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Abstract

Grounded text generation, encompassing tasks001
such as long-form question-answering and sum-002
marization, necessitates both content selection003
and content consolidation. Current end-to-end004
methods are difficult to control and interpret005
due to their opaqueness. Accordingly, recent006
works have proposed a modular approach, with007
separate components for each step. Specifically,008
we focus on the second subtask, of generating009
coherent text given pre-selected content in a010
multi-document setting. Concretely, we for-011
malize Fusion-in-Context (FiC) as a standalone012
task, whose input consists of source texts with013
highlighted spans of targeted content. A model014
then needs to generate a coherent passage that015
includes all and only the target information.016
Our work includes the development of a cu-017
rated dataset of 1000 instances in the reviews018
domain, alongside a novel evaluation frame-019
work for assessing the faithfulness and cover-020
age of highlights, which strongly correlate to021
human judgment. Several baseline models ex-022
hibit promising outcomes and provide insight-023
ful analyses. This study lays the groundwork024
for further exploration of modular text gener-025
ation in the multi-document setting, offering026
potential improvements in the quality and relia-027
bility of generated content.028

1 Introduction029

Grounded text generation focuses on producing030

a passage from source texts, where the output is031

anchored around specific, task-dependant spans032

within the grounding texts. It pertains to tasks033

such as long-form question-answering (LFQA; Fan034

et al., 2019; Stelmakh et al., 2023), summarization035

(Nallapati et al., 2016a,b; Kulkarni et al., 2020),036

and information-seeking dialogue (Thoppilan et al.,037

2022; Shuster et al., 2022). These tasks inherently038

require identifying the relevant spans and then fus-039

ing them into a coherent output.040

Grounded text generation is commonly ap- 041

proached with end-to-end procedures that combine 042

the two underlying subtasks of content selection 043

and fusion, recently using Large Language Models 044

(LLMs) (Su et al., 2022; Shuster et al., 2022; Zhang 045

et al., 2023). While effective, this approach often 046

lacks flexibility and control over the generation 047

process, given its black-box-like nature. 048

Addressing this, Slobodkin et al. (2022) recently 049

advocated splitting grounded generation tasks into 050

their two subtasks, and particularly focused on the 051

fusion step. They introduced Controlled Text Re- 052

duction (CTR), a task where pre-selected spans in a 053

source document (‘highlights’) are fused into a co- 054

herent text that exclusively covers the spans. This 055

approach enhances control and modularity in text 056

generation, enabling a single CTR model to work 057

with various content selection strategies and user 058

preferences, applicable in different contexts like 059

summarization or long-form question-answering. 060

It could also support human-in-the-loop scenarios 061

for tailored outputs based on user preferences, as 062

explored in Slobodkin et al. (2023b). Further, the 063

direct access to the highlights that contribute to 064

the output facilitates attributed generation (Bohnet 065

et al., 2023; Gao et al., 2023a,b), where models can 066

cite source spans for generated text. 067

Despite its benefits, CTR’s focus on single-input 068

scenarios limits its applicability to the broader, and 069

more complex, multi-document setting. In this pa- 070

per, we bridge this gap and extend the task to the 071

multi-document setting. For that, we introduce 072

the task of Fusion-in-Context (FiC), a generalized 073

version of the CTR task, which processes multi- 074

ple documents with pre-selected highlights, and 075

aims to fuse them into a coherent, non-redundant 076

text covering all and only the highlighted content, 077

as demonstrated in Figure 1. In addition to the 078

challenges of the single-input CTR task, including 079

coreference resolution and proper discourse for co- 080

herence, the multi-document setting also requires 081
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There is a metro stop within a couple blocks, which easily gets you to 
some prime shopping and restaurant areas. The rooms are not large, but  
the very high ceilings make the rooms feel roomy. We look forward to 
a return visit to Montreal and to this charming Hotel. The location of the hotel was highly 

appreciated, especially its proximity 
to the subway, though one reviewer 
said that there was too much noise in 
the area. Also, most reviewers 
appreciated the rooms, stating they 
were comfortable, albeit small.…

Fabulous location, & wonderful service in an extraordinary hotel 
environment. The hotel staff is extremely nice.
Though not big, the rooms were beautifully decorated & super comfy. 
The pool area was out of this world! So much to see and do there too. 
A very safe city to walk around. Montreal is very very expensive due 
to the low value of the US dollar, but it was worth it.

Though the hotel was located close to the subway, there was too much 
noise in the area of the hotel. The staff was friendly and did their best 
to make us comfortable. The breakfast was good enough.  The rooms 
were very disappointing and not comfortable.

Figure 1: An example of an input, consisting of multiple reviews with highlights (left), and the generated text fusing
the highlighted content while preserving coherence and non-redundancy (right). Such highlights in realistic use
cases may be produced by different content-selection strategies.

handling repetitive, and sometimes conflicting in-082

formation (Ma et al., 2020). Specifically, our work083

focuses on the business reviews domain, where con-084

tradicting opinions are more prevalent than in other085

more fact-oriented domains, such as news.086

To promote research on FiC, we start by for-087

mally defining the task (§3). We then introduce a088

dataset (§4), carefully constructed via controlled089

crowdsourcing (Roit et al., 2020). Each of its 1000090

instances comprises a set of inputs with highlights,091

and a corresponding fused text. The dataset is cre-092

ated through an efficient procedure, adapted from093

(Slobodkin et al., 2022), leveraging existing multi-094

document summarization datasets, specifically in095

the business reviews domain. We also develop an096

evaluation framework (§5) that assesses outputs’097

faithfulness and coverage of highlights, and explore098

various baseline models to benchmark performance099

in this setting (§6). Our findings reveal that while100

those models show promising results, there is still101

room for further improvement in future research.102

Overall, the contributions of this paper are:103

1. We introduce the "Fusion-in-Context" (FiC)104

task as a standalone module in modular multi-105

document grounded generation pipelines.106

2. We develop the first high-quality FiC dataset.107

3. We establish an evaluation framework for as-108

sessing the faithfulness to and coverage of109

highlights in a fused passage.110

4. We present several supervised baseline models111

to set a foundation for future research.112

2 Background113

Grounded text generation, an area focusing on gen-114

erating text from source documents, requires iden-115

tifying relevant task-specific details within the in-116

puts, such as salient content for summarization, as 117

well as their coherent fusion. This field includes 118

tasks like long-form question-answering (Fan et al., 119

2019; Stelmakh et al., 2023), summarization (Nalla- 120

pati et al., 2016a,b; Shapira and Levy, 2020; Bražin- 121

skas et al., 2020b; Zhao et al., 2022), and dialogue 122

systems (Yan et al., 2017; Xu et al., 2019; Thoppi- 123

lan et al., 2022), with most related datasets aimed 124

at end-to-end training (Fan et al., 2019; Bražinskas 125

et al., 2020a; Liu et al., 2021; Iso et al., 2022a). 126

Despite the prevalence of end-to-end systems, 127

there has been a growing trend towards decom- 128

posed pipeline approaches, particularly in summa- 129

rization, with several recent studies focusing on 130

content selection (Gehrmann et al., 2018; Lebanoff 131

et al., 2020a; Ernst et al., 2021). Conversely, con- 132

tent fusion was largely explored at the full-sentence 133

fusion level (Geva et al., 2019; Lebanoff et al., 134

2020b), with less emphasis on sub-sentence fusion. 135

Recently, Slobodkin et al. (2022, 2023a) have 136

proposed a distinct separation of content selection 137

from fusion, treating each as an independent task. 138

They specifically concentrated on fusion, defining 139

it as a standalone task termed Controlled Text Re- 140

duction (CTR). This task takes as input pre-selected 141

spans, or ‘highlights’, within an input document, 142

and requires a coherent merging of all the high- 143

lighted content, and nothing else. They also re- 144

leased a designated dataset and several CTR mod- 145

els showing strong adherence to these highlights. 146

While these studies acknowledged the benefits 147

of decomposing grounded generation to subtasks, 148

they mainly focused on single-document inputs. 149

Our work builds on this decomposed approach, ex- 150

tending it to multi-document settings, which in- 151

troduce new challenges such as managing longer 152
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inputs, handling redundant highlights (Suzuki and153

Nagata, 2017; Calvo et al., 2018), and dealing with154

potentially conflicting facts or opinions (Kim and155

Zhai, 2009; Ma et al., 2022).156

Additionally, previous CTR studies assessed157

highlight adherence by comparing outputs with158

the concatenated highlights, using lexical metrics159

like ROUGE (Lin, 2004) and METEOR (Baner-160

jee and Lavie, 2005), and semantic metrics like161

BERTScore (Zhang et al., 2020). These methods,162

while suitable for single-input scenarios, are less163

effective for multi-document contexts where redun-164

dant and conflicting highlights are more prevalent.165

Additionally, these approaches did not distinctly166

evaluate faithfulness and coverage of highlights,167

typically assessing them jointly, with only manual168

evaluation for separate evaluation.169

Addressing this, we explore more suitable met-170

rics focusing separately on faithfulness and cover-171

age of fused texts, inspired by recent progress in172

this area. Several recent studies have used Natu-173

ral Language Inference (NLI) models for faithful-174

ness evaluation (Laban et al., 2022; Schuster et al.,175

2022). There have also been advances in utilizing176

LLMs to evaluate faithfulness in a zero-shot setting177

with NLI-style prompts (Chen et al., 2023; Kocmi178

and Federmann, 2023; Liu et al., 2023), or after179

fine-tuning on synthetic data for faithfulness eval-180

uation (Kryscinski et al., 2020; Yin et al., 2021;181

Gekhman et al., 2023). Yet, these works mainly182

targeted overall source text faithfulness rather than183

to specific segments. Moreover, they have not184

been widely applied to assess coverage, which has185

traditionally been evaluated using lexical metrics186

(Grusky et al., 2018) or manual evaluation (Syed187

et al., 2021). In our work, we adapt these methods188

to our highlights-focused setting, both for faithful-189

ness and coverage, and assess their effectiveness.190

3 Task Definition191

The Fusion in Context (FiC) task is defined as192

the process of synthesizing a coherent text from193

a given set of documents, specifically focusing on194

pre-selected spans within these documents, referred195

to as highlights. Formally, given a document set196

D with marked spans H = {h1, h2, ..., hn} (such197

that hi may be non-contiguous), a coherent and198

non-redundant passage f is generated, adhering to199

the following two criteria: (1) highlight faithfulness200

– f must be collectively entailed by the content in201

H , adding only minimal non-highlighted content202

required for coherence; (2) highlight coverage – 203

each hi ∈ H must be represented in f , either ex- 204

plicitly, or via a generalized reference. For instance, 205

if a highlight states “the place serves great sushi”, 206

the output should either directly mention “great 207

sushi” or refer to it in more general terms, such 208

as “great food”. Moreover, the task permits the 209

abstraction and aggregation of multiple highlights 210

into a singule, synthesized statement. For example, 211

separate highlights noting “the beds were clean”, 212

“the bathrooms were spotless”, and “the windows 213

were clean” could be collectively abstracted to a 214

general statement like “the rooms are clean”. Over- 215

all, the goal is to produce a faithful, non-redundant 216

and non-omissive, yet potentially abstractive and 217

aggregated, fusion of the highlighted content. 218

4 Dataset for FiC 219

To comply with the task definition, an instance in 220

a FiC dataset is expected to be a document set D 221

with marked spans H = {h1, h2, ..., hn}, and a 222

corresponding fused text f . To compile such data, 223

we leverage existing multi-document summariza- 224

tion datasets and extract high-quality FiC instances 225

via controlled crowdsourcing (Roit et al., 2020), 226

following Slobodkin et al. (2022), while adapting 227

their method to the multi-text setting, and the busi- 228

ness reviews domain. 229

4.1 Dataset Collection 230

Given a document set D and corresponding refer- 231

ence summary f̂ from an existing multi-document 232

summarization dataset, the annotation process 233

aims to identify the spans in the source texts 234

{h1, h2, ..., hn} that cover all the information in 235

f̂ . This approach simplifies the annotation process 236

compared to annotating from scratch, i.e., reading 237

documents, marking highlights according to some 238

specifications, and writing a coherently-fused text, 239

which is reminiscent of standard formation of multi- 240

document summarization datasets. Conversely, our 241

approach requires locating and aligning spans be- 242

tween the source text and the already available ref- 243

erence summary, essentially “backwards engineer- 244

ing” the original human summarization process. 245

Source data. For our dataset, we turn to the busi- 246

ness reviews domain, and sample review-sets and 247

corresponding summaries from the CocoTrip (Iso 248

et al., 2022b) and the FewSum (Bražinskas et al., 249

2020a) datasets. CocoTrip is a dataset of com- 250

parative opinion summaries of hotel review-sets, 251
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Figure 2: Illustration of the highlighting annotation process for a summary sentence, with reference to a specific
review: [1] A summary aspect is identified and its statement highlighted; [2] Corresponding review spans are
highlighted, and the alignment is saved; [3] Another summary aspect is identified and highlighted; [4] The matching
review spans are highlighted, and the alignment is saved; [5] When all summary aspects that are alignable to the
current review are highlighted, we proceed to the next sentence, and so on. In this example, the summary consists
of two aspects, but steps 1 and 2 can be repeated as needed per sentence, until all alignable aspects are annotated.
Borrowed and adapted from Slobodkin et al. (2022).

and FewSum consists of summaries of review-sets252

on businesses. Each review-set in these datasets253

comprises 8 reviews and upto 6 (average 3.13) cor-254

responding reference summaries.255

Annotation interface. To facilitate the annota-256

tion of alignments between reviews and their corre-257

sponding summary, we adapt a web-based annota-258

tion tool from (Slobodkin et al., 2022), and deploy259

it on Amazon Mechanical Turk1 for crowdsourc-260

ing (§4.3 will explain the controlled crowdsourc-261

ing procedure). The application presents reviews262

and the respective summary side-by-side, and an-263

notators are guided to highlight pairs of spans in264

the reviews and the summary that directly align.265

To reduce cognitive load, a summary is displayed266

alongside an individual review, and focus is placed267

on one summary sentence at a time. To further ease268

the process for annotators, lemmas in the review269

overlapping with lemmas in the currently focused270

summary sentence are emboldened.2 This enables271

quick skimming through the review, however work-272

ers are trained not to rely solely on exact matches273

for highlighting (as reflected in §4.2 and §4.3).274

Annotation procedure. Annotators are in-275

structed to align statements dealing with a single276

aspect of a hotel or business (e.g., “room cleanli-277

ness”) from the summary with the most relevant278

spans in the reviews, and to do so for all aspects279

in the summary in order to cover the whole sum-280

mary text.3 See §4.2 for the detailed annotation281

guidelines. This, in turn, creates instances of high-282

lighted spans within reviews, with a corresponding283

coherent fusion of those highlights (the summary).284

1www.mturk.com
2Lemmatizing with spaCy (Honnibal and Montani, 2017).
3We observed that instructing annotators to focus on one

aspect at a time enhances the efficiency in locating the relevant
review spans, particularly when a summary sentence includes
content that is scattered across different parts of the review.

Each review-summary pair is annotated by a single 285

trained annotator. To enhance quality, submissions 286

are randomly sampled and reviewed, with feedback 287

provided as necessary. 288

Resulting dataset. In total we sampled 1000 in- 289

stances of review-set/summary pairs (700 instances 290

from CocoTrip and 300 from FewSum). See Ta- 291

ble 1 for full statistics.4 292

4.2 Annotation Guidelines and Data Traits 293

Figure 2 illustrates the annotation flow. When pre- 294

sented with a review of an entity (hotel or business) 295

and a summary with a sentence in focus, an an- 296

notator first identifies aspects of the entity within 297

the focused summary sentence. An aspect is not 298

simply a facet of an entity, such as “rooms” or 299

“staff”, but more specifically it is a characteristic, 300

such as “room cleanliness”, “room style” or “staff 301

helpfulness”. (More on this in Appendix A.1.) 302

Upon identifying an aspect in the summary sen- 303

tence, annotators are tasked with locating corre- 304

sponding spans in the review. These are the mini- 305

mal spans that adequately cover the information as 306

in the summary regarding the aspect, where omit- 307

ting any content would miss out on some detail of 308

that aspect in the summary. For example, omitting 309

any mention of the room being ‘small’ from the 310

review highlights in Figure 1, would overlook this 311

characteristic of the room, which is mentioned in 312

the second summary sentence. 313

As outlined in §3, alignments on aspects need 314

to consider two entailment-related traits. Firstly, a 315

summary may express a generalized phrasing of an 316

aspect that is stated in the reviews. For instance, 317

a review may say “great sushi” while the sum- 318

mary might just say “great food”. Annotators are 319

hence directed to also mark review excerpts that 320

4See Appendix F for more details.

4
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#unique
sets

of reviews

#summaries/
review-set
(average)

#summary-
review-set

pairs

mean
review/summary

size (tokens)

max
review/review-set/
summary (tokens)

mean
review/summary
size (sentences)

summary sentences
aligning to

multiple reviews

summary sentences
aligning to multiple

review sentences
Train 237 2.71 643 87.6/75.18 239/1118/231 5.89/5.08 82.51% 53.20%
Dev 23 4.30 99 77.97/69.05 197/829/174 5.47/4.71 87.34% 57.73%
Test 60 4.30 258 77.33/67.62 279/881/266 5.39/4.68 83.28% 51.82%
Overall 320 3.13 1000 83.99/72.62 279/1118/266 5.72/4.94 83.15% 53.29%

Table 1: Statistics of our dataset, including the number of unique review-sets, the average number of summaries per
review-set, the number of summary/review-set pairs (a unique review-set creates a pair with each of its summaries),
the mean review/summary size (in tokens and in sentences), the maximum review/review-set/summary size (in
tokens), the percentage of summary sentences whose alignments span across more than one review, and the
percentage of summary sentences whose alignments span across more than one review sentence within one of its
reviews (namely, within a single review, the alignments come from more than one sentence).

are more specific than in the corresponding spans321

in the summary. Secondly, several spans in the re-322

views pertaining to the same aspect may yield an323

aggregated abstraction in the summary. Annotators324

must therefore also include review spans that exem-325

plify the summary aspect. For example, aligning326

a review statement such as “the beds were clean”327

with a summary phrase “the rooms were clean”.328

Additionally, reviews often express varying opin-329

ions about the same aspect, such as “the service330

was great” as opposed to “the staff was unpro-331

fessional”. When summarizing, all these varying332

opinions should be considered to reflect the overall333

sentiment. As a result, summary segments may334

range from statements like “the staff was overall335

liked” to “some people liked the staff”, depending336

on the spectrum of opinions. Hence, to properly337

capture this consolidation of differing viewpoints,338

annotators are also guided to align review men-339

tions that either sentimentally entail or contradict340

the summary aspect. For example, the two above341

conflicting review spans should be aligned to the342

summary span “the service was mostly good”.343

Finally, annotators may mark multiple spans in344

reviews that redundantly represent the same state-345

ment. The guidelines also address paraphrasing,346

non-consecutive highlights, and un-alignable sum-347

mary spans. A detailed explanation of these guide-348

lines is in Appendix A.2.349

4.3 Annotator Training350

The requirements of the aforementioned annota-351

tion process call for proficient-level annotations,352

which we achieved by means of controlled crowd-353

sourcing (Roit et al., 2020). We identified qualified354

annotators through three open qualification rounds,355

followed by three closed rounds for selected an-356

notators, focusing on further training and refine-357

ment. Each open round involves annotators reading358

a brief task description and accordingly aligning359

information between a single summary sentence 360

and a short review, on a simplified interface. Af- 361

ter each open round we reviewed the alignment 362

and provided feedback. We then checked whether 363

the annotator implemented our feedback in the fol- 364

lowing round (with a different sentence-review in- 365

stance). If the annotator satsfyingly cooperated 366

throughout the open rounds, they moved on to the 367

closed rounds. The annotator started by watching a 368

25-minute tutorial on the full annotation tool and 369

guidelines (§4.1 and §4.2). The closed rounds were 370

conducted similarly to the open rounds, but with a 371

whole summary and review, with all guidelines, and 372

on the full interface. The qualification process was 373

fully compensated with a customary wage, requir- 374

ing up to 5 minutes per round. From this process, 375

we were able to gather 8 trained annotators, who 376

annotated the 1000 instances in our dataset. 377

4.4 Dataset Quality 378

To evaluate the quality of the compiled dataset, we 379

compute the inter-annotator agreement. To this end, 380

for every two annotators, we calculate intersection- 381

over-union (IoU) of the tokens’ indices (consider- 382

ing only content words) between the highlighted 383

review spans that are aligned to the same summary 384

sentence, similarly to Ernst et al. (2021). The IoU 385

scores are gathered on the sentence level across 386

three review-set/summary pairs, annotated by six 387

crowdworkers. The resulting IoU score is 61.8. 388

To better understand the sources of disagree- 389

ments, we analyzed all cases when IoU < 90%. 390

We found that the main cause of disagreement 391

was related to our criteria for generalization and 392

aggregation. Here, some annotators chose spe- 393

cific review spans they believed exemplified a sum- 394

mary characteristic, while others opted for differ- 395

ent spans. This does not harm the quality of our 396

data, as in all cases, the summary segment was 397

indeed aligned with each of the corresponding re- 398
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view spans, according to our criteria. Another com-399

mon source of disagreement involved annotators400

including additional phrases that provided only in-401

significant extra details on top of the summary. For402

detailed examples, refer to Appendix G.403

Finally, an interesting aspect of our dataset is that404

80% of the summary sentences align to spans from405

multiple reviews, and over 50% of the summary406

sentences align with non-consecutive spans from407

different sentences within a single review (see Ta-408

ble 1). These properties reflect the real-world chal-409

lenges faced by FiC models, expected to coherntly410

fuse disparate, and at times redundant, details.411

5 Evaluation Framework412

Consistent with the task definition in §3, a pas-413

sage produced by a model as a fusion of highlights414

within source documents must uphold several cri-415

teria. (1) Faithfulness: it must only contain infor-416

mation from the highlights; (2) Coverage: it must417

cover all the information in the highlights, be it in418

an explicit, generalized, or aggregated form; (3)419

Coherence and Redundancy: it must convey the420

information in a well-structured and non-redundant421

form. In this section, we suggest several automatic422

metrics for faithfulness and coverage, and assess423

their effectiveness by correlating to human scores424

that we collected. Coherence and redundancy are425

measured using manual evaluation.426

5.1 Limitations of Lexical and Semantic427

Matching428

Output’s adherence to highlights was previously429

measured in Slobodkin et al. (2022, 2023a) by com-430

paring the output passage and the concatenated431

highlights, using lexical metrics like ROUGE432

(n-gram matching) and METEOR (word match-433

ing with synonyms), and semantic metrics like434

BERTScore (probability of generating the out-435

put text). Our work, however, extends beyond the436

single-document scenario explored in these previ-437

ous works, to also include multi-document contexts.438

This shift introduces additional complexities, such439

as managing redundancy and contradictions among440

highlights drawn from diverse sources, which may441

not be fully captured by standard lexical and seman-442

tic matching techniques. Further, our setting also443

enables highlights aggregation and generalization,444

which these metrics may not adequately address.445

Additionally, these automated approaches primarily446

measured overall adherence to the highlights with-447

out making a distinction between faithfulness and 448

coverage. These latter aspects were evaluated man- 449

ually, but only on a limited number of instances. 450

5.2 NLI-based Faithfulness Metric 451

Highlight-faithfulness requires the output passage 452

to be entailed by the collective highlighted con- 453

tent. We employ the flan-t5-xxl model (Chung 454

et al., 2022), shown to exhibit high performance 455

on NLI tasks, for evaluating faithfulness to high- 456

lights in a zero-shot setting with a standard NLI 457

prompt (see Appendix B). Previous research that 458

used NLI models for faithfulness evaluation in sum- 459

marization (Maynez et al., 2020; Laban et al., 2022; 460

Honovich et al., 2022) typically set the grounding 461

text as the premise, and the generated text as the 462

hypothesis. Accordingly, we set the highlights con- 463

catenation to serve as the premise, since the outputs 464

are expected to be entailed by all the highlighted 465

content collectively (see §3). For the hypothesis, 466

we segment the output passage into sentences, with 467

each sentence serving as a separate hypothesis. The 468

average of the sentence-level entailment scores is 469

used as the overall entailment probability of the 470

corresponding passage. This approach, inspired by 471

(Laban et al., 2022), was found to be more effective 472

than using the entire output as a single hypothesis.5 473

5.3 Trained Coverage Metric 474

Inspired by recent work that evaluates faithfulness 475

and factuality using a dedicated trained model (Yin 476

et al., 2021; Utama et al., 2022; Gekhman et al., 477

2023; Soleimani et al., 2023), we finetune an LLM 478

that is tasked to assess whether the generated pas- 479

sage fully covers the highlights. In our methodol- 480

ogy, each highlight is individually input along with 481

the entire output, and the model outputs a binary 482

answer for whether the highlight is contained in 483

the passage.6. We derive synthesized training data 484

for this task from our FiC dataset, using highlights 485

and their corresponding summaries. For negative 486

samples, we remove the summary sentence that 487

aligns with the highlight. For positive samples, a 488

random non-aligning summary sentence is omit- 489

ted (to avoid a potential bias caused by sentence 490

exclusion in the negative samples). We finetune a 491

flan-t5-large model (Chung et al., 2022) with 492

5We also experimented with other methods for evaluating
faithfulness and coverage, which exhibited lower correlation
to human judgment. See Appendix E for more details.

6We also tried concatenating all the highlights together,
and found it to be inferior.
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Faithfulness Coverage
Metric τ CI τ CI
ROUGE-1 (R) 0.2319 0.23-0.24 0.3467 0.34-0.35
ROUGE-1 (P) 0.5468 0.54-0.55 -0.0533 -0.06–0.05
ROUGE-2 (R) 0.3555 0.35-0.36 0.2731 0.27-0.28
ROUGE-2 (P) 0.5253 0.52-0.53 0.0071 0.00-0.01
ROUGE-L (R) 0.0958 0.09-0.10 0.3835 0.38-0.39
ROUGE-L (P) 0.4898 0.48-0.49 -0.0367 -0.04–0.03
METEOR 0.4017 0.40-0.41 0.2736 0.27-0.28
BERTScore (R) 0.2380 0.23-0.24 0.4165 0.41-0.42
BERTScore (P) 0.6004 0.59-0.60 0.0529 0.05-0.06

NLI (Faithfulness) 0.6745 0.67-0.68 0.0929 0.09-0.10
Trained (Coverage) 0.1771 0.17-0.18 0.4992 0.49-0.50

Table 2: Average Kendall-Tau rank correlations (τ ) and
their 95% confidence intervals (CI) for tested evaluation
metrics against human judgment. Recall-based metrics
(R) are more effective for coverage, and precision-based
metrics (P) for faithfulness. Best correlations for each
axis are in bold.

the synthesized coverage data. The input to the493

model is the highlight and modified summary, and494

the output is ‘yes’ or ‘no’, for positive and negative495

samples, respectively. The final score is the average496

probability of the token ‘yes’ across all highlights.7497

5.4 Meta-Evaluation498

Setup. To assess our evaluation metrics we fol-499

low the common practice (Fabbri et al., 2021) of500

correlating scores to human judgment. To that end,501

we gather faithfulness and coverage ratings for gen-502

erated outputs from three co-authors of this paper.503

The outputs were produced by two models (see504

Flan-T5H and Flan-T5no-H in §6.1). A total of 50505

review sets were randomly selected from our test506

set, leading to 100 scores for each of coverage and507

faithfulness. A 1-to-7 Likert scale was used to rate508

faithfulness and coverage separately for an output.509

To ensure agreement among annotators, the three510

authors first evaluated a separate set of 10 outputs,511

and inter-annotator agreement was computed with512

Cohen’s Kappa coefficient (Cohen, 1960). The513

average Kappa coefficients were 0.49 and 0.42 for514

faithfulness and coverage, respectively, indicating515

a moderate level of agreement (Viera et al., 2005).516

For more details, see Appendix E.3.517

After collecting scores for the 100 instances, we518

computed their correlation with human judgment519

using Kendall-Tau rank correlation, as suggested520

7We also explored an NLI-based coverage metric, where
the passage serves as the premise and the highlights function
as the hypothesis. We found it to achieve comparable results,
however it requires substantially more computation time and
memory. For more details, see Appendix E.

in (Deutsch et al., 2022).8 We also apply bootstrap- 521

ping (Efron, 1987) by performing 1000 samplings 522

of 70 instances (with repetition) and calculating 523

correlation scores for each such subset. We report 524

the average correlation and 95% confidence inter- 525

vals for each metric. 526

Results. Table 2 shows the average correlations 527

with their 95% confidence intervals for faithfulness 528

and coverage. We find that while certain lexical- 529

and semantic-based metrics yield decent results, 530

notably BERTScore-precision for faithfulness and 531

BERTScore-recall for coverage, our proposed met- 532

rics demonstrate significantly higher correlations, 533

with average values of 0.6745 and 0.4992 for faith- 534

fulness and coverage, respectively. In light of these 535

findings, we employ our NLI-based and trained 536

metrics for assessing model performance in terms 537

of faithfulness and coverage, respectively (in §6.2). 538

5.5 Human Evaluation of Coherence and 539

Redundancy 540

We adopt the coherence assessment methodology 541

from (Slobodkin et al., 2022). Crowdworkers judge 542

the coherence of 100 randomly selected instances 543

from the test set, for each examined model. A score 544

between 1 and 5 is specified, and each passage is 545

reviewed by three workers and averaged. Similarly, 546

the redundancy of information in a passage is ap- 547

praised. This approach follows standard practice, 548

where coherence and redundancy are best evaluated 549

manually (Fabbri et al., 2021; Steen and Markert, 550

2021). For more details see Appendix D. 551

6 Experiments 552

6.1 Experimental Setup 553

We examine several baseline models for solving 554

the FiC task. The input to a model is a docu- 555

ment set with spans marked within the documents 556

(highlights), and the model ouputs a fused passage 557

around the highlights. 558

Models with full input. Using the training set 559

of our dataset, we finetune a large language model, 560

marking the highlights in the input via desig- 561

nated mark-ups, following Slobodkin et al. (2022). 562

Specifically, we finetune a flan-t5-large model 563

(Chung et al., 2022), that exhibited enhanced per- 564

formance in tasks requiring constrained generation 565

(Sanh et al., 2022; Wei et al., 2022). We will refer to 566

8Spearman correlations were also calculated, showing sim-
ilar trends. See Appendix E.4.
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Model Faithfulness Coverage F-1 Coherence Redundancy

Flan-T5H 72.8 86.4 79.0 4.3 4.1
Flan-T5H (RL) 54.0 82.0 65.1 4.1 4.0
Flan-T5only-H 84.6 87.8 86.2 3.6 3.8
Flan-T5no-H 53.7 76.9 63.2 4.1 3.9
GPT-4 81.6 85.6 83.6 4.7 4.5

Table 3: Results for the proposed models on our FiC dataset. Faithfulness is measured with our NLI-based metric,
and Coverage with our trained metric. The F-1 is a harmonic mean of the two latter scores. Coherence and
Redundancy are measured through manual assessment. For each metric, the best score is in bold.

this model as Flan-T5H (‘H’ for ‘Highlights’). We567

develop an additional variant of Flan-T5H, which568

we further finetune using Reinforcement Learn-569

ing (RL), following the method in Slobodkin et al.570

(2023a). It applies the Quark algorithm (Lu et al.,571

2022) combined with a dual-reward policy (Pa-572

sunuru and Bansal, 2018), alternating between our573

NLI-based faithfulness and trained coverage met-574

rics (§5) as rewards. We also examine the perfor-575

mance of a one-shot GPT-4 model (OpenAI, 2023),576

guided with an example of the task.9577

Models with highlights only. To reveal the im-578

portance of the surrounding context, we also train a579

flan-t5-large model only with a concatenation580

of the highlights as the input (excluding surround-581

ing context). We denote this variant Flan-T5only-H.582

Models without highlights. Finally, we examine583

flan-t5-large in a standard summarization set-584

ting, where it is finetuned with the input review-set585

without the highlighted spans, denoting this vari-586

ant Flan-T5no-H. It offers insights into the model’s587

ability to pick up on signals that point to highlights.588

6.2 Results589

We apply our evaluation metrics on the proposed590

systems, with results presented in Table 3. We591

first observe that the exclusion of context from the592

input (Flan-T5only-H) yields the strongest faithful-593

ness and coverage scores, yet the lowest coherence594

and redundancy scores. This shows the importance595

of incorporating context for more seamless out-596

puts. Meanwhile, the removal of highlights (Flan-597

T5no-H) leads to a substantial degradation in faith-598

fulness and coverage. This indicates that the model599

indeed succeeds in learning to adjust the output600

according to the highlights, underlining the high-601

lights’ role in enhancing the model’s performance.602

9Preliminary experiments on a separate development set,
with varying numbers of in-context examples, indicated that a
single exemplar yields the best results. See Appendix C.

Interestingly, even though the RL reward func- 603

tions used in the RL-enriched model are the faith- 604

fulness and coverage metrics themselves, the out- 605

puts are eventually negatively affected when eval- 606

uating with these metrics. This result calls for a 607

more in-depth investigation of enhanced reward 608

functions that can leverage the benefits of RL- 609

enrichment, as was shown to be helpful in Slobod- 610

kin et al. (2023a) for the single-input setup. We also 611

find that single-shot GPT-4 yields the most coher- 612

ent and least redundant texts. While it ranks highly 613

in faithfulness and coverage, it is still overtaken by 614

the finetuned Flan-T5only-H. Overall, our findings 615

invite for further research on the FiC task, to de- 616

velop fusion strategies that ensure comprehensive 617

coverage and faithfulness to highlighted content, 618

with coherent and low-redundancy outputs. 619

7 Conclusion 620

In this paper, we further promote the decomposi- 621

tion of grounded text generation as presented in 622

(Slobodkin et al., 2022), extending it to the multi- 623

document setting. To that end, we introduce the 624

Fusion-in-Context (FiC) task, an extension of the 625

task from (Slobodkin et al., 2022) which focuses on 626

the content fusion step, to the multi-document set- 627

ting. The FiC setting facilitates employing a single 628

general-purpose fusion model for diverse content 629

selection needs, capturing the challenges of repet- 630

itiveness and contradictions in source documents. 631

To advance the task, we prepared a high-quality 632

dataset, esablished an evaluation framework for 633

faithfulness and coverage of selected spans, and 634

provide several baseline models to stimulate fur- 635

ther research and exploration. 636

Future work may include expanding the FiC task 637

to other multi-input contexts, e.g., the news do- 638

main. We also plan to investigate ways to leverage 639

the built-in traceability of the output text’s origin, 640

namely the highlights, for facilitating attributed 641

generation. 642
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8 Limitations643

In this work, we construct the first FiC dataset,644

developed by instructing crowdworkers to iden-645

tify relevant spans within reviews that align with646

the content of corresponding summaries. To re-647

duce cognitive load, each summary was displayed648

alongside individual reviews. While this approach649

streamlined the annotation process, there are in-650

stances where viewing the complete set of input651

reviews is advantageous, particularly for aggrega-652

tive summary segments. In such segments, multiple653

review spans are combined into a single summary654

span, necessitating a broader understanding of the655

entire input set for accurate highlighting.656

Moreover, the focus of our dataset on the busi-657

ness reviews domain may constrain its generaliz-658

ability to other contexts with distinct textual struc-659

tures, like news articles. This limitation extends660

to our trained evaluation metrics, which were de-661

veloped using a derivative of our crowdsourced662

dataset and, therefore, are tailored to the specific663

characteristics of business reviews.664

9 Ethics Statement665

The proposed Fusion-in-Context (FiC) task, despite666

offering enhanced control over the content gener-667

ated, is not expected to achieve complete resolu-668

tion. Therefore, integrating FiC modules in mod-669

ular generative systems should be done so with670

caution, since there is a possibility that these mod-671

ules may overlook certain highlighted content or672

inadvertently include content that was not high-673

lighted. This concern is particularly relevant for674

future endeavors that aim to use FiC for attributed675

generation. In such cases, there is a risk that some676

portions of the generated content may not be di-677

rectly traceable to the pre-defined highlighted seg-678

ments, leading to potential inaccuracies, or incom-679

pleteness, in attribution.680
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A Annotation Full Guidelines 1061

In this section, we provide the full annotation guide- 1062

lines, presented to our workers. 1063

A.1 Summary-related Guidelines 1064

As mentioned in §4.2, we guide annotators to seg- 1065

ment summary sentences into the different aspects 1066

of hotels or businesses. The annotation guidelines 1067

distinguish between two classifications of aspects: 1068

• DIFFERENT ASPECTS: This refers to independent 1069

facets of the business, e.g., location and room qual- 1070

ity. 1071

• DIFFERENT CHARACTERISTICS OF THE SAME 1072

ASPECT: This pertains to addressing varied charac- 1073

teristics within the same aspect, for example, the 1074

cleanliness and size of a room. 1075

A.2 Review-related Guidelines 1076

This section provides a detailed overview of the 1077

review-related guidelines presented to our crowd- 1078

workers during their training: 1079

• ANY MENTION OF THE ASPECT: Annotators are 1080

trained to align all review mentions of a summary 1081

aspect, encompassing both similar and contrasting 1082
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sentiments. For instance, if the summary aspect1083

is “The staff was friendly”, both positive and nega-1084

tive mentions regarding staff friendliness are to be1085

aligned.1086

• SPECIFICITY IN REVIEWS: Crowdworkers are1087

advised to align review mentions that offer more1088

specificity than the summary aspects. For example,1089

a general summary statement like “The staff was1090

helpful”, should be aligned with a more specific1091

review comment, such as “the concierge was very1092

helpful”. We also emphasize that the other way1093

around, namely, that the summary is more specific1094

than the reviews, should not be aligned.1095

• EXEMPLIFICATION IN REVIEWS: In line with1096

the previous point, annotators are guided to focus1097

on identifying review segments that provide ex-1098

amples of the summary statements. An example1099

would be aligning the summary span “The hotel is1100

well-maintained” with a review segment that ex-1101

emplifies it, such as “the pool area is very clean”.1102

As in the previous point, we discourage our crowd-1103

workers from considering the reverse cases, when1104

the summaries exemplify the reviews.1105

• PARAPHRASING: Annotators are instructed to1106

align paraphrased mentions in reviews with the1107

summary content, such as aligning “the hotel is1108

overpriced” with “you can stay at lovely B&B in1109

the old town that is actually cheaper than this”.1110

• CONSECUTIVENESS: We guide our workers to1111

avoid highlighting unnecessary details, i.e., that1112

did not appear in the summary span, and keep the1113

highlights inconsecutive if needed.1114

• UNALIGNABLE SPANS: Recognizing that each1115

summary is derived from multiple reviews, but re-1116

viewers assess only one review at a time, it is often1117

the case that not all summary details will be present1118

in the reviewed content. In such instances, anno-1119

tators are instructed to leave such summary spans1120

unhighlighted.1121

B NLI Zero-Shot Prompt1122

Figure 3 demonstrates the structure of the zero-shot1123

prompt used for the nli-based evaluation frame-1124

works of highlights coverage and faithfulness.1125

C GPT-4 Prompting1126

Table 4 presents the faithfulness, coverage and F-1127

1 scores of the zero-shot GPT-4 model across 301128

instances from the FiC development set, for vary-1129

ing numbers of in-context examples in the prompt.1130

Based on these outcomes, we chose to proceed with1131

Number of Exemplars Faithfulness Coverage F-1
1 80.1 85.0 82.5
2 72.1 86.1 78.5
3 73.6 84.0 78.5
4 72.8 82.2 77.2

Table 4: Faithfulness, coverage and F-1 scores of the
zero-shot GPT-4 model on 30 instances for the FiC
development set, for varying numbers of in-context ex-
amples in the prompt. For each metric, the best scores
are in bold.

a single in-context example. 1132

D Fluency and Redundancy Human 1133

Annotation Protocol 1134

We ask crowd-workers to assess the fluency and 1135

redundnacy of the texts produced by all models un- 1136

der examination. We employ annotators who have 1137

demonstrated proficiency in semantic tasks, includ- 1138

ing summarization, in previous experiments. For 1139

evaluation purposes, 100 instances are randomly 1140

selected from our test set, and the texts generated 1141

by each model for these instances are evaluated, 1142

resulting in 500 total samples. Each sample is 1143

reviewed by three different annotators, and their 1144

scores are averaged to obtain a final assessment. 1145

The evaluation is facilitated through two Amazon 1146

Mechanical Turk interfaces, specifically designed 1147

for this study. One interface focuses on evaluating 1148

coherence, while the other assesses redundancy, 1149

with each interface presenting the annotators with 1150

one of the 500 samples (as depicted in Figure 4). 1151

Consistent with the methodology of (Slobodkin 1152

et al., 2022), a 5-point Likert scale is employed to 1153

rate the fluency and redundancy of the generated 1154

summaries. To minimize ambiguity and promote 1155

consistent ratings, each score on the scale is ac- 1156

companied by explicit criteria (also illustrated in 1157

Figure 4). Taking into account an average response 1158

time of 30 seconds for each evaluation, we set the 1159

compensation for each response at 10 ¢. 1160

E Additional Evaluation Framework 1161

Details 1162

E.1 Trained Faithfulness Metric 1163

In a similar fashion to the trained coverage metric, 1164

we we use our crowdsourced dataset to generate 1165

training data for evaluating highlights faithfulness. 1166

This approach mirrors the NLI-based metric we 1167

proposed, wherein a model is trained to individu- 1168

ally evaluate the faithfulness of each output sen- 1169
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1 ### Instruction: Read the following and determine if the hypothesis can be inferred from
the premise.

2 Options: Entailment, Contradiction, or Neutral
3
4 ### Input:
5 Premise: {Premise}
6 Hypothesis: {Hypothesis}
7
8 ### Response (choose only one of the options from above):

Figure 3: The prompt structure employed in zero-shot configurations as a basis for evaluating the frameworks of
faithfulness and coverage.

(a) Fluency Evaluation Interface

(b) Redundancy Evaluation Interface

Figure 4: Example of the data collection interfaces used by the crowd-workers to evaluate the fluency (4a) and
redundancy (4b) of summaries.

tence, subsequently averaging the scores across all1170

sentences.1171

For the positive training instances, we separate1172

each summary from our crowdsourced dataset into1173

sentences, and pair each sentence with all the in-1174

stance’s highlights. In contrast, for the creation1175

of negative instances, we remove all highlights1176

that were aligned with any segment of the cor-1177

responding summary sentence. The training pro-1178

cess involves fine-tuning a flan-t5-large model 1179

(Chung et al., 2022). In this setup, the input com- 1180

prises the highlights and the summary sentence, 1181

while the output is either the token ’yes’ for positive 1182

instances, or ’no’ for negative ones. The final score 1183

is calculated based on the probability assigned to 1184

the token ’yes’ by the model. 1185
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Judges Faithfulness Coverage
1-2 0.37 0.31
2-3 0.71 0.67
1-3 0.39 0.27

Table 5: The individual Cohen’s Kappa coefficients for
each pair of judges, on the faithfulness and coverage
axes.

E.2 NLI-based Coverage Metric1186

For the evaluation of highlight-coverage using Nat-1187

ural Language Inference (NLI), our approach mir-1188

rors the one implemented for assessing faithfulness1189

using NLI (see §5.2), albeit with a role reversal,1190

where the output serves as the premise and the1191

highlights function as the hypothesis. Rather than1192

treating all highlights collectively as the hypoth-1193

esis, we calculate the coverage of each highlight1194

separately and then average across all highlights.101195

E.3 Additional Meta Evaluation Setup Details1196

Pairwise Cohen Kappa Coefficients Table 51197

shows the pairwise Cohen’s Kappa coefficients for1198

each pair of judges.1199

Reconciliation Process To achieve further agree-1200

ment between the three authors, a supplementary1201

reconciliation procedure was undertaken for the1202

ten instances annotated by all three authors. This1203

procedure entailed discussions for each instance1204

where the annotations diverged by more than one1205

point, separately for the faithfulness and coverage1206

scores. During these discussions, each author ex-1207

plained the rationale behind their assigned score.1208

Subsequently, the authors endeavored to reach a1209

unanimous agreement on each instance, thereby1210

further aligned their scoring criteria.1211

E.4 Additional Meta Evaluation Results1212

Tables 6 and 7 present the full correlations with1213

human judgments using the Kendall-Tau rank cor-1214

relations and Spearman’s rank correlations, respec-1215

tively, including the additional evaluation frame-1216

works we explored (see Appendices E.1 and E.2),1217

and the F-1 scores for the ROUGE and BERTScore1218

metrics.1219

10We consider each individual alignment in our crowd-
sourced dataset as a distinct highlight.

Faithfulness Coverage
Metric τ CI τ CI
ROUGE-1 (R) 0.2319 0.23-0.24 0.3467 0.34-0.35
ROUGE-1 (P) 0.5468 0.54-0.55 -0.0533 -0.06–0.05
ROUGE-1 (F1) 0.5587 0.55-0.56 0.1497 0.14-0.16
ROUGE-2 (R) 0.3555 0.35-0.36 0.2731 0.27-0.28
ROUGE-2 (P) 0.5253 0.52-0.53 0.0071 0.00-0.01
ROUGE-2 (F1) 0.4964 0.49-0.50 0.1477 0.14-0.15
ROUGE-L (R) 0.0958 0.09-0.10 0.3835 0.38-0.39
ROUGE-L (P) 0.4898 0.48-0.49 -0.0367 -0.04–0.03
ROUGE-L (F1) 0.3880 0.38-0.39 0.1950 0.19-0.20
METEOR 0.4017 0.40-0.41 0.2736 0.27-0.28
BERTScore (R) 0.2380 0.23-0.24 0.4165 0.41-0.42
BERTScore (P) 0.6004 0.59-0.60 0.0529 0.05-0.06
BERTScore (F1) 0.4958 0.49-0.50 0.2555 0.25-0.26

NLI (Faithfulness) 0.6745 0.67-0.68 0.0929 0.09-0.10
NLI (Coverage) 0.2255 0.22-0.23 0.5084 0.50-0.51
Trained (Faithfulness) 0.5836 0.58-0.59 0.2495 0.24-0.25
Trained (Coverage) 0.1771 0.17-0.18 0.4992 0.49-0.50

Table 6: Average Kendall-Tau rank correlations (τ ) and
their 95% confidence intervals (CI) for tested evaluation
metrics against human judgment. Recall-based metrics
(R) are more effective for coverage, and precision-based
metrics (P) for faithfulness. Best correlations for each
axis are in bold.

Faithfulness Coverage
Metric τ CI τ CI
ROUGE-1 (R) 0.3124 0.31-0.32 0.4440 0.44, 0.45
ROUGE-1 (P) 0.6892 0.68-0.69 -0.0861 -0.09–0.08
ROUGE-1 (F1) 0.7172 0.71-0.72 0.1654 0.16-0.17
ROUGE-2 (R) 0.4842 0.48-0.49 0.3537 0.35-0.36
ROUGE-2 (P) 0.6807 0.68-0.69 0.0005 -0.01-0.01
ROUGE-2 (F1) 0.6590 0.65-0.66 0.1885 0.18-0.20
ROUGE-L (R) 0.1237 0.12-0.13 0.4902 0.48-0.50
ROUGE-L (P) 0.6420 0.64-0.65 -0.0596 -0.07–0.05
ROUGE-L (F1) 0.5160 0.51-0.52 0.2531 0.25-0.26
METEOR 0.5412 0.54-0.55 0.3487 0.34-0.36
BERTScore (R) 0.3141 0.31-0.32 0.5237 0.52-0.53
BERTScore (P) 0.7450 0.74-0.75 0.0485 0.04-0.06
BERTScore (F1) 0.6516 0.65-0.66 0.3267 0.32-0.33

NLI (Faithfulness) 0.8257 0.82-0.83 0.1088 0.10-0.12
NLI (Coverage) 0.2831 0.28-0.29 0.6355 0.63-0.64
Trained (Faithfulness) 0.7268 0.72-0.73 0.3271 0.32-0.33
Trained (Coverage) 0.2315 0.22-0.24 0.6178 0.61-0.62

Table 7: Average Spearman’s rank correlations (τ ) and
their 95% confidence intervals (CI) for tested evaluation
metrics against human judgment. Recall-based metrics
(R) are more effective for coverage, and precision-based
metrics (P) for faithfulness. Best correlations for each
axis are in bold.

F Additional Dataset Details 1220

F.1 Full FiC Dataset Statistics 1221

Table 8 presents the full FiC dataset statistics, in- 1222

cluding specific statistics for each of the dataset’s 1223

splits and instances origin, i.e., CocoTrip or Few- 1224

Sum. 1225
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#unique
sets

of reviews

#summaries/
review-set
(average)

#summary-
review-set

pairs

mean
review/summary

size (tkns)

max
review/review-set/
summary (tkns)

mean
review/summary

size (sents)

summary sents
aligning to

multiple reviews

summary sents
aligning to multiple

review sents

Train
CocoTrip 184 2.63 484 97.56/80.15 239/1118/231 6.22/5.32 80.74% 50.02%
FewSum 53 3.00 159 57.27/60.06 75/497/104 4.87/4.34 89.13% 65.07%
Total 237 2.71 643 87.6/75.18 239/1118/231 5.89/5.08 82.51% 53.20%

Dev
CocoTrip 10 6.00 60 91.24/75.93 197/829/174 5.64/5.07 85.53% 46.05%
FewSum 13 3.00 39 57.55/58.46 78/493/102 5.21/4.15 90.74% 79.63%
Total 23 4.30 99 77.97/69.05 197/829/174 5.47/4.71 87.34% 57.73%

Test
CocoTrip 26 6.00 156 90.34/74.28 279/881/266 5.64/4.86 79.95% 42.74%
FewSum 34 3.00 102 57.43/57.44 74/509/105 5.0/4.41 88.89% 67.11%
Total 60 4.30 258 77.33/67.62 279/881/266 5.39/4.68 83.28% 51.82%

Overall
CocoTrip 220 3.18 700 95.41/78.48 279/1118/266 6.04/5.2 80.97% 48.17%
FewSum 100 3.00 300 57.36/58.96 78/509/105 4.96/4.34 89.25% 67.59%
Total 320 3.13 1000 83.99/72.62 279/1118/266 5.72/4.94 83.15% 53.29%

Table 8: Statistics of our dataset. The two right-most columns indicate the percentage of summary sentences that
align with spans in more than one review, and the percentage of summary sentences that align with a non-continuous
span from across more than one review sentence in one of its reviews.

F.2 Annotation Cost1226

Each annotation instance, averaging 4 minutes, is1227

priced at 70¢. Annotators also receive compensa-1228

tion for training activities, including a 5$ bonus1229

for taking the 25-minute tutorial and an additional1230

2$ for reviewing feedback. The total cost for the1231

dataset amounted to approximately 5700$.1232

F.3 Additional Details about the Annotators1233

Recruitment1234

For our crowdsourcing project, we hired annota-1235

tors from English-speaking countries who had over1236

5000 approved HITs as well as an approval rate1237

higher than 98% on amazon Mechanical Turk. Dur-1238

ing the recruitment process, in addition to explain-1239

ing the annotation guidelines, we also explained to1240

the crowdworkers the purpose of the dataset, in or-1241

der to rationalize different aspects of the annotation1242

protocol.1243

G IAA disagreement Examples1244

Figure 5 demonstrates two instances of disagree-1245

ments between our annotators.1246

H Additional Experimental Details1247

To incorporate the highlighting signal in the1248

baseline Flan-T5H, <extra_token_1> and <ex-1249

tra_token_2> tokens were added to the input, be-1250

fore and after each highlight. For all trained models,1251

we set the maximum input length to 2048, to ac-1252

commodate the input length of the language model.1253

We also set the maximum target length to 200, 1254

which we found works best, as well as setting the 1255

batch size to 1. The other parameters are similar 1256

to Slobodkin et al. (2022, 2023a). The model is 1257

trained for 10k steps. Training is performed on a 1258

two A100-SXM4-80GB GPUs, and costs about 12 1259

GPU hours for the supervised models (Flan-T5H, 1260

Flan-T5no-H, and Flan-T5only-H) and about 36 GPU 1261

hours for the RL-tuned variant of Flan-T5H. 1262

Additionally, to train the trained faithfulness and 1263

coverage evaluators, we concatenate the highlights 1264

concatenation and the output’s sentence (for faith- 1265

fulness) and the generated output with each of the 1266

highlights (for coverage), and use the special token 1267

<extra_token_4> as a delimiter. For both evalua- 1268

tors, we set the maximum input length to 1024, the 1269

maximum target length to 4 , and the batch size to 1270

1. We train the models for 10 epochs. Training is 1271

performed on a single A100-SXM4-80GB GPU, 1272

and costs about 4 GPU hours. 1273

Overall, our trained models, both for faithful- 1274

ness and coverage evaluation and for the FiC 1275

task, use flan-t5-large as their backbone model, 1276

which consists of 780 million parameters, and our 1277

zero-shot NLI-based evaluation frameworks use 1278

flan-t5-xxl as the backbone model, consisting 1279

of 11 billion parameters. 1280

I List of Data and Software Licenses 1281

Employed in this Paper 1282

Our framework dependencies are: 1283

1. CocoTrip dataset: https://github. 1284
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Figure 5: Two examples of disagreement between annotators. For each example, the bottom part is the summary
(with the summary span over which there was disagreement in bold) and the top part is a review with both the
annotators’ highlights (marked with a red solid line and a blue dashed line to indicate each highlight).

com/megagonlabs/cocosum/blob/main/1285

LICENSE, under an Apache License 2.0.1286

2. FewSum dataset: https://github.com/1287

abrazinskas/FewSum/blob/master/1288

LICENSE.txt, under the MIT License.1289

3. Quark: https://github.com/GXimingLu/1290

Quark, Misc.1291

4. Baseline model for the zero-shot1292

NLI-based evaluation frameworks:1293

https://huggingface.co/google/1294

flan-t5-xxl/tree/main, under an Apache1295

License 2.0.1296

5. Baseline model for the trained eval-1297

uation frameworks and models:1298

https://huggingface.co/google/1299

flan-t5-large/tree/main, under an1300

Apache License 2.0.1301
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