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Abstract

Aspect-based summarization has attracted sig-
nificant attention for its ability to generate
more fine-grained and user-aligned summaries.
While most existing approaches assume a set
of predefined aspects as input, real-world sce-
narios often present challenges where these
given aspects may be incomplete, irrelevant,
or entirely missing from the document. Users
frequently expect systems to adaptively refine
or filter the provided aspects based on the ac-
tual content. In this paper, we initiate this
novel task setting, termed Content-Aware Re-
finement of Provided Aspects for Summariza-
tion (CARPAS), with the aim of dynamically
adjusting the provided aspects based on the
document context before summarizing. We
construct three new datasets and conduct pilot
experiments with four representative prompt-
ing strategies. Our analysis reveals that LLMs
often over-generate aspects, resulting in exces-
sively long and misaligned summaries. Build-
ing on this observation, we introduce a two-
stage framework that derives lightweight scope
guidance before aspect refinement and summa-
rization, improving focus and reducing over-
generation. Our extensive experiments show
that the proposed approach significantly im-
proves performance across all datasets. More-
over, our deeper analyses uncover LLMs’ com-
pliance when the requested number of aspects
differs from their own estimations, establishing
a crucial insight for the deployment of LLMs
in similar real-world applications.!

1 Introduction

Aspect-based summarization (ABS) offers tailored
summaries that focus on specific topics or facets
within documents, enabling users to quickly extract
targeted information. This fine-grained summariza-
tion approach has proven highly valuable across
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Figure 1: CARPAS aims to refine the provided aspects
to generate more aligned summaries, a task that is chal-
lenging for previous ABS approaches.

multiple domains, such as customer reviews (Kun-
neman et al., 2018), scientific papers (Takeshita
et al., 2024), and financial earnings call transcripts
(Tian et al., 2025). While existing ABS methods
have shown strong performance, they typically rely
on a predefined and accurate set of aspects as input.
These approaches can broadly be categorized into
two main types. The first type adopts a two-stage
methodology, where the initial stage is dedicated to
generating aspect-based elements, such as identify-
ing key sentences (Hayashi et al., 2021; Amar et al.,
2023) or relevant keywords (Zhu et al., 2021; Tan
et al., 2020) for each aspect. In the second stage,
this identified and aspect-specific content is then
fed into a summarization model to produce the final
summary. Alternatively, the second type employs
an end-to-end approach, where the model directly
generates the summary using the entire source doc-
ument and aspects as input (Guo and Vosoughi,
2024b; Takeshita et al., 2024). However, this in-
herent reliance on fixed or pre-extracted aspects
presents a significant limitation when the given as-
pects are incomplete, irrelevant, or entirely absent
from the document content, a common challenge
in real-world applications. For instance, in the sce-
nario illustrated in Figure 1, the document’s ground-
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truth aspects include Revenue, Gross Margin, New
Product Launches, and Foundry Customer. Yet,
the initially provided aspects might be Revenue,
Gross Margin, Government Grants, and Fab
Construction. Traditional ABS approaches
would attempt to generate summaries for all the
provided aspects, regardless of their actual rele-
vance. Ideally, a system should not only filter out
the irrelevant provided aspects (e.g., Government
Grants and Fab Construction) but also identify
the missing ones that are present in the document
(such as New Product Launches and Foundry
Customer). This gap motivates us to develop a
new task: Content-Aware Refinement of Provided
Aspects for Summarization (CARPAS).

Given the remarkable advancements of LLMs
in recent years (Minaee et al., 2024; Dubey et al.,
2024; Hurst et al., 2024; Bi et al., 2024), we con-
duct preliminary experiments to address this chal-
lenge using an end-to-end approach. In this setup,
LLMs are tasked with first predicting the correct
aspects, and then generating corresponding sum-
maries based on these predicted aspects. We ex-
plore four representative prompting strategies: di-
rect prompting (Brown et al., 2020), Chain-of-
Thought prompting (Wei et al., 2022), Chain-of-
Thought with self-consistency (Wang et al., 2023),
and Self-Refine (Madaan et al., 2023). However,
our initial results indicate that relying solely on the
LLMs’ inherent capabilities with these prompting
strategies achieves an average BERTScore of only
57.36% on the earnings call transcripts dataset, an
unsatisfactory performance for accurate content-
aware aspect refinement in real-world deployment.
In this pilot study, we observe that LLMs tend to
predict a more comprehensive set of aspects, of-
ten leading to the generation of overly extensive
summaries. This behavior likely stems from LLMs
attempting to cover the entire document by gener-
ating an excessive number of aspects.

To mitigate this, we introduce a two-stage frame-
work in which Stage 1 estimates the number of
relevant aspects and Stage 2 conditions the LLM’s
aspect refinement and summarization on this esti-
mate, providing a stronger foundation for inference.
As there is no existing dataset specifically tailored
for this task and the predominant cost to annotate
one, we leverage LLM to generate synthetic data
for two distinct domains: earnings call transcripts
and COVID-19 press conference materials. Addi-
tionally, to assess its real-world applicability, we
augment real-world earnings call transcript data
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to further evaluate the practicality and effective-
ness of our subtask. Our experiments in these three
datasets and four prompting strategies demonstrate
that our proposed approach significantly improves
performance in all experimental settings.

In sum, the main contributions are threefold: (1)
We propose CARPAS, a practical task for aspect-
based summarization, and release the correspond-
ing code and datasets. (2) We empirically validate
that prompting LLLMs cannot consistently generate
great summaries in CARPAS, and thus design a
simple yet effective method that can significantly
enhance the performance by predicting the num-
ber of relevant aspects in advance. (3) Quantita-
tive results highlight the validity of integrating the
aspect-counts prediction into CARPAS. Our find-
ings further reveal LLMs’ unconditional faith in
the counts of initially provided aspect sets, offering
a reflective view to direct employment of LLMs in
similar industrial settings.

2 Related Work

2.1 Aspect-Based Summarization Datasets

Early ABS datasets assume predefined aspects, of-
ten derived from structural cues like Wikipedia
section titles (Hayashi et al., 2021), manually cu-
rated labels in scientific domains (e.g., purpose,
methodology) (Takeshita et al., 2024; Meng et al.,
2021), or fixed categories for news and meetings
(Ahuja et al., 2022; Deng et al., 2023). More re-
cent work supports open or dynamic aspects to
better reflect real-world scenarios where aspects
may be implicit or user-defined. For instance, Ope-
nAsp (Amar et al., 2023) and OASum (Yang et al.,
2023b) create open-domain datasets via manual
annotation, while other benchmarks use entities as
proxy aspects (Maddela et al., 2022) or discover
latent aspects in unordered text (Guo and Vosoughi,
2024a). Despite these advances, existing datasets
still assume aspects are either explicitly provided or
reliably extracted from the document, an assump-
tion that fails in flexible, user-guided scenarios.
Crucially, no dataset is designed for the CARPAS
task, where models must dynamically refine, filter,
or reinterpret potentially noisy, incomplete, or ir-
relevant aspect sets based on the document content.
This gap motivates our construction of synthetic
datasets to pioneer this field.

2.2 Aspect-Based Summarization Methods

The goal of ABS is to produce summaries targeted
to specific aspects or facets of the content. These



methods can broadly be categorized into two main
types: two-stage and end-to-end. Two-stage ap-
proaches first identify aspect-relevant content and
then summarize it. Early work grouped sentences
by aspect (Angelidis and Lapata, 2018; Hayashi
et al., 2021), while others identify key sentences
or keywords (Tan et al., 2020; Zhu et al., 2021) or
cluster aspect-indicative tokens in an unsupervised
manner (Li et al., 2023). The extracted content
is then passed to a summarization model. In con-
trast, end-to-end methods use a unified framework,
conditioning generation on aspect-related signals
(e.g., tokens, prompts) to jointly learn relevance
and summary formulation (He et al., 2022; Ahuja
et al., 2022). For example, some models employ
multi-objective training for dynamic aspects (Guo
and Vosoughi, 2024b) or latent structures to by-
pass the need for labeled data (Frermann and Kle-
mentiev, 2019). Recent research increasingly ap-
plies LLMs to ABS tasks, leveraging their powerful
generation capabilities. This includes fine-tuning
open-source LLMs like LLaMA2 and Mistral (Mul-
lick et al., 2024), prompting models like ChatGPT
(Yang et al., 2023a), and hybrid approaches that
combine retrieval with LLM generation to improve
factual accuracy (Feng et al., 2025). LLM-driven
workflows have also been used in specific domains
like summarizing financial transcripts (Tian et al.,
2025). However, all these existing methods, includ-
ing LLM-based pipelines, rely on a pre-defined
and accurate set of input aspects. Our proposed
CARPAS task introduces a new setting that chal-
lenges models to dynamically refine imperfect as-
pect candidates, a scenario unaddressed by prior
ABS research.

3 Dataset Construction

Synthetic data. As there is no previous dataset
for this task, we construct a synthetic benchmark
pipeline for two distinct domains: earnings call
transcript (denoted as ECT), and the daily Cen-
tral Epidemic Command Center COVID-19 press
conference (denoted as COVID-19-PC). These do-
mains are representative of complex real-world
scenarios characterized by multiple speakers dis-
cussing numerous topics in an interleaved manner.
The dataset construction workflow is in Figure 2.
For ECT, we refer to the aspect set from Tian
et al. (2025) which is defined by a financial analyst
and comprises 18 key aspects. To further enhance
the data diversity, we include 21 different company

ECT & RW-ECT

Profit and Loss Statement Highlights: Revenue results
with QoQ and YoY changes and underlying reasons; revenue
guidance; wafer sales including wafer quantity and ASP
breakdown; net margin and diluted EPS results.

Segment or Platform Highlights: Sales performance by
segment or platform, corresponding margin levels, and man-
agement commentary; sales guidance, forecasts, or trend
outlooks for the next quarter or full year.

Fab Construction, Expansion and Capacity: New fab
construction progress within the quarter; capacity expansion
plans for existing fabs.

COVID-19-PC

Epidemic Statistics Overview: Daily confirmed cases (local
and imported) with DoD or WoW changes and contextual
explanation; total deaths and recovered cases with demo-
graphic breakdowns when available; testing volumes (e.g.,
PCR, antigen) and positivity rate trends.

Vaccination Progress and Plans: Daily or weekly vaccina-
tion counts; coverage rates by age group; updates on booster
doses and new vaccine arrivals; commentary on vaccine sup-
ply, procurement, and logistics.

Public Health Policy Updates: Adjustments to mask man-
dates, social distancing rules, and gathering limits; border
control measures including entry policies and quarantine
requirements; changes in public health alert levels.

Table 1: Example of default aspect sets.

categories. For COVID-19-PC, we refer to the tran-
script structure of government COVID-19 press
conference? and define 26 aspects. We first con-
struct transcript templates based on typical struc-
tures observed in real transcripts for both domains,
including sections such as opening remarks, discus-
sion, topic highlights, and a Q& A session, ensuring
a realistic document flow. Second, we randomly
sample a total number of aspects (ranging from 4 to
8) from the default aspect set. Default aspect exam-
ples are presented in Table 1. Each sampled aspect
will then be rewritten as a paragraph with plausi-
ble details and combined into a transcript in line
with the transcript templates. The corresponding
aspect-based summary for each aspect will also be
generated to serve as the ground-truth of the tran-
script. This controlled process ensures that each
document is constructed around a precise number
of ground-truth aspects and summaries, creating a
well-defined benchmark for our experiments. As
a result, a total of 1,163 documents (50 for each
company category) are synthesized for ECT and
160 for COVID-19-PC.

Real-world data. We collect earnings call tran-
scripts from five leading semiconductor manufac-
turing companies, spanning from 2019 to 2024,

2https ://youtube.com/playlist?list=
PLSHckwvN60pIUHIPHeXB1rxgqyWhJozfxR
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Figure 2: The illustration of synthetic data generation.

Dataset #Aspects Per Doc. Avg. #Tokens
4 s 6 7 3 pspet Doc.
ummary
ECT 231 234 231 233 234 103.33 4532.67
COVID-19-PC 31 34 33 31 31 86.43 2299.40
RW-ECT 19 17 20 20 17 105.54 3745.00

Table 2: Dataset statistics grouped by number of aspects
and the average number of tokens in each document.

as reference sources for the detailed content para-
graphs for each sampled aspect. This augmentation
process results in 93 real-world ECT documents
(denoted as RW-ECT).

Table 2 summarizes the key statistics of all
datasets, including document counts, aspect num-
bers, document tokens, and aspect summary tokens.

4 Method
4.1 Prompting Strategies

In the Preliminary Experiments, as stated in Fig-
ure 3 (a), we employ four representative prompt-
ing strategies to tackle the CARPAS task: direct
prompting (Brown et al., 2020), Chain-of-Thought
prompting (Wei et al., 2022), Chain-of-Thought
with self-consistency (Wang et al., 2023), and Self-
Refine (Madaan et al., 2023). These strategies are
utilized to refine the provided aspects and subse-
quently generate the corresponding aspect-based
summaries. For each strategy, the LLMs are given
the full document and the provided aspects (which
could include irrelevant or missing ones). The goal
is to produce refined versions of the provided as-
pects that are relevant to the document, followed
by a summary for each refined aspect. The four
strategies are defined as follows:

Direct Prompting (DP): This approach involves
providing the LLM with a straightforward instruc-
tion that describes the task, requesting the refined
aspects and summaries directly as the final output.
Chain-of-Thought Prompting (CoT): This strat-
egy prompts the LLM to first generate a step-by-
step explanation of its reasoning for refining the

provided aspects (i.e., why specific aspects are re-
tained, modified, removed, or added) before gener-
ating the final answer.

Chain-of-Thought with Self-Consistency (CoT-
SC): As an extension of CoT, this approach gener-
ates multiple, diverse reasoning paths for the same
task. The final, most consistent answer is then
determined by a concluding LLM prompt that in-
structs the model to evaluate all generated paths
and select the most coherent and logical one, which
enhances the robustness of the results.
Self-Refine (SR): This approach adopts an itera-
tive, agentic framework with a conditional work-
flow. The first agent evaluates the provided aspects
to determine whether refinement is necessary. If
refinement is required, the second agent performs
the necessary modifications and then returns the
revised aspects to the first agent for re-evaluation.
This process may repeat until the first agent deter-
mines that no further refinement is needed. Once
the aspects are finalized, the third agent generates
summaries based on them.

4.2 Aspect Number Prediction

During the Preliminary Experiments, we observe
that LLMs often struggle to generate summaries
that accurately reflect the document content. As
shown in Table 3 and Figure 8, the final summaries
achieve unsatisfactory BERTScore and ROUGE-
L (approximately 60% and 30%), primarily due
to a mismatch between the total number of pre-
dicted aspects and the ground-truth annotations. To
address this limitation and guide the LLMs more
effectively, we introduce a dedicated subtask: As-
pect Number Prediction. We hypothesize that the
suboptimal performance observed in preliminary
experiments stems from the LLMs’ tendency to
comply with the total number of provided aspects,
and with proper guidance, such as prompting the
model with an accurate estimate of the number of
aspects, LLMs are capable of correctly predicting
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Figure 3: Overall workflows of three approaches for CARPAS. The Preliminary method (a) directly refines the
provided aspects using prompting strategies. The #Aspect-LLM method (b) adds aspect number prediction via
LLMs. The #Aspect-RM method (c) incorporates aspect number prediction from a trained regression model.

the aspect set. For this subtask, the input is the full
document, and the output is a single integer repre-
senting the estimated number of relevant aspects
within that document. We explore two approaches
for this prediction, and the overall workflows are
shown in Figure 3 (b), (¢).

4.2.1 #Aspect-LLM

The first approach involves directly prompting
LLMs to predict the number of relevant aspects
based on the document content by asking them “Es-
timate how many distinct, non-overlapping aspects
or key themes are present”. This method aims to
test whether LLMs themselves can precisely pre-
dict the aspect number.

4.2.2 #Aspect-RM

The second approach focuses on training a
regression model composed of an embedding
model followed by a linear layer to predict the
correct aspect number. Specifically, we use
Qwen3-Embedding-@.6B (Zhang et al., 2025) as
the embedding model and train the regression
model by minimizing the Mean Absolute Error
(MAE) loss. We perform this fine-tuning on the
training split of our synthetic datasets, where the
ground-truth aspect number for each document is
known from its generative process.

4.2.3 Combined with Aspect Refinement

The predicted aspect number Np,..q from either of
these methods is then applied to the four prompting
strategies, serving as a guidance for the LLMs in
the subsequent aspect refinement and summariza-
tion steps. LLMs are expected to output refined
aspects by tasking them with following prompt:
“This document likely contains around Np,..q as-
pects. Please identify the N,,..q most relevant as-

pects and provide a concise summary for each.”
This allows for precise control over the output gran-
ularity, and can further prevent the model from
generating overly detailed or sparse aspect sets, an
issue that often arises when the LLMs misinterpret
the correct aspects.

5 Experiments and Discussion

To systematically investigate the aspect number pre-
diction and LLM behavior in CARPAS, we address
the following research questions:

RQ1: Can the predicted number of aspects accu-
rately match the ground-truth and human prefer-
ence? (Section 5.2)

RQ2: How does the accuracy of aspect count pre-
diction affect the quality of generated aspects and
summaries? (Section 5.3)

RQ3: When the predicted count is inaccurate, can
LLMs adjust, or do they exhibit compliance behav-
ior? (Section 5.4)

5.1 Experimental Setup.

LLMs and Prompting Strategies In our ex-
periments, we utilize Gemma-3 12B (G3-12B),
Gemma-3 27B (G3-27B) (Kamath et al., 2025),
GPT-40-mini (40-mini), and GPT-40 (40) (Hurst
et al., 2024) as the LLMs. For all LLM interactions,
the temperature is set to 0.7 to balance creativity
and consistency in generation. The maximum num-
ber of iterations for Self-Refine is set to 16.

Datasets.  The train-test splitting is 9:1. As
for the provided aspects, we simulate real-world
scenarios with three different settings, where y,
n denote the correct and incorrect number of as-
pects: (1) Completely incorrect aspects: (y,n) €
{(0,2),(0,4),(0,6)}. (2) Completely correct as-
pects: (y,n) € {(2,0),(4,0),(6,0)}. (3) A
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ECT COVID-19-PC RW-ECT

Prompting G3-12B G3-27B  4o-mini 40 G3-12B G3-27B  4o-mini 40 G3-12B G3-27B 40-mini 40

Strategy g R BS R-L BS RL BS RL BS RL BS RL BS RL BS RL BS RL BS RL BS RL BS RL
Preliminary

DP 56.1 32.6 62.6 33.6 509 237 62.7 31.7]569 338 645 354 479 209 57.6 27.8|549 29.1 62.0 30.1 483 198 61.0 279

CoT 58.1 32.8 63.5 343 453 21.0 61.6 283|552 31.8 642 353 409 17.6 60.0 27.0|54.6 295 623 31.6 43.0 183 59.8 25.6

CoT-SC  63.6 34.1 63.1 31.1 485 234 63.7 30.6|662 38.1 652 347 462 214 622 304|612 30.6 62.1 29.0 46.8 202 62.5 282

SR 56.6 322 51.7 283 532 257 56.6 26.6|60.2 353 522 29.6 52.7 267 56.0 28.9(554 292 514 26.6 514 240 547 259
#Aspect-LLM

DP 535 307 61.6 32.0 509 23.0 563 27.7]542 322 61.0 332 55.1 23.6 562 265|560 29.1 59.0 27.9 51.1 20.7 58.7 25.7

CoT 59.5 32.8 628 32.6 523 23.5 558 25.1|58.8 340 614 33.6 534 22.5 558 24.5[60.5 31.1 604 29.7 529 21.6 582 24.1

COoT-SC 592 315 60.7 29.6 56.1 260 60.8 28.6|556 31.7 59.9 312 553 245 56.1 268|563 26.6 57.7 25.7 51.6 21.6 583 253

SR 56.1 32.0 532 29.0 51.7 26.6 553 28.7|54.0 30.8 604 343 540 263 57.0 28.1[454 219 584 293 51.0 22.5 59.1 262
#Aspect-RM

DP 70.7 38.6 72.9 367 59.7 26.7 71.5 34.0]69.7 39.8 744 3389 642 265 71.0 324689 347 73.0 339 594 23.6 714 31.2

CoT 712 383 735 377 614 273 693 30.3|70.1 394 742 394 61.6 254 69.0 30.1|68.0 340 73.1 349 59.5 238 68.1 27.7

COoT-SC 720 357 71.9 33.6 69.9 312 71.0 32.3|73.9 41.1 740 372 68.7 29.5 724 33.7|71.5 326 71.8 314 69.2 278 712 30.1

SR 652 342 70.6 37.0 70.6 33.5 71.9 344|669 38.1 724 403 71.2 341 73.1 359|630 304 703 347 702 30.7 717 31.7

Table 3: Results (x100%) on synthetic (ECT and COVID-19-PC) and real-world (RW-ECT) datasets, with BS
standing for BERTScore, and R-L standing for ROUGE-L. The highest results for each metric are in boldface,

while the second-best are underlined.

mix of correct and incorrect aspects: (y,n) €
{(2,2),(4,4),(6,6)}. For simplicity, we adopt a
shorthand notation in the form of y2n2 to represent
(y,n) = (2,2) in the following sections.

Implementation Details of #Aspect-RM. The Re-
gression Model is trained using the training splits
of each dataset. Specifically, we fine-tune the pre-
trained embedding model Qwen3-Embedding-0.6B
to perform regression on the number of aspects
associated with a given document. To adapt the
model for this task, we append a lightweight re-
gression head on top of the document embedding
derived from the base model. The document rep-
resentation is obtained by applying mean pooling
over the final hidden states of the encoder. This
pooled embedding is passed through a two-layer
feed-forward regression head composed of a linear
transformation that reduces the hidden size by half,
followed by a ReLU activation, a dropout layer
with a rate of 0.2, and a final linear projection to
a single scalar output. Through our experiments,
we apply LoRA (Hu et al., 2022) for fine-tuning,
which effectively reduces memory consumption
and enables more efficient model training, and we
use AdamW (Loshchilov and Hutter, 2019) as the
optimizer. The model is trained for 30 epochs with
a batch size of 1, a learning rate of 2e-5, and a fixed
random seed of 42.

Evaluation Metrics. To measure the quality of
the generated summary, we use BERTScore (Zhang
et al., 2020) along with ROUGE-1, ROUGE-2,
and ROUGE-L (Lin, 2004) as the main eval-
uation metrics, following (Guo and Vosoughi,
2024a). The BERT-based model for BERTScore

is deberta-v3-large (He et al., 2023). In addi-
tion, we assess the accuracy of aspect identification
by calculating the absolute difference in the num-
ber of aspects between the reference and generated
summaries (denoted as #AbsAspDiff, the lower
the better). More detailed evaluation metrics and
results are described in the Appendix A.

5.2 RQ1: Quantitative Results

Table 3 presents the overall performance of all
LLMs and prompting strategies across synthetic
(ECT and COVID-19-PC) and real-world (RW-
ECT) datasets. It can be seen that #Aspect-RM sig-
nificantly improves both BERTScore and ROUGE-
L within Preliminary Experiments settings, and
consistently outperforms #Aspect-LLM. As shown
in Figure 4, this superior performance is consistent
across all provided aspect settings under different
datasets. Compared to the baseline in Preliminary
Experiments, #Aspect-RM achieves an average im-
provement of 25.4% in BERTScore and 19.8%
in ROUGE-L on the ECT dataset. Even larger
gains are observed on the COVID-19-PC dataset,
with BERTScore and ROUGE-L increasing by
30.1% and 24.4%, respectively. This highlights
the impact of providing accurate numerical guid-
ance as a prerequisite for generating high-quality,
aspect-aligned summaries. On RW-ECT, #Aspect-
RM continues to deliver substantial gains, with
BERTScore and ROUGE-L increasing by 23.4%
and 15.9%, demonstrating that our proposed sub-
task is not only effective on synthetic data but also
robustly enhances summarization quality on com-
plex, real-world financial documents.
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Figure 5: Human preference voting counts on Prelimi-
nary and #Aspect-RM.

To analyze whether the generated aspects and
summaries are more human-aligned, we conduct a
human preference voting. Specifically, we invite 12
human annotators to select their preferred aspects
and summaries from #Aspect-RM and Preliminary
across four prompting strategies on GPT-40, and
collect a total of 450 preference votes. The results
are illustrated in Figure 5, and we can observe that
#Aspect-RM is uniformly preferred across different
prompting strategies. This indicates that LLMs can
actually generate aspects and summaries aligned
with human preference once provided with an ac-
curate estimation of the aspect counts. Annotation
details are provided at Appendix A.4.

5.3 RQ2: Impact of Predicted Aspect Number

To delve into the quality of the predicted aspect
set, we further evaluate the factuality and rele-
vance between the predicted aspects and the doc-
ument content by prompting Qwen3-Next-80B-
A3B-Instruct on a 1-5 Likert scale. In addition,
we assess the similarity between the predicted and
ground-truth aspects using a weighted BERTScore:
BS, = n—&—+—m| Z?:l Bs(af)rew azground)7 where
m and n denote the number of predicted and
ground-truth aspects, respectively, and afmd and
Gground Are the i-th aspects in a matched pair. This
metric penalizes the over- or under-estimation of
aspect counts and can thus provide a more accu-
rate assessment of the aspect set quality for each
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Figure 6: Average BERTScore across three provided
aspect settings on the three datasets.
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Figure 7: Relationship between the provided aspect
count and the generated aspect count on ECT under the
Preliminary Experiments.

method. For the paired computation of BERTScore,
we apply the Hungarian Algorithm (Kuhn, 1955) to
find the optimal pairing of aspects that maximizes
the total similarity score. The results, averaged over
four prompting strategies, are presented in Table
4. Overall, we observe that #Aspect-RM achieves
superior factuality, relevance, and BS,, across all
datasets and models, indicating that providing an
accurate aspect count estimation to LLMs can effec-
tively improve the quality of the predicted aspects,
hence benefiting the downstream ABS task.
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Gemini-2.5-Flash Gemma-3-12B Gemma-3-27B GPT-40-mini GPT-40 O3-mini
Dataset Method
Fact. Rel. BS,, Fact. Rel. BS,, Fact. Rel. BS,, Fact. Rel. BS,, Fact. Rel. BS,, Fact. Rel. BS,
Preliminary 4.67 4.10 046 4.66 3.82 047 4.69 382 043 462 332 043 471 404 047 479 380 045
ECT #Aspect-LLM  4.67 4.00 038 4.66 3.89 043 4.69 378 043 462 364 046 472 385 046 478 413 048
#Aspect-RM 465 422 054 4.67 387 050 468 4.01 049 467 383 052 471 412 055 479 419 054
Preliminary 497 410 051 499 416 054 498 419 050 488 349 051 5.00 419 055 499 4.04 052
COVID-19-PC ~ #Aspect-LLM  5.00 4.07 042 499 4.17 048 499 429 047 497 406 053 499 416 050 499 437 055
#Aspect-RM 5.00 447 0.61 499 438 061 499 448 057 498 423 0.65 499 444 0.64 500 4.52 0.62
Preliminary 375 389 045 379 358 047 3.89 354 042 398 3.08 045 389 380 048 4.08 356 044
RW-ECT #Aspect-LLM  3.65 3.88 036 3.76 3.57 039 383 368 040 3.83 354 042 3.89 371 045 401 383 045
#Aspect-RM 376 401 054 379 358 049 389 372 049 393 3.67 052 390 392 054 398 396 0.54

Table 4: The factuality (Fact.), relevance (Rel.), and BS,, of predicted aspects across three datasets and models.

5.4 RQ3: Sensitivity to Provided Aspects

We study the detailed breakdown of how the quality
of initial provided aspects influences summariza-
tion performance, and conduct experiments with
the three settings: completely incorrect (yOn4), a
mix of correct and incorrect (y2n2), and completely
correct (y4n0). The results are reported in Figure
6. A clear trend emerges across all approaches:
summarization quality, as measured by average
BERTScore, improves as the proportion of correct
aspects in the initial input increases. This high-
lights that noisy input aspects might potentially
lead to inconsistencies and ultimately hinder the
summarization performance of LLMs. In addition,
Figure 6 reveals the robustness of the Regression
Model approach. While the performance of the
Preliminary Experiments is highly sensitive to the
quality of the initial provided aspects, our method
maintains a high BERTScore even in the most chal-
lenging scenario (yOn4). This demonstrates the
effectiveness of #Aspect-RM in filtering out noise
and focusing on content-relevant aspects, a crit-
ical capability for real-world applications where
provided aspects are often imperfect.

Furthermore, a closer examination of the total
number of generated aspects, as illustrated in Fig-
ure 7, unveils a positive correlation with the total
number of provided aspects. In the Preliminary
Experiments, we observe that LL.Ms may exhibit
a compliance phenomenon, where they tend to di-
rectly generate a similar number of summaries as
the total number of provided aspects without suf-
ficient critical thinking or effectively refining the
aspect set. This behavior can negatively impact
summarization quality, as the model is compelled
to produce content for irrelevant or non-existent as-
pects. Such overgeneration leads to hallucinations
and factual inaccuracies, ultimately degrading the
overall BERTScore, as evidenced in Figure 6.

5.5 Effect of Self-Refine Thinking Steps

To further probe the operational dynamics of Self-
Refine, we analyze its average thinking steps (Avg.
Step) on each dataset.Our findings show that both
#Aspect-LLLM and #Aspect-RM guidance encour-
age LLMs to take more thinking steps; however,
this does not consistently lead to better perfor-
mance. This indicates that accurately estimating
the number of aspects is more crucial than simply
increasing the number of refinement steps. Sur-
prisingly, our analysis also uncovers an inverse
relationship between model size and reasoning ef-
fort: smaller models consistently exhibit a higher
average step than their larger counterparts, which
might sometimes overthink and make unnecessary
edits. The detailed results on each dataset and LLM
are provided in Appendix Table 11.

6 Conclusion

This paper introduces CARPAS, a novel and practi-
cal task setting that addresses the challenge of han-
dling imperfect input aspects in real-world ABS
problems. To tackle this, we propose a simple
yet highly effective two-stage framework that first
predicts the number of relevant aspects by a re-
gression model, and then uses this information to
guide LLMs for the aspect refinement and follow-
ing summarization in a content-aware manner. Ex-
periments on three different datasets show that our
approach consistently outperforms popular prompt-
ing strategies, validating our intuition that pro-
viding explicit numerical guidance to LLMs can
improve their performance in CARPAS. We be-
lieve our results provide useful insights for similar
aspect-finding applications, and multiple future re-
search directions can be further explored, including
applying our approach to areas such as structured
data-to-text generation or few-shot dialogue sys-
tems, further extending the impact of our findings.
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Limitations

While our proposed framework demonstrates
strong results on the newly introduced CARPAS
task, several limitations remain, pointing to direc-
tions for future work.

Dataset. The datasets used in our experiments are
relatively small, constrained by the high cost of
LLM-based data generation and the impractical-
ity of large-scale manual annotation. Expanding
these datasets through scalable self-supervised gen-
eration or crowd-sourced pipelines could improve
model robustness and generalizability. In addition,
although CARPAS was evaluated in finance and
public health, the domain coverage could be fur-
ther expanded, and exploration in areas such as law,
education, scientific literature, or sports could bet-
ter test domain-agnostic applicability and uncover
domain-specific challenges in aspect refinement
and summarization.

Method. We note that the success of the entire
framework highly depends on the accuracy of the
initial aspect count prediction, which makes the
subsequent ABS task brittle. Moreover, when there
are hierarchical or nested aspect structures in the
documents, #Aspect-RM may no longer be effec-
tive. To address this, we plan to explore a more
sophisticated agentic approach to identify the cor-
rect aspect counts and the aspect structure of each
document in future work.
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A Full Results

A.1 Computing Infrastructure

Our experimental setup consisted of a machine
running Ubuntu 20.04.6 LTS (Linux kernel 5.15)
with an AMD Ryzen Threadripper 3960X CPU,
251 GB of RAM, and two NVIDIA GeForce RTX
3090 GPUs. Key software versions include Python
3.12.2, CUDA 12.2, and PyTorch 2.2.0.

A.2 Quantitative Results

We leave the prompt templates in our code.? Table
5, 6, and 7 present the complete evaluation metrics,
including BERTScore, ROUGE-1, ROUGE-2, and
ROUGE-L, for the three datasets. As previously
discussed, the #Aspect-RM outperforms both the
Preliminary Experiments and the #Aspect-LLM.
Furthermore, GPT-based models achieve their best
performance when paired with the Self-Refine strat-
egy.

The primary driver of this performance gain is
the model’s enhanced ability to identify the cor-
rect number of aspects. As illustrated in Figure 8,
#Aspect-RM achieves the lowest #AbsAspDiff by
a large margin, reducing by an average of 71.7%
in ECT and 82.4% in COVID-19-PC compared to
the Preliminary Experiments. In contrast, simply
prompting the LLMs for an aspect number, as done
in #Aspect-LLM, fails to yield improvements over

3https://github.com/bryant-nn/CARPAS
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Figure 10: Aspect count error (#AbsAspDiff) across
different methods and prompting strategies on RW-ECT.

the Preliminary Experiments baseline due to inac-
curate aspect number estimation. Figure 8 also
highlights the severity of this issue in baseline
methods: in both the Preliminary Experiments and
#Aspect-LLM results, the generated aspect count
deviates from the ground truth by at least one as-
pect on average, and sometimes by as many as two
or three. This consistent overestimation leads to the
generation of superfluous aspects and summaries,
underscoring the benefit of explicit aspect number
guidance to LLMs in avoiding both the omission
of relevant aspects and the hallucination of irrele-
vant ones. Similar trends are consistently observed
on COVID-19-PC and RW-ECT, as shown in Fig-
ures 9 and 10, demonstrating that the advantage of
#Aspect-RM in reducing aspect count error gener-
alizes across datasets. Consequently, this precision
leads to consistently high-quality summaries, with
its strong BERTScore performance holding true
across all provided aspect settings (Figure 4).

A.3 Additional Models

We additionally run experiments with two other
reasoning models, 03-mini and Gemini-2.5-Flash-
Lite, on the three datasets. As shown in Tables 8§,
9, and 10, #Aspect-RM continues to achieve the
highest scores, and 03-mini demonstrates the best
performance under the Self-Refine strategy.

A.4 Annotation Details

We invite 12 college-based volunteers to act as hu-
man annotators. Specifically, we evenly sample
a total of 450 transcripts, generated aspects, and
summaries from ECT and RW-ECT datasets across
four prompting strategies on GPT-40. Then, the
annotators are asked to select the aspects and sum-
maries that reflect the transcripts the most. The
order of option aspects and summaries provided to
annotators are randomly shuffled to mitigate order
bias. The instruction provided to the annotators is
shown in Figure 11.
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Gemma-3-12B Gemma-3-27B GPT-40-mini GPT-40
BERT R-1 R-2 R-L BERT R-1 R-2 R-L BERT R-1 R-2 R-L BERT R-1 R-2 R-L

Direct 56.1 399 262 32.6 626 424 253 33.6 509 313 163 23.8 62.7 40.7 22.7 31.7
CoT 58.1 39.8 259 32.8 635 42.1 257 343 453 266 145 21.0 61.6 359 189 283
CoT-SC  63.6 433 269 34.1 63.1 39.8 22.1 31.0 485 29.8 16.7 234 63.7 392 214 30.6
Self-Refine 56.6 39.7 253 322 51.7 352 214 283 532 332 18.0 257 56.6 355 18.1 26.6

Direct 53.5 37.7 245 30.7 61.6 40.7 235 32.0 509 305 15.5 23.0 563 359 195 27.6
CoT 59.5 40.1 254 328 62.8 404 238 32.6 523 30.0 16.0 23.5 558 31.7 164 25.1
CoT-SC  59.2 40.0 24.4 315 60.7 379 209 29.6 56.1 334 181 260 60.8 37.1 19.7 28.6
Self-Refine 56.1 39.2 252 320 532 363 219 29.0 51.7 338 193 266 553 37.3 209 287

Direct ~ 70.7 48.4 30.4 38.6 72.9 47.5 26.6 367 59.7 355 17.6 26.7 71.5 443 23.6 34.0

CoT 712 472 293 383 735 47.1 27.3 377 614 348 183 27.3 693 38.6 19.8 303
CoT-SC 720 468 268 357 719 44.1 23.1 33.6 69.9 40.5 21.1 312 71.0 42.1 21.8 323
Self-Refine 652 43.1 25.7 342 70.6 472 26.8 37.0 70.6 44.0 23.4 33.5 719 459 239 344

Prompt

Preliminary

#Aspect-LLM

#Aspect-RM

Table 5: Results (x100%) on ECT, with BERT standing for BERTScore, R-1 standing for ROUGE-1, R-2 standing
for ROUGE-2, and R-L standing for ROUGE-L. The highest results for each metric are in boldface, while the
second-best are underlined.

Gemma-3-12B Gemma-3-27B GPT-40-mini GPT-40
BERT R-1 R-2 R-L BERT R-1 R-2 R-L BERT R-1 R-2 R-L BERT R-1 R-2 R-L

Direct 569 412 264 338 646 444 257 354 479 282 13.0 209 57.6 357 184 27.8
CoT 552 385 242 31.8 642 432 255 353 409 228 11.0 17.6 60.0 34.1 17.0 27.0
CoT-SC 662 47.5 29.7 38.1 652 434 245 347 462 278 142 214 622 38.6 204 304
Self-Refine  60.2 43.0 269 352 522 36.6 21.8 29.6 526 342 183 26.7 56.0 36.9 194 28.9

Direct 542 39.0 248 322 61.0 41.6 239 332 551 321 144 23.6 562 343 17.1 265
CoT 58.8 41.0 25.8 34.0 614 413 243 33.6 53.4 29.1 13.7 224 558 31.1 15.1 245
CoT-SC  55.6 39.3 242 31.7 599 393 215 31.2 553 319 158 245 56.1 34.1 17.6 26.8
Self-Refine 53.9 37.8 23.3 30.8 604 423 249 343 540 339 17.6 263 57.0 362 183 28.1

Direct  69.7 49.1 30.1 39.8 74.4 494 27.5 389 642 364 156 265 71.0 424 204 32.4

CoT 70.1 47.9 295 394 742 489 27.9 394 61.6 333 153 254 69.0 382 18.4 30.1
CoT-SC 759 523 309 41.1 740 47.6 252 372 68.7 38.8 18.5 295 724 43.7 22.0 33.7
Self-Refine  66.9 46.8 285 38.1 724 50.5 29.1 40.3 712 44.3 22.4 34.1 731 46.6 233 359

Prompt

Preliminary

#Aspect-LLM

#Aspect-RM

Table 6: Results (x100%) on COVID-19-PC.

B Default Aspect Sets, Dataset & Prompts

Furthermore, we provide the default aspect exam-
ple in Table 1, and data example in Figure 12a and
12b.

C Use of AI assistants

We use Al to help our coding and grammar correc-
tion in our paper writing. We do not use Al to help
us in related paper surveys.
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Gemma-3-12B Gemma-3-27B GPT-40-mini GPT-40
BERT R-1 R-2 R-L BERT R-1 R-2 R-LL BERT R-1 R-2 R-L BERT R-1 R-2 R-L

Direct 549 37.0 22.8 29.1 62.0 39.3 21.8 30.1 483 272 12.6 19.8 61.0 369 19.7 279
CoT 54.6 364 227 295 623 395 232 31.6 43.0 24.1 122 183 59.8 332 17.0 25.6
CoT-SC  61.2 399 238 30.6 62.1 379 20.6 29.0 46.8 269 13.7 202 625 37.0 194 282
Self-Refine 554 37.1 22.6 292 514 34.1 200 26.6 514 322 169 24.0 547 347 184 259

Direct 56.0 369 223 29.1 59.0 36.8 20.0 279 51.1 28.6 13.3 20.7 587 347 17.6 25.7
CoT 60.5 39.0 23.7 31.1 604 374 214 29.7 529 28.6 14.0 21.6 582 31.3 155 24.1
CoT-SC 563 35.1 19.7 26.6 57.7 340 17.8 25.7 51.6 28.6 142 21.6 583 33.6 17.0 253
Self-Refine 454 282 16.1 21.9 584 379 21.6 293 51.0 30.0 152 225 59.1 359 18.0 26.2

Direct 689 44.6 26.2 347 73.0 450 242 339 594 328 148 23.6 714 418 21.1 312
CoT 63.0 43.1 25.6 340 731 44.6 25.0 349 59.5 31.5 153 238 68.1 360 17.7 27.7
CoT-SC  71.5 43.6 23.7 32.6 71.8 419 215 314 692 374 18.0 27.8 712 40.1 20.0 30.1
Self-Refine  63.0 39.5 22.4 304 703 453 253 347 702 41.2 20.4 30.7 717 43.2 215 317

Prompt

Preliminary

#Aspect-LLM

#Aspect-RM

Table 7: Results (x100%) on RW-ECT.

Table 8: Results of two reasoning models on ECT. BERT refers to BERTScore, R-1 to ROUGE-1, R-2 to ROUGE-2,
R-L to ROUGE-L, and #AbsAspDiff is the absolute aspect difference.

Prompt Gemini-2.5-Flash-Lite 03-mini-2025-01-31
BERT R-1 R-2 R-L #AbsAspDiff(J) BERT R-1 R-2 R-L #AbsAspDiff(])
Direct 0.630 0.452 0.275 0.356 1.963 0.565 0.332 0.145 0.238 1.539
Prelimina CoT 0.608 0.436 0.266 0.347 2.176 0.489 0.282 0.130 0.213 2.190
Y CoT-SC  0.652 0.467 0.282 0.368 1.650 0.542 0.329 0.152 0.239 1.787
Self-Refine 0.503 0.363 0.227 0.293 3.957 0.554 0.351 0.169 0.258 1.971
Direct  0.512 0.367 0.228 0.293 4.561 0.589 0.342 0.145 0.242 1.098
#Aspect-LLM CoT 0.496 0.353 0.213 0.281 4.831 0.582 0.320 0.139 0.238 1.249
P CoT-SC  0.504 0.356 0.211 0.280 4.246 0.604 0.345 0.148 0.247 1.087
Self-Refine 0.496 0.357 0.223 0.287 4.536 0.619 0.379 0.172 0.272 1.088
Direct  0.741 0.515 0.302 0.398 0.396 0.661 0.376 0.156 0.266 0.277
#Aspect-RM CoT 0.735 0.510 0.298 0.399 0.525 0.656 0.358 0.155 0.266 0.465
spect- CoT-SC  0.750 0.516 0.293 0.396 0.307 0.680 0.385 0.163 0.275 0.257
Self-Refine 0.635 0.454 0.278 0.361 1.613 0.697 0.422 0.191 0.303 0.254
Table 9: Results of two reasoning models on COVID-19-PC.
Gemini-2.5-Flash-Lite 03-mini-2025-01-31
Prompt
BERT R-1 R-2 R-L #AbsAspDiff(J) BERT R-1 R-2 R-L #AbsAspDiff(])
Direct  0.610 0.436 0.259 0.351 1.874 0.569 0.334 0.140 0.240 1.451
Prelimina CoT 0.533 0.373 0.220 0.303 2.721 0.489 0.270 0.112 0.202 1.933
Y CoT-SC  0.586 0421 0.252 0.341 2.325 0.556 0.337 0.148 0.245 1.519
Self-Refine 0.506 0.368 0.225 0.304 3.448 0.557 0.351 0.159 0.258 1.834
Direct  0.512 0.367 0.221 0.299 3.601 0.604 0.347 0.139 0.246 0.882
#Aspect-LLM CoT 0.472 0.336 0.198 0.274 4.456 0.588 0.316 0.126 0.234 0.974
p CoT-SC  0.499 0.355 0.210 0.288 3.635 0.616 0.357 0.147 0.256 0.866
Self-Refine 0.495 0.358 0.219 0.295 3.946 0.633 0.390 0.150 0.281 0.885
Direct  0.739 0.511 0.293 0.407 0.275 0.680 0.385 0.151 0.273 0.053
#Aspect-RM CoT 0.708 0.485 0.274 0.388 0.578 0.665 0.356 0.140 0.262 0.159
P CoT-SC  0.753 0.515 0.291 0.410 0.128 0.695 0.399 0.162 0.285 0.041
Self-Refine 0.665 0.475 0.282 0.386 1.222 0.714 0.432 0.186 0.312 0.041
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Table 10: Results of two reasoning models on RW-ECT.

Prompt Gemini-2.5-Flash-Lite 03-mini-2025-01-31
BERT R-1 R-2 R-L #AbsAspDiff(J) BERT R-1 R-2 R-L #AbsAspDiff(])
Direct 0.581 0.396 0.237 0.308 3.047 0.549 0.302 0.123 0.211 1.592
Preliminary CoT 0.588 0.409 0.247 0.316 2.232 0.464 0.253 0.111 0.187 2.245
CoT-SC  0.625 0.435 0.263 0.338 1.919 0.525 0.299 0.129 0.214 1.744
Self-Refine 0.503 0.349 0.211 0.273 3.734 0.548 0.330 0.148 0.234 1.939
Direct 0.478 0.327 0.196 0.255 5.013 0.556 0.297 0.116 0.207 1.303
#Aspect-LLM CoT 0.466 0.318 0.191 0.251 5.457 0.555 0.288 0.121 0.213 1.414
CoT-SC 0477 0.319 0.186 0.248 4.532 0.561 0.299 0.119 0.211 1.370
Self-Refine  0.475 0.325 0.197 0.258 5.144 0.583 0.332 0.139 0.231 1.303
Direct 0.728 0.481 0.271 0.366 0.424 0.657 0.348 0.133 0.243 0.205
#Aspect-RM CoT 0.722 0.482 0.278 0.373 0.595 0.658 0.340 0.140 0.249 0.338
CoT-SC  0.743 0.486 0.272 0.371 0.252 0.670 0.351 0.137 0.247 0.181
Self-Refine 0.673 0.458 0.271 0.356 1.175 0.690 0.391 0.167 0.274 0.181
Dataset Method Gemini-2.5-Flash Gemma-3-12B Gemma-3-27B GPT-40-mini GPT-40 0O3-mini
AS  BS(1) AAD()) AS BS(1) AAD() AS BS(1) AAD() AS BS(1) AAD() AS BS(1) AAD() AS BS(T) AAD(])
Preliminary 336 0.50 3.96 320 057 2.42 230 052 2.65 11.16  0.53 3.15 275 057 221 334 055 1.97
ECT #Aspect-LLM  3.39  0.50 4.54 3.14 056 2.53 230 053 2.39 342 053 2.92 324 055 2.10 390 0.62 1.09
#Aspect-RM 338  0.63 1.61 5.09  0.65 1.31 359 071 0.78 7.15 071 0.42 417 072 0.29 3.86 0.70 0.25
Preliminary 332 051 345 321 0.60 1.90 252 052 2.49 358 053 2.20 336 056 2.03 343 0.56 1.83
COVID-19-PC  #Aspect-LLM  3.67  0.50 3.95 5.86 054 293 3.65  0.60 1.80 544 054 2.48 4.00 057 1.93 392 063 0.89
#Aspect-RM 345 0.67 1.22 6.15  0.67 1.32 3.56 072 0.56 5.08 071 0.25 385 073 0.10 3.86 0.71 0.04
Preliminary 325 050 3.73 324 055 2.56 232 051 2.62 359 051 2.37 327 055 2.17 338 055 1.94
RW-ECT #Aspect-LLM  4.01 048 5.14 503 045 4.98 339 058 2.11 7.10 051 3.24 395 059 1.59 395 058 1.30
#Aspect-RM 353 0.67 1.18 6.53  0.63 1.82 343 0.70 0.73 691  0.70 0.33 390 072 0.24 3.85 0.69 0.18

Table 11: Results of Self-Refine on the three dataset, showing average thinking steps (AS), BERTScore (BS), and
#AbsAspDiff (AAD).

4 N

Each question will display an original transcript document along with multiple aspect-based summaries
generated by anonymous methods. The original document may be a news article, report, forum post, or
other real-world text; please read the document content before comparing the candidate summaries.

The provided aspects are topics or perspectives, such as causes, impacts, risks, policies, or financial
performance, that the system referenced while generating the summaries. These aspects serve as
supplementary information and may contain items not entirely relevant to the document or omit important
points, so please do not base your judgment solely on the aspects themselves. Please select the aspect-
based summary among candidates that you believe possesses the best overall quality. When evaluating,
please prioritize the following:

(1) Factual Accuracy: whether the summary content is faithful to the original document, avoiding
fabrication, exaggeration, misattribution, or contradiction

(2) Relevance: whether the summary focuses on important information and reasonable aspects within
the document, avoiding irrelevant content or repetitive, empty sentences

(3) Alignment between Aspects and Summaries: whether the summary under each aspect truly
addresses that aspect and covers meaningful points from the document

If none of the candidates are perfect, please choose the one that is relatively the most reliable, closest to
the original text, and most helpful in enabling readers to understand the key points of the document.

Figure 11: Annotation instructions provided to human annotators.
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ECT

Article:

Emily Carter, Chief Financial Officer:

Thanks, Alan, and hello, everyone.

Let's take a closer look at the numbers:

As Alan mentioned, we are projecting total revenue for Q3 2024 to be in the range of $125 million to $130
million. That's a growth of 3% to 7% compared to Q3 2023...

Moving on to gross margin, we are projecting a range of 68% to 70% for Q3, slightly lower than the 71.5%
we reported in Q3 2023. This is primarily due to increased cloud infrastructure costs and the impact of
promotional pricing in key markets... For Q4, we anticipate a gross margin in the range of 48.0% to 49.0%.

Question 3:
Can you provide some color on the wafer ASP trends you are seeing in the market and how that is
impacting your costs?

Emily Carter:
Okay, Michael, | can provide some insight on that. Overall wafer ASP in Q3 2024 experienced a moderate
increase of 2.5% QoQ, landing at an average of $1,250 per wafer equivalent... In terms of node specifics,
ASPs for 3nm wafers saw the most significant increase, jumping by 8% QoQ to an average of $18,000 per
wafer. At the 5nm node, ASPs remained relatively stable, showing a modest increase of 1% QoQ to
approximately $12,500 per wafer. However, for 7nm wafers, we saw a decline of 2% QoQ to an average of
$8,000 per wafer...

Aspect Summary:

Overall wafer ASP comments, and the by node or segment wafer ASP comments: Overall wafer ASP in Q3
2024 experienced a moderate increase of 2.5% QoQ, averaging $1,250 per wafer equivalent, slightly
below the projected 3%. This was due to demand mix and pricing pressure in mature nodes. 3nm wafers
saw an 8% QoQ increase to $18,000, 5nm wafers increased modestly by 1% QoQ to $12,500, 7nm wafers
declined by 2% QoQ to $8,000, and mature nodes (40nm-90nm) deciined slightly by 1% QoQ to $800.

Gross margin results: Q3 2024 gross margin was 48.5%, a 0.8 percentage point decrease QoQ and a 1.2

percentage point increase YoY. Compared to the Q2 guidance of 49.0%, there was a variance of -0.5

percentage points due to unforeseen raw material cost inflation and product mix shift. The QoQ decrease

was driven by raw material cost inflation, increased promotional activity in North America, and foreign

exchange headwinds. The YoY increase was driven by supply chain optimization, product innovation and
ization, and ing efficiency

CapEx guidance: The full-year 2024 CapEx guidance was revised upwards to $750 million, a 15% increase
from the initial guidance of $650 million. This revision primarily reflects accelerated investment in Al
infrastructure, specifically GPU capacity and high-bandwidth networking, accounting for roughly 45% of the
total increase, or $337.5 million. This includes the acquisition and deployment of advanced GPU clusters,
primarily NVIDIA H100 and AMD MI300 series, and high i i

P (revenue and gross margin) guidance: The company is projecting total revenue for Q3 2024 to be in
the range of $125 million to $130 million, representing a growth of 3% to 7% compared to Q3 2023. Gross
margin is projected to be in the range of 68% to 70% for Q3, slightly lower than the 71.5% reported in Q3
2023. For Q4, they anticipate a gross margin in the range of 48.0% to 49.0%.

(a) ECT

COVID-19-PC

Article:

Dr. Humphrey:
Thank you, Eleanor. Good afternoon, everyone.

Let's start with today’s situation: As of this morning, the total number of confirmed COVID-19 cases in the
country stands at 12,475,321. This figure includes both locally transmitted cases and imported cases
detected at our borders. Over the past week (October 27th to November 2nd), we have observed a 7.8%
increase in confirmed cases compared to the previous week (October 20th to October 26th)... Yesterday
we recorded 21,542 new cases, while the day before that the number was 19,876.

Dr. Sharma:

Now, concerning new variants: Over the past few weeks, our genomic surveillance efforts have identified
two variants of concern that require our immediate and focused attention: Variant Eta () and Variant lota
(1. Variant Eta, first detected in late March, appears to be approximately 30-40% more transmissible than
the previously dominant Delta variant... Variant lota, initially identified in the Pacific Northwest, possesses
mutations that may reduce the of certain antibody and, potentially, the
durability of vaccine-induced immunity.

Mr. Davies:

We are pleased to announce that we have recently received a substantial shipment of the Moderna and
Pfizer-BioNTech bivalent boosters, totaling 12 million doses... The Novavax COVID-19 vaccine
(Nuvaxovid) is now available as a booster option for adults aged 18 years and older... individuals are now
eligible for a bivalent booster at least two months after completing a primary series or receiving their last
COVID-19 vaccine dose.

Finally, since the rollout of the COVID-19 vaccines, we have been meticulously monitoring adverse events
through the Vaccine Adverse Event Reporting System (VAERS) and the Vaccine Safety Datalink (VSD).
The COVID-19 vaccines authorized for use continue to demonstrate a very favorable safety profile...
Common side effects include pain or swelling at the injection site, fatigue, headache, muscle aches, chills,
and fever... We have also been closely tracking rare but more serious adverse events like myocarditis and
pericarditis.

Aspect Summary:

Clarification of vaccine side effects or variant transmission: Vaccines show a favorable safety profile with
mainly mild side effects; rare events like myocarditis are monitored. mRNA vaccines are the preferred
option, Variant Eta is 30-40% more transmissible than Delta, and lota poses a risk of breakthrough
infections.

Total confirmed cases (local and imported), Day-over-Day or Week-over-Week changes with context: Total
confirmed cases reached 12,475,321. A 7.8% week-over-week increase in cases signals a slight
acceleration in transmission

Updates on booster doses or new vaccine arrivals: Booster supply was increased with 12 million bivalent
doses and the addition of Novavax. Eligibility is now 2 months after the last dose, with uptake reaching
28% among eligible adults.

New variants detected and their potential impact: Two new variants of concern, Eta and lota, have been
detected. Eta is 30-40% more transmissible than Delta, while lota may reduce treatment efficacy and
cause breakthrough infections. Response measures include updated mask advisories and an FDA review
of treatments.

(b) COVID-19-PC

Figure 12: Examples of the two synthetic datasets.

124




