.646 0.561 0.548
ICL 0.214 0.202 0.286 0.129 0.0010 0.342 36.837 942.628 0.423 0.179 -0.768 0.543 0.542

Privacy
Policy

Pairs (3P)

L0 0.109 0.096 0.134 0.042 0.0008 0.218 22.929 2243.971 0.412 -0.004 -0.682 0.520 0.510
L1 0.157 0.147 0.199 0.062 0.0011 0.265 30.684 1057.247 0.440 0.116 -0.545 0.534 0.518
L2 0.145 0.136 0.188 0.053 0.0008 0.254 29.823 1130.120 0.441 0.085 -0.605 0.531 0.515
L3 0.151 0.145 0.199 0.048 0.0011 0.248 31.943 700.396 0.413 0.112 -0.599 0.532 0.513
L4 0.152 0.148 0.199 0.049 0.0015 0.237 30.729 590.374 0.393 0.104 -0.661 0.529 0.505
ICL 0.120 0.112 0.155 0.042 0.0010 0.219 25.154 1198.308 0.389 0.059 -0.715 0.561 0.477

Table 7: Average scores per metric broken down by level and dataset. Higher is better for all metrics except TER
which is denoted by the ↓. TELeR Levels are denoted by "Lx" and In-Context Learning is denoted by "ICL". The
best of each metric and dataset are in bold.
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