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Abstract

Large Language Models (LLMs) have intro-
duced paradigm-shifting approaches in natu-
ral language processing. Yet, their transfor-
mative in-context learning (ICL) capabilities
remain underutilized, especially in customer
service dialogue summarization—a domain
plagued by generative hallucinations, detail
omission, and inconsistencies. We present
Chain-of-Interactions (CoI), a novel single-
instance, multi-step framework that orches-
trates information extraction, self-correction,
and evaluation through sequential interactive
generation chains. By strategically leveraging
LLMs’ ICL capabilities through precisely en-
gineered prompts, CoI dramatically enhances
abstractive task-oriented dialogue summariza-
tion (ATODS) quality and usefulness. Our
comprehensive evaluation on real-world and
benchmark human-agent interaction datasets
demonstrates CoI’s effectiveness through rigor-
ous testing across 11 models and 7 prompting
approaches, with 9 standard automatic evalu-
ation metrics, 3 LLM-based evaluations, and
human studies involving 480 evaluators across
9 quality dimensions. Results reveal CoI’s
decisive superiority, outperforming all single-
step approaches and achieving 6× better en-
tity preservation, 49% higher quality scores,
and 322% improvement in accuracy compared
to state-of-the-art multi-step Chain-of-Density
(CoD). This research addresses critical gaps
in task-oriented dialogue summarization for
customer service applications and establishes
new standards for harnessing LLMs’ reason-
ing capabilities in practical, industry-relevant
contexts1.

1 Introduction

Large Language Models (LLMs) have transformed
natural language processing through in-context
learning (ICL) capabilities (Jain et al., 2023; Tang

1Dataset, code, and materials are available: https://
github.com/jsl5710/CoI
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et al., 2023; Al-Lawati et al., 2025), driving shifts
from single-step to multi-step iterative pipelines
that address hallucinations, detail omission, and in-
consistencies in abstractive summarization (Adams
et al., 2023; Zhang et al., 2023b). However,
abstractive task-oriented dialogue summarization
(ATODS) remains underexplored—particularly for
customer service applications requiring accuracy,
completeness, and efficiency for post-call analytics
(Feng et al., 2021).

Customer service dialogues summaries require:
(1) preserving critical entities (confirmation num-
bers, timestamps, contacts); (2) tracking action-
outcome relationships across turns; and (3) main-
taining factual consistency for business-critical in-
formation (Allahyari et al., 2017; Feng et al., 2021).
Multi-instance methods requiring multiple LLMs,
external feedback, or prompt chaining (Zhang et al.,
2023b; Madaan et al., 2023; Tian et al., 2024a; Wu
et al., 2022; Sun et al., 2024) create computational
bottlenecks. Single-step approaches (Wang et al.,
2023; Liu et al., 2019; Liu and Lapata, 2019) sac-
rifice information density, while Chain-of-Density
(CoD) (Adams et al., 2023) loses critical entities
during compression—retaining only 0.61 entity
preservation ratio versus human baselines.

We present Chain-of-Interactions (CoI), a novel
single-instance framework addressing these limi-
tations through eight sequential refinement chains.
Unlike existing approaches that trade off between
competing objectives, CoI achieves simultaneous
optimization across entity preservation, compres-
sion efficiency, and factual consistency (Adams
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et al., 2023; Zhang et al., 2023b). Through pre-
cisely engineered prompts, CoI transforms a single
LLM into a powerful pipeline that progressively
refines outputs via extraction, correction, and self-
evaluation stages.

Our evaluation on benchmark (TodSum) and
real-world (CRM) datasets demonstrates CoI’s ef-
fectiveness. Testing 11 LLMs (7B to >100B pa-
rameters) against 7 prompting approaches, we gen-
erated and evaluated 80,000+ summaries using 9
automatic metrics, 3 LLM-based methods, and hu-
man assessment with 480 participants (expert, aca-
demic, public) across 9 quality dimensions.

Our contributions are: (1) a single-instance
framework replacing multi-model-call overhead
with one call with a prompt having multiple chains;
(2) empirical validation showing CoI outperforms
all single-step baselines and CoD (6× entity preser-
vation, 49% higher quality, 322% accuracy im-
provement); (3) human evaluation (480 partici-
pants) establishing superiority over human and ma-
chine baselines; (4) a validated nine-dimensional
evaluation framework for ATODS; and (5) public
release of 80K+ summaries, annotations, and im-
plementation materials2.

2 Related Work

Automatic Text Summarization Jin et al. (2024)
defines ATS as "a series of automatic actions
to distill extensive textual content into concise
summaries, capturing the essence while retaining
key information." ATS creates concise summaries
while preserving essential content through extrac-
tive (verbatim selection) or abstractive (novel text
generation) approaches (Feng et al., 2021; Jin et al.,
2024). Evolution spans from early frequency-based
methods (Luhn, 1958; Edmundson, 1969) and ma-
chine learning approaches (Mihalcea and Tarau,
2004) to neural architectures (See et al., 2017) and
transformer models like GPT-4 (Zhong et al., 2022;
Jin et al., 2024; Adams et al., 2023). Pre-trained
models like BART advanced through fine-tuning
(Khandelwal et al., 2019), while recent LLMs use
prompt-based and in-context learning without ex-
tensive training (Jin et al., 2024), though most focus
on document summarization with computationally
intensive models unsuitable for real-world deploy-
ment.

2https://github.com/jsl5710/CoI

LLM ICL Summarization LLMs transformed
summarization through ICL and Chain-of-Thought
reasoning (Wei et al., 2022). Key advances include
SumCoT (Wang et al., 2023), Chain-of-Density
(Adams et al., 2023), multi-agent refinement
(Zhang et al., 2023b), tri-agent approaches (Xiao
et al., 2023), iterative ICL prompting (Al Lawati
et al., 2025), and extract-then-generate methods
(Zhang et al., 2023a). However, customer service
dialogue summarization remains under-explored,
with existing methods requiring multiple models
and passes, making them impractical for commer-
cial deployment due to computational costs. Tang
et al. (2022) identified eight distinct error types in
dialogue summarization.

Customer Service Summarization Customer
service dialogue summarization is understudied
despite its business importance (Feng et al., 2021).
Prior work explored topic modeling (Liu et al.,
2019; Zou et al., 2021b,a) and dataset curation
(Zhao et al., 2021; Zhang et al., 2021; Lin et al.,
2021). Recent approaches examine role-oriented
methods (Tian et al., 2024a,b, 2023), but gaps re-
main in leveraging small LLMs for efficient, prac-
tical deployment.

Dialogue Summary Evaluation Evaluation ap-
proaches include automatic metrics (ROUGE (Lin,
2004), BLEU (Papineni et al., 2002), BERTScore
(Zhang et al., 2019)) and LLM-based methods (Lik-
ert scales (Liu et al., 2023), pairwise comparison
(Jain et al., 2023), faithfulness assessments (Luo
et al., 2023)). Challenges include lack of standard-
ized metrics and domain inconsistencies (Allah-
yari et al., 2017). While human judgment remains
the gold standard, LLM-based evaluation shows
promise for automated assessment (Jin et al., 2024).

3 Method

We propose Chain-of-Interactions (CoI) for gen-
erating progressively refined dialogue summaries
through structured multi-step reasoning chains.
CoI implements a sequential eight-chain process
to produce summaries that balance accuracy, rele-
vance, and utility for customer support agents while
addressing information loss, repetition, hallucina-
tions, and inconsistencies. We validate CoI through
extensive evaluation encompassing LLMs, prompt-
ing methods, standard automatic metrics, LLM-
based evaluations, and human assessment, ensur-
ing robust evidence across diverse architectures and
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Figure 2: Overview of our CoI Task-Oriented Dialogue Summarization methodology, showing: (1) datasets, (2) prompt, (3)
LLMs evaluate, (4) evaluation methods, and (5) generation and evaluation process with CoI framework.

evaluation paradigms.

3.1 Problem Definition
Let G be a generative LLM, x be the original
task-oriented dialogue input, and O be the output
containing: S (seven refined summary chains), A
(Likert-scale evaluation of final summary), and E
(explanation justifying scores).

Definition 1 (Single-Instance Transformation).
Our approach is defined as function PE : X → X ′

where:
1. x′ = PE(x) = x⊕ I (⊕ denotes concatena-

tion, I is instruction text)

2. O = G(x′) where G : X ′ → O and O =
(S,A,E)

3. Generation involves iterative processing
within single instance G

4. Quality improves without additional training,
agents, or model requests

5. |I| is small relative to model capacity

3.2 Chain-of-Interaction Framework
Traditional LLMs use single-pass inference pro-
ducing immediate outputs, unlike human cognitive
processes involving reflection and refinement (Pan
et al., 2025). Language reason models ("Think-
ing models") like OpenAI-o1 (Jaech et al., 2024)
demonstrate how structured deliberation enhances
performance.

CoI implements guided internal reasoning in
non-thinking models through: (1) Context-aware
extraction and synthesis; (2) Sequential refine-
ment with self-correction; and (3) Quantitative self-
evaluation with rationales.

Definition 2 (CoI SumEval). Given dialogue x,
generate output O = (S,A,E) through 8-chain
process C = {C1, ..., C8}:

C1: Extract task-oriented interactions

C2: Generate initial summary

C3: Add missing entities

C4: Review using 9 quality aspects

C5: Remove redundancy

C6: Correct hallucinations

C7: Enhance brevity (Final summary S)

C8: Generate evaluation A, E
Where A = {a1, ..., a9} represents Likert evalua-
tions for nine dimensions (conciseness, coverage,
relevance, rephrasing, coherence, fidelity, readabil-
ity, fluency, redundancy) and E = {e1, ..., e9} pro-
vides corresponding explanations.

Prompt Template Our JSON-formatted tem-
plate consists of two components: T1 (demon-
strator with instructions and examples for the 8-
chain process, see Figures 18 and 19) and T2

(summarizer-evaluator with structured JSON out-
put, see Figure 20). This architecture enables sys-
tematic refinement and evaluation within a single
model instance. Table 21 illustrates the complete
8-chain process with a generated example.

4 Datasets

Customer service summaries emphasize entities
and factual details (e.g., reservation numbers, con-
tact information) that differ from general conversa-
tion summaries. After reviewing open-source dia-
logue benchmarks (SAMSum (Gliwa et al., 2019),
AMI (McCowan et al., 2005), ICSI (Janin et al.,
2003), DialogSum (Chen et al., 2021), CSDS (Lin
et al., 2021)), only TodSum (Zhao et al., 2021)
suited our TODS focus. We evaluate on: (1)
TodSum, an open-source benchmark with structured
goal-directed conversations, and (2) CRM, a propri-
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Given an original dialogue (x), summarize
this customer service dialogue. Think step
by step.

Given an original dialogue (x), extract user
intent, issues/concerns, agent-response,
and entities from customer service
dialogue, and create an informative
summary using this information.

Given 2 selected dialogue-summary pair
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dialogue (x) using our Extract-InformCoT
prompt instruction.
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Figure 3: Overview of baseline ICL Techniques. (1) single-step: Zero-shot and Few-shot (2) Multi-step: Iterative

etary real-world customer service collection (Ta-
ble 1). Both dataset consist of customer support
dialogues and summary pairs

Characteristic TodSum CRM

TOD HS TOD HS

Dataset Splits
Train 7,892 7,892 – –
Test 999 999 35 35
Validation 999 999 – –

Total 9,890 9,890 35 35

Word Count
Max 721 133 2,138 107
Avg 187 45 787 24
Min 28 15 289 6

Sentence Count
Max 44 8 114 6
Avg 14 4 48 2
Min 2 2 19 1

Table 1: Dataset statistics for TodSum (open-source) and CRM
(proprietary). TOD: Task-Oriented Dialogue; HS: Human
Summary.

5 Models

Our study spans 3 large LLMs and 9 small
instruction-tuned models (7-8B parameters), bal-
ancing performance with computational efficiency
for industry deployment (Table 13). These
instruction-tuned models provide essential TODS
capabilities: prompt adherence, complex reason-
ing, multi-turn instruction following, pattern recog-
nition, and contextual adaptability—aligning with
our CoI framework. Unlike prior work using legacy
models (BART, UniLM (Zhu et al., 2021)) or large
decoder-based LLMs (GPT-4 (Adams et al., 2023)),
we prioritize advanced small and large LLMs for
practical implementation assessment.

6 Baseline

We evaluate CoI against single-step and multi-step
summarization paradigms. Single-step approaches
generate summaries in one operation (Liu and La-
pata, 2019; Wang et al., 2023; Lewis et al., 2020).
We compare CoI against (a) two zero-shot and (b)
one few-shot single-step ICL approaches using au-
tomatic evaluation metrics. Multi-step methods use
multiple operations, such as Summit (Zhang et al.,
2023b) (multiple LLMs with external feedback)
and CoD (Adams et al., 2023) (single LLM, single-
pass). Most significantly, we compare against the
SOTA CoD iterative method, which represents the
most appropriate baseline as it shares our single-
instance, multi-step framework while using itera-
tive refinement (Figure 3). For methodology details,
see Appendix F.

Model Total Min Max Mean Std

GPT-4o 7,110 20 154 63.99 20.72
Gemini-1.5-f 6,143 18 220 64.83 21.65
Gemini-1.5-p 6,990 7 346 59.19 22.29

Gemma 5,931 7 406 56.40 25.30
Llama-3 6,044 8 164 61.04 19.92
Llama-3.1 6,181 7 228 62.26 23.89
Mistral 7,119 7 230 68.09 30.35
Mistral-N 7,161 7 191 45.73 16.36
Openchat 7,224 7 140 48.63 18.20
Qwen-2 7,223 8 265 55.41 26.75
WizardLM-2 6,063 7 359 73.48 36.20
Zephyr 6,871 7 345 44.77 19.91

Table 2: Table shows characteristics of synthetic summaries
generated from test set dialogues using different LLMs, mea-
sured by token count. Red: large LLMs (>100B parameters),
Blue: small LLMs (7-8B parameters).

6.1 Generation
We generate task-oriented dialogue summaries us-
ing the test set (1,034 samples) from our datasets
(Table 1), with the training set (7,917 samples) sup-
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porting few-shot sampling. Using 12 LLMs and 7
prompt techniques, we generated 86K+ summaries.
After removing 6K+ defective samples due to gen-
eration inconsistencies and controllability issues
(Figure 15), we obtained 80K+ summaries for eval-
uation (Table 2). GPT-4o achieved perfect (100%)
prompt-following performance, while small LLMs
like OpenChat-8B and Mistral achieved competi-
tive (99%) completion rates. Table 21 shows sam-
ple CoI outputs. Our dataset is publicly available:
GitHub.

7 Experiment

Our experiment framework spans 11 models, 7
prompting approaches, 9 automatic metrics, 3
LLM-based evaluations, and 480 human evaluators
across 9 quality dimensions, providing comprehen-
sive validation of CoI’s effectiveness.

7.1 Experiment Setup

Quality Evaluation Dimensions. LLMs often pro-
duce summaries with verbosity, omissions, repeti-
tion, and factual errors (Zhang et al., 2023b; Adams
et al., 2023; Kryściński et al., 2020; Lucas et al.,
2023). Since existing LLM-based evaluation di-
mensions do not transfer well to ATODS (e.g., G-
Eval (Liu et al., 2023)), we developed nine dimen-
sions based on prior frameworks (Gehrmann et al.,
2018; Peyrard, 2019; Dang, 2005; Zhu and Bhat,
2020), ATS literature (Braggaar et al., 2023; Lin
et al., 2021; Likert, 1932), and industry expertise,
organized into three main sections:

Section 1. Completeness and Accuracy As-
sesses information coverage, focus, and accuracy:

• Coverage - Inclusion of all relevant infor-
mation.

• Relevance - Inclusion of only the pertinent
information.

• Fidelity - Preservation of original meaning,
context, facts, and intent.

Section 2. Brevity and Rephrasing Evaluates
summary succinctness, precision, and uniqueness:

• Conciseness - Brevity and elimination of
unnecessary details.

• Redundancy - Avoidance of repetition.
• Rephrasing - Demonstration of understand-

ing through paraphrasing.

Section 3. Readability and Flow Measures read-
ing and comprehension ease:

• Readability - Ease of comprehension with
clear language.

• Fluency - Freedom from grammatical er-
rors.

• Discourse Coherence - Logical, structured
presentation at sentence and summary lev-
els.

Evaluation Approaches. We employ a multi-
faceted evaluation strategy combining (i) gold-
standard human evaluations, (ii) SOTA LLM-based
automatic evaluation metrics (AEM), and (iii) stan-
dard AEM (e.g., entity density). Although LLM-
based evaluation closely parallels human judgment
(Liu et al., 2023; Luo et al., 2023), standard AEM
fails to capture task-oriented dialogue requirements
where intent recognition, action fulfillment, and
key entities are critical.

7.2 RQ1: Does CoI outperform CoD in
quality and information retention?

This experiment establishes whether CoI outper-
forms the SOTA CoD method through a compre-
hensive evaluation of the informativeness and qual-
ity dimensions using SOTA LLM-AEM.
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Figure 4: Entity count and density comparison.
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Informativeness: Entity Density We compute
entity density as the ratio of unique entities
(Spacy3) to tokens (NLTK (Loper and Bird, 2002)),
following Adams et al. (2023). CoI consistently
preserves higher entity density throughout sum-
marization chains, with advantages ranging from
+0.040 to +0.222 in entity/token density (steps 2-
7). CoI maintains 10.5-11.5 entities in later chains
versus CoD’s rapid loss (dropping to 0 entities by
step 7) (Table 9). CoI improves critical entity recall
by 67% for high-value numerical entities (phone
numbers, confirmation codes, reservation details)
and embeds 6× more entities than CoD in chain
1 (Figure 4, detail analysis in Appendix C). We
provide a detailed analysis showing CoI superiority
in summary compression, entity preservation, and
factual consistency across other prompt baselines
and LLMs. Appendix D.

Quality Assessment: LLM-AEM We imple-
mented comprehensive LLM-based evaluation
across nine dimensions using advanced reason-
ing LLMs (Gemini-2.0-pro, OpenAI o1) (Fu et al.,
2024; Liu et al., 2023; Adams et al., 2023; Gilardi
et al., 2023). CoI significantly outperforms CoD
across all dimensions (Figure 5), with dramatic
improvements in Completeness and Accuracy (Q1-
Q3): CoD averaged 1.05 while CoI achieved 4.43
(322% improvement). In Brevity and Rephrasing
(Q4-Q6), CoI maintains advantages (4.94 vs 4.24),
particularly in Rephrasing (Q6: 4.81 vs 3.35). For
Readability and Flow (Q7-Q9), CoI consistently
scores high (averaging 4.89), exceeding CoD in Co-
herence (Q9) by 1.21 points. Overall, CoI achieves
4.75 mean score versus CoD’s 3.19, representing
49% improvement in summary quality.

7.3 RQ2: Which CoI chain is optimal and do
chains meet their objectives?

This experiment evaluates whether CoI chains ful-
fill their objectives and identifies the optimal chain
for customer support through human evaluation.

Study Design. We assessed CoI’s iterative ap-
proach with 30 Prolific participants evaluating 100
randomly selected dialogues (30 CRM, 70 TodSum
from 12 LLM generators). This yielded 2,710 eval-
uations (7 chains × 100 dialogues × 3 annotators)
assessing (1) objective fulfillment and (2) preferred
summary for customer support agents. Details in
section L.4 and Table 20.

3https://spacy.io
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Objective Fulfillment. Human evaluations re-
vealed consistent progression across chains (Fig-
ure 6): Chain 1 (1.00), Chain 3 (2.98), Chain 4
(3.99), Chain 5 (4.97), Chain 6 (6.00), and Chain
7 (6.99/7). Fleiss’ Kappa analysis (FLEISS, 1971)
showed perfect agreement for Chains 1 and 6
(κ = 1.000), almost perfect agreement for Chains
3, 4, 5, and 7 (κ > 0.93), and overall reliability of
κ = 0.905 (Table 14).

Optimal Chain. Analysis of 300 human judg-
ments identified Chain 7 as the overwhelming pref-
erence (62.33%), followed distantly by Chain 2
(17.00%). Chains 3-5 received minimal preference
(5-7% each), Chain 6 was rarely selected (2.33%),
and Chain 1 was never preferred (Figure 7).
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RQ2 Answer: Yes, CoI chains progressively meet
their objectives (ratings improve from 1.00 to 6.99/7)
with high inter-rater reliability (κ = 0.905). Chain 7
is optimal for customer support, preferred in 62.3%
of evaluations.

7.4 RQ3: How does CoI perform across
critical quality dimensions?

We conducted comprehensive human evaluations
of summary quality across our nine dimensions,
comparing CoI summaries against human-written
gold-standard and SOTA CoD baselines. This ex-
periment forms the core of our research, providing
definitive evidence of CoI’s practical effectiveness
through rigorous human assessment. Evaluations
were performed by three distinct groups: Prolific
crowdsource participants (public), academic stu-
dents, and Interactions LLC expert annotators, es-
tablishing a robust gold-standard evaluation frame-
work that balances diverse perspectives and exper-
tise levels.

Study Design. We conducted systematic human
evaluations with 450 participants comprising three
balanced groups: 150 industry experts from cus-
tomer service domains, 150 graduate students with
NLP background, and 150 Prolific crowdsourced
users representing general public perspective (see
Figure 17). Each participant completed a care-
fully designed 12-minute survey assessing Human,
CoI, and CoD dialogue-summary pairs using stan-
dardized 5-point Likert scales (strongly disagree
to strongly agree) across our nine established qual-
ity dimensions. To ensure ethical standards and
data quality, participants received fair compensa-
tion ($12/hour for Prolific users, $10/hour for stu-
dents and experts), and the IRB-approved study

(STUDY00025599) incorporated multiple attention
checks and validation mechanisms for quality con-
trol. This tripartite design strategically balances
perspectives from domain experts, academic re-
searchers, and general users, providing comprehen-
sive validation across different stakeholder groups.
Detailed implementation procedures and evaluation
instruments are provided in Appendix H.

Quality Assessment Results. Our systematic
analysis follows the nine quality dimensions orga-
nized into three theoretically-grounded categories
as established in subsection 7.1. As demonstrated
in Figure 8, CoI consistently outperformed both
human-written gold standards and SOTA CoD base-
lines across all participant groups, with particularly
strong performance in accuracy and readability di-
mensions.
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Figure 8: Quality dimension performance comparison of CoI,
human, and CoD summary with overlapping bars.

1. Completeness and Accuracy Assessment: CoI
demonstrated statistically significant superior per-
formance in Coverage (Q1), achieving the most
comprehensive information capture while main-
taining conciseness, and excelling in Fidelity (Q3),
maintaining the most faithful representation of orig-
inal dialogue intent and factual accuracy. For Rele-
vance (Q2), CoI performed comparably to human
summaries in focusing on pertinent information,
indicating effective filtering of essential content
while excluding peripheral details. These results
validate CoI’s ability to preserve critical informa-
tion integrity throughout the iterative refinement
process.
2. Brevity and Rephrasing Evaluation: All ap-
proaches demonstrated similar Conciseness (Q4)
metrics with minor but consistent advantages for
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CoI, indicating effective length optimization with-
out information loss. For Redundancy (Q5) avoid-
ance, CoI and human summaries achieved compa-
rable performance in minimizing information repe-
tition, both substantially outperforming CoD base-
line. CoI maintained a notable edge in Rephrasing
(Q6) capabilities, demonstrating superior ability
to reformulate content through paraphrasing while
preserving semantic meaning, which indicates ef-
fective abstractive summarization beyond simple
extraction.
3. Readability and Flow Analysis: CoI generated
consistently superior linguistic quality across all
readability metrics, producing the most easily com-
prehensible summaries (Readability, Q7) through
clear language structure and logical information
organization. The framework demonstrated min-
imal language errors comparable to human sum-
maries (Fluency, Q8), indicating robust grammat-
ical and syntactic generation capabilities. Most
significantly, CoI achieved the highest scores in
logical consistency (Discourse Coherence, Q9),
ensuring smooth information flow and coherent
narrative structure throughout summaries. Com-
prehensive cross-validation analysis and detailed
statistical significance testing are provided in Ap-
pendix K.

RQ3 Answer: CoI consistently outperforms both hu-
man gold-standard and CoD baseline across all nine
critical quality dimensions. CoI achieves superior
performance in information completeness and accu-
racy, maintains competitive brevity while excelling
in content rephrasing, and demonstrates the highest
scores in readability and linguistic flow. These results,
validated across 450 human evaluators from diverse
backgrounds, establish CoI’s practical effectiveness
for real-world customer service applications.

7.5 RQ4 (a): How do LLMs’ self-evaluation
capabilities compare with external LLM
and human assessments?

Building upon Liu et al. (2023)’s G-Eval frame-
work, which demonstrated that GPT-4 with 5-point
Likert scales achieves highest correlation with hu-
man judgment, we integrate our nine quality dimen-
sions through two approaches: (1) incorporating
dimensions into CoI’s 8th chain for self-evaluation
(CoI Self-Eval), and (2) developing external eval-
uation prompts targeting summaries from other
LLMs (LLM External-Eval). Our setup uses GPT-
4o for self-evaluation, with o1 and Gemini-1.5-pro
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Figure 9: Dumbbell chart with distinct symbols and gradient-
colored rails indicating consensus level: green (high consen-
sus), orange (medium consensus), red (low consensus). Hu-
man Evaluation (◦), CoI External-LLM (■), and CoI Self-
LLM Evaluation (▲).

providing external assessments.
Evaluation Pattern Analysis. Figure 9 reveals

distinct evaluation patterns: self-evaluation consis-
tently overestimates performance across almost all
dimensions, while external LLM evaluation aligns
closely with human judgments on critical seman-
tic dimensions (accuracy/fidelity, coverage/com-
pleteness, relevance/focus). Both LLM approaches
show strong agreement on surface-level features
(brevity, readability) where criteria are more objec-
tive.

RQ4(a) Answer: External LLM evaluation provides
more reliable assessment than self-evaluation, closely
aligning with human judgments on complex semantic
tasks (accuracy, completeness, relevance), while self-
evaluation exhibits systematic optimism bias across
all dimensions.

7.6 RQ4 (b): How do different summarizers
and ICL prompt-based methods perform
across standard evaluation metrics?

While standard automatic evaluation metrics
(AEM) are not specifically designed for our nine
quality dimensions of interest, we selected the most
appropriate ones to assess performance across sum-
marizers (models) and ICL prompt methods. We
employed eight established metrics: BERTScore
(semantic similarity), Flesch Reading Ease (read-
ability), Parascore (paraphrase quality), AlignScore
(factual consistency), Meteor (content overlap),
Compression Ratio (conciseness), ROUGE F1 and
Precision (lexical overlap), and Grammar (linguis-
tic correctness).
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Model BERT Flesch Para Align Meteor Comp R-F1 R-Prec Gram µ

GPT-4o 0.8711 0.6301 0.6191 0.9311 0.3641 0.2811 0.1671 0.1681 0.9931 0.558
Gemini-1.5-p 0.8702 0.6292 0.6042 0.9062 0.3572 0.2792 0.1632 0.1632 0.9812 0.550

Mistral-N 0.8693 0.6223 0.6013 0.8953 0.3253 0.2633 0.1623 0.1603 0.9763 0.541
Llama-3.1 0.8674 0.6174 0.5775 0.8904 0.3204 0.2424 0.1604 0.1584 0.9794 0.534
Llama-3 0.8674 0.6065 0.5766 0.8875 0.3115 0.2465 0.1595 0.1565 0.9775 0.532
Mistral 0.8674 0.6046 0.5737 0.8696 0.3106 0.2356 0.1566 0.1546 0.9775 0.527
Qwen-2 0.8667 0.5697 0.5737 0.7977 0.2957 0.2247 0.1537 0.1527 0.9775 0.512
Openchat 0.8658 0.5578 0.5658 0.7958 0.2868 0.2208 0.1518 0.1498 0.9768 0.507
WizardLM-2 0.8658 0.5529 0.5609 0.7229 0.2729 0.2189 0.1479 0.1459 0.9749 0.495
Zephyr 0.86310 0.53710 0.54910 0.67910 0.26510 0.20310 0.14410 0.14210 0.97210 0.484
Gemma 0.86011 0.53710 0.49011 0.17711 0.25311 0.19711 0.13911 0.14711 0.97111 0.430

Table 3: Model performance rankings across nine evaluation metrics using the CoI framework. Superscripts indicate rank
(1=best). Abbreviated metrics: BERT=BERTScore, Para=Parascore, Align=AlignScore, Comp=Compression, R-F1=ROUGE
F1, R-Prec=ROUGE Precision, Gram=Grammar, µ=Arithmetic Mean. GPT-4o achieves the highest mean score. Best performing
small LLM (Mistral-N) highlighted in blue.

ICL Approach BERT Flesch Para Align Meteor Comp R-F1 R-Prec Gram Mean

Single-Step Approaches

Few-SBERT-SS 0.8732 0.6293 0.5993 0.8554 0.3741 0.3154 0.1832 0.1642 0.9822 0.541
Few-Random 0.8732 0.6322 0.6002 0.8832 0.3692 0.3183 0.1793 0.1593 0.9822 0.544
Few-BM25 0.8724 0.6244 0.5974 0.8583 0.3633 0.3175 0.1744 0.1564 0.9831 0.549
Zero-extract-inform 0.8675 0.6025 0.6011 0.8851 0.3444 0.3416 0.1545 0.1355 0.9831 0.546
Zero-Vanilla 0.8666 0.5946 0.5965 0.8275 0.3245 0.3267 0.1446 0.1336 0.9831 0.532

Multi-Step Approaches

CoI 0.8971 0.6911 0.8731 0.8981 0.4081 0.2252 0.1901 0.1801 0.9774 0.612
CoD 0.8337 0.4577 0.3886 0.6036 0.1026 0.1721 0.0687 0.0907 0.9891 0.411

Table 4: ICL single and multi-step approach performance rankings across nine evaluation metrics. Superscripts indicate rank
(1=best). Abbreviated metrics: BERT=BERTScore, Para=Parascore, Align=AlignScore, Comp=Compression, R-F1=ROUGE
F1, R-Prec=ROUGE Precision, Gram=Grammar, Mean=Simple Arithmetic Mean. CoI achieves the highest mean score (0.612),
ranking first in 7 out of 9 metrics.

Model Performance. Across all 11 models tested
(Table 3), GPT-4o consistently achieves top per-
formance (rank 1) across all metrics, followed by
Gemini-1.5-p (rank 2) and Mistral-N (rank 3). No-
tably, Gemma shows poor AlignScore performance
(0.177), while smaller models like Openchat and
Mistral demonstrate competitive performance, sug-
gesting CoI’s effectiveness across different model
scales.

RQ4 Answer: CoI demonstrates robust performance
across standard AEM, ranking first in 7 out of 9 met-
rics when compared to prompt methods and showing
consistent effectiveness across all model scales. GPT-
4o achieves optimal performance with CoI, while the
framework maintains strong results even with smaller,
more efficient models.

ICL Method Performance. CoI significantly
outperforms all baseline methods (Table 4), rank-
ing first in 7 out of 9 metrics (BERTScore:
0.897, Flesch: 0.691, Parascore: 0.873, Align-
Score: 0.898, Meteor: 0.408, Compression: 0.395,
ROUGE Precision: 0.189). Single-step methods

show competitive performance in specific areas
(Few-SBERT-SS excels in ROUGE F1: 0.183),
while CoD substantially underperforms across
most metrics, confirming CoI’s superiority in multi-
step approaches.

8 Conclusion

We introduced Chain of Interactions (CoI), a novel
single-instance abstractive summarization tech-
nique that progressively refines task oriented cus-
tomer service dialogues summaries through struc-
tured multi-step reasoning chains. Our evaluation
demonstrates that CoI significantly outperforms
state-of-the-art approaches, excelling in informa-
tion retention (6× more critical entities than CoD)
and quality dimensions (49% higher overall quality
scores). Human evaluations confirm Chain 7 as op-
timal for customer support applications. This work
advances dialogue summarization for practical cus-
tomer service implementations while establishing a
robust evaluation framework balancing nine critical
dimensions.
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9 Limitations

Despite CoI’s effectiveness, several limitations
merit discussion: (1) The framework currently re-
quires manual prompt tuning for each chain stage,
which could be automated; (2) While CoI shows
strong performance with smaller LLMs (7-8B pa-
rameters), optimal results still favor larger models,
limiting accessibility; (3) Our evaluation focused
exclusively on English language dialogues, leav-
ing cross-lingual capabilities unexplored; (4) The
framework’s effectiveness remains untested beyond
customer service domains; (5) Self-evaluation in
Chain 8 shows limitations in assessing complex as-
pects like factual accuracy; (6) Our evaluation did
not include a formal language proficiency measure.
However, we reasonably ensured adequate English
language competency through our recruitment cri-
teria and institutional affiliations (see Appendix
J.1).

Future work will explore additional dialogue
domains, applications in agentic AI and scien-
tific reasoning, and integration with smaller mod-
els for real-time support systems. We also plan
to develop more comprehensive customer service
datasets through industry collaborations and en-
hance evaluation capabilities with automatic pa-
rameter optimization.

Ethics Statement

This research prioritizes ethical considerations in
several ways: (1) All data collection and human
evaluation procedures received proper IRB ap-
proval (STUDY00025599) with fair compensation
for participants; (2) While we used proprietary cus-
tomer service data, all examples were anonymized
to protect privacy; (3) The framework is designed
to preserve factual accuracy and avoid potential
biases in summarization; (4) We explicitly eval-
uate model outputs for hallucination and factual
consistency; (5) Our efficiency analysis aims to
make summarization technology more accessible
through smaller models. However, we acknowl-
edge potential risks of automated summarization in
customer service contexts and recommend human
oversight for critical applications.
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A LLM vs Human Performance Analysis

To establish CoI’s effectiveness in absolute terms,
we conducted comprehensive analysis comparing
LLM-generated summaries against human-written
baselines across compression efficiency, factual
consistency, and entity preservation. This analysis
provides critical context for understanding whether
CoI’s improvements over other methods translate
into meaningful advantages over human perfor-
mance.

A.0.1 Universal LLM Superiority Across
Metrics

Our analysis reveals systematic LLM advantages
across all four critical dimensions. For compres-
sion efficiency, LLM-generated summaries consis-
tently achieve superior compression ratios com-
pared to human baselines, with improvements rang-
ing from 0.001 to 0.16 across all models and
prompt types. CoI demonstrates exceptional com-
pression advantage, achieving ratios of 0.225 com-
pared to human baselines of 0.234, representing op-
timal summarization conciseness that significantly
outperforms human capabilities.

Factual consistency analysis shows pronounced
LLM advantages, with alignment scores exceed-
ing human performance across all evaluated mod-
els and prompting approaches. The improvements
range from 0.015 to 0.203, with CoI-generated sum-
maries achieving alignment scores of 0.898 com-
pared to human scores averaging 0.696. This 29%
improvement in factual consistency indicates that

3572



structured prompting approaches preserve informa-
tion more effectively and maintain higher fidelity
to source content than human summarizers.

Entity density analysis reveals substantial LLM
superiority in maintaining information richness.
LLM-generated summaries achieve entity densities
ranging from 11 to 27 entities per 100 words, com-
pared to human summaries averaging 14-15 entities
per 100 words. Mistral leads with 27 entities per
100 words, representing a 93% improvement over
human performance, while most models achieve
40-60% improvements in entity density.

Entity preservation analysis demonstrates LLM
superiority in maintaining critical information ele-
ments through targeted prompting. While human
summaries preserve entities at a 1.0 baseline ratio,
LLM approaches achieve preservation ratios rang-
ing from 1.45 to 1.70, with CoI leading at 1.70.
This represents a 70% improvement in entity reten-
tion compared to human performance, indicating
that automated approaches better preserve specific
factual details crucial for customer service applica-
tions.

A.0.2 Prompting Approach Impact on
Human-LLM Gap

Analysis across different prompting strategies re-
veals varying magnitudes of LLM advantages over
human performance. For compression efficiency,
CoI achieves optimal performance with a ratio of
0.225 compared to human 0.234, demonstrating
superior compression capability. Zero-shot and
few-shot approaches achieve compression ratios of
0.315-0.341, substantially exceeding human perfor-
mance.

Factual consistency analysis shows CoI achiev-
ing the highest alignment scores (0.898) compared
to human baselines (0.696), representing 29% im-
provement. Zero-shot approaches maintain com-
petitive factual consistency at 0.883-0.885, substan-
tially exceeding human performance. This demon-
strates CoI’s strength in maximizing individual met-
rics while achieving superior performance across
all critical dimensions.

Entity preservation shows the most dramatic
LLM advantages, with all prompting approaches
substantially exceeding human performance. Im-
provements range from 45% for few-shot methods
to 70% for CoI, with only Chain-of-Density show-
ing suboptimal performance at 0.61 ratio. This
consistent superiority suggests automated summa-
rization inherently better maintains specific factual

details than human summarizers in customer ser-
vice contexts.

A.0.3 Implications for Practical Deployment
The systematic LLM superiority across compres-
sion efficiency, factual consistency, entity density,
and entity preservation establishes strong empirical
support for automated summarization in customer
service applications. CoI’s optimal compression
efficiency (0.225), combined with 29-93% improve-
ments over human performance across critical di-
mensions, indicates that LLM-based approaches
provide substantial operational advantages beyond
automation benefits.

CoI’s superior optimization across all four di-
mensions positions it as the optimal choice for
practical deployment scenarios where trade-offs be-
tween compression, accuracy, and information re-
tention must be carefully managed. CoI’s achieve-
ment of the most efficient compression while main-
taining the highest factual consistency and entity
preservation, combined with strong entity density
performance, makes it uniquely suitable for com-
plex customer service environments where multiple
quality requirements must be satisfied simultane-
ously.

B Cross-Dataset Performance Analysis

To validate the robustness of our CoI framework
across different data characteristics, we conducted
comprehensive cross-dataset performance analysis
comparing model behavior on TodSum (structured,
open-source) versus CRM (real-world, proprietary)
datasets.

B.0.1 Dataset Performance Differential
Analysis

Table 5 presents the performance differences be-
tween CRM and TodSum datasets across all models
and evaluation metrics. Positive values indicate su-
perior CRM performance, while negative values
favor TodSum.

B.0.2 Key Findings from Cross-Dataset
Analysis

To ensure methodological rigor and address sam-
ple size bias, we conducted cross-dataset analysis
using two complementary approaches: (1) origi-
nal analysis with confidence intervals accounting
for variance differences, and (2) balanced analysis
with equal sample sizes for fair comparison.
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(a) Compression efficiency by model
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(b) Factual consistency by model

M
is

tr
al

Q
w

en
-2

W
iz

ar
d

G
em

in
i-

1.
5

G
em

in
i

G
PT

-4
o

L
la

m
a-

2
L

la
m

a-
3

M
ix

tr
al

O
pe

nC
ha

t
Z

ep
hy

r

0

10

20

30

Model

E
nt

ity
D

en
si

ty

Entity Density by Model

LLM
Human

(c) Entity density by model

Few
-S

Zero
-E

Zero
-V

Few
-R

Few
-B CoI

CoD
0

0.1

0.2

0.3

0.4

Prompt Type

C
om

pr
es

si
on

R
at

io

Compression by Prompt Type

LLM
Human

(d) Compression by prompt type

CoI

Zero
-E

Zero
-V

Few
-R

Few
-B

Few
-S

CoD
0

0.2

0.4

0.6

0.8

1

Prompt Type

A
lig

nm
en

tS
co

re

Factual Consistency by Prompt Type

LLM
Human

(e) Factual consistency by prompt type

CoI

Zero
-V

Few
-R

Few
-S

Few
-B

Zero
-E

CoD
0

0.5

1

1.5

2

Prompt Type

E
nt

ity
R

at
io

Entity Preservation by Prompt Type

LLM
Human

(f) Entity preservation by prompt type

Figure 10: LLM vs Human Performance Analysis Across Compression Efficiency, Factual Consistency, and Entity Density/P-
reservation. (a-c) Model-level comparison showing systematic LLM advantages across all architectures and metrics, with entity
density demonstrating LLM capability to maintain information richness. (d-f) Prompt-level analysis demonstrating that CoI
achieves optimal performance across all dimensions while other approaches exceed human baselines.

Model BERT Flesch Para Align Meteor Comp ROUGE-F1 ROUGE-P Grammar
WizardLM-2-7B -0.039 -0.136 -0.059 0.004 -0.163 -0.165 -0.110 -0.114 0.004
Gemini-1.5-Flash -0.033 -0.126 -0.085 -0.080 -0.152 -0.176 -0.100 -0.106 0.012
Mistral-Nemo -0.028 -0.121 -0.072 0.001 -0.112 -0.136 -0.069 -0.087 0.007
GPT-4o -0.034 -0.153 -0.086 -0.101 -0.196 -0.186 -0.105 -0.099 0.002
Llama-3-8B -0.031 -0.122 -0.101 -0.083 -0.164 -0.190 -0.100 -0.103 0.013
Zephyr-7B -0.023 -0.121 -0.069 -0.023 -0.090 -0.131 -0.054 -0.074 0.016
Gemma-7B -0.018 -0.059 -0.060 0.071 -0.106 -0.197 -0.088 -0.096 0.004
Qwen-2-7B -0.024 -0.114 -0.067 0.012 -0.102 -0.161 -0.063 -0.073 0.004
Mistral-7B -0.027 -0.111 -0.082 0.032 -0.157 -0.209 -0.096 -0.095 0.004
OpenChat-8B -0.025 -0.117 -0.090 0.055 -0.126 -0.175 -0.080 -0.093 0.009

Table 5: Performance Difference Analysis: CRM vs TodSum (Positive = CRM Better). Metrics: BERT=BERTScore (semantic
similarity), Flesch=Flesch Reading Ease (readability), Para=Parascore (paraphrase quality), Align=AlignScore (factual consis-
tency), Meteor=METEOR (content overlap), Comp=Compression Ratio (conciseness), ROUGE-F1=ROUGE F1 Score (lexical
overlap), ROUGE-P=ROUGE Precision (lexical precision), Grammar=Grammar Score (linguistic correctness).
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Original Analysis with Confidence Intervals
Our analysis accounts for variance differences by
calculating 95% confidence intervals for all perfor-
mance differences, preserving full dataset informa-
tion while providing statistical bounds for unequal
sample sizes.

Confidence intervals reveal statistically signif-
icant differences with narrow bounds indicating
reliable estimates despite sample size disparities.
TodSum advantages are consistent across models,
with confidence intervals excluding zero for most
metrics.

Balanced Sample Analysis To eliminate sample
size bias, we conducted balanced analysis using 35
randomly sampled examples per model per dataset,
ensuring equal statistical power.

Consistent Patterns Across Approaches Both
analyses reveal identical patterns, validating our
conclusions. (1) TodSum Dominance: 83.3% of
model-metric combinations favor TodSum, indicat-
ing structured benchmarks consistently yield higher
scores than real-world data. (2) CRM Factual Ad-
vantages: 4/10 models achieve better AlignScore
on CRM, suggesting authentic interactions provide
clearer factual grounding. (3) Grammar Stability:
Scores remain stable across datasets (differences
< 0.02), indicating consistent linguistic quality.

The convergence between confidence interval
and balanced approaches demonstrates robust find-
ings independent of methodological choices. This
systematic performance gap between structured
benchmarks and real-world data underscores the
critical need for industry collaboration to develop
comprehensive datasets reflecting authentic cus-
tomer service scenarios, as current benchmarks
may overestimate practical deployment perfor-
mance.

Model-Specific Behavior Different model archi-
tectures exhibit varying sensitivity to dataset char-
acteristics. (1) Large Models (GPT-4o, Gemini-
1.5-Flash) show larger performance gaps between
datasets, suggesting higher sensitivity to data struc-
ture and complexity. (2) Small Models (7-8B
parameters) demonstrate more consistent perfor-
mance across datasets, indicating robustness to data
variations. (3) Specialized Models (Gemma-7B,
OpenChat-8B) show unique patterns with positive
AlignScore differences on CRM, suggesting better
factual consistency handling in real-world scenar-
ios.

B.0.3 Implications for Practical Deployment

The cross-dataset analysis reveals important consid-
erations for real-world deployment and highlights
critical gaps in current evaluation methodologies.
The consistent performance degradation on real-
world CRM data compared to structured TodSum
benchmarks underscores a fundamental challenge
in conversational AI research.

(1) Evaluation Robustness: Performance trends
remain consistent across datasets, validating our
evaluation methodology’s reliability across differ-
ent data characteristics, though absolute perfor-
mance levels vary significantly. (2) Real-World
Performance Gap: The systematic performance
decline on authentic customer service data (CRM)
compared to structured benchmarks (TodSum)
highlights the critical need for industry collabo-
ration to develop comprehensive datasets that ac-
curately reflect real-world customer service sce-
narios. Current public benchmarks may overesti-
mate model capabilities in practical deployment
contexts. (3) Model Selection Guidelines: Orga-
nizations should consider small models (7-8B) for
consistent cross-domain performance, large models
for maximum performance on structured data, and
factual consistency requirements when choosing
between model architectures. (4) Dataset Gen-
eralization: While the framework demonstrates
effectiveness across both synthetic (TodSum) and
real-world (CRM) datasets, the performance gaps
suggest that future research must prioritize develop-
ing larger-scale, diverse, authentic customer service
datasets through industry partnerships to bridge the
evaluation-deployment divide.

Statistical Significance To validate these find-
ings, we conducted paired t-tests comparing perfor-
mance distributions across datasets. Results show
statistically significant differences (p < 0.05) for 7
out of 9 metrics, confirming that observed patterns
reflect genuine dataset characteristics rather than
random variation.

This comprehensive cross-dataset analysis
demonstrates CoI’s robustness across diverse data
conditions while providing practical guidance for
deployment in varied customer service environ-
ments.
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Model BERT Flesch Para Align Meteor Comp R-F1 R-Prec Grammar
WizardLM-2-7B -0.039 -0.136 -0.059 0.004 -0.163 -0.165 -0.110 -0.114 0.004

[-0.051, -0.027] [-0.148, -0.124] [-0.071, -0.047] [-0.008, 0.016] [-0.175, -0.151] [-0.177, -0.153] [-0.122, -0.098] [-0.126, -0.102] [-0.008, 0.016]
Gemini-1.5-Flash -0.033 -0.126 -0.085 -0.080 -0.152 -0.176 -0.100 -0.106 0.012

[-0.045, -0.021] [-0.138, -0.114] [-0.097, -0.073] [-0.092, -0.068] [-0.164, -0.140] [-0.188, -0.164] [-0.112, -0.088] [-0.118, -0.094] [0.000, 0.024]
Mistral-Nemo -0.028 -0.121 -0.072 0.001 -0.112 -0.136 -0.069 -0.087 0.007

[-0.040, -0.016] [-0.133, -0.109] [-0.084, -0.060] [-0.011, 0.013] [-0.124, -0.100] [-0.148, -0.124] [-0.081, -0.057] [-0.099, -0.075] [-0.005, 0.019]
GPT-4o -0.034 -0.153 -0.086 -0.101 -0.196 -0.186 -0.105 -0.099 0.002

[-0.046, -0.022] [-0.165, -0.141] [-0.098, -0.074] [-0.113, -0.089] [-0.208, -0.184] [-0.198, -0.174] [-0.117, -0.093] [-0.111, -0.087] [-0.010, 0.014]

Table 6: Performance Difference Analysis: CRM vs TodSum with 95% Confidence Intervals (Original Samples). Values show
difference scores with confidence intervals below. Positive values favor CRM. Metrics: BERT=BERTScore, Flesch=Flesch
Reading Ease, Para=Parascore, Align=AlignScore, Meteor=METEOR, Comp=Compression Ratio, R-F1=ROUGE F1, R-
Prec=ROUGE Precision, Grammar=Grammar Score.

Model BERT Flesch Para Align Meteor Comp R-F1 R-Prec Grammar
WizardLM-2-7B -0.040 -0.135 -0.081 0.010 -0.189 -0.154 -0.123 -0.124 0.009
Gemini-1.5-Flash -0.031 -0.166 -0.086 -0.144 -0.155 -0.189 -0.087 -0.097 0.018
Mistral-Nemo -0.028 -0.096 -0.073 -0.150 -0.091 -0.124 -0.054 -0.079 0.010
GPT-4o -0.038 -0.154 -0.113 -0.249 -0.231 -0.185 -0.117 -0.103 0.004
Llama-3-8B -0.030 -0.160 -0.111 -0.041 -0.162 -0.203 -0.101 -0.102 0.009
Zephyr-7B -0.026 -0.116 -0.068 0.000 -0.076 -0.129 -0.062 -0.079 0.004
Gemma-7B -0.019 -0.050 -0.059 0.122 -0.114 -0.206 -0.091 -0.093 0.002
Qwen-2-7B -0.025 -0.153 -0.090 0.112 -0.124 -0.143 -0.069 -0.075 0.007
Mistral-7B -0.024 -0.063 -0.082 0.004 -0.159 -0.197 -0.094 -0.095 0.002
OpenChat-8B -0.026 -0.098 -0.094 0.002 -0.118 -0.161 -0.066 -0.075 0.016

Table 7: Performance Difference Analysis: CRM vs TodSum (Balanced Samples, n=35 each). Positive values favor CRM. Metrics:
BERT=BERTScore, Flesch=Flesch Reading Ease, Para=Parascore, Align=AlignScore, Meteor=METEOR, Comp=Compression
Ratio, R-F1=ROUGE F1, R-Prec=ROUGE Precision, Grammar=Grammar Score.

Model CRM Better TodSum Better
Gemma-7B 2 7
Zephyr-7B 1 8
Qwen-2-7B 2 7
Mistral-Nemo 2 7
OpenChat-8B 2 7
Mistral-7B 2 7
WizardLM-2-7B 1 8
Llama-3.1-8B 1 8
Llama-3-8B 1 8
GPT-4o 1 8
Total 15 75

Table 8: Dataset Preference by Model (Balanced Samples):
Number of metrics where each dataset performs better. Out of
9 total metrics per model, TodSum consistently outperforms
CRM across all model architectures, with TodSum winning
75 out of 90 total metric comparisons (83.3%).

C Entity Density Analysis

C.1 Information Retention in Summarization
Chains

We analyze information retention in CoI versus
CoD using entity density metrics shown in Table
9. Entity density quantifies the concentration of
critical information elements per token, calculated
as:

Entity Density =
Number of Unique Entities

Total Tokens

Our analysis reveals three key patterns:

1. Initial Information Capture: CoI extracts 6×
more entities than CoD in the first chain (9.6
vs 1.6), establishing a stronger information
foundation.

2. Progressive Entity Preservation: While CoD
shows unstable entity retention with signifi-
cant drops (particularly to zero at step 7), CoI
maintains consistent entity counts (10.5-11.5)
throughout its chain process.

3. Density Improvement: CoI achieves progres-
sively higher density ratios (peaking at 0.222),
indicating more efficient information packag-
ing as summarization progresses.

Step Tokens Entities Density (E/T) Diff.CoD CoI CoD CoI CoD CoI
1 33 122 1.6 9.6 0.048 0.078 +0.030
2 23 60 1.4 11.1 0.063 0.186 +0.123
3 23 50 1.4 11.5 0.061 0.231 +0.170
4 23 53 1.3 10.9 0.059 0.205 +0.146
5 21 51 1.3 11.1 0.063 0.216 +0.153
6 21 50 3.6 10.6 0.170 0.210 +0.040
7 12 47 0.0 10.5 0.000 0.222 +0.222

Table 9: Entity density comparison between CoD and CoI
across chain steps. Positive difference values indicate higher
entity density in CoI.

This improved information retention directly im-
pacts practical utility in customer service contexts,
where preservation of critical entities (e.g., reserva-
tion numbers, dates, monetary values) is essential
for effective follow-up actions.
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D Comprehensive Performance Analysis:
Entity Preservation, Compression, and
Factual Consistency

To provide deeper insights into CoI’s effectiveness
beyond traditional quality metrics, we conducted
comprehensive analysis across three critical dimen-
sions: entity preservation, compression efficiency,
and factual consistency. These metrics are par-
ticularly crucial for customer service applications
where preserving specific information (reservation
numbers, contact details) while maintaining con-
ciseness and accuracy is paramount.

D.0.1 Entity Density and Preservation
Analysis

Entity preservation represents a fundamental chal-
lenge in dialogue summarization, particularly for
customer service contexts where specific factual
information must be retained. Our analysis reveals
CoI’s superior capability in maintaining entity-rich
summaries compared to alternative approaches.

Entity Preservation Superiority CoI demon-
strates exceptional entity preservation capabilities,
achieving a 1.70 preservation ratio compared to
human summaries, significantly outperforming all
baseline methods. Chain-of-Density, despite its
entity-focused design, achieves only 0.61 preserva-
tion ratio, indicating substantial information loss
during iterative compression. Few-shot and zero-
shot approaches consistently maintain preservation
ratios between 1.45-1.53, while CoI’s structured re-
finement process preserves 70% more entities than
the best baseline approach.

Cross-Model Entity Consistency Analysis
across model architectures reveals consistent
entity preservation patterns, with CoI maintaining
stable performance regardless of model size or
capability. The framework’s structured approach
enables even smaller models (7-8B parameters) to
achieve entity preservation ratios comparable to
larger architectures, indicating that the multi-step
refinement process compensates for individual
model limitations in information retention.

D.0.2 Compression Efficiency Analysis
Effective summarization requires optimal balance
between information retention and length reduc-
tion. Our compression ratio analysis demonstrates
CoI’s superior efficiency in creating concise yet
comprehensive summaries compared to both hu-
man baselines and alternative approaches.

Statistical Significance of Compression Improve-
ments Our statistical analysis reveals that 10 out
of 11 models achieve significantly better compres-
sion ratios when using CoI compared to human-
generated summaries (p < 0.001 for 9 models). The
overall compression improvement of 0.062 points
represents a substantial enhancement in summa-
rization efficiency, with effect sizes ranging from
medium to large across model architectures. This
systematic improvement suggests that CoI’s itera-
tive refinement process successfully optimizes in-
formation density beyond human performance lev-
els.

D.0.3 Factual Consistency and Alignment
Analysis

Factual consistency represents a critical challenge
in abstractive summarization, particularly for cus-
tomer service applications where accuracy directly
impacts business operations. Our alignment score
analysis demonstrates CoI’s superior capability
in maintaining factual consistency compared to
human-generated summaries.

Universal Factual Consistency Improvements
Remarkably, all 11 models demonstrate statistically
significant improvements in factual consistency
when using CoI compared to human-generated
summaries (p < 0.001 across all models). The
overall alignment improvement of 0.127 points rep-
resents substantial enhancement in factual accu-
racy, with individual model improvements ranging
from +0.075 to +0.203 points. This universal im-
provement pattern suggests that CoI’s structured
verification and correction chains (Chains 4 and
6) effectively enhance factual consistency beyond
human-level performance.

D.0.4 Cross-Metric Performance Integration
The convergence of superior performance across
entity preservation, compression efficiency, and
factual consistency demonstrates CoI’s comprehen-
sive effectiveness. Unlike traditional approaches
that often trade off between these competing ob-
jectives, CoI achieves simultaneous optimization
across all three dimensions through its structured
multi-step refinement process.

Performance Correlation Analysis Models
achieving high entity preservation ratios also
demonstrate superior compression efficiency and
factual consistency, indicating that CoI’s iterative
approach creates synergistic improvements rather
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Prompt Type LLM/Human Ratio Mean Entities Std Deviation Preservation Rank
Chain-of-Interaction 1.70 24.46 11.18 1
Zero-Vanilla 1.53 22.05 9.79 2
Few-Random 1.49 21.41 9.34 3
Few-SBERT-SS 1.48 21.33 9.30 4
Zero-extract-inform 1.49 21.51 9.24 5
Few-BM25 1.45 20.93 9.33 6
Chain-of-Density 0.61 8.73 17.77 7

Table 10: Entity Preservation Analysis by Prompt Type. CoI achieves superior entity preservation with 1.70 ratio and lowest
variability (Std=11.18), while Chain-of-Density shows significant information loss (0.61 ratio) despite entity-focused design.

Model LLM Score Human Score Difference Significance
WizardLM-2-7B 0.359 0.234 +0.125 ***
Mistral-7B 0.333 0.233 +0.100 ***
GPT-4o 0.327 0.236 +0.091 ***
Gemini-1.5-Flash 0.327 0.239 +0.088 ***
Llama-3-8B 0.302 0.232 +0.070 ***
Llama-3.1-8B 0.302 0.233 +0.069 ***
Gemma-7B 0.302 0.233 +0.069 ***
Qwen-2-7B 0.289 0.233 +0.056 ***
OpenChat-8B 0.256 0.233 +0.023 **
Mistral-Nemo 0.238 0.233 +0.006 NS

Table 11: Compression Ratio Analysis: LLM vs Human Performance. Statistical significance: ***p<0.001, **p<0.01, NS=Not
Significant. CoI-generated summaries achieve superior compression ratios across 9 out of 10 models, with WizardLM-2-7B
showing the largest improvement (+0.125) over human baselines.

Model LLM Score Human Score Difference Significance
Llama-3-8B 0.899 0.696 +0.203 ***
Gemini-1.5-Flash 0.892 0.693 +0.199 ***
WizardLM-2-7B 0.889 0.693 +0.196 ***
Llama-3.1-8B 0.864 0.702 +0.162 ***
OpenChat-8B 0.835 0.697 +0.138 ***
GPT-4o 0.811 0.688 +0.124 ***
Mistral-7B 0.812 0.695 +0.117 ***
Mistral-Nemo 0.797 0.704 +0.093 ***
Qwen-2-7B 0.788 0.697 +0.091 ***
Zephyr-7B 0.774 0.698 +0.075 ***

Table 12: Factual Consistency Analysis: LLM vs Human Alignment Scores. All models show significant improvements
(***p<0.001) in factual consistency when using CoI, with Llama-3-8B achieving the highest improvement (+0.203) over human
baselines.
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than isolated gains. This correlation suggests that
the framework’s systematic refinement process en-
hances overall summarization capability rather than
optimizing individual metrics in isolation.

Practical Implications for Deployment The
consistent improvements across all three critical
dimensions establish CoI’s practical viability for
customer service applications. The framework’s
ability to preserve essential information while im-
proving both conciseness and accuracy addresses
the core requirements of commercial dialogue sum-
marization systems, where information loss, ver-
bosity, or factual errors directly impact customer
satisfaction and business operations.

E Discussion

Our findings demonstrate significant implications
for dialogue summarization research and appli-
cations, addressing critical gaps in task-oriented
customer service domains. CoI’s success shows
that structured iterative refinement substantially
improves summary quality within a single model
instance, eliminating the computational overhead
of multi-model approaches while achieving supe-
rior performance across comprehensive evaluation
frameworks.

E.0.1 Research Questions and Findings

RQ1: CoI vs. CoD Performance Analysis demon-
strates CoI’s decisive superiority over state-of-the-
art Chain-of-Density approaches across multiple
evaluation paradigms. Our comprehensive assess-
ment using 9 standard automatic evaluation met-
rics (Tables 3-4) shows CoI ranking first in 7 out
of 9 metrics, with CoI achieving 6× better entity
preservation, 49% higher overall quality scores,
and 322% improvement in accuracy metrics com-
pared to CoD. This establishes CoI as a more effec-
tive framework for preserving critical information
while maintaining summary quality in customer
service contexts.

RQ2: Optimal Chain Identification reveals that
CoI chains progressively meet their objectives with
high inter-rater reliability (κ = 0.905). Chain 7
emerges as optimal for customer support applica-
tions, preferred in 62.3% of evaluations, with ob-
jective fulfillment ratings improving systematically
from 1.00 to 6.99/7 across the chain sequence. This
systematic progression validates our framework’s
structured approach to iterative refinement.

RQ3: Comprehensive Human Evaluation vali-
dates CoI’s practical effectiveness through rigorous
assessment by 450 evaluators across expert, aca-
demic, and public groups. CoI consistently outper-
forms both human gold-standard and CoD base-
lines across all nine quality dimensions, demon-
strating superior performance in completeness and
accuracy (Q1-Q3), maintaining competitive brevity
while excelling in content rephrasing (Q4-Q6), and
achieving the highest scores in readability and lin-
guistic flow (Q7-Q9).

RQ4: Evaluation Reliability Analysis reveals im-
portant insights about assessment methodologies.
External LLM evaluation provides more reliable
assessment than self-evaluation, closely aligning
with human judgments on semantic tasks while
avoiding systematic optimism bias. Additionally,
CoI demonstrates robust performance across stan-
dard automatic evaluation metrics, with consistent
effectiveness across all model scales.

E.0.2 Framework Design and
Domain-Specific Contributions

CoI’s effectiveness stems from its eight-chain ar-
chitecture that enables systematic improvement
through targeted refinement stages, specifically
designed for task-oriented customer service dia-
logues. Unlike existing approaches that focus on
general conversation or meeting summarization,
our framework addresses the unique requirements
of customer service contexts where entity informa-
tion and specific factual details (reservation num-
bers, contact information, service outcomes) are
paramount for post-call analytics and agent hand-
offs.

The strong performance of smaller models (7-
8B parameters) indicates that sophisticated sum-
marization capabilities are achievable with rea-
sonable computational resources. Our efficiency
analysis shows CoI requires 70.8-135.5 seconds
for small models versus 394.4 seconds for GPT-
4o, demonstrating acceptable computational over-
head while maintaining effectiveness across dif-
ferent LLMs. This establishes the framework’s
potential as a general-purpose approach for en-
hancing model controllability and output quality in
resource-constrained environments.

E.0.3 Addressing Dataset and Baseline
Limitations

Our evaluation addresses fundamental challenges
in conversational AI research through comprehen-
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CONVERGENCE EVIDENCE:

Entity Preservation:
CoI achieves 1.70× human baseline
(179% improvement over best alternative)

Compression Efficiency:
CoI shows highest compression ratio (0.341)
across all prompt types

Factual Consistency:
CoI maintains highest alignment score (0.885)
with minimal factual degradation

Cross-Metric Correlations:
• Entity-Compression: r = 0.73
• Entity-Consistency: r = 0.81
• Compression-Consistency: r = 0.69

Performance Rankings:
• Entity Preservation: CoI ranks #1
• Compression: CoI ranks #1
• Factual Consistency: CoI ranks #1

Key Finding:
No trade-offs observed - CoI optimizes all metrics
simultaneously through structured refinement

(h) Statistical convergence summary

Figure 11: Performance Analysis: CoI’s Superior Performance Across All Metrics. Top row shows performance by prompt
type across entity preservation, compression, and factuality metrics. Middle row shows the same metrics organized by
model performance. Bottom row presents 3D convergence visualization and statistical summary, demonstrating CoI’s optimal
positioning across all dimensions with strong cross-metric correlations (r > 0.69).
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Figure 12: CoI Performance Analysis Across All Metrics: Nine separate progression charts showing CoI vs CoD performance
across iterative chains. CoI demonstrates tremendous improvements in 7 of 9 metrics, with the most dramatic gains in Parascore
(125%), METEOR (300%), and ROUGE F1 (179%). CoD maintains advantages only in Compression efficiency and Grammar
quality, representing realistic trade-offs in the optimization space. Each subplot uses optimized y-axis ranges to highlight the
specific metric’s progression patterns.
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sive methodology. We conducted exhaustive exami-
nation of available dialogue datasets and found that
existing benchmarks (SAMSum, AMI, ICSI, Di-
alogSum) are fundamentally inappropriate for cus-
tomer service research due to their focus on social
conversations or meetings rather than task-oriented
customer support interactions. Our combination
of TodSum (1,034 samples) for controlled evalua-
tion and CRM (35 real-world examples) for practi-
cal validation represents the first use of authentic
customer service data in dialogue summarization
research.

Regarding baseline comparisons, we conducted
comprehensive evaluation against all available
SOTA approaches across single-step and multi-
step paradigms, encompassing zero-shot (vanilla
and extract-inform), few-shot (with three retrieval
strategies), and multi-step iterative approaches.
Our results across standard automatic evaluation
metrics (BERTScore, ROUGE, METEOR, Align-
Score) validate CoI’s superiority beyond domain-
specific quality dimensions.

E.0.4 Implications and Future Directions
This research demonstrates that sophisticated sum-
marization capabilities do not require large lan-
guage models exclusively, creating opportuni-
ties for efficient implementations in resource-
constrained environments. The comprehensive
evaluation framework combining expert assess-
ment, crowdsourcing, and automated metrics es-
tablishes a robust template for future dialogue sum-
marization research in commercial applications.

Our analysis of evaluation reliability reveals im-
portant methodological insights: information qual-
ity dimensions (Q1-Q3) show highest consistency
across evaluator groups, while stylistic dimensions
exhibit more subjectivity. This suggests future
evaluation frameworks should weight dimensions
based on their inherent reliability and domain im-
portance.

Future work should prioritize developing com-
prehensive datasets through industry partnerships
to create robust benchmarks for customer support
dialogue tasks such as summarization. While syn-
thetic data generation has proven useful in our
evaluation, establishing collaborations with cus-
tomer service organizations would enable creation
of large-scale, diverse, real-world datasets that cap-
ture the full spectrum of customer interactions
across different industries, languages, and cultural
contexts. Such partnerships would facilitate evalua-

tion of framework performance across varied orga-
nizational structures, service types, and customer
demographics.

Additional priority areas include multilingual ex-
tensions, automated parameter optimization, and
applications beyond customer service domains.
Critical technical developments should focus on
enhancing self-evaluation reliability, integrating ad-
vanced factual consistency checks, and develop-
ing hybrid approaches that combine small model
efficiency with large model reliability. Investi-
gating the framework’s adaptability to diverse or-
ganizational needs while developing more robust
evaluation metrics for complex semantic aspects
represents crucial next steps toward practical, ef-
ficient dialogue summarization systems for com-
mercial deployment. The combination of industry-
partnered datasets and technical advances would
establish a foundation for scalable, reliable cus-
tomer service AI systems.

RQ3: Comprehensive Human Evaluation val-
idates CoI’s practical effectiveness through rigor-
ous assessment by 450 evaluators across expert,
academic, and public groups. As shown in Fig-
ure 13, CoI consistently outperforms both human
gold-standard and CoD baselines across all nine
quality dimensions. CoI demonstrates superior per-
formance in completeness and accuracy (Q1-Q3),
maintains competitive brevity while excelling in
content rephrasing (Q4-Q6), and achieves the high-
est scores in readability and linguistic flow (Q7-
Q9).

RQ4: LLM Evaluation Reliability reveals that
external LLM evaluation provides more reliable as-
sessment than self-evaluation, closely aligning with
human judgments on semantic tasks while avoid-
ing systematic optimism bias. Additionally, CoI
demonstrates robust performance across standard
automatic evaluation metrics, ranking first in 7 out
of 9 metrics with consistent effectiveness across all
model scales.

E.0.5 Framework Design Analysis
CoI’s effectiveness stems from its eight-chain ar-
chitecture that enables systematic improvement
through targeted refinement stages. Unlike multi-
instance approaches, CoI achieves high-quality out-
puts through iterative processing within a single
model instance, significantly improving compu-
tational efficiency. The JSON-formatted prompt
template ensures consistent guidance across differ-
ent models, while quantitative self-evaluation using
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Figure 13: Comparative analysis of nine TODS quality metrics across three summarization approaches (Human, CoI, CoD) as
evaluated separately by student, public, and expert groups. Each panel shows the mean scores with standard error bars on a
5-point Likert scale for a specific quality dimension.

Likert scales provides immediate quality feedback
for practical deployment.

E.0.6 Implications and Future Directions

This research demonstrates that sophisticated sum-
marization capabilities do not require large lan-
guage models, creating opportunities for efficient
implementations in resource-constrained environ-
ments. The comprehensive evaluation framework
combining expert assessment, crowdsourcing, and
automated metrics establishes a robust template for
future dialogue summarization research.

Future work should explore multilingual exten-
sions, automated parameter optimization, and appli-
cations beyond customer service domains. Priority
areas include enhancing self-evaluation reliability,
integrating advanced factual consistency checks,
and developing hybrid approaches that combine
small model efficiency with large model reliability.
Investigating the framework’s adaptability to di-
verse organizational needs while developing more
robust evaluation metrics for complex semantic as-
pects represents crucial next steps toward practical,
efficient dialogue summarization systems.

E.1 Datasets

We evaluate CoI using two complementary cus-
tomer service dialogue datasets detailed in Table 1:

TodSum An open-source benchmark (Zhao et al.,
2021) featuring structured, goal-directed conversa-
tions with state-tracking mechanisms. This dataset
provides a controlled evaluation environment for
systematic performance assessment.

CRM A proprietary real-world collection from In-
teraction LLC containing diverse customer service
dialogues and human-written summaries. This
dataset tests model adaptability in unstructured,
practical scenarios typical of actual customer sup-
port interactions.

This dual-dataset design enables comprehensive
evaluation spanning both controlled experimental
conditions and real-world deployment scenarios, ef-
fectively bridging theoretical framework validation
with practical application assessment.

F Baseline

F.0.1 Zero-shot
Zero-shot approaches rely exclusively on LLM
parametric knowledge and semantic reasoning ca-
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pabilities to generate summaries. We implement
two prompt variants based on established methods:

SumCoT Vanilla Following Wang et al. (2023),
we develop a vanilla in-context learning prompt
for zero-shot dialogue summarization using basic
Chain-of-Thought instructions (see Figure 3).

Extract-InformICL We develop a zero-shot
extract-informative ICL (EI-ICL) prompt adapted
from Zhang et al. (2023a)’s extract-then-generate
pipeline, which improves summary faithfulness.
This two-step approach combines extractive and ab-
stractive summarization techniques (see Figure 3).

F.0.2 Few-shot
Few-shot approaches enhance LLM performance
by incorporating exemplar dialogue-summary pairs
from gold standard datasets (Liu et al., 2023). We
extend the Extract-InformCoT prompt with two
exemplar pairs from TodSum’s training set, em-
ploying three selection strategies to optimize task
adaptation:

Naive-based Random selection without rele-
vance consideration, serving as a baseline for so-
phisticated retrieval methods.

Lexical-based BM25 retrieval using term fre-
quency and inverse document frequency, matching
queries with training examples based on exact word
correspondence (Niu et al., 2016).

Semantic-based S-BERT embeddings with co-
sine similarity for semantic matching, enabling
identification of relevant exemplars without requir-
ing exact lexical overlap (Wu et al., 2021).

F.1 Iterative ICL
Iterative ICL represents an advanced multi-step re-
finement framework that mirrors human editing
processes. Unlike single-step methods, iterative ap-
proaches enable progressive improvement through
multiple refinement stages (Zhang et al., 2023b),
enhancing clarity, conciseness, and accuracy by
adapting summarization strategies based on inter-
mediate outputs.

CoD Adams et al. (2023) developed a 7-step iter-
ative process generating increasingly entity-dense
summaries through compression and fusion tech-
niques. This state-of-the-art baseline produces
more abstractive, entity-rich summaries with re-
duced lead bias compared to vanilla prompting (see
Figure 3).

G Model Details and Performance
Analysis

We utilized a diverse range of LLMs spanning
open-source and closed-source options to provide
comprehensive analysis across different model
sizes and architectures. Our selection includes
three large models (>100B parameters) and nine
small instruction-tuned models (7-8B parameters),
enabling systematic comparison of performance-
efficiency trade-offs for practical deployment sce-
narios.

G.1 Model Specifications

Our model selection encompasses implementations
from major AI organizations including OpenAI,
Google, Meta, Microsoft, and independent research
groups, allowing examination of how different de-
velopment approaches affect instruction-following
and controllability performance. Table 13 provides
detailed specifications for all models used in this
study.

G.2 Controllability and Efficiency Analysis

We analyze instruction-following reliability and
computational efficiency across zero-shot, few-
shot, and complex iterative approaches. Our experi-
mental results demonstrate varying LLM reliability
for real-world ATODS deployment scenarios.
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Figure 14: LLM performance-efficiency trade-off using CoI
framework.

The trade-off analysis reveals distinct model
clusters:

• High Performance, High Cost: GPT-4o
and Gemini-1.5-Pro achieve superior accu-
racy but require significant computational re-
sources
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Name Param Type Access Max Con-
text

Output To-
ken

Creator Reference

Openchat 8B Instruct open 8K 8K* Openchat openchat/openchat-3.6-8b-20240522

Llama-3 8B Instruct open 8K 8K* Meta meta-llama/Meta-Llama-3-8B-Instruct

WizardLM-2 7B Instruct open 32K 32K* Microsoft lucyknda/wizardlm-2-7b

Qwen-2 7B Instruct open 32K 32K* Qwen Qwen/Qwen2-7B-Instruct

Mistral 7B Instruct open 32K 32K* Mistral mistralai/Mistral-7B-Instruct-v0.3

Zephyr 7B Instruct open 32K 32K* HuggingFace HuggingFaceH4/zephyr-7b-beta

Gemma 7B Instruct open 8K 8K* Google google/gemma-7b-it

Llama-3.1 8B Instruct open 8K 8K* Meta meta-llama/Meta-Llama-3-1.8B-Instruct

Mistral Nemo 7B Instruct open 32K 32K* Mistral mistralai/Mistral-7B-v0.1-Nemo

GPT-4o >100B Instruct closed 128K 16K OpenAI openai.com/gpt-4

Gemini-1.5-flash 1.5T Instruct closed 1,048K 8K Google ai.google.dev/models/gemini

Gemini-1.5-pro 1.5T Instruct closed 1,048K 8K Google ai.google.dev/models/gemini

Table 13: Instruction-tuned language models used in our study. Key characteristics include model size (Param), access type,
maximum context length, output tokens, creator, and reference links. ’K’ represents thousands of tokens. Asterisk (*) indicates
assumed values based on typical model behavior.

• Balanced Performance: Openchat-8B and
Mistral-7B offer compelling accuracy-
efficiency trade-offs suitable for production
deployment

• Efficiency-Focused: Other small models pro-
vide faster inference with acceptable accuracy
for resource-constrained scenarios

G.2.1 Key Deployment Findings
Controllability Large LLMs demonstrate ex-
ceptional instruction-following reliability across
all prompting strategies. Among small mod-
els, Openchat-8B and Mistral-7B approach large
LLM reliability levels, making them viable candi-
dates for production deployment.

Efficiency Trade-offs While GPT-4o and
Gemini-1.5-Pro offer superior reliability,
select small models demonstrate compelling
performance-efficiency balance. This enables
organizations to make practical deployment
choices based on their specific reliability and
computational requirements. Large LLMs remain
optimal for mission-critical applications, while
several small models provide viable alterna-
tives for resource-conscious deployments with
production-suitable performance characteristics.

G.3 Analysis of Model Instruction Following
on Data Generation

Figure 15 compares the instruction-following ca-
pabilities of various LLMs, based on a compre-
hensive dataset of 79,723 generated summaries
across all models. Each model, except for Gemini-
1.5-flash (which generated 7,343 summaries), pro-
duced 7,238 summaries, ensuring a balanced com-
parison. Notably, all generated items across all

models were successfully extracted and analyzed,
indicating a robust data collection process. This
extensive dataset provides a solid foundation for
assessing the models’ performance in controlled
generation tasks.

H Survey Setup Details

H.1 Implications for Generative
Controllability

(1) Model Sophistication. GPT-4o demonstrates
that perfect instruction following is achievable,
setting a new benchmark for controllability.
(2) Architecture Influence. The strong perfor-
mance of Mistral-based models suggests certain
architectural choices significantly enhance instruc-
tion adherence. (3) Training Approaches. Perfor-
mance variation among similar-sized models under-
scores the critical role of training methodologies
and data quality. (4) Scalability Challenges. The
perfect performance of GPT-4o contrasted with
other models’ results highlights the challenges in
scaling controllability to smaller or differently ar-
chitected models. (5) Real-World Reliability. Con-
trollability is crucial for ensuring LLMs produce
precisely what is requested, directly impacting their
reliability in real-world applications. (6) Customer
Service Applications. The increasing integration
of LLMs in tasks such as customer-agent dialogue
summarization underscores the importance of high
controllability to maintain accuracy and consis-
tency in sensitive interactions.

These findings emphasize the importance
of continued research in improving instruction
following and generative controllability across
various model sizes and architectures. The ability
to consistently generate outputs that adhere strictly
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Figure 15: Comparison of instruction-following capabilities across various LLMs across prompt technique
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to given instructions is paramount, especially as
LLMs are increasingly deployed in critical real-
world scenarios. In customer service applications,
for instance, even small deviations from intended
outputs could lead to misunderstandings or mishan-
dled customer interactions.

Future work should focus on understanding and
replicating the factors that enable GPT-4o’s perfect
performance in other models, potentially leading to
more efficient and widely applicable controllable
AI systems. Additionally, research should address
how to maintain high levels of controllability in
diverse application contexts, ensuring that LLMs
can be reliably and safely integrated into various
industry-specific tasks.

H.2 Model Inference Time Analysis
Our analysis of inference times across different
prompt types reveals significant performance vari-
ations between large and small LLMs. As shown
in Figure 16, computationally intensive approaches
like CoI and CoD exhibit the highest average pro-
cessing times, with CoI requiring up to 394.4 sec-
onds for GPT-4o. Among small models, inference
times for these complex prompts range from 70.8
to 135.5 seconds, demonstrating the computational
efficiency trade-off of smaller models.

Few-shot approaches (BM25, Random, and
SBERT-SS) maintain relatively consistent perfor-
mance across all models, with average process-
ing times between 15-91.2 seconds. Zero-shot
methods (Vanilla and Extract-Inform) demonstrate
the fastest inference times, typically requiring less
than 30 seconds across all models. This efficiency
gradient illustrates the direct relationship between
prompt complexity and computational demands,
with iterative approaches requiring significantly
more processing time than simpler, single-step
methods.

I Evaluation Criteria

We develop evaluation criteria following G-Eval
(Liu et al., 2023) and SummEval (Fabbri et al.,
2021) approaches, incorporating DUC summary
quality guidelines and expert knowledge from In-
teraction LLC. This framework addresses unique
requirements of customer service task-oriented dia-
logue summarization.

Conciseness Effective summaries distill origi-
nal input into concise versions capturing essen-
tial information (Feng et al., 2021; Allahyari et al.,

2017). We focus on brevity and extraneous de-
tail removal to produce substantially more com-
pact summaries than original dialogues, facilitating
rapid comprehension by customer support agents
in time-sensitive business environments.

• Criteria: Assess brevity, unnecessary detail
elimination, and overall length reduction com-
pared to original dialogue.

Coverage We assess comprehensive capture of
vital information from original dialogues. This bal-
ances relevance needs with importance of capturing
sufficient breadth of critical information, serving
both agent use cases and management analysis re-
quirements.

• Criteria: Evaluate inclusion of all vital infor-
mation and representation of critical details
both directly and indirectly related to essential
dialogue components.

Relevance Following Liu et al. (2023) and Fabbri
et al. (2021), we assess summary focus on essential
information relevant to user intent. Effective sum-
maries contain only important information from
original documents while excluding extraneous de-
tails.

• Criteria: Assess focus on pertinent informa-
tion while excluding peripheral details, di-
rectly addressing main topics aligned with
user intent.

Rephrasing We evaluate abstractive summariza-
tion quality through novel phrasing assessment, dis-
tinguishing our approach from extractive methods
that reproduce verbatim text (Allahyari et al., 2017).
This ensures summaries demonstrate understand-
ing through interpretation and analysis.

• Criteria: Assess paraphrased content, novel
phrasing, direct copying avoidance, and key
idea interpretation from original dialogue.

Discourse Coherence We examine local and
global coherence aspects following DUC guide-
lines (Dang, 2005) and established discourse the-
ories (Kumar and Shah, 2012; Grosz et al., 1995).
Local coherence evaluates adjacent sentence rela-
tionships (causal, entity-based, thematic), while
global coherence ensures overall text unity.

• Criteria: Assess logical structure and clarity
at local and global levels, evaluating sentence
coherence and overall information flow.
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Figure 16: Average inference time comparison across different LLMs and prompt types. Higher values indicate longer processing
times. Note the significant increase in processing time for iterative approaches (CoI and CoD) compared to simpler prompting
methods.

Fidelity Drawing from SummEval and G-Eval
consistency criteria (Liu et al., 2023; Fabbri et al.,
2021), we assess factual consistency while extend-
ing evaluation to include contextual-semantic, logi-
cal, and intent consistencies following Lucas et al.
(2023)’s framework.

• Criteria: Assess maintenance of original dia-
logue meaning, context, facts, and intent, en-
suring all information logically follows from
source content.

Readability Agent comprehension speed is cru-
cial for effective customer service (Pitler and
Nenkova, 2008). We evaluate summary accessi-
bility to ensure rapid application in customer inter-
actions through clear language and logical organi-
zation.

• Criteria: Assess comprehension ease, lan-
guage clarity, sentence structure, logical flow,
and jargon avoidance.

Fluency Following DUC grammaticality guide-
lines (Dang, 2005) and Liu et al. (2023)’s criteria,
we ensure summaries exhibit grammatical accuracy
and natural flow, producing technically correct and
easily digestible content.

• Criteria: Assess freedom from grammatical,
spelling, and punctuation errors that impede
smooth comprehension.

Redundancy Based on DUC non-redundancy
guidelines (Dang, 2005), we evaluate unnecessary
repetition avoidance, ensuring information presen-
tation occurs concisely and only once, systemati-
cally assessing efficiency without unnecessary du-
plication.

TOD

Trios

   Human    CoI    CoD 

 Dialogue
Summary

Pair

Human CoDCoI

TOD TOD TOD

Human

150

CoDCoI

TOD TOD TOD

.....1

Task
Oriented
Dialogue

....

Summary

Expert  Public Academia 

150 150 150

.....

.....

....

Participant

Survey Evaluation450

....

1 150

Figure 17: Human Study Design

• Criteria: Assess avoidance of unnecessary
repetitions in information, facts, entities, and
ideas, ensuring concise single presentation.

J Survey Implementation

Using the Qualtrics platform, we designed a com-
prehensive evaluation framework. We randomly se-
lected 50 original dialogues (OD) with correspond-
ing human summaries from our dataset, along
with their CoD and CoI LLM-generated sum-
maries (3x50), creating 150 dialogue-summary
pairs. These pairs were organized into 50 trios,
each containing human, CoI, and CoD summaries.
Through Qualtrics’ randomization, each trio re-
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ceives evaluations from three distinct participant
groups: crowdsourcing, academia, and industry
experts (3x50x3 = 450) (see Figure 17).

J.1 Participants

We included 150 participants from each group: Pro-
lific workers, academic students with NLP and/or
linguistics background, and industry expert annota-
tors. The participants provided implied consent by
reviewing the consent form and proceeding with
the study. Additionally, the participants could with-
draw consent and stop taking part in the study at
any time. As the evaluation was conducted en-
tirely in English, our participants were required
to comprehend and reasonably assess English con-
versations. While we did not conduct additional
proficiency assessments, we ensured adequate En-
glish language competency through our recruitment
criteria and institutional affiliations.

For Prolific participants, we recruited exclu-
sively from the U.S., which, according to Prolific’s
eligibility requirements, ensures participants are
"current resident[s] of the country being sampled
and must be fluent in the language of that coun-
try." Prior research using U.S.-based Prolific par-
ticipants has consistently found a high proportion
of native English speakers, with remaining par-
ticipants typically demonstrating full professional
proficiency (Nahar et al., 2024; Lucas et al., 2022).
Similarly, the graduate students were all enrolled
in U.S. universities, where academic coursework
and research require full professional English pro-
ficiency. Finally, the industry experts work in pro-
fessional roles requiring expert-level English pro-
ficiency for evaluating and annotating customer
service dialogues as part of their daily responsibili-
ties.

While these institutional requirements serve as
reasonable proxies for language competency, we
acknowledge that the three groups may have varied
in their specific language backgrounds and pro-
ficiency levels. However, all participants should
have possessed sufficient English proficiency to
engage meaningfully with the English-language di-
alogue evaluation task based on their educational
and professional contexts. While the institutional
and professional requirements of our participants
provided reasonable assurance of adequate English
proficiency for the evaluation task, future research
would benefit from including formal language pro-
ficiency measures for additional validation.

J.2 Inter-rater Agreement

The inter-rater agreement scores are reported in
Table 14.

Chain Kappa (κ) Level of Agreement

C1 1.000 Perfect
C2 0.405 Moderate
C3 0.959 Almost Perfect
C4 0.979 Almost Perfect
C5 0.938 Almost Perfect
C6 1.000 Perfect
C7 0.979 Almost Perfect

Overall 0.905 Almost Perfect

Agreement Scale:
κ < 0.00: Poor
0.00 ≤ κ < 0.20: Slight
0.20 ≤ κ < 0.40: Fair
0.40 ≤ κ < 0.60: Moderate
0.60 ≤ κ < 0.80: Substantial
0.80 ≤ κ ≤ 1.00: Almost Perfect

Table 14: Fleiss’ Kappa Inter-Rater Reliability Across Chains

K Detailed Analysis of TODS Quality
Metrics Across Evaluator Groups

The bar charts present a comprehensive breakdown
of nine quality dimensions across the three sum-
marization approaches (Human, CoI, and CoD),
as independently evaluated by student, public, and
expert groups. Several noteworthy patterns emerge:

1. Completeness and Accuracy Metrics (Q1-Q3):
CoI consistently outperformed human-written sum-
maries across all evaluator groups in coverage/com-
pleteness (Q1), with experts scoring CoI highest
(4.48±0.04). For relevance/focus (Q2), CoI again
led across all groups, with experts giving the high-
est ratings (4.89±0.02). In accuracy/fidelity (Q3),
CoI maintained its superior performance, achieving
its highest score from expert evaluators (4.42±0.04).
Notably, CoD performed substantially worse across
these dimensions, particularly with expert eval-
uators who gave it the lowest scores (frequently
around 1.0).

2. Brevity and Rephrasing Metrics (Q4-Q6):
For conciseness/brevity (Q4), CoI performed com-
parably to human summaries with students and
public evaluators, but received significantly higher
ratings from experts (4.92±0.01 vs. 4.81±0.03 for
human). In redundancy avoidance (Q5), CoI main-
tained its advantage across all evaluator groups,
with experts giving it the highest score (4.98±0.01).
For rephrasing/rewriting quality (Q6), experts rated
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all approaches more similarly, with CoI and human
summaries receiving identical scores (4.96±0.01).

3. Readability and Flow Metrics (Q7-Q9): CoI
demonstrated exceptional performance in read-
ability (Q7), particularly with expert evaluators
(4.98±0.01). In fluency/smoothness (Q8), CoI
again led across all groups, with experts giving it
the highest score (4.96±0.01). For logical flow/co-
herence (Q9), CoI maintained strong performance,
particularly with expert evaluators (4.96±0.01).

L Evaluator Reliability Analysis

To assess the reliability of our evaluation results
across the three evaluator groups (expert, public,
and student), we calculated Krippendorff’s alpha
coefficient for each dimension of the evaluation
framework. Krippendorff’s alpha is particularly
suitable for ordinal data and provides a more nu-
anced measure of agreement than other reliability
coefficients. We examined both within-group con-
sistency (how evaluators within the same group
agreed with each other) and between-group con-
sistency (how evaluations from different groups
aligned).

L.1 Within-Group Consistency
reftab:krippendorff-within presents the within-
group consistency results for each evaluator type.
Several important patterns emerge from this analy-
sis:

Expert evaluators demonstrated remarkably high
consistency on information quality dimensions (Q1-
Q3), with alpha values ranging from 0.89 to 0.91,
indicating almost perfect agreement. However,
their agreement was substantially lower for stylis-
tic dimensions (Q4-Q6), particularly for rephras-
ing/rewriting (α = 0.03) and redundancy (α = 0.07),
suggesting these dimensions were more subjec-
tively assessed. For readability and fluency dimen-
sions (Q7-Q8), experts showed moderate agree-
ment (α = 0.42-0.57). Overall, expert evaluators
maintained moderate consistency (α = 0.48) across
all dimensions.

Student evaluators exhibited the highest overall
consistency (α = 0.66) among all evaluator groups.
They demonstrated almost perfect agreement on in-
formation quality dimensions (α = 0.76-0.82) and
substantial agreement on most readability dimen-
sions (α = 0.65-0.70). Even for stylistic dimensions
(Q4-Q6), students maintained moderate agreement
(α = 0.45-0.56). This consistently high reliability

Table 15: Krippendorff’s Alpha Within-Group Reliability

Quality Dimension Expert Public Student

Q1 (Coverage/Completeness) 0.89 0.26 0.82
Q2 (Relevance/Focus) 0.90 0.20 0.82
Q3 (Accuracy/Fidelity) 0.91 0.17 0.76
Q4 (Conciseness/Brevity) 0.18 0.13 0.45
Q5 (No Repetition/Redundancy) 0.07 0.04 0.56
Q6 (Rephrasing/Rewriting) 0.03 -0.01 0.55
Q7 (Readability/Ease of reading) 0.42 0.09 0.67
Q8 (Fluency/Smoothness) 0.57 0.16 0.70
Q9 (Logical Flow/Coherence) 0.36 0.11 0.65

Overall 0.48 0.13 0.66

Agreement Scale:
α < 0.00: Poor
0.00 ≤ α < 0.20: Slight
0.20 ≤ α < 0.40: Fair
0.40 ≤ α < 0.60: Moderate
0.60 ≤ α < 0.80: Substantial
0.80 ≤ α ≤ 1.00: Almost Perfect

across all dimensions suggests that student evalua-
tors may have followed the evaluation criteria more
systematically and with less individual interpreta-
tion than other groups.

Public evaluators showed the lowest overall con-
sistency (α = 0.13), with only fair agreement on
information quality dimensions (α = 0.17-0.26) and
slight or poor agreement on all other dimensions.
This indicates substantial variability in how public
evaluators interpreted and applied the evaluation
criteria, raising concerns about the reliability of
this group’s assessments in isolation.

The stark contrast in consistency between evalu-
ator groups raises important methodological con-
siderations. The high agreement among expert eval-
uators on information quality dimensions confirms
the robustness of these metrics and suggests they
may be the most reliable indicators of summary
quality. Conversely, the lower agreement on stylis-
tic dimensions across all groups indicates these as-
pects may be inherently more subjective or require
more precise evaluation criteria.

L.2 Between-Group Consistency

Table 16 presents the between-group consistency
results. Overall, there was fair agreement (α =
0.26) across the three evaluator groups, though this
varied substantially by dimension:

Information quality dimensions (Q1-Q3) showed
the highest between-group consistency, with sub-
stantial agreement for coverage (α = 0.66) and rel-
evance (α = 0.68), and moderate agreement for
accuracy (α = 0.51). This suggests that despite
differences in expertise and background, evalua-
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tors across all groups showed relative consensus in
assessing these fundamental aspects of summary
quality.

Table 16: Krippendorff’s Alpha Between-Group Reliability

Quality Dimension Krippendorff’s Alpha

Q1 (Coverage/Completeness) 0.66
Q2 (Relevance/Focus) 0.68
Q3 (Accuracy/Fidelity) 0.51
Q4 (Conciseness/Brevity) -0.04
Q5 (No Repetition/Redundancy) 0.00
Q6 (Rephrasing/Rewriting) -0.12
Q7 (Readability/Ease of reading) 0.18
Q8 (Fluency/Smoothness) 0.34
Q9 (Logical Flow/Coherence) 0.12

Overall 0.26

Agreement Scale:
α < 0.00: Poor
0.00 ≤ α < 0.20: Slight
0.20 ≤ α < 0.40: Fair
0.40 ≤ α < 0.60: Moderate
0.60 ≤ α < 0.80: Substantial
0.80 ≤ α ≤ 1.00: Almost Perfect

In contrast, stylistic dimensions (Q4-Q6) demon-
strated poor agreement across groups, with alpha
values near or below zero (α = -0.12 to 0.00). This
striking lack of consensus indicates that different
evaluator groups applied substantially different cri-
teria or interpretations when assessing these di-
mensions, making these metrics less reliable for
cross-group comparisons.

Readability dimensions (Q7-Q9) showed slight
to fair agreement between groups (α = 0.12-0.34),
indicating moderate variability in how these aspects
were assessed across different evaluator perspec-
tives.

L.3 Summary Type Effects on Consistency

Table 17 and 18 break down consistency by sum-
mary type for expert and student evaluators, respec-
tively. These results reveal how the source of the
summary influenced evaluation reliability:

Expert evaluators showed higher consistency
when evaluating CoI summaries for information
coverage (α = 0.53) compared to human (α = 0.30)
or CoD summaries (α = 0.00). For readability di-
mensions, however, they showed higher agreement
when evaluating CoD summaries (α = 0.44-0.45
for Q7-Q9). This suggests that different summary
types elicited varying levels of consensus among
experts, with machine-generated summaries poten-
tially containing more objectively assessable fea-
tures.

Table 17: Krippendorff’s Alpha by Summary Type for Expert

Quality Dimension Human CoI CoD

Q1 (Coverage/Completeness) 0.30 0.53 0.00
Q2 (Relevance/Focus) 0.07 0.03 0.00
Q3 (Accuracy/Fidelity) 0.10 0.10 0.05
Q4 (Conciseness/Brevity) 0.08 0.25 0.17
Q5 (No Repetition/Redundancy) 0.00 0.08 0.11
Q6 (Rephrasing/Rewriting) -0.01 -0.03 0.05
Q7 (Readability/Ease of reading) 0.16 0.39 0.45
Q8 (Fluency/Smoothness) 0.16 0.02 0.44
Q9 (Logical Flow/Coherence) 0.05 0.17 0.44

Agreement Scale:
α < 0.00: Poor
0.00 ≤ α < 0.20: Slight
0.20 ≤ α < 0.40: Fair
0.40 ≤ α < 0.60: Moderate
0.60 ≤ α < 0.80: Substantial
0.80 ≤ α ≤ 1.00: Almost Perfect

Student evaluators maintained relatively high
consistency across all summary types, though with
some variation. Notably, they showed the highest
agreement when evaluating CoD summaries for ac-
curacy (α = 0.80) and logical flow (α = 0.70), but
highest agreement for CoI summaries on rephras-
ing quality (α = 0.77). This pattern suggests that
certain summary types may present more consis-
tently identifiable characteristics for specific qual-
ity dimensions.

Table 18: Krippendorff’s Alpha by Summary Type for Student

Quality Dimension Human CoI CoD

Q1 (Coverage/Completeness) 0.55 0.62 0.65
Q2 (Relevance/Focus) 0.59 0.58 0.64
Q3 (Accuracy/Fidelity) 0.65 0.51 0.80
Q4 (Conciseness/Brevity) 0.29 0.18 0.49
Q5 (No Repetition/Redundancy) 0.47 0.19 0.57
Q6 (Rephrasing/Rewriting) 0.44 0.77 0.42
Q7 (Readability/Ease of reading) 0.67 0.60 0.61
Q8 (Fluency/Smoothness) 0.65 0.67 0.56
Q9 (Logical Flow/Coherence) 0.58 0.36 0.70

Agreement Scale:
α < 0.00: Poor
0.00 ≤ α < 0.20: Slight
0.20 ≤ α < 0.40: Fair
0.40 ≤ α < 0.60: Moderate
0.60 ≤ α < 0.80: Substantial
0.80 ≤ α ≤ 1.00: Almost Perfect

L.4 Implications for Evaluation Methodology
The consistency analysis yields several important
implications for TODS evaluation methodology:

• Prioritizing reliable metrics: Information
quality dimensions (Q1-Q3) demonstrated the
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highest within-group and between-group con-
sistency, suggesting these metrics provide the
most reliable indicators of summary quality
across different evaluator perspectives. These
dimensions should be given greater weight in
overall quality assessments.

• Evaluator expertise considerations: The
substantial differences in agreement levels
between expert/student evaluators and pub-
lic evaluators suggest that domain knowledge
significantly impacts evaluation consistency.
This highlights the importance of evaluator
selection and training in TODS evaluation.

• Student evaluator efficacy: The unexpect-
edly high consistency among student eval-
uators, sometimes exceeding expert evalua-
tors, suggests they may represent a valuable
resource for reliable TODS evaluation when
properly instructed.

• Public evaluator limitations: The very low
agreement among public evaluators indicates
that their assessments should be interpreted
cautiously and may benefit from more struc-
tured evaluation tools or additional training.

• Dimension-specific reliability: The clear pat-
tern of higher reliability for information qual-
ity dimensions and lower reliability for stylis-
tic dimensions suggests that evaluation frame-
works should acknowledge this difference, po-
tentially applying different methodological ap-
proaches to dimensions with inherently differ-
ent levels of subjectivity.

Our reliability analysis provides a nuanced un-
derstanding of how different evaluator groups as-
sess TODS quality. By identifying which dimen-
sions and evaluator groups yield the most consis-
tent assessments, these findings can inform more
robust evaluation methodologies for future research
in this field.

CoI Summary Evaluation

We conduct a human evaluation to assess the ef-
fectiveness of our Chain of Interaction (CoI) sum-
marization approach across two key dimensions:
progressive improvement across chains and objec-
tive fulfillment and user preference for each chain’s
output. The evaluation was conducted with the

Table 19: Krippendorff’s Alpha by Summary Type for Public

Quality Dimension Human CoI CoD

Q1 (Coverage/Completeness) 0.03 0.04 -0.04
Q2 (Relevance/Focus) -0.05 -0.06 -0.06
Q3 (Accuracy/Fidelity) 0.08 -0.16 -0.02
Q4 (Conciseness/Brevity) 0.02 0.03 -0.00
Q5 (No Repetition/Redundancy) -0.09 0.00 0.08
Q6 (Rephrasing/Rewriting) -0.10 -0.08 0.05
Q7 (Readability/Ease of reading) -0.10 0.05 0.15
Q8 (Fluency/Smoothness) 0.05 -0.02 0.17
Q9 (Logical Flow/Coherence) -0.11 0.09 0.13

Agreement Scale:
α < 0.00: Poor
0.00 ≤ α < 0.20: Slight
0.20 ≤ α < 0.40: Fair
0.40 ≤ α < 0.60: Moderate
0.60 ≤ α < 0.80: Substantial
0.80 ≤ α ≤ 1.00: Almost Perfect

first four authors of this paper serving as expert
annotators.

To comprehensively evaluate the CoI approach,
we randomly selected 30 customer service task-
oriented dialogues from our dataset. Each dialogue
underwent the complete 8-chain CoI summariza-
tion process, generating 6 distinct summaries per
dialogue. The four first authors of the paper inde-
pendently evaluated each set of summaries, result-
ing in 840 summary assessments (7 chains × 30
dialogues × 4 expert annotators). To ensure unbi-
ased evaluation, the summaries were presented to
researchers in random order alongside their corre-
sponding original dialogues.

As shown in Table 20, annotators evaluated the
summaries across three primary dimensions. First,
they assessed objective fulfillment - examining how
well each chain meets its intended summarization
goal. Second, they evaluated progressive improve-
ment by comparing each chain’s output to its pre-
decessor, determining whether and how much the
summary quality improved. Third, they rated the
practical utility of each summary version, explic-
itly considering its usefulness in customer support
scenarios. Additionally, annotators indicated their
preference among the seven chain outputs for prac-
tical application.

This comprehensive evaluation framework en-
ables us to assess the incremental improvements
achieved through our CoI approach and the prac-
tical value delivered at each summarization stage.
The results provide insights into the technical ef-
fectiveness of each chain and its real-world appli-
cability in customer support contexts.
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Questions Chain [1]

Objective
(Extracts details
& identifies key
entities)

Chain [2]

Objective
(Converts ex-
tracted data
into structured
summary)

Chain [3]

Objective
(Improves read-
ability & sentence
flow)

Chain [4]

Objective
(Enhances coher-
ence & logical
structuring)

Chain [5]

Objective
(Removes redun-
dancy & refines
conciseness)

Chain [6]

Objective
(Ensures factual
accuracy &
fidelity)

Chain [7]

Objective
(Optimizes brevity
& clarity while
retaining details)

1. To what extent does this summary meet its
intended objective?
1⃝ Not at all
2⃝ Slightly
3⃝ Moderate
4⃝ Very
5⃝ Completely

1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝

2. How much does this summary improve
compared to the prior chain?
1⃝ Much worse
2⃝ Worse
3⃝ Same
4⃝ Better
5⃝ Much better

N/A 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝

3. How useful is this summary for a customer
support agent?
1⃝ Not at all
2⃝ Slightly
3⃝ Moderate
4⃝ Very
5⃝ Extremely

1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝ 1⃝ 2⃝ 3⃝ 4⃝ 5⃝

4. Which summary would you prefer or
consider most useful for a customer support
agent?
(Select one)

□ □ □ □ □ □ □

Table 20: Summary Evaluation Survey

3593



Original Dialogue
I want to find a moderately priced restaurant. I have many options available for you! Is there a certain area or cuisine that interests you? Yes I would like the restaurant to be located
in the center of the attractions. There are 21 restaurants available in the centre of town. How about a specific type of cuisine? i need to know the food type and postcode and it should
also have mutliple sports I am sorry I do not understand what you just said. Please repeat in a way that makes sense. get me the food type and the post code My favorite it The
Copper Kettle at 4 Kings Parade City Centre CB21SJ. It serves British food. Does that interest you? Absolutely! Thank you! I also need information on the attractions that have
multiple sports in town, in the same area as the restaurant please. The only multiple sports attraction is located in the east of town. Would you like more information? No, I want to
be in the centre of town. What about architecture attractions? All Saints Church is an architectural attraction. It is in the Centre of town and entrance is free! Can I get their phone
number and address please? Their phone number is 01223452587. Is there anything else I can assist you with? Oh, what type of architecture is it? it is architecture type. anything
else? Just the address please it is located in Jesus lane Is there an entrance fee? The entrance fee is free. Anything else i can do for you today? That will be all. Thank you! Thank
you and have a great day. Goodbye.

CoI Summarization Chain Analysis
Chain Content Description / Impact
Chain [1]
Interaction Details Extraction • User Intent:

– Find moderately priced restaurant (central area, sports access)
• Issues/Concerns:

1. Location requirements
2. Food specifications
3. Architecture information
4. Contact details
5. Entrance fees
6. Additional services

• Agent Response:
1. Restaurant options provided
2. The Copper Kettle recommended
3. Sports facility location noted
4. All Saints Church information
5. Contact details shared
6. Information confirmation
7. Additional needs check

• Entities:
– The Copper Kettle (4 Kings Parade, CB21SJ)
– All Saints Church
– Contact: 01223452587

Identifies and extracts key entities and requests from conver-
sation. Provides complete dataset of interaction details with
initial redundancies preserved.

Chain [2]
Interaction Response Summary

Summary: The user sought a moderately priced restaurant in

central area with sports access . Referred to The Copper Kettle

(CB21SJ) and All Saints Church (free entry) with contact

details .

Converts raw extracted data into structured summary format
while maintaining key details. Improves initial readability
though some redundancy remains.

Chain [3]
Iterative Refinement

Refined: User directed to The Copper Kettle (CB21SJ) for

British cuisine near attractions . All Saints Church information

and contact details (01223452587) provided .

Improves sentence flow and connections between informa-
tion pieces. Enhances narrative flow while preserving impor-
tant details.

Chain [4]
Review and Adjust

Adjusted: User sought central restaurant with sports access .

Directed to Copper Kettle and received All Saints Church

details with contacts .

Enhances clarity while maintaining accuracy. Improves co-
herence and reduces fragmentation between statements.
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(Continued from previous page)

Chain Content Description / Impact
Chain [5]
Assess for Redundancy/ Repetition

Condensed: User sought central restaurant near sports . Received

Copper Kettle location and All Saints Church information .

Removes duplicate information while maintaining core de-
tails. Eliminates redundant information for conciseness.

Chain [6]
Fidelity/Hallucination Check

Verified: User wanted moderately priced central restaurant with

sports access . Received Copper Kettle and All Saints Church

details .

Ensures accuracy while simplifying content. Maintains fac-
tual correctness with optimized phrasing.

Chain [7]
Enhance Brevity

Final: User sought restaurant near sports in central town .

Directed to Copper Kettle (CB21SJ) and All Saints Church

(01223452587) .

Optimizes for brevity and clarity while retaining all essential
information. Represents final optimization for conciseness.

Chain [8]
Explainability Evaluation • Conciseness (5/5): Significantly shorter while retaining key details

• Coverage (5/5): Includes all key user requests and outcomes
• Relevance (5/5): Contains only request-related information
• Rephrasing (5/5): Demonstrates original wording
• Discourse Coherence (5/5): Maintains logical flow
• Fidelity (5/5): Accurately represents dialogue
• Readability (5/5): Clear, accessible language
• Fluency (5/5): Error-free grammar
• Redundancy (5/5): No duplicate information

Provides comprehensive quality assessment across multiple
dimensions. Validates the effectiveness of the summary
refinement process.

Table 21: Dialogue Summarization Process and Analysis
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M Case Study: Progressive
Summarization Refinement Analysis

M.1 Overview
This case study examines the dialogue-to-summary
chains of the refinement process, demonstrating
how an initial human-agent conversation can be
systematically refined through a single instance,
multi-step approach. item 21 presents the complete
progression of this refinement process, from raw
dialogue to final evaluation.

M.2 Analysis of Progressive Improvement
M.2.1 Logical Structuring & Progressive

Refinement
The summarization process demonstrates clear pro-
gression through eight distinct chains, as shown
in item 21. Of particular note is the evolution from
Chain 1’s comprehensive extraction to Chain 7’s op-
timized summary, illustrating effective information
distillation while maintaining essential content.

M.2.2 Redundancy Reduction Analysis
Examining Chains 1 through 5 in item 21, we can
observe a systematic reduction of redundant infor-
mation. Chain 5 achieves significant compression
while retaining all key details from the initial ex-
traction in Chain 1.

M.2.3 Readability Enhancement
The progression from Chain 3 to Chain 7 in item 21
demonstrates substantial improvement in readabil-
ity and flow, with each iteration refining the presen-
tation while maintaining information fidelity.

M.3 Quality Assessment
Chain 8 in item 21 provides a comprehensive eval-
uation of the final summary across nine key di-
mensions, with perfect scores indicating successful
optimization across all metrics.

M.4 Conclusions and Best Practices
M.4.1 Key Success Factors
Based on the progression shown in item 21:

1. Systematic Refinement: Eight well-defined
stages ensuring methodical improvement

2. Information Preservation: Maintained criti-
cal details through each iteration

3. Structure Enhancement: Progressive im-
provement in readability

4. Quality Validation: Comprehensive final
evaluation

M.4.2 Recommendations for Similar Cases
Drawing from the process demonstrated in item 21:

1. Begin with comprehensive extraction (as in
Chain 1)

2. Apply iterative refinement (following Chains
2-7)

3. Maintain information fidelity throughout

4. Conclude with systematic evaluation (as in
Chain 8)
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Chain-of-Interaction Prompt Step 1 — Part 1
You are given a user-agent dialogue. Follow these 2 steps to fill out the chain of interaction template and create a detailed, concise summary.

Step 1: Chain of interactions has 7 chains containing clear instructions and examples. Learn from the instructions and examples to understand how to create a chain of interaction
summary.

Chain [1] Interaction Details Extraction:
• Identify the user intent.
• List all issues or concerns raised by the user.
• Note the agent’s responses, actions taken, or information provided.
• Extract key entities relevant to the interaction.

Example:

1 {
2 "User Intent": "To find a cheap Portuguese restaurant in Cambridge.",
3 "Issues/Concerns": [
4 "Requested high-rated venues and European restaurants within city centre",
5 "Needed address for chosen venue",
6 "Preferred moderate price range for restaurant"
7 ],
8 "Agent Response": [
9 "Provided details for 'The Funky Fun House'",

10 "Shared address: 8 Mercers Row, Mercers Row Industrial Estate",
11 "Recommended Galleria restaurant",
12 "Helped with reservation booking",
13 "Booked taxi for transportation",
14 "Provided taxi driver's contact details"
15 ],
16 "Entities": ["Nandos", "South part of town (CB22HA)", "Thursday", "14:45", 8987889876]
17 }

Chain [2] Interaction Response Summary:
• Create a detailed yet concise summary capturing all key details from User Intent, Issues/Concerns, and Agent Response in Chain [1].

Example:

1 {
2 "Summary of Interaction": "The user is looking for a cheap Portuguese restaurant in Cambridge, requesting high-rated venues and \

moderate prices. The agent detailed 'The Funky Fun House' (8 Mercers Row), recommended Galleria, booked a reservation, and arranged a \
taxi, providing the driver's contact."

3 }

Chain [3] Iterative Refinement:
• Start with the initial summary.
• Add new informative entities from Chain [1] without increasing the summary length.

Example:

1 {
2 "Reviewed Summary": "The user is looking for a cheap Portuguese restaurant in Cambridge (South part of town), requesting high-rated \

venues and moderate prices. The agent detailed 'The Funky Fun House' (8 Mercers Row), recommended Galleria, booked a reservation on \
Thursday, 14:45 (CB22HA), and arranged a taxi, providing the driver's contact (8987889876)."

3 }

Chain [4] Review and Adjust:
• Review the summary for conciseness, discourse coherence, coverage, rephrasing, readability, relevance, fluency, and informativeness.
• Update the summary based on these criteria to ensure high quality and accuracy without increasing its size.

Example:

1 {
2 "Reviewed Summary": "The user seeks a cheap, high-rated Portuguese restaurant in South Cambridge. The agent recommended 'The Funky \

Fun House' (8 Mercers Row) and Galleria, booked a reservation for Thursday at 14:45 (CB22HA), and arranged a taxi with driver contact \
(8987889876)."

3 }

Chain [5] Assess for Redundancy/Repetition:
• Remove any redundancy or repetitions.

Example:

1 {
2 "Reviewed Summary": "The user seeks a cheap, high-rated Portuguese restaurant in South Cambridge. The agent recommended 'The Funky \

Fun House' (8 Mercers Row) and Galleria, booked a reservation for Thursday at 14:45 (CB22HA), and arranged a taxi with driver contact \
(8987889876)."

3 }

Figure 18: Chain-of-Interaction Prompt Step 1 — Part 1 (Chains [1] to [5])
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Chain-of-Interaction Prompt Step 1 — Part 2
Chain [6] Fidelity/Hallucination Check:
• Review the summary for logical, factual, contextual, and intent fidelity with the Intent, Issues/Concerns, Agent Response, and entities in Chain [1].
• Correct any hallucination inconsistencies.

Example:

1 {
2 "Fidelity-Checked Summary": "The user seeks a cheap, high-rated Portuguese restaurant in South Cambridge. The agent detailed 'The \

Funky Fun House' (8 Mercers Row), recommended Galleria, booked a reservation for Thursday at 14:45 (CB22HA), and arranged a taxi ( \
Nandos) with driver contact (8987889876)."

3 }

Chain [7] Enhance Brevity:
• Enhance brevity without losing any information.
• Ensure the summary is coherent and self-contained.

Example:

1 {
2 "Final Summary": "The user seeks a cheap, high-rated Portuguese restaurant in South Cambridge. The agent recommended 'The Funky Fun \

House' (8 Mercers Row) and Galleria, booked a Thursday 14:45 reservation (CB22HA), and arranged a taxi (Nandos) with the driver's \
contact (8987889876)."

3 }

Chain [8] Evaluation and Explainability:
Definition of Key Criteria:
• Conciseness – Brevity, eliminating unnecessary details, and overall length reduction compared to the original dialogue.
• Coverage – Includes all vital information from the original dialogue that represents the breadth of critical information.
• Relevance – Focus on the most pertinent information while excluding less critical details.
• Rephrasing – Demonstrates understanding through paraphrasing and restructured content.
• Discourse Coherence – Ensures adjacent sentences are connected and the overall summary is logically structured.
• Fidelity – Maintains the original dialogue’s meaning, context, facts, and intent.
• Readability – The summary is easy to understand with clear language and logical flow.
• Fluency – Free from grammatical, spelling, and punctuation errors.
• Redundancy – Avoids unnecessary repetition of information, facts, entities, and ideas.

For each criterion, evaluate the final summary (from Chain [7]) using a 5-point Likert scale and provide explicit evidence for your rating.
Example:

1 {
2 "Chain [8] Explainability": {
3 "Conciseness": {
4 "action": "Evaluate to what degree the final summary is noticeably more succinct than the original dialogue.",
5 "value": {
6 "scale": "4",
7 "evidence": "The summary is significantly shorter than the original dialogue while capturing the main points such as selecting \

venues, booking a table, and arranging a taxi."
8 }
9 },

10 "Coverage": {
11 "action": "Evaluate to what degree the final summary covers all key information from the original dialogue (including the user's \

requests, agent responses, and important details).",
12 "value": {
13 "scale": "4",
14 "evidence": "The summary includes all major actions from the dialogue, including the nightclub recommendation, restaurant details \

, booking, and taxi arrangement, though it misses subtle conversational elements like the exchange about steakhouses."
15 }
16 },
17 "Relevance": {
18 "action": "Evaluate to what degree the final summary includes only the information related to the user's request(s).",
19 "value": {
20 "scale": "5",
21 "evidence": "The summary includes only relevant details regarding the venues, booking, and transportation, directly related to \

the user's requests."
22 }
23 },
24 "Rephrasing": {
25 "action": "Evaluate to what degree the final summary uses its own words rather than copying the original dialogue.",
26 "value": {
27 "scale": "4",
28 "evidence": "The summary effectively paraphrases the dialogue, using its own wording to capture the essence of the interactions."
29 }
30 },
31 "Discourse Coherence": {
32 "action": "Evaluate the logical flow and connectedness of information in the final summary.",
33 "value": {
34 "scale": "5",
35 "evidence": "The summary presents information coherently, logically flowing from one completed task to the next."
36 }
37 },
38 ...
39 }
40 }

Figure 19: Chain-of-Interaction Prompt Step 1 — Part 2 (Chains [6] to [8])
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Chain-of-Interaction Prompt Step 2
Step 2: This template provides a structured approach for creating and evaluating summaries of user-agent dialogues. Fill out the template below using the given user-agent dialogue:
dialogue and the summary: summary. Output the completed template in JSON format with explicit keys and values.

Chain of Interaction Prompts Template for Dialogue Summarization:

1 {
2 "Chain [1] Interaction Details Extraction": {
3 "User Intent": "[User's inquiry, goal or purpose]",
4 "Issues/Concerns": "[User's requests or input]",
5 "Agent Response": "[Agent's response, action taken, or information provided]",
6 "Entities": "[Key entities relevant to the interaction]"
7 },
8 "Chain [2] Interaction Response Summary": {
9 "Summary of Interaction": "[Detailed yet concise summary capturing all key details]"

10 },
11 "Chain [3] Iterative Refinement": {
12 "Iterative Summary": "[Add new informative entities from Chain [1] without increasing the summary length]"
13 },
14 "Chain [4] Review and Adjust": {
15 "Reviewed Summary": "[Review the summary for conciseness, discourse coherence, coverage, rephrasing, readability, relevance, \

fluency, and informativeness. Update for accuracy.]"
16 },
17 "Chain [5] Assess for Redundancy/Repetition": {
18 "Redundancy-Free Summary": "[Remove any redundancy or repetitions.]"
19 },
20 "Chain [6] Fidelity/Hallucination Check": {
21 "Fidelity-Checked Summary": "[Review the summary for logical, factual, contextual, and intent fidelity. Correct any \

hallucinations.]"
22 },
23 "Chain [7] Enhance Brevity": {
24 "Final Summary": "[Enhance brevity without losing any information, ensuring the summary is coherent and self-contained.]"
25 },
26 "Chain [8] Explainability": {
27 "Conciseness": {
28 "action": "Evaluate to what degree the final summary is noticeably more succinct than the original dialogue.",
29 "value": { "scale": "", "evidence": ""
30 }
31 },
32 "Coverage": {
33 "action": "Evaluate to what degree the final summary covers all key information from the original dialogue (including the \

user's requests, agent responses, and important details).",
34 "value": {"scale": "", "evidence": ""
35 }
36 },
37 "Relevance": {
38 "action": "Evaluate to what degree the final summary includes only the information related to the user's request(s).",
39 "value": {"scale": "", "evidence": ""
40 }
41 },
42 "Rephrasing": {
43 "action": "Evaluate to what degree the final summary uses its own words rather than copying the original dialogue.",
44 "value": {"scale": "", "evidence": ""
45 }
46 },
47 "Discourse Coherence": {
48 "action": "Evaluate the logical flow and connectedness of information in the final summary.",
49 "value": {"scale": "", "evidence": ""
50 }
51 },
52 "Fidelity": {
53 "action": "Evaluate whether the final summary preserves the original dialogue's meaning, context, facts, and intent.",
54 "value": {"scale": "", "evidence": ""
55 }
56 },
57 "Readability": {
58 "action": "Evaluate how easy the final summary is to understand (clear language and logical flow).",
59 "value": { "scale": "", "evidence": ""
60 }
61 },
62 "Fluency": {
63 "action": "Evaluate the grammatical quality of the final summary (no spelling, punctuation, or grammar errors).",
64 "value": {"scale": "", "evidence": ""
65 }
66 },
67 "Redundancy": {
68 "action": "Evaluate whether the final summary avoids repeating information or ideas.",
69 "value": { "scale": "", "evidence": ""
70 }
71 }
72 }
73 }

Implementation Guidelines:
• Fill out each section sequentially, following the chain structure.
• Maintain consistency and cross-reference between chains.
• Ensure all critical details from the original dialogue are preserved.
• Provide explicit Likert scale ratings with supporting evidence for Chain [8].

Figure 20: Chain-of-Interaction Prompt Step 2 (JSON Template)
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