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Abstract

Aspect-based sentiment analysis offers detailed
insights by pinpointing specific product aspects
in a text that are associated with sentiments.
This study explores it through the prediction of
quadruples, comprising aspect, category, opin-
ion, and polarity. We evaluated in-context learn-
ing strategies using recently released distilled
large language models, ranging from zero to
full-dataset demonstrations. Our findings re-
veal that the performance of these models now
positions them between the current state-of-the-
art and significantly higher than their earlier
generations. Additionally, we experimented
with various chain-of-thought prompts, exam-
ining sequences such as aspect to category to
sentiment in different orders. Our results1 in-
dicate that the optimal sequence differs from
previous assumptions. Additionally, we found
that for quadruple prediction, few-shot demon-
strations alone yield better performance than
chain-of-thought prompting.

1 Introduction

Tracking customer satisfaction is a pivotal element
for organisations striving to enhance their products
and services. In a digital world, written feedback
can be analysed for positive or negative statements
using the NLP techniques of sentiment analysis, a
key subfield of text classification. However, this
approach is often applied to a full-text review, lack-
ing granularity. A single text can contain multiple
opinions aimed at different aspects of a product or
a service. This results in ambiguous classifications
and limits actionable insights. To overcome this
limitation, aspect-based sentiment analysis (ABSA)
methodologies (Zhang et al., 2023b) have been in-
vestigated to accurately capture the nuanced senti-
ments in customer feedback.

1Code available at: github.com/FilipposVentirozos/Aspect-
Sentiment-Quad-Prediction-with-Distilled-Large-Language-
Models

In our study, we investigated the compound
ABSA task of aspect sentiment quad prediction
(ASQP) using large language models (LLMs). This
task is the most comprehensive under ABSA, as
it maximises information extraction from the text
(Zhang et al., 2023b). For a given sentence, ASQP
considers the aspects, categories, opinions, and
polarities, as shown in Figure 1. This example
demonstrates two quadruples from the same text.
Firstly, the review found the pizza (Aspect), a type
of FOOD (Category), to be delicious (Opinion),
representing positive sentiment (Polarity). Sec-
ondly, the review found the service (Aspect and
Category) to be terrible (Opinion), representing
negative polarity.

Quadruple Example

Input: The pizza is delicious but the service
is terrible.
Output:

Aspect Category Polarity Opinion
pizza FOOD POS delicious

service SERVICE NEG terrible

Figure 1: A quadruple parsing example with two quadru-
ples extracted from one review.

In this paper, we review in-context learning
(ICL) techniques for ASQP and apply these tech-
niques to recently released distilled LLMs, specif-
ically GPT-4o (OpenAI et al., 2024), Gemini 2.0
Flash (Gemini et al., 2024) and Qwen3-30-A3B
(Yang et al., 2025). ICL involves providing mod-
els with a set of examples within the input context
to enable the model to make predictions based on
these examples, effectively allowing the model to
produce accurate responses to unseen tasks without
further fine-tuning. We experimented with vary-
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ing the provided set of examples and analysed the
models’ performance.

Furthermore, we investigated chain-of-thought
(CoT) reasoning, a type of ICL which requires in-
termediate steps of analysis to be generated. CoT
allows additional interpretability of the final results.
Evidence also shows that reasoning approaches out-
perform single-turn answer generation (Wei et al.,
2022). This method facilitates a more structured
reasoning process, leading to more precise senti-
ment analysis. Previous research suggested (Fei
et al., 2023; Wang and Luo, 2023) retrieving as-
pects first, followed by opinions and then polarities.
In our experiments, we adapted this for the ASQP
domain and questioned CoT assumptions by exper-
imenting with different possible CoT chains, such
as determining the sentiment before identifying the
aspect or vice versa.

We compared these approaches against state-of-
the-art methodologies from the literature on widely
used ASQP benchmark datasets. Our experiments
demonstrate the efficacy of these approaches, high-
lighting the potential for improved performance
in ASQP tasks. The primary contributions of this
study are enumerated below:

1. We evaluated ICL using an expanded context
window containing a substantially larger num-
ber of few-shot examples for ASQP and two
additional ABSA tasks.

2. We assessed a diverse set of CoT agents to
determine their effectiveness in ASQP as well
as in broader ABSA applications.

3. We analysed and compared the performance
and output characteristics of GPT-4o, Gemini
2.0 Flash and Qwen3-30B-A3B.

2 Related Work

2.1 Aspect Sentiment Quad Prediction
Aspect-sentiment quad prediction (ASQP) indi-
cates the extraction of sentiment quadruples from
text, as shown in Figure 1.

The seminal study by Wan et al. (2020) ad-
dressed a significant gap in ABSA tasks. Tradi-
tionally, these tasks extracted polarities from either
the aspects or the categories, but not both simulta-
neously. The researchers introduced a new frame-
work called target-aspect-sentiment joint detection.
This framework included all the critical elements
except the opinion, thus forming a triplet. Their
work paved the way for advancements in ASQP.

Building on this foundational work, recent liter-
ature has predominantly experimented with fine-
tuning encoder-decoder models for ASQP and fo-
cused on data augmentation techniques. For in-
stance, Zhang et al. (2021b)[GAS] introduced an
encoder-decoder approach using the T5 model (Raf-
fel et al., 2020) to fine-tune the model on inferring
aspects, categories, and polarities. Following this,
Zhang et al. (2021a)[Para] demonstrated that trans-
forming sentiment quadruples into natural language
sentences yielded better results. Under the same
output context, Hu et al. (2022)[DLO] sought to
refine the generated quadruples by selecting the
appropriate order of elements based on entropy
calculated from the decoder component.

Peper and Wang (2022)[GEN-S-N] managed to
obtain better results on quadruple prediction with
implicit aspects and opinions by employing con-
trastive learning and engineering the target format
output for more natural generation.

Recent studies utilising encoder-decoders have
increasingly focused on generating additional in-
stances to address data imbalances in ASQP. Yu
et al. (2023)[DAST] employed the masked lan-
guage modelling technique and synonym replace-
ment to augment the data, refining the examples
through an iterative methodology. Then Wang et al.
(2023)[GenDA] proposed a generative data aug-
mentation technique to optimise encoder-decoder
transformer fine-tuning. They created new train-
ing instances by swapping aspects and opinions
within the same categories, followed by filtering
and balancing the dataset.

Gou et al. (2023)[MvP] found that generating
quadruple elements in different orders and subse-
quently selecting based on entropy yields better re-
sults. In contrast, we experiment with a multi-hop
setting, querying the LLM in each turn to retrieve
individual elements and subsequently forming the
quadruples at the end in a consistent element order.

2.2 Decoders & In-Context Learning

Decoder-type transformers are popular for their
ease of training and scaling (Brown et al., 2020).
Major companies have widely adopted LLM de-
coders via easy-to-use APIs, eliminating exten-
sive infrastructure needs. The success of models
like OpenAI’s GPT-4 (OpenAI et al., 2024) and
Google’s Gemini (Gemini et al., 2024) highlights
their effectiveness in diverse NLP tasks.

These decoders excel in zero or few-shot learn-
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ing scenarios, commonly using ICL. ICL adapts
language model output based on the input prompt,
using examples for demonstration to perform infer-
ence or prediction tasks (Dong et al., 2023). Un-
like explicit fine-tuning, ICL can be seen as meta-
optimisation. Dai et al. (2023) note that ICL and
fine-tuning share similarities in altering attention
weights when LLMs tackle NLP tasks.

ICL has been explored for the ASQP task. Xu
et al. (2023) were the first to use the ChatGPT
model (spec. GPT-3.5-turbo) for this task, devising
a prompt template and experimenting with vari-
ous ASQP demonstrations. Similarly, Zhang et al.
(2023a) conducted a systematic analysis comparing
ChatGPT with T5, an encoder-decoder fine-tuning
approach. They found that ChatGPT sets a robust
baseline, requiring T5 to use five to ten times more
data to achieve comparable performance. How-
ever, with more training samples or demonstra-
tions, T5 can steadily achieve better results, while
ChatGPT’s performance varied per task, generally
favouring ABSA tasks. More recently, Bai et al.
(2024) investigated the application of LLMs to a
range of ABSA tasks using ICL examples. In com-
parison, we focus specifically on the ASQP task,
evaluate alternative prompting techniques, and base
our experiments on distilled LLMs, which are eas-
ier to deploy and computationally more efficient.

2.3 Chain of Thought

One subtype of in-context learning is the CoT ap-
proach. In CoT, the input prompt is designed to
guide the model in breaking down the task into
a series of steps. This method has demonstrated
improvements across various NLP tasks (Wei et al.,
2022). In the following referenced literature and
this current study, we specifically examine multi-
turn CoT interactions. This technique involves iter-
ative dialogues between the model and the user. By
simulating such conversations, we can effectively
guide the model to generate high-quality outputs.

Fei et al. (2023) introduced a three-hop reason-
ing framework for sentiment analysis. This in-
volved a CoT prompting, where they would ini-
tially ask the LLM to retrieve the aspects from a
text, then append the answer of that in the follow-
ing prompt query, which asked the opinions on
those aspects. Lastly, the above generations would
be appended to the final query, which would ask
the sentiment polarity. They followed this CoT
chain: 1) aspects 2) opinion 3) polarity. Likewise,

Wang and Luo (2023) evaluated using CoT for the
sentiment analysis text classification. In addition,
they analysed the LLM ability of role-playing. And
then they chained the CoT following the same CoT
chain.

In our study, we delve deeper into the most chal-
lenging task of ABSA, the ASQP. While previ-
ous approaches have applied CoT techniques to
sentiment analysis, specifically text classification,
there are none in ASQP, which necessitates a more
fine-grained approach. Additionally, we conduct
a statistical analysis to determine which CoT se-
quence yields more accurate results. Specifically,
we compare the effectiveness of different CoT
chains, such as sentiments → aspects → categories
versus aspects → sentiments → categories, to iden-
tify the optimal sequence for improving ASQP per-
formance.

3 Methodology

3.1 Problem Statement

Our problem statement is identical to that of pre-
vious work on ASQP. Given a text, specifically a
sentence, we aim to extract zero to multiple quadru-
ples from the text. Each quadruple should contain
the elements: aspect, category, opinion, and po-
larity, as illustrated in Figure 1, and we consider
it correct when the generation retains this speci-
fied order. While the order of the quadruples may
vary, the order of the four elements within each
quadruple should remain consistent. Such as:

Q = {(ai, ci, pi, oi)}ni=1 (1)

where Q represents the set of quadruples, ai is
the aspect, ci is the category, pi is the polarity, and
oi is the opinion for the i-th quadruple, and n is the
number of quadruples extracted from the text. In
the following subsections, we describe the different
methods utilised in our experiments.

3.2 In-Context Learning

We utilised ICL techniques similar to those de-
scribed by Xu et al. (2023) and Zhang et al. (2023a).
Specifically, we experimented with two prompting
strategies: a single-turn setting, where the model
receives a single prompt containing all instructions
and examples at once, and a multi-turn setting,
where the model has a view of multiple conver-
sational turns, each providing incremental demon-
strations illustrating how the LLM “had parsed” a
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review into quadruples. Our preliminary experi-
ments indicated that adopting the single-prompt
ICL approach of Bai et al. (2024) for ASQP re-
sulted in inferior performance. Averaged across
all datasets, the multi-turn style prompt increased
the F-score by approximately 21% for Qwen and
14% for Gemini. In contrast, GPT showed compa-
rable performance between single- and multi-turn
settings (a difference of approximately 0.4%). We
maintained identical header and closing prompts
across experiments to compare the two approaches,
varying only the demonstration examples provided
in the middle.

To construct the ICL examples, we aimed to
maximise the coverage of category and polarity
combinations present in the training set. Specifi-
cally, we stratified the selection process to ensure
that, whenever possible, each unique combination
of category and polarity was represented at least
once among the selected examples. To achieve this,
we first shuffled the training set. We then itera-
tively selected examples such that each example
contributed a new category-polarity combination
until all available combinations were covered or
the desired number of examples was reached. If
the number of requested examples was less than the
number of unique categories, we prioritised select-
ing examples such that each represented a distinct
category. In cases where the number of requested
examples exceeded the number of unique category-
polarity combinations, we filled the remaining slots
with randomly selected examples from the training
set. This procedure ensured a diverse and represen-
tative set of ICL examples.

3.2.1 Prompt Crafting
Firstly, following the recommendations of Wang
and Luo (2023), we employed a role-playing in-
struction for the LLM, designating it as an NLP
assistant expert in ABSA. This approach required
the LLM to provide precise answers and strictly
adhere to the given instructions.

Subsequently, we adopted the prompt style of
Xu et al. (2023) and Zhang et al. (2023a). We
indicated whether an element must be extracted
from the text or could be left 'NULL'. We then listed
the possible categories of the domain, specified
the polarity range, and showcased the format of a
quadruple. Based on the number of demonstrations,
we supplied a history of conversations to be used as
context for the LLMs. Figure 2 shows an example
with one demonstration.

ICL Prompt Example

System Instruction

You are a Natural Language Processing assis-
tant, expert in Aspect-Based Sentiment Anal-
ysis. Follow the instructions and do what
you have been asked without explanations or
reasoning.

Introduction Prompts

User: Parse the following text re-
view in an Aspect Sentiment Quadru-
ple Prediction format. The aspects
and opinions must be terms existing
in the input text or 'NULL'if non-
existing. The category type is one
in the predefined list: {categories}.
The sentiment is 'positive', 'negative'or
'neutral'. Do not ask me for more
information, as I am unable to pro-
vide it; just try your best to finish the
task. The quadruples have the format
[['<aspect>', '<category>', '<polarity>',
'<opinion>'], [...], ...]. Please parse the
text below.

Model: Please provide the text review
you want me to parse into Aspect
Sentiment Quadruple Prediction for-
mat.

Demonstration Prompts

User: I asked for a menu and the
same waitress looked at me like I
was insane.

Model: [['waitress', 'service gen-
eral', 'negative', 'insane']]

User: Subtle food and service.

Model: ...

Figure 2: An ICL multi-turn prompt example. Firstly,
the system instruction narrates the LLM how to act.
Then the introduction prompt defines the task. Follow-
ing, there is one demonstration, and then the model is
expected to provide the quadruple for the last sentence.
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3.3 CoT Agents

Our study aimed to determine the most effective
sequence of thought processes for extracting sen-
timent information. Intuitively, the same pattern
is seen in previous studies on related ABSA tasks
(Fei et al., 2023; Wang and Luo, 2023), one might
start by extracting aspects, followed by categories
from a predefined list, then expressing opinions,
and finally the polarity of those opinions. In our
study, we considered all four permutations, result-
ing in 24 possible sequences for extracting these
elements.

Our preliminary experiments suggested that ex-
tracting both the opinion and its polarity for a
detected category in a review can be effectively
accomplished in a single turn, rather than in two
turns. Specifically, we found that directly prompt-
ing for the sentiment of a category within a review
(with a prompt: “What is the sentiment of cate-
gory <category> in the text <review>?”) yields
marginally better results when averaged across all
datasets and models, compared to first extracting
the opinion and subsequently asking for its senti-
ment. Consequently, we adopted the single-step
approach to improve efficiency and reduce unneces-
sary computational costs, resulting us to 6 possible
sequences.

3.3.1 Prompt Crafting

Our next step was to craft the necessary prompts
to chain these permutations. Fei et al. (2023) and
Wang and Luo (2023) showcase their prompt for-
mats, both of which follow the same CoT order
of elements: aspects, opinion, and polarity for the
task of sentiment classification. However, their
prompts are constructed differently. One approach
uses prompts to ask the LLM each element one
by one, whereas the other copies the generated an-
swer from the LLM from the previous query and
appends it to the next query. In our study, we aimed
to balance these two methods in a new approach.
Specifically, we sought to achieve the conciseness
of the second method by including pointers to chain
them together. For instance, if we first extracted the
aspects and then wanted to extract the sentiments,
our prompt would be: “List all word sequences
that denote or link to a sentiment from the detected
aspects. Sentiments:”.

Additionally, similar to the ICL prompting for-
mat, we included a system instruction, which acted
as a role-playing format and constrained the LLM

Number of: Rest15 Rest16 Amazon Hotels Laptops Shoes
categories 13 12 10 74 114 21
train sampl. 834 1264 1374 1438 2934 906
dev sampl. 209 316 194 203 326 116
test sampl. 537 544 395 414 816 125

quads 795 799 1657 3222 1161 518
impl. asp. 218 179 318 141 235 253
impl. op. 0 0 5 30 319 0

Table 1: Dataset statistics for the six datasets employed in
our study. The ‘quads’ row denotes the number of resulting
quadruples for the test set. The implicit aspects (impl. asp.)
row refers to the number of quadruples in the test set where
the first element, the aspect, is not explicitly mentioned in
the text, resulting in a value of 'NULL', but still implying a
category. Similarly, for the implicit opinions (impl. op.).

to generate the most probable answers while scru-
tinising their verbosity. In the end, we added two
demonstrations, similar to Figure 2, to demonstrate
how a sentence ought to be parsed.

4 Experiments

4.1 Datasets

For our experiments, we included six English
datasets. Among these, we selected the Rest15 and
Rest16 restaurant review ASQP datasets, which
were initially introduced by Pontiki et al. (2015,
2016) and subsequently curated by Peng et al.
(2020), Wan et al. (2020), and Zhang et al. (2021a).
These datasets are among the most extensively eval-
uated in the ASQP domain (see, for example, Wang
et al., 2023; Zhang et al., 2024; Hu et al., 2023; Yu
et al., 2023; Hu et al., 2022; Zhou et al., 2023, inter
alia).

In addition, we included two whole-review
ASQP datasets: the Amazon Fine Foods Reviews
and the Hotel Reviews from TripAdvisor (Chebolu
et al., 2024). We also incorporated the ACOS
Laptops dataset (Cai et al., 2021), which consists
of sentence-level annotations. ACOS, or aspect-
category-opinion-sentiment quadruple extraction,
produces the same output as ASQP but focuses on
extracting implicit aspects and opinions. Finally,
we included the Shoes-ACOSI dataset (Peper et al.,
2024), which is annotated at the whole-review level.
Shoes-ACOSI is a quintuple ACOS-type dataset
that introduces an additional flag (I) to indicate
whether an opinion is implicit or explicit; this flag
is not considered in the present study. In Table 1
we provide the datasets’ statistics.

4.2 LLM Models

For our current study, we aimed to evaluate popular
LLMs that provide accessible APIs or are easily
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deployable with rapid response times, thereby elim-
inating the need for extensive infrastructure on the
user’s end. Specifically, we focused on models
offered by OpenAI, Google, and Alibaba, select-
ing their respective distilled flagship models. The
three models used in our study are OpenAI’s GPT-
4o2 (OpenAI et al., 2024), Google’s Gemini Flash3

(Gemini et al., 2024), and Alibaba’s Qwen3-30B-
A3B (Yang et al., 2025).

Their enhanced efficiency and reduced computa-
tional requirements motivated the decision to utilise
distilled models. Model distillation refers to com-
pressing a larger neural network into a more com-
pact model, which retains much of the original
model’s effectiveness while operating with greater
speed and lower resource consumption (Zhu et al.,
2023). The use of distilled models enabled us
to conduct our evaluations more rapidly and cost-
effectively, thereby facilitating a broader and more
practical assessment of the capabilities and limita-
tions of these leading LLMs.

4.3 Evaluation
Aspect Sentiment Quad Prediction A quadru-
ple is considered correctly predicted when all its
elements exactly match the ground-truth quadru-
ple. Despite being a stringent criterion, this method
aligns with those employed in previous studies (Hu
et al., 2022; Yu et al., 2023; Wang et al., 2023;
Zhang et al., 2024; Zhou et al., 2023). Conse-
quently, we report precision, recall, and F1-score
based on micro-averaged aggregation.

Aspect Category Polarity Opinion

Aspect Sentiment Triplet Extraction For com-
parison, we also evaluated the aspect sentiment
triplet extraction (ASTE) performance by ignor-
ing the category element from the quadruple. We
reported the same metrics as mentioned above.

Aspect Polarity Opinion

Aspect Category Sentiment Analysis The task
of aspect-category sentiment analysis (ACSA) fo-
cuses solely on extracting the category and polarity
of a quadruple. This task is best characterised as a

2GPT-4o-2024-08-06
3Gemini-2.0-flash

multi-label classification problem, as the categories
are predefined per domain and the polarity values
range across positive, neutral, and negative. We
adhered to the same metrics as those used in the
previously mentioned evaluations.

Category Polarity

4.4 Results & Discussion

4.4.1 In-Context Learning
For the ICL evaluations, we tested with 0, 2, 10,
20, 50, 100, and all available samples from the
training set as demonstrations. We adhered to our
filtering method specifically to prioritise samples
representative of both category and polarity.

In our comparative analysis of the three models,
GPT-4o notably achieved moderate F-scores even
with minimal to no demonstrations, demonstrating
robust performance out of the box, as shown in
Figure 3. In contrast, the Gemini model struggled
to deliver satisfactory results under similar con-
ditions. This underperformance can be attributed
to issues in parsing input into quadruples and in-
consistencies in the formation of these quadruples,
which resulted in varying sizes and compromised
the model’s effectiveness.

Figure 3: Average F-Scores for each model across the
datasets.

All models exhibited a steady increase in per-
formance as more demonstrations were provided,
surpassing benchmarks set by earlier GPT versions
(Xu et al., 2023; Zhang et al., 2023a). According
to Figure 3, the most significant improvements in
performance for all models were observed with in-
creases in the number of demonstrations up to 20.
This trend could indicate that providing 20 or more
ICL demonstrations can yield satisfactory results
for any given task.

Moreover, Gemini was capable of having the
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whole training set as ICL demonstrations, whereas
GPT and Qwen did not have the context capacity,
which seemed resourceful as seen in Figure 3.

For reference, we include previously reported
results from the literature(see Section 2), and com-
pare them to the ICL agents of each model using 20,
100, and all training instances as demonstrations
in Table 2. Overall, we achieve performance com-
parable to fine-tuned approaches, with increased
samples leading to improved scores. The Laptops
dataset contains more categories; therefore, it re-
quires more examples, and we observe that using
all available training samples proves particularly
beneficial.

The ICL method faces the class imbalance issue
since we input the raw instances directly. In con-
trast, various ASQP methodologies in the literature
incorporate different data augmentation techniques
to counter this imbalance. Adopting such tech-
niques could improve ICL.

Performance across the three tasks revealed ap-
parent differences in difficulty and responsiveness
to ICL. On average, models achieved the highest
performance on the ACSA task, followed by ASTE
and ASQP. ASTE exhibited the most significant
average improvement when increasing from zero-
shot to 100-shot in-context learning, followed by
ASQP. These results suggest that while models
are relatively proficient at multi-label classification
(ACSA), they face greater challenges in accurately
identifying and extracting specific text segments,
particularly in the more complex ASQP and ASTE
tasks. This difficulty may be attributed to annotator
biases, as extracted spans (i.e., aspects or opinions)
must exactly match the ground truth annotations.
Consequently, models may require more annotated
examples to capture annotator-specific span pref-
erences and thus achieve improved performance
effectively.

4.4.2 CoT Agents
We tested three-element permutations (i.e., aspect,
sentiment, category) for each model. Figure 4
presents the results of each permutation, averaged
across datasets for each model for the ASQP task.
As shown, GPT achieves the highest performance
with an F-score of 0.170 (highlighted in bold), fol-
lowed closely by Gemini with 0.145. GPT demon-
strates greater robustness across different CoT per-
mutations, possibly due to its larger parameter size.

The results indicate that, on average, starting
with sentiment yields better performance, whereas

Figure 4: The performance of ASQP by different CoT
agents across datasets and models. The x-axis labels
show the sequence of CoT. For instance, extracting the
sentiments first, then the categories, and finally the as-
pects would be represented as 1. Sent. 2. Cat. 3. Asp.
The numbers in bold are the top averaged CoT F-Score
for each model.

starting with aspects yields the lowest performance.
This finding challenges the previously intuitive as-
sumption that beginning with aspects would be
beneficial. Further analysis is required to deter-
mine whether this improvement arises from depen-
dency parsing facilitating extraction, or if it reflects
an inherent bias in large language models toward
responding more effectively to emotional and neg-
ative phrases (Wang et al., 2024), as well as to
identify whether there are optimal CoT sequences
for specific cases.

When comparing the ICL approach using two
samples to the CoT approach, which also utilised
two samples, we observed that the ICL approach
still achieved better results than any CoT variant,
indicating that further investigation in this direction
is required. One possible explanation is that, for
the ASQP task, which is heavily context-dependent,
the ICL approach may be more effective at captur-
ing annotation biases associated with extracting
information from text. Our hypothesis regarding
span annotation bias warrants further exploration,
and alternative evaluation methods should be exam-
ined—particularly those employing less stringent
quad matching criteria—to determine whether al-
ternative ICL approaches based on zero-shot or
few-shot settings can yield improved performance.

4.5 Hyper-Parameters & Generation Issues
For our experiments, we set the temperature hyper-
parameter to zero and employed greedy decoding.
We accessed the models through their APIs, and
for Qwen specifically, we utilised vLLM (Kwon
et al., 2023) running on an H100 SXM GPU.

In general, the LLMs produced consistent
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Method
ASQP ACOS

Rest15 Rest16 Amazon_FF Hotels Laptops Shoes

P R F P R F P R F P R F P R F P R F

GAS 45.3 46.7 46.0 54.5 57.6 56.0 – – 23.6 – – 44.6 – – – – – –
Para 46.2 47.7 46.9 56.6 59.3 57.9 – – 26.1 – – 46.0 – – – – – –
DLO 47.1 49.3 48.2 57.9 61.8 59.8 – – – – – – – – – – – –
DAST 50.0 49.7 49.8 62.8 60.3 61.5 – – – – – – – – – – – –
GenDA 49.7 50.3 50.0 60.1 61.7 60.9 – – – – – – – – – – – –
MvP – – 51.0 – – 60.4 – – – – – – 44.6 43.6 44.1 21.4 18.2 19.7
GEN-S-N – – – – – – – – 24.0 – – 43.8 46.7 45.8 46.2 19.6 18.6 19.1

Qwen 20 32.9 38.0 35.3 41.1 47.7 44.1 13.3 15.1 14.1 24.7 24.4 24.6 21.4 22.2 21.8 13.7 11.8 12.7
Qwen 100 38.6 43.9 41.1 41.3 46.7 43.8 15.5 17.7 16.5 26.4 24.7 25.5 22.4 22.3 22.4 15.4 13.5 14.4
GPT 20 38.9 43.7 41.1 49.8 54.7 52.1 19.9 18.7 19.3 35.1 30.9 32.9 22.3 23.7 23.0 16.4 14.1 15.2
GPT 100 47.6 49.7 48.6 54.8 57.5 56.1 22.3 20.0 21.1 38.3 32.7 35.3 27.7 27.0 27.4 16.8 13.9 15.2
Gem 20 43.7 45.3 44.5 52.4 54.7 53.5 17.7 15.6 16.6 35.4 20.9 26.3 25.3 24.8 25.0 16.3 12.2 13.9
Gem 100 50.8 50.6 50.7 53.2 55.7 54.4 22.4 20.1 21.1 36.7 17.8 24.0 32.0 29.2 30.5 20.7 16.2 18.2
Gem All 53.2 52.3 52.8 60.0 61.4 60.7 19.5 16.6 17.9 36.1 19.5 25.3 43.2 40.4 41.8 21.8 15.8 18.3

Table 2: Precision, recall, and F1-score metrics (%) on the ASQP and ACOS datasets. The overall best value for each column
is shown in bold, while the best result among our ICL variants is underlined. All baseline systems are summarised in Section
2.1; their references are indicated in the Method column by the corresponding acronyms. For MvP, we report the model variant
trained solely on the target dataset. Scores for Amazon and Hotels are taken from Chebolu et al. (2024), those for Laptops and
Shoes from Peper et al. (2024), and the Rest15 and Rest16 results from the respective original papers.

quadruples according to the specified format, com-
prising four elements separated by commas and
enclosed in square brackets. GPT demonstrated
greater consistency, even in a zero-shot ICL setup,
by following simple instructions on generation.
In contrast, Gemini performed significantly better
when provided with at least two ICL demonstra-
tions. Its outputs generally exhibited slightly higher
recall than precision, highlighting the model’s ten-
dency towards verbosity.

Furthermore, regarding the CoT process, there
were instances where the LLM struggled to gener-
ate an answer due to the brevity of the text. Exam-
ples of such text include phrases like "awesome,"
"try it!," "No comparison," or brief descriptions of
situations implying sentiment. Nonetheless, these
instances were fewer than ten in each case.

5 Conclusion

In this study, we extensively investigated ICL
applied to state-of-the-art distilled LLMs. Our
analysis demonstrated that employing multiple
ICL demonstrations enables these models to repli-
cate previously reported benchmarks achieved
by encoder-decoder transformer architectures and
significantly outperform earlier model genera-
tions. Gemini’s extended context proved benefi-
cial by allowing the inclusion of the entire train-
ing dataset, subsequently enhancing F-score met-
rics—particularly valuable for datasets containing
multiple categories. Additionally, the chat-based
(multi-turn) ICL approach emerged as a superior
method for presenting few-shot demonstrations.
Notably, GPT exhibited an exceptional capability

to format outputs directly using a zero-shot ap-
proach. All models showed incremental improve-
ments in F-score correlated with increased sample
sizes but would start showing signs of plateau after
20 examples.

Furthermore, we conducted experiments with
CoT prompting by evaluating performance across
different CoT sequences. Contrary to prevailing
assumptions that extracting the aspect first is op-
timal, we found that initiating CoT with alterna-
tive elements can yield improved scores. However,
CoT generally did not achieve high overall results,
indicating that ICL may be a more effective tech-
nique. We hypothesise that a major hindrance to
overall ASQP performance could be the inherent
annotation bias involved in extracting text spans
for quadruples, a factor that may favour fine-tuned
approaches over few-shot and CoT-based methods.
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