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Abstract
Evaluating meeting effectiveness is crucial for
improving organizational productivity. Cur-
rent approaches rely on post-hoc surveys that
yield a single coarse-grained score for an en-
tire meeting. The reliance on manual assess-
ment is inherently limited in scalability, cost,
and reproducibility. Moreover, a single score
fails to capture the dynamic nature of collabo-
rative discussions. We propose a new paradigm
for evaluating meeting effectiveness centered
on novel criteria and temporal fine-grained ap-
proach. We define effectiveness as the rate of
objective achievement over time and assess it
for individual topical segments within a meet-
ing. To support this task, we introduce the AMI
Meeting Effectiveness (AMI-ME) dataset, a
new meta-evaluation dataset containing 2,459
human-annotated segments from 130 AMI Cor-
pus meetings. We also develop an automatic
effectiveness evaluation framework that uses a
Large Language Model (LLM) as a judge to
score each segment’s effectiveness relative to
the overall meeting objectives. Through sub-
stantial experiments, we establish a comprehen-
sive benchmark for this new task and evaluate
the framework’s generalizability across distinct
meeting types, ranging from business scenar-
ios to unstructured discussions. Furthermore,
we benchmark end-to-end performance starting
from raw speech to measure the capabilities
of a complete system. Our results validate the
framework’s effectiveness and provide strong
baselines to facilitate future research in meeting
analysis and multi-party dialogue. Our dataset
and code will be publicly available.

1 Introduction

Meetings are a cornerstone of organizational col-
laboration. However, as their frequency and du-
ration steadily increase (Monge et al., 1989; To-
bia and Becker, 1990), they are often cited as a
primary source of inefficiency and dissatisfaction,
consuming vast amounts of time and resources
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Figure 1: The paradigm of meeting effectiveness evalu-
ation.

(Romano and Nunamaker, 2001; Rogelberg et al.,
2006; Allen and Lehmann-Willenbrock, 2022). On
the other hand, in the nascent field of multi-party
dialogue(Castillo-López et al., 2025), meetings are
almost the most important scenario, and the evalua-
tion of meeting effectiveness constitutes the most
crucial perspective. The challenge of improving
meeting productivity hinges on the ability to mea-
sure effectiveness first. However, there is no com-
mon consensus on how to evaluate meeting effec-
tiveness (Hosseinkashi et al., 2024).

Current evaluation approaches typically rely
on post-hoc participant surveys, which provide a
single holistic score for an entire meeting (Hos-
seinkashi et al., 2024; Nixon and Littlepage, 1992;
García et al., 2019; Cutler et al., 2021; Standaert
et al., 2016; Constantinides et al., 2020; Leach et al.,
2009). These coarse-grained evaluations capture
only a single retrospective impression of a meeting,
overlooking the dynamic nature of collaborative
sessions and failing to distinguish between produc-
tive and unproductive periods. Furthermore, this
reliance on manual evaluation is costly, difficult
to scale, and lacks reproducibility. Consequently,
research in this area is often constrained by data
scarcity, as collecting and annotating meeting data
is time-consuming and raises significant privacy
concerns.
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The recent emergence of the “LLM-as-a-Judge”
paradigm (Zheng et al., 2023; Gu et al., 2025) of-
fers a promising solution for automatic evaluation.
This approach has gained significant traction for
combining the scalability of automatic methods
with the context-sensitivity of human experts. This
breakthrough enables the development of an au-
tomatic framework for evaluating meeting effec-
tiveness, which in turn is a critical prerequisite for
creating intelligent multi-party dialogue agents ca-
pable of proactive intervention.

To this end, we introduce a new paradigm for
meeting effectiveness evaluation centered on two
core principles, as shown in Figure 1. First, we pro-
pose an objective and universally applicable evalu-
ation criterion that defines effectiveness as the rate
of objective achievement over time. This moves be-
yond subjective feelings to a more quantifiable mea-
sure of output versus input. Second, we propose a
temporal fine-grained evaluation method. Instead
of assigning a single score to an entire meeting, we
divide the meeting into coherent topical segments
and evaluate the effectiveness of each one. This
approach offers three key advantages: (1) it en-
ables detailed analysis of meeting dynamics; (2) it
improves the reliability of human annotation by fo-
cusing on shorter and more manageable segments;
and (3) it significantly amplifies the amount of data
available for computational modeling, thereby help-
ing to overcome the data scarcity bottleneck.

Based on this paradigm, we constructed a new
meta-evaluation dataset for meeting effectiveness,
which we call AMI-ME. We built upon the AMI
Corpus (Carletta et al., 2005), whose simulated
scenarios have relatively low technical complexity
but high realism, making the content accessible
to annotators. We first refined the original coarse
and discontinuous topic segmentations into con-
tinuous fine-grained units using a reference-based
segmentation method. Subsequently, we conducted
a comprehensive human annotation effort to score
the effectiveness of each segment, implementing
various rigorous quality control measures. The re-
sulting dataset contains 2,459 annotated segments
from 130 meetings, with fine-grained topic seg-
mentations and the corresponding segment-level
effectiveness scores.

Furthermore, we propose an LLM-based frame-
work for the automatic meeting effectiveness eval-
uation. Our framework performs topic segmenta-
tion on the meeting transcript and then evaluates
each segment’s effectiveness based on its contri-

bution to the classified overall meeting objectives.
Through substantial experiments, we benchmark
various LLMs, examine the framework’s perfor-
mance on distinct meeting types, and measure the
performance of a full end-to-end system starting
from raw speech. Our results validate the frame-
work’s effectiveness and provide strong baselines
to facilitate future research into meeting analysis
and multi-party dialogue agents.

In summary, our contributions are fourfold:

• We propose a novel methodology for temporal
fine-grained meeting effectiveness evaluation,
based on the criteria of objective achievement
over time.

• We construct the AMI-ME dataset for meet-
ing effectiveness meta-evaluation, including
fine-grained continuous topic segmentation
and corresponding segment-level effective-
ness scores.

• We propose an LLM-based framework to au-
tomatically evaluate meeting effectiveness at
a fine-grained level.

• We conduct substantial experiments to estab-
lish strong benchmark results on the AMI-ME
dataset.

2 Related Work

Meeting Effectiveness Evaluation. Despite sig-
nificant research in meeting science, there is no
consensus on how to measure it. Prior work has pre-
dominantly relied on post-hoc participant surveys
to derive a single holistic score for an entire meet-
ing, with evaluation criteria varying widely across
studies. Through a review of existing literature, we
categorize previous criteria into two main types.
The first type is objective criteria, which are based
on information accessible to any observer and are
designed to be individual-independent. Examples
include goal attainment (Nixon and Littlepage,
1992; Cutler et al., 2021; Standaert et al., 2016),
agenda completeness (García et al., 2019), and the
presence of a clear purpose and structure (Constan-
tinides et al., 2020). A special case is research built
on the “Winter Survival Task” (Sanchez-Cortes
et al., 2012; Braley and Murray, 2018; Kubasova
et al., 2019), where meeting performance is quan-
tified by the absolute deviation of group rankings
from expert rankings, yielding a highly objective
yet task-specific score for each meeting. These ap-
proaches aim for consistent evaluations across dif-
ferent raters. The second type is subjective criteria,
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which are assessed by asking participants to rate
based on their personal feelings and context, and
therefore, individual-dependent. Examples include
achieving personal work goals (Rogelberg et al.,
2006; Leach et al., 2009) and decision satisfaction
(Nixon and Littlepage, 1992). Such criteria cannot
be evaluated solely from the observable context of
the meeting. Current evaluation approaches fail
to capture the dynamic nature of collaborative ses-
sions and often use context-specific criteria which
are not universally applicable. In addition, a num-
ber of studies have explored leveraging multimodal
cues to automatically predict meeting outcomes
(Avci and Aran, 2016; Murray and Oertel, 2018;
Lai and Murray, 2018; Gatica-Perez et al., 2017;
Samrose et al., 2018), though they still rely on the
aforementioned criteria and produce a single holis-
tic score.

LLM-as-a-Judge. The paradigm of using LLMs
as evaluators, or “LLM-as-a-Judge” (Zheng et al.,
2023), has emerged as a prominent and scalable
approach for approximating human assessment. By
leveraging in-context learning, they can perform
evaluations that demonstrate strong alignment with
human judgments (Gu et al., 2025). This method-
ology has been successfully applied across diverse
applications, from Natural Language Generation
evaluation (Gao et al., 2025; Chen et al., 2023; Liu
et al., 2023) - such as dialogue system evaluation
and text summarization assessment - to specialized
domains such as finance, law, education, and sci-
ence (Cheong et al., 2024; Xiao et al., 2025; Zhou
et al., 2024). To our knowledge, this is the first
work to apply the LLMs-as-a-judge paradigm for
meeting effectiveness evaluation.

3 Meeting Effectiveness Criteria

In this section, we identify the most fundamen-
tal aspect of evaluating meeting effectiveness: the
evaluation criteria. The scope of what constitutes a
meeting is exceptionally broad. Romano and Nuna-
maker (2001) define a meeting as “a focused in-
teraction of cognitive attention, planned or chance,
where people agree to come together for a com-
mon purpose, whether at the same time and the
same place, or at different times in different places.”
This definition encompasses a wide range of inter-
actions, from formal board meetings to casual hall-
way conversations, and includes gatherings aimed
at decision-making as well as those intended to im-
prove interpersonal relationships. Our goal is to

establish a universal evaluation criterion applicable
to any type of meeting.

Based on the two categories of criteria intro-
duced in Section 2 and considering the difficulty
in accessing participants’ personal dispositions, we
adopt an objective evaluation criterion. Specifically,
we propose a criterion based on two factors: meet-
ing objectives achievement and time utilization.
This can be expressed in the following formula:
Meeting Effectiveness = Objectives Achievement
/ Time Cost. This formulation aligns with the fun-
damental definition of “efficiency,” which is the
ratio of outcome to cost. In the context of a meet-
ing, the primary outcome is the achievement of
the “common purpose” as defined earlier, while the
principal cost is the time invested by participants.
Prior studies relying on human evaluation rarely
modeled time explicitly. Instead, time was implic-
itly factored into metrics like “satisfaction” or “ef-
fectiveness,” relying on the annotator’s intuition
to account for duration. However, for objective
automatic evaluation, explicit timing is essential.

Crucially, the “objectives achievement” is a
holistic measure of collective progress toward all
objectives, implicitly weighing their relative im-
portance, rather than assessing each one individu-
ally. And we define the “meeting objectives” as the
goals synthesized from the meeting’s content upon
its conclusion, rather than those planned before-
hand. This accommodates the natural evolution of
meetings, where new urgent issues can arise and
shift the focus. In such cases, effectiveness is eval-
uated against these emergent objectives, not as a
deviation from the original objectives.

4 Temporal Fine-grained Evaluation

Existing approaches to meeting effectiveness eval-
uation typically assign a single holistic score to
an entire meeting. In contrast, we propose a tem-
poral fine-grained evaluation method, which in-
volves dividing the meeting into distinct segments
and evaluating the effectiveness of each one. This
method offers several advantages. First, it enables
more detailed analysis. A meeting may have pe-
riods of high efficiency interspersed with periods
of low efficiency. A single score would obscure
this nuance, leading to a significant loss of valuable
information. Second, fine-grained evaluation en-
hances rating accuracy, as shorter focused segments
are easier for annotators to assess. Finally, this
method substantially increases the volume of avail-
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Figure 2: Statistics of the AMI-ME dataset. (a) Distribution of segment count per meeting. (b) Distribution of
segment duration. (c) Confusion matrix for topic segmentation, viewed as a binary classification task of identifying
boundaries between adjacent utterances. (d) Distribution of segment effectiveness scores.

able data. Research in meeting science has histori-
cally been constrained by data scarcity. Meetings
are time-consuming to conduct, and their content
often contains private information, making it diffi-
cult to collect and publicly release real-world data.
If each meeting yields only a single data point, con-
ducting large-scale quantitative analysis becomes
challenging. By segmenting each meeting, we can
significantly increase the number of data points,
thereby facilitating more robust statistical analysis.

We typically segment meetings based on dis-
cussion topics. A crucial consideration in this ap-
proach is the segmentation granularity. An overly
coarse-grained segmentation presents two primary
drawbacks: (1) it reduces scoring reliability, as
a long segment may contain sub-parts of varying
effectiveness, making a single rating difficult and
imprecise; and (2) it results in the loss of informa-
tion specific to each sub-part. Conversely, an exces-
sively fine-grained segmentation can lead to inaccu-
rate evaluations due to a lack of context. However,
this drawback can be mitigated by providing the
necessary context to raters. Therefore, we adopt
a fine-grained segmentation where each segment
represents a minimal topical unit with no clear inter-
nal boundaries that would permit further division.
The overall effectiveness of a meeting can then be
calculated as the duration-weighted average of its
segment-level scores, as derived in Appendix A.

5 Dataset Construction
In this section, we introduce the construction of
our meta-evaluation dataset for meeting effective-
ness, the AMI-ME dataset. The process involves
selecting a suitable corpus, performing reference-
based topic segmentation, and conducting human
annotation of segment effectiveness.

5.1 Reference-based Topic Segmentation
We built our dataset upon the AMI Corpus (Carletta
et al., 2005), which mainly consists of highly real-

istic simulated business meetings and is therefore
accessible to annotators without requiring special-
ized domain knowledge. From the AMI Corpus,
we selected 130 meetings for our dataset. These
meetings typically involve four participants and last
31 minutes on average. Further details are provided
in Appendix B.1.

Although the AMI Corpus provides topic seg-
mentation annotations, they are not suitable for our
fine-grained evaluation. The existing annotations
are hierarchical, with top-level topics that are some-
times further divided into subtopics. However, we
identified two issues with these annotations: (1)
subtopic segments are often discontinuous, leaving
some utterances unassigned, and (2) the granularity
of some top-level segments is too coarse, lacking
necessary subtopic divisions.

To address these limitations, we developed a
reference-based topic segmentation method. This
method uses an LLM to produce continuous and
more fine-grained segmentations, with the origi-
nal AMI annotations serving as a reference in the
prompt. We retained all existing top-level seg-
mentations from the AMI Corpus and refined the
subtopic segmentation. The prompt also instructed
the LLM to generate a topic label and a brief de-
scription for each subtopic segment.

After a comparative analysis (see Appendix B.2),
we selected Gemini-2.5-Pro for this task. The distri-
butions of the resulting segment count and duration
are shown in Figures 2(a) and 2(b). Our manual
review confirmed that the model made few critical
errors, such as placing a boundary in the middle
of a cohesive discussion. Its main weakness was
occasionally producing a segmentation that was
coarser than the fine-grained level our specific task
requires. As shown in Figure 2(c), the resulting seg-
mentation incorporated 1,668 of the 2,109 original
boundaries and introduced 661 new ones, omitting
many original boundaries to ensure continuity.
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Figure 3: The automatic evaluation framework.

5.2 Human Annotations for Effectiveness

After segmentation, we collected human annota-
tions for segment effectiveness through a rigorous
quality control process. Given the complexity of
the task and the quality differences between crowd-
sourced and expert annotations reported in previ-
ous work (Gillick and Liu, 2010; Bhandari et al.,
2020), we hired a professional annotation company,
conducted a training program for all potential an-
notators, and selected the top six performers from
a qualification test to ensure high aptitude for this
task. The six annotators were divided into two
groups of three and each group was assigned a
distinct set of meetings.

The annotation interface provided comprehen-
sive context, including the evaluation criteria, the
segmented transcript, a set of manually pre-defined
meeting objectives, and extensive human-written or
LLM-generated auxiliary information to aid meet-
ing understanding. The pre-defined meeting ob-
jectives were manually designed for each type of
AMI meeting. In the interface, each utterance was
displayed with timestamps, enabling annotators
to consider the time cost of a segment when as-
sessing its effectiveness. For each segment, the
annotators identified the objectives it served and
provided an effectiveness score on a 5-point scale.
To mitigate potential rating skew associated with
purely numerical scales (Garg and Johari, 2020),
we used positive-skewed worded (more positive-
than negative-valenced verbal labels) options as
the rating options. More details are available in
Appendix B.3.

5.3 Dataset Analysis

The resulting AMI-ME dataset contains 2,459 seg-
ments from 130 meetings. Each segment has three
independent effectiveness scores. The distribution

of effectiveness scores is shown in Figure 2(d). In
addition to effectiveness scores, the dataset also in-
cludes multi-label annotations identifying the meet-
ing objectives addressed by each segment.

To assess inter-annotator agreement, we calcu-
lated the Intraclass Correlation Coefficient (ICC)
using a two-way random effects model based on
absolute agreement for the average of k raters
(ICC(2,k)) (Koo and Li, 2016). The first annotation
group of three annotators annotated 63 meetings
and achieved an ICC of 0.8769, while the second
group of three annotators annotated 67 meetings
and achieved an ICC of 0.8202. These values indi-
cate a “Good” level of reliability.

6 Automatic Evaluation Framework

We designed a novel framework that leverages
LLMs for the automatic evaluation of meeting ef-
fectiveness, as illustrated in Figure 3. The frame-
work first identifies the objectives for the entire
meeting via multi-label classification, then per-
forms topic segmentation, and finally evaluates
each segment’s effectiveness based on the over-
all objectives. Considering the discrepancy in pre-
dicted segmentation and ground truth segmentation,
we also implement a segmentation alignment pro-
cedure to support accurate meta-evaluation.

6.1 Meeting Objective Classification

We begin by identifying the objectives of each
meeting. To ensure the objectives are both gen-
eralizable and controllable, we model this problem
as a multi-label classification task. We adopted a
predefined set of 19 meeting objectives proposed by
Standaert et al. (2016). Validated through a compre-
hensive literature review and validated via in-depth
interviews that achieved theoretical saturation, this
taxonomy captures the comprehensive space of
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meeting purposes. Furthermore, being rooted in
fundamental social psychology theories (McGrath,
1984), these objectives represent universal dimen-
sions of human group interaction—such as con-
flict resolution and idea generation—ensuring their
generalizability beyond commercial settings to the
diverse scenarios. The detailed objectives are pro-
vided in Appendix C. Given the highly free-form
nature of meetings, setting a manual upper limit
on the number of objectives encourages the model
to focus on the most salient goals. Specifically,
for the AMI Corpus, we constrain the model to
select a maximum of three objectives per meeting
through a manual inspection of various meeting
types within the dataset. We acknowledge that for
particularly complex meetings outside this dataset
a higher limit can be required.

Furthermore, our preliminary explorations
showed that a naive prompting approach over many
categories was prone to positional bias, where the
model preferentially selects labels that appear early
in the list. To mitigate this, we designed a struc-
tured prompting strategy that first identifies a broad
set of all potentially relevant objectives, and then
analyzes textual evidence to refine the selections
to the most central ones. This method prevents
the model from defaulting to early options and en-
sures a more robust classification. The prompt is
available in Appendix C.

6.2 Segment Effectiveness Evaluation
To evaluate segment effectiveness, we employ a
method inspired by G-Eval (Liu et al., 2023), which
generates evaluation steps with Chain-of-Thought
(CoT) and uses a form-filling paradigm. For non-
reasoning LLMs, we use the token probability
weighted summation of the output score as the final
score. For reasoning LLMs, we sample five times
and use the average score as the final score. In this
way, the final score is a continuous score instead of
a discrete one, and it can better capture the subtle
difference between the effectiveness of segments.

The input to the model consists of several com-
ponents: a detailed score rubric defining differ-
ent levels of effectiveness, the meeting objectives
identified in the previous step, the transcript of the
target segment, and its surrounding context seg-
ments. The score rubric shown in Appendix C
defines effectiveness based on how well a segment
contributes to the overall meeting objectives while
efficiently utilizing time. Crucially, we provide the
full set of meeting objectives defined for the en-

tire meeting, not just those relevant to the segment,
to encourage a holistic evaluation that implicitly
accounts for the relative importance of different
objectives. To provide sufficient context for evalua-
tion, we employ a sliding window method, present-
ing the target segment along with a fixed number of
preceding and succeeding segments. This ensures
the model has sufficient surrounding discourse to
understand the segment’s purpose and trajectory
within the broader conversation. Based on these
inputs, the model assesses how effectively the seg-
ment contributed to the overall meeting objectives
while efficiently utilizing time, and assigns a corre-
sponding effectiveness score.

6.3 Segmentation Alignment
A critical challenge in meta-evaluating the segment-
level effectiveness score arises from the discrep-
ancy between model-generated and ground-truth
segmentation boundaries. Because the number and
duration of segments often differ, a direct one-to-
one comparison is not feasible. To address this,
we implement a segmentation alignment procedure
that maps the predicted scores onto the ground truth
segments, ensuring a fair and accurate comparison.

Formally, let the ground truth segments be
{[ti, ti+1]}n→1

i=0 , with a corresponding set of ef-
fectiveness scores {e

ti+1

ti
}n→1

i=0 . Similarly, let the
predicted segments be {[t̂j , t̂j+1]}n̂→1

j=0 , with corre-

sponding predicted scores {ê
t̂j+1

t̂j
}n̂→1

j=0 .
For each i-th ground truth segment, we com-

pute a single aligned prediction score ê
ti+1

ti
derived

from all prediction segments that have a temporal
overlap with it. This aligned score is a weighted
average of the scores from the overlapping predic-
tion segments, where the weight is determined by
the duration of the overlap:

ê
ti+1

ti
=

∑n̂→1
j=0 ê

t̂j+1

t̂j
· !i,j

∑n̂→1
j=0 !i,j

(1)

where !i,j represents the duration of the temporal
overlap between the i-th ground truth segment and
the j-th predicted segment.

In this process, the contribution of each overlap-
ping predicted segment to the final aligned score
is proportional to the duration of the overlap. This
process yields a list of aligned prediction scores,
{ê

ti+1

ti
}n→1

i=0 , that is parallel to the ground truth
scores, {e

ti+1

ti
}n→1

i=0 , enabling the direct computa-
tion of correlation metrics.
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Scenario Meetings Non-Scenario Meetings All Meetings

Model Spearman (ω) Kendall (ε ) Spearman (ω) Kendall (ε ) Spearman (ω) Kendall (ε )

Llama3.3-70B-Instruct 0.6558 0.5381 0.2411† 0.2031 0.6072†‡ 0.4854
DeepSeek-R1-70B 0.6298†‡ 0.4905 0.3852 0.3012 0.6132†‡ 0.4663
Qwen3-32B (reasoning) 0.6278†‡ 0.4805 0.3193† 0.2456 0.6113†‡ 0.4578
Qwen3-32B (non-reasoning) 0.6594 0.4939 0.4564 0.3347 0.6445 0.4803

GPT-4o 0.6518 0.4923 0.2873† 0.2074† 0.6341 0.4756
Gemini-2.5-Flash 0.5793†‡ 0.4262†‡ 0.1845† 0.1289† 0.5624†‡ 0.4122†‡

Table 1: Meta-evaluation of effectiveness scoring using ground truth inputs. † and ‡ indicates a significant difference
compared to Qwen3-32B (non-reasoning) and GPT-4o at p < 0.05, respectively.

7 Experiments
7.1 Settings

To establish a comprehensive benchmark, we se-
lected a diverse suite of leading open-source and
proprietary LLMs, detailed in Appendix D. This
selection ensures a robust and wide-ranging com-
parison of the capabilities of current state-of-the-art
models. For all LLMs, we adopted their recom-
mended hyperparameter settings to ensure optimal
performance.

For topic segmentation metrics, we adopted Pk
(Beeferman et al., 1999) and WindowDiff (Wd)
(Pevzner and Hearst, 2002). For meeting objec-
tive classification, we adopted Hamming Loss and
Micro-F1 score. Metric details are available in
Appendix D. We evaluated the correlation coeffi-
cient between predicted and ground truth effective-
ness scores using segment-level Spearman (ω) and
Kendall (ε ), where the ground truth score for each
segment is the mean of its annotation scores.

7.2 Benchmarking LLMs

To isolate and benchmark the core effectiveness
evaluation capabilities of different LLMs, we con-
ducted experiments on all meetings under ideal
conditions. We provided all models with identi-
cal ground truth topic segmentations and meeting
objectives, thereby removing the influence of up-
stream task performance. We set context window
size as 1. Ablation study of context window size
and meeting objectives is available in Appendix E.

As shown in the “All Meetings” columns of Ta-
ble 1, the results demonstrate a high degree of
consistency across most models, with Qwen3-32B
(non-reasoning) achieving the highest Spearman
correlation. Gemini-2.5-Flash is a notable excep-
tion, exhibiting markedly lower correlation, which
we attribute to its tendency to overuse the lowest
possible score. While Llama3.3 achieves the high-
est Kendall score, this result is influenced by a

highly concentrated token probability distribution
for its scores, which function more as discrete than
continuous values. We measured the average vari-
ance of the token probability distributions across
all segments and found that Llama3.3 had vari-
ances of only 0.06. In contrast, all other models
had variances exceeding 0.28. Such a concentrated
distribution leads to many ties in the scores. This
results in a higher Kendall correlation without nec-
essarily reflecting a superior evaluation capability
(Liu et al., 2023). Further analysis of segment du-
ration and score is shown in Appendix F and an
analysis of the inter-LLM scoring consistency is
provided in Appendix G.

7.3 Analysis across Meeting Types

To investigate the framework’s performance on dif-
ferent meeting types and the framework’s general-
izability, we isolated the scenario and non-scenario
meetings from the AMI Corpus for separate analy-
sis. Unlike the scenario business meetings, the non-
scenario meetings are long unscripted discussions
on topics of film selection and office relocation.
They lack a workflow or a designated role, making
both topic segmentation and effectiveness evalua-
tion significantly more difficult. In particular, topic
segmentation for these unstructured interactions
proves challenging even for human annotators.

As shown in Table 1, although the correlation
scores for non-scenario meetings are lower than
those for scenario meetings due to the increased
complexity of the source material, the relative per-
formance trends across models remained consistent
with the experiments on all meetings. This consis-
tency validates the framework’s generalizability,
suggesting that it effectively captures the universal
aspects of meeting effectiveness across distinct in-
teraction structures, rather than being suitable only
for specific business scenarios.
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Measured Correlation Theoretical Upper Bound

Model Spearman (ω) Kendall (ε ) Spearman (ω) Kendall (ε )

Qwen3-32B (non-reasoning) 0.6445 0.4803 1.0000 1.0000
+ From Segmentation 0.2256† 0.1604† 0.6417 0.5095
+ From Speech 0.2180† 0.1547† 0.6640 0.5291

GPT-4o 0.6341 0.4756 1.0000 1.0000
+ From Segmentation 0.2360† 0.1664† 0.6828 0.5513
+ From Speech 0.2006† 0.1430† 0.6725 0.5397

Table 2: Meta-evaluation and upper bound estimation of effectiveness scoring using upstream inputs. † indicates a
significant difference compared to the ground truth inputs at p < 0.05.

model Wd → Pk →
Absence 0.4176 0.4176
BERTSeg 0.4139 0.4058
SumSeg 0.4069 0.4002

Llama3.3-70B-Instruct 0.4108 0.3727†

Qwen3-32B (non-reasoning) 0.3795† 0.3402†

Qwen3-32B (reasoning) 0.3713† 0.3418†

DeepSeek-R1-70B 0.3658† 0.3325†

GPT-4o 0.3980 0.3548†

Gemini-2.5-Flash (non-reasoning) 0.4486 0.3576†

Table 3: Experiments of topic segmentation. † indicates
a significant difference compared to Absence, BERTSeg,
and SumSeg at p < 0.05, respectively.

7.4 Impact of Automatic Topic Segmentation

We investigated the framework’s performance un-
der model-predicted segmentations. We first bench-
marked various unsupervised topic segmentation
models, including a baseline with no boundaries
(“Absence”), BERTSeg (Solbiati et al., 2021), and
SumSeg (Artemiev et al., 2024), alongside various
LLMs. For BERTSeg and SumSeg, we search for
hyperparameters with the official implementation
using Optuna (Akiba et al., 2019). For LLM-based
topic segmentation, the core context of the prompt
is available in Appendix C. As shown in Table 3,
LLMs significantly outperform non-LLM baselines.
The lower performance of Gemini-2.5-Flash is due
to its tendency to over-segment, producing an av-
erage of 28.7 segments per meeting compared to
the ground truth of 18.9. For subsequent experi-
ments, each LLM’s effectiveness evaluation was
conducted based on its own segmentation output.

We proceeded following experiments with the
best performing open-source and proprietary mod-
els from Section 7.2: Qwen3 (non-reasoning) and
GPT-4o. As shown in the “Measured Correlation”
column of Table 2, the correlation scores based on
predicted segmentations (+ From Segmentation)
decrease substantially compared to those using
ground truth segmentation.

To isolate the performance loss caused by seg-
mentation mismatches, we calculated an approxi-
mate correlation upper bound given the predicted
segmentations. This was done by aligning the
ground truth effectiveness scores to the predicted
segmentation, treating these aligned scores as a
new prediction, and then re-aligning them back
to the ground truth segmentation for correlation
calculation. The resulting values are reported in
the “Theoretical Upper Bound” column of Table
2. Notably, these upper bounds (e.g., Spearman
of 0.6417 for Qwen3) are significantly lower than
the perfect correlation of 1.0. This demonstrates
that the structural discrepancy between predicted
and ground truth segmentations inherently penal-
izes the evaluation metric. The current alignment
score essentially functions as a combined metric
that enforces requirements for both fine-grained
segmentation and scoring accuracy, which is pre-
cisely what our proposed paradigm necessitates.
The upper bound estimation quantifies the relative
impact of the two factors, providing valuable guid-
ance for future improvements. A detailed analysis
of how segmentation granularity influences the up-
per bound is available in Appendix H.

7.5 End-to-End System Performance

Finally, we evaluated the performance of a full
end-to-end system, starting from raw speech audio.
Our pipeline begins with voice activity detection
and speaker diarization using pyannote (Bredin,
2023), followed by Automatic Speech Recogni-
tion (ASR) on the resulting active speech intervals
with Whisper-Large-V3 (Radford et al., 2023). The
transcribed text is then processed through topic
segmentation, objective classification, and finally,
effectiveness evaluation.

We first evaluated the performance of the up-
stream speech processing components. For speaker
diarization, we calculated the Diarization Error
Rate with a collar of 0.25 seconds, which resulted
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in 24.03%. For ASR, we obtained a Word Error
Rate of 31.95% after JiWER’s standard text nor-
malization (Morris et al., 2004) and removing punc-
tuation. These performance levels are comparable
to those reported in previous studies (Bredin, 2023;
Imai et al., 2025), indicating a solid performance
of our speech processing part.

As shown in Table 2 (+ From Speech), the end-
to-end system’s correlation scores are comparable
to those starting from ground-truth transcripts (+
From Segmentation). This suggests that the effec-
tiveness evaluation component is relatively robust
to speech transcription errors, which we attribute
to the inherent resilience of LLMs to noisy text.

8 Conclusion

In this paper, we introduced a new paradigm for
meeting effectiveness evaluation. To support this
paradigm, we constructed a meta-evaluation dataset
and proposed an LLM-based framework for auto-
matic evaluation. Our experiments establish a com-
prehensive benchmark, demonstrating that LLMs
can achieve strong correlation with human judg-
ments. By establishing baselines for various mod-
els and end-to-end systems, our work provides a
solid foundation for future research in meeting anal-
ysis and intelligent multi-party dialogue agents.

Limitations

Our study has three primary limitations. First,
a comprehensive meeting evaluation should not
only consider effectiveness, but also cover the well-
being of participants, such as psychological safety
and inclusiveness. We believe incorporating partic-
ipant well-being is a valuable direction for future
work. The second limitation is about the linearity
assumption in effectiveness scoring. Our defini-
tion of effectiveness and the subsequent segmenta-
tion alignment method implicitly assume that the
human-annotated scores have a linear relationship
with the degree of objective achievement. However,
it is challenging for human annotators to maintain
a perfectly linear scale in their judgments. If the
underlying rating scale is non-linear, the validity
of the weighted averaging could be compromised.
Future work could investigate mapping the scores
to a latent linear domain before alignment and then
mapping the result back to the original scale to
achieve higher accuracy. Third, our experiments
are conducted on the AMI Corpus, which was se-
lected for annotation requirements and the high

degree of realism. However, they are simulated
business meetings that may not fully capture the
higher stakes, implicit power hierarchies, organi-
zational politics, and culturally contingent social
norms of real-world interactions.

Ethical Considerations

This work adheres to ethical guidelines for data
collection and distribution. The dataset, AMI-ME,
is derived from the publicly available AMI Corpus.
In line with the original corpus, we will release
the dataset under the Creative Commons Attribu-
tion 4.0 license agreement (CC BY 4.0), promoting
open access and reproducibility. The annotations
collected do not contain any personally identifiable
information about the annotators, ensuring their
privacy and anonymity. Furthermore, we acknowl-
edge the potential risks of performative behavior as-
sociated with the deployment of automated meeting
effectiveness evaluations. If participants are aware
that their interactions are being scored, they may ar-
tificially alter their behavior. This awareness could
inadvertently incentivize rushing through agendas
or dominating the conversation to appear produc-
tive, thereby undermining genuine collaboration
and psychological safety. Future real-world appli-
cations of this framework must carefully consider
these dynamics to ensure that evaluation metrics
support rather than distort healthy organizational
communication.
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A The Derivation of Overall Meeting
Effectiveness

Formally, let ob
a represent the total objective

achievement over a given time interval [a, b]. The
effectiveness eb

a is then the average objective
achievement rate within that interval, defined as:

eb
a =

ob
a

b → a
(2)

For a meeting spanning the interval [0, T ], we
partition this duration into n contiguous segments,
denoted by {[ti, ti+1]}n→1

i=0 , where t0 = 0 and tn =
T . The overall effectiveness eT

0 can then be derived
from the effectiveness of these individual segments:

eT
0 =

oT
0

T

=

∑n→1
i=0 o

ti+1

ti

T

=

n→1∑

i=0

(
o
ti+1

ti

ti+1 → ti
· ti+1 → ti

T

)

=
k→1∑

i=0

e
ti+1

ti
· ti+1 → ti

T

This confirms that the overall meeting effective-
ness is the weighted average of its segment scores,
where each segment’s weight is its proportional
duration.

B Additional Details for Dataset
Construction

B.1 The AMI Corpus

The collection of authentic meeting data is par-
ticularly difficult due to the time-intensive nature
of meetings and the privacy concerns associated
with their content. Consequently, the number of
publicly available meeting corpora is limited. Ex-
isting datasets can be broadly categorized by their
domain, including research group meetings (Janin
et al., 2003; Carletta et al., 2005), political and
parliamentary sessions (Hu et al., 2023), and busi-
ness meetings (Carletta et al., 2005). For our task,
which requires human annotators to comprehend
the meeting content fully, corpora from specialized
domains like research or politics present a signif-
icant challenge due to the extensive background
knowledge required. Therefore, we chose the AMI
Corpus (Carletta et al., 2005), which is centered
around business scenarios.
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[0:00:50 - 0:01:17] [B] Okay. Right. Um well this is the kick-off meeting for our our 

project. Um and um this is just what we're gonna be doing over the next twenty five 

minutes. Um so first of all, just to kind of make sure that we all know each other, I'm 
Laura and I'm the project manager. Do you want to introduce yourself again?

[0:01:07 - 0:01:15] [D] Mm-hmm. Great.

[0:01:17 - 0:01:21] [A] Hi, I'm David and I'm supposed to be an industrial designer.

[0:01:21 - 0:01:21] [B] Okay.

[0:01:22 - 0:01:24] [D] And I'm Andrew and I'm uh our marketing
[0:01:26 - 0:01:29] [C] Um I'm Craig and I'm User Interface.

[0:01:26 - 0:01:26] [D] expert.

Figure 4: The annotation interface.

The AMI Corpus is a multimodal dataset com-
prising 100 hours of meeting recordings. It is en-
riched with a variety of high-quality annotations,
such as manually produced orthographic transcrip-
tions and topic segmentations.

The meetings in the corpus are divided into two
types: scenario meetings and non-scenario meet-
ings. In scenario meetings, participants role-play as
employees of an electronics company tasked with
designing a new television remote control. They
are given a brief to develop a prototype over a se-
ries of four meetings. Because the participants are
not actual experts in product design but are act-
ing out a role, the discussions require relatively
few domain-specific background knowledge, mak-
ing them accessible to annotators. Non-scenario
meetings include a variety of topics. The majority
are natural research meetings, while a few non-
research meetings cover topics such as selecting
films for a fictitious movie club, a fictional office
relocation discussion, and planning a postgraduate
workshop.

Although AMI-scenario meetings are simulated
business meetings, the specific workflow is not
strictly controlled or scripted, and the overall in-
teraction remains consistent with natural meetings
(Carletta et al., 2005). In addition, the AMI sce-
nario meetings are internally divided into four dif-

ferent types, effectively covering diverse meeting
categories. For instance, the first meeting type in-
cludes ice-breaking activities and tool familiariza-
tion, whereas the fourth type involves performance
reviews.

From the AMI Corpus, we selected meetings
with existing topic segmentations and filtered for
completeness, resulting in 130 meetings. This set
consists of 126 scenario (business) meetings, 2 film
selection meetings, and 2 office relocation meet-
ings.

B.2 Model Selection for Reference-based
Topic Segmentation

We evaluated two models for reference-based topic
segmentation: Qwen3-32B (reasoning) (Yang et al.,
2025) and Gemini-2.5-Pro (Comanici et al., 2025).
A comparative analysis was conducted on five ran-
domly selected meetings. Taking Qwen3’s output
as a baseline, we identified 24 variations (merges,
splits, or boundary shifts) in Gemini-2.5-Pro’s seg-
mentation. A review of these variations showed
that Gemini-2.5-Pro’s output was superior in 14
cases, Qwen3’s was better in 7 cases, and they
were of comparable quality in 3 cases.
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B.3 The Detailed Annotation Protocol

We contracted a professional annotation company
called Anosupo to perform the data annotation. The
annotators are native English speakers from the
Philippines. We paid at a rate of 71.5 JPY (approx-
imately 0.48 USD) per segment. We have received
the necessary permissions for the public release of
this annotated dataset.

The annotation interface, shown in Figure 4,
was designed to provide annotators with all neces-
sary context and extensive auxiliary information
for accurate evaluation. For each segment, annota-
tors were required to answer two questions: (1) A
multiple-choice question to identify which meeting
objectives the segment serves, with an additional
option for “None of them.” (2) A single-choice
question to rate the segment’s effectiveness. Cru-
cially, the holistic assessment required annotators
to consider both the progress made on correspond-
ing objectives and the relative importance of that
objective to the meeting’s overall objectives.

A central component of the context was the set
of predefined meeting objectives. The AMI Cor-
pus we used consists of six meeting types (four
scenario-based and two non-scenario-based). As
meetings within each type exhibit a high degree
of consistency in their agendas and objectives, we
manually summarized a set of 2-4 objectives for
each type based on the actual meeting content.
While this summarization was informed by a clas-
sification of 19 meeting objectives (Standaert et al.,
2016), the resulting objectives are distinct from this
general set. The 19 objectives are broad in scope,
whereas our manually summarized objectives are
specifically tailored to the AMI Corpus. An exam-
ple of the four objectives for one meeting type is
shown in Figure 4.

To further enhance the annotators’ understand-
ing of the meetings, we provided extensive auxil-
iary information. This included: (1) An annotation
guide detailing the AMI Corpus and the interface
functionalities. (2) A set of annotation examples
as anchors, which provided sample ratings for var-
ious segments along with detailed justifications.
(3) For each meeting, a handwritten agenda sum-
mary corresponding to its meeting type for a high-
level overview, and a more detailed LLM-generated
agenda that introduces top-level segments with cor-
responding subtopic range and key achievements.
(4) The LLM-generated topic and description for
each individual segment. We explicitly informed

the annotators that the LLM-generated content
was intended as supplementary aids and should
be treated as potentially containing errors.

Furthermore, because the annotation mainly cov-
ered four distinct types of AMI scenario meetings,
we enforced annotators to annotate meetings by
type (e.g., annotating all Type A meetings before
moving to Type B). This allowed them to develop
an intuitive grasp of the reasonable duration for
segments within each specific meeting category.

C Prompts

The score rubric used in the automatic evaluation
framework is shown as follows:

Prompt

Effectiveness (1-5): the effectiveness of
the meeting segmentation in terms of how
effectively it contributed to the overall
meeting objectives while efficiently
utilizing time. Formally, Effectiveness
= (Objective Achievement)/(Time Cost)
The overall meeting objectives are
{{OVERALL_MEETING_OBJECTIVES}}

Score 1: Ineffective Segment
- Segment had little or no relevance to the
meeting objectives
- Time was poorly utilized with excessive
tangents, repetition, or discussions that
could have been handled elsewhere
- Participants gained very little value
relative to the time invested

Score 2: Marginally Effective Segment
- Segment had some connection to the meeting
objectives but with limited concrete
progress
- Time usage showed clear inefficiencies
(unfocused discussion, unclear direction,
excessive details)
- Value delivered was noticeably low
compared to time spent

Score 3: Moderately Effective Segment
- Segment had a clear connection to the
meeting objectives with some measurable
progress
- Time was reasonably managed with typical
pacing and standard level of focus
- The value gained appropriately matched
the time invested

Score 4: Highly Effective Segment
- Segment made significant progress toward
the meeting objectives with clear outcomes
- Time was well utilized with focused
discussion and few unnecessary diversions
- The segment delivered good value relative
to the time invested

Score 5: Exceptionally Effective Segment
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- Segment was critical to achieving the
meeting objectives with decisive progress
- Time usage was highly efficient, with
calibrated discussion depth and focus
- The segment delivered outstanding value
for the time invested

The meeting objective classification labels (Stan-
daert et al., 2016) are shown as follows:

Prompt

1. Exchange/share opinions or views on a
topic or issue
2. Make a decision
3. Give or receive orders
4. Find a solution to a problem that has
arisen
5. Generate ideas on products, projects or
initiatives
6. Generate buy-in or consensus on an idea
7. Resolve conflicts and disagreements
within a group
8. Build trust and relationships with one
or more individuals
9. Maintain relationships with one or more
other people and stay in touch
10. Negotiate or bargain on a deal or
contract
11. Routine exchange of information
12. Non-routine exchange of information
13. Communicate positive or negative
feelings or emotions on a topic or issue
14. Show personal concern about or interest
in a particular issue or situation
15. Assert and/or reinforce your authority,
status, position to your team or others
16. Give or receive feedback
17. Assemble a team and/or motivate teamwork
on a project
18. Clarify a concept, issue or idea
19. Exchange confidential, private or
sensitive information

The core context of the three-step meeting ob-
jective classification prompt is shown as follows:

Prompt

Three-Round Selection Process:
Round 1 - Identify potentially relevant
objectives with their original ID numbers
(1-19)
Round 2 - Detailed Analysis: Examine
evidence for each candidate objective,
eliminate those with minimal support.
Round 3 - Final Selection: From remaining
objectives, select up to 3 PRIMARY
objectives with strongest evidence.

The core context of the topic segmentation
prompt is shown as follows:

Prompt

Please perform **fine-grained topic
segmentation** on the meeting transcript.

Instructions:
1. Divide the transcript into distinct
segments based on topic changes. Ensure
each segment represents a coherent topic
discussion with clear boundaries for
optimal topic segmentation.

2. Make the segmentation as fine-grained
as possible, identifying even subtle topic
shifts, while maintaining topic coherence
within each segment.

3. For each segment, provide:
- ‘start_id‘: The ID of the first utterance
of the segment.
- ‘end_id‘: The ID of the last utterance of
the segment.
- ‘topic‘: A concise phrase describing the
main topic.
- ‘description‘: A one-sentence summary of
the segment content.

4. Critical Check for Completeness and
Continuity:
- **No Gaps**: The ‘start_id‘ ID of any
segment (except the first) must immediately
follow the ‘end_id‘ ID of the preceding
segment. For example, if segment N ends
at ID 15, segment N+1 must start at ID 16.
- **Full Coverage**: All utterances from
the first utterance ID provided in the
transcript to the very last utterance ID
MUST be included in a segment.
- **Final Utterance**: The ‘end_id‘ ID
of the very last segment **must** be
the ID of the last utterance in the
entire ‘Meeting transcripts‘. The last
utterance ID in the provided transcript is
‘{{LAST_UTTERANCE_ID_PLACEHOLDER}}‘.

Format your response in a structured JSON
array as specified below. Ensure the JSON
is valid. ...

D Experiment Settings

We selected a diverse suite of LLMs for exper-
iments. The open-source models evaluated are
Llama3.3-70B-Instruct (Grattafiori et al., 2024),
DeepSeek-R1-70B (DeepSeek-AI et al., 2025), and
Qwen3-32B (Yang et al., 2025). For proprietary
models, we included GPT-4o (OpenAI et al., 2024)
and Gemini-2.5-Flash (Comanici et al., 2025).

All experiments involving open-source models
were conducted on a server equipped with four
NVIDIA A6000 GPUs. To ensure efficient infer-
ence for the open-source models, we utilized the
vLLM library (Kwon et al., 2023).

For topic segmentation metrics, we adopted Pk
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(a) (b)

Figure 5: Ablation studies of the context window size and the meeting objectives. (a) Experiments on Llama3.3-
70B-Instruct. (b) Experiments on Qwen3-32B (non-reasoning). The “full” window size refers to using the entire
transcript as context.

Scenario Meetings Non-Scenario Meetings All Meetings

Model Spearman (ω) Kendall (ε ) Spearman (ω) Kendall (ε ) Spearman (ω) Kendall (ε )

Llama3.3-70B-Instruct 0.6198 0.5062 0.3827 0.3219 0.5781 0.4633
DeepSeek-R1-70B 0.6021 0.4682 0.1959 0.1430 0.5820 0.4409
Qwen3-32B (reasoning) 0.5999 0.4588 0.2783 0.2046 0.5831 0.4356
Qwen3-32B (non-reasoning) 0.6350 0.4708 0.3326 0.2433 0.5996 0.4423

GPT-4o 0.5757 0.4277 0.2189 0.1586 0.5618 0.4153
Gemini-2.5-Flash 0.5427 0.3991 0.2442 0.1772 0.5260 0.3855

Table 4: Meta-evaluation of effectiveness scoring using ground truth inputs with context window size of 3.

(Beeferman et al., 1999) and WindowDiff (Wd)
(Pevzner and Hearst, 2002). Both metrics operate
by moving a sliding window across the document
or transcripts. Pk calculates a penalty by assessing
whether the endpoints of the window are correctly
placed in the same or different segments relative to
the ground truth. In contrast, Wd penalizes differ-
ences in the number of segment boundaries that fall
within the window when comparing the predicted
segmentation to the ground truth.

For meeting objective classification metrics, we
adopted Hamming Loss and Micro-F1 score. The
ground truth labels were derived from the manually
summarized objectives created during the human
annotation phase. As these objectives do not di-
rectly align with the predefined 19-category clas-
sification schema, we established a mapping from
each ground truth objective to a set of relevant
categories. For instance, the ground truth objec-
tive “Generate good ideas on remote control” could
correspond to multiple labels in the schema, such
as “Generate ideas on products, projects, or ini-
tiatives,” “Exchange/share opinions or views on a
topic or issue,” and “Find a solution to a problem
that has arisen.” To account for this one-to-many
relationship, we framed the evaluation as a bipartite
graph matching problem, assessing the alignment

between the predicted labels and the ground truth
label sets, from which the final scores are com-
puted.

E Ablation Studies

We conducted ablation studies to investigate the
impact of two critical components of the automatic
evaluation framework: the context window size and
the meeting objectives. These experiments used the
Qwen3-32B (non-reasoning) and Llama3.3-70B-
Instruct models and the ground truth topic segmen-
tation. For meeting objectives, we compared three
conditions: (1) providing ground truth objectives
(GT obj), (2) providing objectives predicted by the
respective LLM (pred obj), and (3) providing no
objectives (no obj).

We first report the performance of meeting ob-
jective classification. The Qwen3 model achieved
a Hamming Loss of 0.08 and a Micro-F1 of 0.81,
while the Llama3.3 model achieved a Hamming
Loss of 0.07 and a Micro-F1 of 0.86. These results
indicate that both models are proficient at identify-
ing the correct meeting objectives.

The ablation results are presented in Figure 5.
Regarding meeting objectives, providing ground
truth objectives yields the best performance, fol-
lowed by predicted objectives, and then no objec-
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(a) (b)

Figure 6: Relationship between segment scores and duration. (a) Human annotation. (b) Prediction of Qwen3-32B
(non-reasoning) with context window size = 1.

tives. This hierarchy demonstrates the importance
of well-defined objectives in guiding the effective-
ness evaluation. For context, a window size of 1
was optimal for both models. We hypothesize that
the self-sufficiency and completeness of the ground
truth segments make additional context unneces-
sary. The steady performance decline for Llama3
may also suggest a limitation in its ability to pro-
cess longer contexts effectively.

The results for different models with context
window size of 3 are available in Table 4.

F Analysis of Segment Score and
Duration

We analyzed the relationship between segment du-
ration and effectiveness scores to verify whether
the incorporation of time cost introduces a system-
atic bias against longer segments. However, as
illustrated in Figure 6, we observe the opposite:
longer segments consistently yield higher scores
in both ground truth and prediction settings. This
finding alleviates concerns regarding length bias,
indicating that the criterion does not simply punish
duration. Instead, it reflects the nature of the data,
where longer segments typically encapsulate sub-
stantive high-value discussions, while extremely
short segments often correspond to solving equip-
ment issue or transitional exchanges.

G Inter-LLM Scoring Consistency

To examine the internal consistency among LLMs,
we computed pairwise Spearman correlation coef-
ficients between the scores produced by all LLMs
using ground truth inputs on the full set of meet-
ings. As shown in Figure 7, inter-LLM consistency
is notably higher than human–LLM consistency. In
particular, DeepSeek, Qwen3 (both reasoning and
non-reasoning), and GPT-4o form a cluster of high
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Figure 7: The Spearman correlation coefficient between
LLMs with ground truth input on all meetings.

mutual consistency.

H Segmentation Error Propagation
Analysis

The theoretical upper bound estimation addresses
the following question: given the ground truth seg-
mentation with its associated scores and a predicted
segmentation, what is the maximum achievable cor-
relation coefficient over all possible score assign-
ments to the predicted segments? Computing the
exact upper bound is intractable, as the objective
itself involves both the segmentation alignment pro-
cedure and the subsequent correlation coefficient
computation. The method we employ provides a
computationally efficient approximation that yields
a loose upper bound, which is less than or equal to
the exact upper bound.

The relationship between segmentation granu-
larity and the theoretical upper bound can be un-
derstood through two contrasting cases. In general,
finer segmentation granularity raises the theoret-
ical upper bound by providing more degrees of
freedom for score assignment, though it simulta-
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(a) Coarse-grained predicted segmenta-
tion yields a low upper bound.
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(b) Fine-grained predicted segmentation
yields a high upper bound.

Figure 8: Illustration of how segmentation granularity
affects the theoretical upper bound of the alignment-
based correlation. Blocks represent segments, and e
denote effectiveness scores.

neously increases the difficulty of accurate scoring
for the model. Conversely, coarser granularity or
boundary misalignment reduces the theoretical up-
per bound by constraining the space of achievable
score distributions.

To build intuition, consider two extreme cases as
shown in Figure 8. First, suppose the predicted seg-
mentation consists of a single monolithic segment
spanning the entire meeting (i.e., no segmentation
is performed). After alignment, every ground truth
segment would be assigned the same effectiveness
score, inevitably resulting in zero correlation. Sec-
ond, suppose the segmentation is extremely fine-
grained, such as treating each individual utterance
as a separate segment. In this case, the large num-
ber of independently assignable scores provides
sufficient degrees of freedom such that there exists
a score assignment that, after alignment, can per-
fectly reconstruct the ground truth scores, yielding
a correlation of 1.0.
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