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Abstract

Fine-grained opinion analysis enables a de-
tailed understanding of expressed sentiments
and their corresponding targets. However, an-
notating domain-specific datasets requires sub-
stantial human effort and financial resources.
To address this limitation, we investigate
the feasibility of using large language mod-
els (LLMs) as automatic annotators for fine-
grained opinion analysis. We use a declara-
tive annotation pipeline to reduce prompt en-
gineering when identifying fine-grained opin-
ion spans, and compare rule-based voting
against an LLM-based adjudicator for recon-
ciling conflicting predictions. We trial the
pipeline across different model sizes on the As-
pect Sentiment Triplet Extraction (ASTE) and
Aspect-Category-Opinion-Sentiment (ACOS)
tasks. Our findings indicate a critical perfor-
mance bifurcation: LLMs are reliable at the
span level yet struggle to faithfully reproduce
the relational structures connecting those spans.
The better aggregation strategy depends on this
complexity: voting suffices for triplets, while
quadruples require an adjudicator that re-reads
the source. Treating annotator disagreement
as an informative signal rather than noise, we
further show that agreement between LLM an-
notators is a calibrated predictor of correctness,
and can be used to delegate cases with high
annotator disagreement to humans.

1 Introduction

Opinion1 analysis has evolved beyond simple sen-
timent polarity (positive, negative, neutral) to fine-
grained formulations that also capture the contex-
tual elements of an opinion. Consider the following
example:

1Unless stated otherwise, we use the term opinion as a
broad concept that covers sentiment and its associated infor-
mation, such as opinion target and the person who holds the
opinion, and use the term sentiment to mean only the underly-
ing positive, negative, or neutral polarity implied by opinion.

Example:“I had hoped for better battery life, as it
had only about 2–1/2 hours doing heavy computa-
tions (8 threads using 100% of the CPU).”
Here a negative sentiment is expressed according
to sentence- or document-level annotations. But
with a fine-grained formulation, the following ad-
ditional annotations are desired: (i) an opinion
span expressing the polarity, in this example that is

“hoped for better”, (ii) an explicit instantiation of
the target in the text called an aspect term (in the
example: “battery life”), They together form an as-
pect sentiment triplet as specified according to the
Aspect Sentiment Triplet Extraction (ASTE) task
(Wu et al., 2020). Adding coarse-grained aspect cat-
egories (e.g., “Battery#Operational_performance”
in the example above) to identify the target entity
and attribute enables the capture of implicit targets
that lack explicit aspect terms, adhering to ACOS
quadruple guidelines (Cai et al., 2021).

Derived mostly from SemEval review data, cur-
rent fine-grained opinion datasets support system
benchmarking, but their scale and specificity hin-
der real-world applicability (Zhang et al., 2023).
Furthermore, human opinion annotation remains a
challenging task requiring strict guidelines (Toprak
et al., 2010). While human annotation remains the
gold standard for opinion annotation, its lack of
scalability motivates the assessment of automatic
annotation approaches. Because fine-grained opin-
ion annotation is inherently subjective, disagree-
ment among annotators is systematic rather than
random. In this work, we treat it as a signal of un-
certainty used to decide where disagreement should
be resolved through automated aggregation policies
and when it should be reserved for human adjudi-
cation.

In this work, we investigate the potential of
LLMs to automatically annotate text with fine-
grained opinions. The LLMs have been shown
to be few-shot learners (Kojima et al., 2022) and
to exhibit instruction-following and reasoning ca-
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pabilities (Hao et al., 2024). Through our study,
we enquire into the extent to which they can suc-
cessfully annotate fine-grained opinions and their
failure modes. Understanding the efficacy of LLM-
driven annotations can help us make an informed
decision on the extent to which these models can
fulfil the opinion annotator role or assist human
annotators.

We also propose a dedicated LLM-based Adju-
dication approach that combines multiple opinion
annotations for a given text input to resolve inter-
annotator disagreement and obtain final opinion an-
notations. Voting thresholds and LLM-based adju-
dication represent different decision policies under
disagreement, and we characterise the conditions
under which each is appropriate. This is inspired
by the process of annotation adjudication (Hovy
and Lavid, 2010), which includes making a final
judgement after considering the conflicting anno-
tations from multiple annotators. Commonly used
adjudication methods, such as traditional majority
voting, assume a discrete label set. However, ASTE
and ACOS opinions form open-ended triplets and
quadruples, preventing direct application of tradi-
tional majority voting (Uma et al., 2021). We there-
fore adapt traditional voting into two rule-based
tuple-level and element-wise aggregation baselines
to compare against our LLM-based adjudication.
Our contributions, evaluated across three model
scales on six SemEval datasets, are:

• Declarative LLM annotation pipeline: A
schema-constrained pipeline that uses LLMs
declaratively, without hand-crafted prompts,
to extract opinions under the ASTE and ACOS
specifications.

• Annotation adjudication: An LLM-as-
adjudicator method for merging annotations
from multiple LLM annotators, benchmarked
against exact, flexible and element-wise vot-
ing aggregators adapted to the combinatorial
output space of both tasks.

• Uncertainty estimation and utilisation: An
element- and pairwise decomposition reveals
strong span-level but weak relational align-
ment with human annotations. Moreover, an-
notator disagreement serves as a calibrated
confidence signal (transferring from a dev
sample to test) for selective human routing.

2 Related Work

Opinion Formulations Opinion mining has pro-
gressed from feature-based summarisation (Hu and
Liu, 2004; Liu and Zhang, 2012) to fine-grained
Aspect-Based Sentiment Analysis (ABSA). This
work investigates two extractive ABSA tasks: As-
pect Sentiment Triplet Extraction (ASTE) (Xu
et al., 2020; Wu et al., 2020) and Aspect-Category-
Opinion-Sentiment (ACOS) quadruple extraction
(Cai et al., 2021).

LLMs as Annotators Dataset creation encom-
passes processes from selection to adjudication
(Klie et al., 2024). Large Language Models (LLMs)
have started being employed as annotators for sub-
jective tasks such as span (Kasner et al., 2026),
argument-quality (Mirzakhmedova et al., 2024),
and propaganda annotation (Hasanain et al., 2024).
This study extends their application to fine-grained
opinion annotation through inference-time prompt
optimisation, integrating the training-free approach
of rule-based methods (Qiu et al., 2011) with con-
temporary LLM reasoning.

Prompt Engineering Given that LLMs demon-
strate prompt sensitivity (Zhuo et al., 2024) and
task variability (Wang and Wang, 2025), this work
employs DSPy (Khattab et al., 2024) to automati-
cally synthesise prompts from few-shot examples,
rather than relying on manual prompt engineer-
ing. For output aggregation, we prefer multiple
outputs from diverse LLM-annotators over single-
model redundancy such as self-consistency (Wang
et al., 2023). Fixed-rule voting baselines are eval-
uated alongside an LLM-as-adjudicator approach
inspired by stacked generalisation (Wolpert, 1992).

3 Dataset

Task Dataset Train Dev Test

ASTE

lap14 906 219 328
res14 1126 310 492
res15 607 148 322
res16 857 210 326

ACOS laptop 2934 326 816
restaurant 1530 171 583

Table 1: Dataset Breakdown

The datasets used in our experiments are de-
scribed in Table 1. The data schema relating the
ASTE and ACOS specifications, task definitions,
and annotated examples is provided in Appendix A.
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Figure 1: (Left) Annotation: in the synthesis stage the DSPy program ΦA constructs optimised prompts from k
human-annotated examples OG

i drawn from the ICL selection pool D1; in the annotation stage it generates predicted
opinions OP

i for input texts Ti. The exemplar count k ∈ {5, 10, 15} is selected on D2. (Right) Adjudication: the
redundant annotation sets produced at each k are combined with the source texts of D21 to optimise the adjudication
program Φ

(k)
Adj , and k for adjudication is selected on D22.

4 Methodology

The fine-grained opinion annotation pipeline has
multiple stages: (i) Preparing and evaluating LLM-
specific prompts, (ii) Redundant Opinion annota-
tion using multiple LLMs, and (iii) Annotation
adjudication using an LLM to create collaborative
opinion annotations. In addition, we implement
rule-based voting aggregators (Section 4.2.1) that
serve as baselines against which the LLM-based
adjudication is compared.

4.1 Problem Definition

On a conceptual level, the process of annotating
opinions using the fine-grained opinion formula-
tions involves identifying a set of opinions ex-
pressed in the input text Ti. As with human anno-
tators, the process generates multiple annotations
for the same input Ti, followed by adjudication
that resolves disagreements between annotators to
produce final annotations. These steps can be for-
malised as:

LLM as opinion annotators. Given the input
text Ti from corpora T , our objective is to extract
all expressed opinions Oi = {o1, o2, ..on}. The
elements of single opinion (oj) is task dependant:

• ASTE opinions are formulated as the triple
oj = (at, s, op), where at is the aspect term, s
is the sentiment and op is the opinion term.

• ACOS opinions are quadruples oj =
(at, s, op, ac), where at, s and op encode simi-
lar concepts as ASTE and ac is aspect category
made up of entity E and attribute A (expressed
as E#A).

The LLM-driven annotation pipeline maps input

corpora T to Ok using k LLM-based annotators.

Opinion Adjudication. We evaluate two main
strategies for opinion adjudication:

• LLM-Based Adjudication (AdjLLM): LLM-
based adjudication to merge opinion sets
(O1, . . . ,Ok) produced by k annotators
given the source text T : AdjLLM :
(T ,O1, . . . ,Ok) → O. This formulation is
analogous to stacking (Wolpert, 1992) in en-
semble learning.

• Voting Adjudication Baselines (Vot):
Rule-based counterparts AdjLLMthat
operate strictly on the annotation sets:
Vot : (O1, . . . ,Ok) → O Retain opinions
supported by a minimum annotator threshold
(Section 4.2.1) and are used for benchmarking
purposes.

4.2 Declarative Annotation and Adjudication
Pipeline

We structure the generation and adjudication steps
into a multi-stage declarative pipeline powered by
a DSPy program. Both the annotation and adjudi-
cation stages rely on the MIPROv2 prompt opti-
miser to systematically refine the instructions and
in-context examples (Opsahl-Ong et al., 2024). The
pipeline is trained and evaluated across two data
splits: D1 (the first half of the development set)
and D2 (the second half of the development set).

Pipeline stages The pipeline is optimised in three
stages, illustrated in Figure 1: (i) MIPROv2 opti-
mises the annotation program ΦA on D1 at three
few-shot levels, k ∈ {5, 10, 15}, yielding one opti-
mised program per In-Context exemplar. (ii) These
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programs are applied to the unseen texts of D2, gen-
erating redundant candidate sets {OP1

i ,OP2
i ,OP3

i }
for each input. The annotation exemplar count (k)
and the optimised program to be retained are se-
lected here, by F1 against gold. (iii) D2 is then
divided in two: the adjudicator Φ(k)

Adj is optimised
with MIPROv2 on the candidate sets of D21, while
its own exemplar count is selected on D22, which
later supplies the confidence mapping of Section 8.
The adjudicator performs a joint extraction condi-
tioned on the source text and the candidate sets,
emitting the full annotation set in a single pass
rather than selecting among candidates element
by element. Both selection steps are analogous to
hyperparameter search on a development set; all
results reported in Sections 6 and 7 are computed
exclusively on held-out test splits.

4.2.1 Voting Adjudication
We propose two rule-based voting aggregators as
adjudication performance baselines (pseudocode
in Algorithm 1 and 2, Appendix C):

In brief, tuple-level voting votes over whole
annotator tuples, grouped either by exact match-
ing of normalised keys or by flexible matching
over span overlap, retaining clusters supported by
at least θ annotators, making the required degree
of consensus an explicit, tunable policy choice;
element-wise voting aligns tuples across annota-
tors and sets each field independently by major-
ity vote, allowing it to recombine fields from dif-
ferent annotators without introducing unproposed
elements. Full descriptions and pseudocode are
provided in Appendix C.

5 Experimental Setup

Model Configuration In our experiments, we
used models of three different sizes: mini (4B pa-
rameters), small (14B parameters), and medium
(32B parameters), with three distinct LLMs per
scale (Table 2).
Ann. Mini (∼4B) Small (∼14B) Med (∼30B)

A1 Qwen3-4B-Thinking Qwen3-14B Qwen3-30B-A3B-
Thinking

A2 MiniCPM3-4B gpt-oss-20b† DeepSeek-R1-Distill-
Qwen-32B

A3 Phi-4-mini-reasoning DeepSeek-R1-Distill-
Qwen-14B

gpt-oss-20b†

Table 2: LLMs used as annotators. †Used with both
Small and Med.

For each model, we identify its optimal con-
figuration by validating performance at k ∈
{5, 10, 15} on the D2 split; models are then ranked

as A1,A2, and A3 based on these F1 validation
scores.2 The LLM assigned to A1 is also se-
lected for the adjudication stage because of its
demonstrated efficacy on the annotation task. The
adjudication process is analogous to appointing
a high-performing human annotator as adjudica-
tor (Hovy and Lavid, 2010). To achieve this, we
train a separate DSPy program and then optimise
via MIPROv2, obtaining Adj. This two-stage ap-
proach ensures that, while the redundant annota-
tions are generated by a diverse ensemble, the final
synthesis is performed by the most capable model
in the tier, using a prompt specifically optimised to
resolve inter-model disagreements. However, while
distinct pipelines with different DSPy programs
are utilised, this selection criterion for adjudica-
tion might introduce cases of self-selection bias,
mirroring the inherent challenges of the traditional
annotation-adjudication design that motivated our
architecture.

Hardware and cost All experiments ran on a
single NVIDIA A40, with vLLM (Kwon et al.,
2023) serving each model; hyperparameters are
constant across models, with generated output
length 16384 and temperature 0. Individual runs
are therefore near-deterministic, and we rely on
consistency across model scales, tasks and datasets
together with the paired bootstrap tests of Ap-
pendix H. Annotation costs $0.017–$0.036 per sen-
tence, 15–30× below the £0.41 (≈ $0.55) reported
for a single crowd-sourced ABSA pass (Donhauser
et al., 2026), while providing three-fold redun-
dancy.(More latency and throughput figures are
in Appendix E.4.)

Evaluation Because exact-match metrics are no-
toriously stringent for combinatorial tasks requir-
ing joint span, category, and sentiment alignment
(Barnes et al., 2021), we supplement standard
evaluation with granular diagnostics. Specifically,
we measure reference-based performance using
exact-match, element-wise, and pairwise F1 scores
against ground-truth labels to isolate boundary ver-
sus relational errors. In tandem, we measure an-
notator consensus via Inter-Annotator Agreement
(IAA) on span co-extractions to evaluate agreement
among LLMs before adjudication.

Baselines We benchmark against published re-
sults for three standard SFT paradigms (sequence

2dspy artefacts: https://github.com/
ANON-1331/anon-repo-annotation-opinion
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tagging (Xu et al., 2020), grid-based span labeling
(Wu et al., 2020), and generation (Yan et al., 2021)),
(rule-based) Double-Propagation (Qiu et al., 2011),
and UnifiedABSA (Wang et al., 2024) (a multi-
task supervised baseline trained on annotations
across all ABSA tasks, contrasting our training-
free approach). Additionally, the rule-based vot-
ing aggregators from Section 4.2.1 (Adj(V ot=),
Adj(V ot≈), and Adj(V otel) with θ = 2/3) serve
as rule-based baselines against our LLM adjudica-
tor Adj(A1).

6 Results

Triplet (ASTE) and quadruplet (ACOS) F1 scores
are separately reported against human gold refer-
ences on held-out SemEval test splits. To evaluate
aggregation gains, paired bootstrap tests are con-
ducted (Appendix H) .

6.1 Comparison with Supervised Baselines

Inference-time adaptation trails supervised SFT on
both tasks, but the margin diverges sharply between
them. On ASTE the gap is domain-dependent: on
Lap14 supervised models lead decisively (Unified-
ABSA at 62.45% and BARTABSA at 58.69%F1, vs.
47.77% for Med Adj(V ot=)), whereas across the
restaurant datasets it closes considerably: on Res15,
Medium Adj(V ot=) (64.04%) outperforms even
the fine-tuned UnifiedABSA (63.25%) without pa-
rameter updates, while Res16 exhibits a small mar-
gin (70.91% Mini Adj(V ot=) vs. 72.10%) and
Res14 a moderate one (69.27% Med Adj(A1) vs.
73.22%). Each domain-best result yields statis-
tically significant improvements over individual
annotators (p < 0.05, marked ∗/+), highlighting
strong inference-time lead generalisation.

On ACOS no such convergence occurs: Unified-
ABSA (42.58% on Laptop and 60.60% on Restau-
rant) and BART-CRN (38.32% and 48.90%) retain
a clear lead. Unlike SFT baselines optimised di-
rectly on task-specific training data, inference-time
methods cannot rely on the learnt dataset specific
likelihoods, and two properties specific to quadru-
ples widen the gap further: (i) implicit opinions
and aspects, since the model must first decide
whether an aspect or opinion is explicit or implicit
before mapping it to a category; and (ii) search-
space complexity, as the Laptop taxonomy spans
112 categories and yields a best F1 of only 18.66%,
whereas Restaurant, with 12 categories, presents
a much simpler classification task and reaches a
competitive 39.98%.

Model
ASTE (F1) ACOS (F1)

Lap14 Res14 Res15 Res16 Laptop Rest.

SF
T

JET 51.04 62.40 57.53 63.83 – –
GTS 54.58 70.20 58.67 67.58 – –
BARTABSA 58.69 65.25 59.26 67.62 – –
JET-ACOS – – – – 23.81 39.01
Extract-classify – – – – 35.80 44.61
BART-CRN – – – – 38.32 48.90
UnifiedABSA 62.45 73.22 63.25 72.10 42.58 60.60

Double-Prop. – – – – 08.00 21.04

M
in

i

A1 43.15 63.86 55.11 66.36 13.07 30.31
A2 35.95 57.31 47.61 59.01 12.12 21.39
A3 23.59 38.53 34.68 45.34 01.58 05.18

Adj(V ot≈) 39.91+ 61.29+ 52.53+ 66.85+ 9.21 26.19+

Adj(V ot=) 43.54+ 64.73+ 56.21+ 70.91∗ 10.33 25.54+

Adj(V otel) 41.10+ 63.81+ 52.88+ 66.97+ 13.18 28.79+

Adj(A1) 45.69∗ 67.64∗ 58.18∗ 67.89+ 16.18∗ 31.63+

Sm
al

l

A1 44.93 63.42 60.28 64.99 09.69 21.36
A2 41.08 60.06 53.96 58.98 07.66 22.92
A3 32.95 57.42 50.56 62.44 06.70 15.73

Adj(V ot≈) 42.82 63.84+ 57.03+ 65.51 9.00 24.13+

Adj(V ot=) 45.03+ 66.02∗ 59.53+ 64.63+ 8.15 25.12+

Adj(V otel) 42.06 63.79+ 57.46+ 64.61 08.78 24.13+

Adj(A1) 40.24 61.65 56.38 62.69 10.92∗ 29.65∗

M
ed

A1 45.64 68.67 61.98 65.37 15.75 28.41
A2 43.49 62.46 60.26 63.04 09.78 17.47
A3 41.08 60.06 53.96 58.98 07.66 22.92

Adj(V ot≈) 44.83 66.69+ 61.29 63.83 11.93+ 23.81
Adj(V ot=) 47.77+ 68.99+ 64.04+ 64.63 12.06+ 27.28+

Adj(V otel) 46.36 66.57+ 61.41 62.43 12.90+ 27.31+

Adj(A1) 46.81 69.27+ 62.51 67.14+ 18.66∗ 39.98∗

Table 3: Overall F1 scores for LLM-based annotators
and adjudication on ASTE (triplets) and ACOS (quadru-
ples). ∗/+ mark significant improvements over all three
/ at least two individual annotators (p < 0.05, Ap-
pendix H). Bold marks the best overall score per dataset;
italics the best among inference-time methods. Com-
plete results with precision and recall, and baseline ref-
erences, are given in Tables 18 and 17 (Appendix F).

6.2 Scaling and Adjudication Gains

Both tasks peak at the Med tier, where LLM ad-
judication Adj(A1) generally improves upon the
best individual annotator (A1). Reported absolute
gains Adj(A1) and F1 gains over A1 across the
four datasets of +2.54/3.78/3.07/1.53% for Mini
models, and +1.17/0.60/0.53/1.77% for Medium
models.

The observed non-monotonic decrease in perfor-
mance for the ASTE Small tier (Qwen3-14B) is
attributable to the adjudicator model rather than
annotation quality, since exact voting (V ot=) con-
tinues to outperform A1 (66.02% vs. 63.42% on
Res14). This outcome may be explained by the
lack of long-chain reasoning ("thinking") states in
the Small model, which are present in the Mini
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and Med models (Guo et al., 2025). Supporting
this hypothesis, substituting the 14B model with
a reasoning-distilled Qwen3-4B-Thinking adjudi-
cator partially restores performance (see Table 8,
Appendix B).

LLM vs. Voting Adjudication. Both adjudica-
tion families show clear precision-recall trade-offs.
Exact matching (V ot=) prioritizes precision by dis-
carding non-verbatim tuples (ASTE: 75.00% on
Mini Res16, 57.09% vs. 42.34% for A1 on Lap14;
ACOS: 59.36% Res, 32.57% Lap at Mini), while
V ot≈ and V otel recover recall (ASTE: 48.24% on
Med Lap14; ACOS: 27.18% vs. 16.27% on Mini
Res).

Comparing Adj(A1) against the top voting base-
line separates the two tasks cleanly. On ASTE,
V ot= and Adj(A1) are closely matched, split 7
to 5 across 12 cells (V ot= is best performing
all four Small, Lap14/Res15 Med, Res16 Mini;
Adj(A1) stays ahead on Lap14/Res14/Res15 Mini,
Res14/Res16 Med). Margins remain under 4.80
points (67.49 vs. 62.69 on Small Res16) and under
1 point on Med Lap14/Res14. On ACOS, Adj(A1)
dominates all 6 cells by +1.92 (Small Lap: 10.92
vs. 9.00) to +12.67 points (Med Res: 39.98 vs.
27.31). Exact voting is best performing only on 1
cell vs. 4 for V otel) due to quadruple recall col-
lapse (8.13% Med Lap; 19.43% Med Res), show-
ing adjudication gains scale directly with relational
complexity.

7 Analysis

The element-wise and pairwise decomposition of
triplet and quadruple evaluations, detailed in Ta-
bles 19 and 20 (Appendices G), reveals a consistent
pattern across both tasks. Alignment with human
annotations measured is strong at the individual
span level but degrades systematically as relational
complexity increases.
Performance Hierarchy and Label Alignment:
Across both tasks, sentiment polarity (s) consis-
tently exhibits the highest alignment with human
annotations, approaching, and in some settings
exceeding, 90% F1. Aspect term (at) and opin-
ion term (op) spans show lower, yet promising F1
scores reaching up to ∼ 80% post-adjudication at
medium scale. Performance declines predictably
as models are required to identify interdependent
structures. In the ASTE task (Table 19), while
assigning the correct polarity to an aspect (s&at)
is more challenging than individual labelling, the

most degrading bottleneck appears to be at&op
identification, i.e. the process of correctly linking
an opinion span to its specific target.

Domain Disparity and Complexity We observe
a pronounced domain disparity in the ACOS task,
particularly on laptops where untuned performance
lags due to aspect-category (ac) prediction. Specif-
ically, ac alignment reaches only 36.30% on Med
Laptop versus 54.91% on Restaurant, maintaining
an 18-25 point gap across scales. Across both do-
mains (Table 20), degradation is highest for pair-
ings involving ac: at Med Laptop, the lowest pairs
are op&ac (22.61%), at&ac (25.95%), and s&ac
(33.35%), all trailing at&op (39.57%). Addition-
ally, opinion-span scores fall well below ASTE
counterparts (55.29% on Med Laptop vs. 72.73%
on Med Lap14) as implicit elements require explicit
None labelling during quadruple annotation.

Adjudication Effects and Mechanism The
LLM adjudicator (Adj(A1)) mitigates annotator
noise and improves multi-element alignment across
most settings for e.g., ASTE Lap14 Mini at&op
alignment rises from 48.67% (A1) to 52.62%, and
ACOS Res Med op&ac jumps from 37.66% to
48.85% (Table 19, 20). Conversely, exact voting
(V ot=) struggles with complex interdependencies,
dropping Laptop Med sentiment alignment from
89.86% (A1) to 54.41%. To explain these dynam-
ics, we categorise emitted tuples into copy (ver-
batim candidate tuple), recombination (novel mix
of candidate elements), and generation (contains
novel elements from the source text).

Task Scale V otel Adj(A1)

ASTE
Mini 2.4 (42) 18.4 (158)
Small 0.0 (23) 0.0 (48)
Med 0.0 (19) 9.6 (115)

ACOS
Mini 6.9 (159) 15.8 (481)
Small 2.4 (169) 6.3 (495)
Med 3.5 (198) 13.4 (1002)

Table 4: Precision (%) of non-copy output, i.e., the
tuples matching no annotator tuple verbatim with bucket
size in parentheses.

While exact/flexible copies verbatim and element-
wise voting (V otel) offer limited recombination (≤
10%), the LLM adjudicator Adj(A1) uniquely en-
ables generation by re-reading the source text. Con-
sequently, ASTE outputs remain overwhelmingly
copies (94–98%), whereas higher-dimensional
Med ACOS shifts heavily to recombination (14%)
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and generation (33%, leaving 53% copies, Ap-
pendix D). Crucially, when departing from verba-
tim copying, the LLM adjudicator emits far more
non-copy tuples than V otel (1002 vs 198 on Med
ACOS) with substantially higher accuracy, outper-
forming V otel by 2.3–7.7× where V otel ever suc-
ceeds, and 9.6% vs 0% on Med ASTE (Table 4).

7.1 Inter-Annotator Agreement of
LLM-Based Annotators

Data Scale at op ac at&s op&s

ASTE (triplets)

lap14
Mini 0.6125 0.49 – 0.59 0.46
Small 0.73 0.66 – 0.72 0.66
Med 0.75 0.69 – 0.75 0.69

res14
Mini 0.70 0.61 – 0.68 0.59
Small 0.79 0.74 – 0.78 0.74
Med 0.82 0.77 – 0.80 0.77

res15
Mini 0.70 0.57 – 0.67 0.54
Small 0.81 0.72 – 0.80 0.71
Med 0.84 0.75 – 0.82 0.74

res16
Mini 0.72 0.63 – 0.69 0.60
Small 0.79 0.77 – 0.78 0.75
Med 0.82 0.79 – 0.81 0.78

ACOS (quadruples)

laptop
Mini 0.60 0.37 0.22 0.58 0.37
Small 0.70 0.65 0.31 0.69 0.65
Med 0.70 0.64 0.33 0.69 0.64

restaurant
Mini 0.61 0.41 0.41 0.59 0.40
Small 0.73 0.64 0.49 0.71 0.64
Med 0.71 0.65 0.50 0.69 0.64

Table 5: Krippendorff-α inter-annotator agreement
among the three LLM annotators, before adjudication
(at: aspect term, op: opinion span, ac: aspect category,
at&s/op&s: span with sentiment). ac applies to ACOS
only. Shading marks: low (α < 0.667) and high
(α ≥ 0.80) reliability.

While joint evaluation shows promising ASTE re-
sults (Table 3), ACOS performance (Table 3) indi-
cates that LLMs cannot yet perform complex anno-
tation independently. However, element-wise anal-
ysis (Tables 19 and 20) reveals strong span-level
potential. To assess this further for annotation reli-
ability, we report pre-adjudication Inter-Annotator
Agreement (IAA) using Krippendorff’s α (Table 5).
These agreement metrics reveal that reliability for
ASTE increases with model parameter size, with
triplet span elements approaching highly reliable
levels. Conversely, this trend is notably weaker
for ACOS, where quadruple elements plateau at
moderately reliable levels at best. A detailed error
analysis is provided in Appendix 9.

8 Uncertainty Estimation and Utilisation

The agreement scores in Section 7.1 are reported
for the entire test-split annotations produced by
the LLM-annotation pipeline. In this section, we
investigate whether disagreement is informative
per item. Let a tuple’s support s ∈ {0, . . . , 3}
be the number of annotators who independently
propose it, and let agreei be the mean pairwise
F1 among the three annotator sets for sentence
i. Importantly, this measure quantifies uncertainty
and is reference-free, i.e., it does not require human-
annotated references.

Support orders correctness, but is scarce for
quadruples Precision rises monotonically with
support for both tasks at every scale (Figure 2a): on
ASTE Small from 0.00 at s=0 to 0.79 at s=3, and
on ACOS Med from 0.13 to 0.68. How much out-
put actually reaches high support, however, differs
sharply. Unanimity accounts for 33.7-56.7% of
ASTE output but only 1.7-7.5% of ACOS output:
33, 153, and 115 tuples at Mini, Small, and Med.
The high-confidence region that makes agreement
actionable for triplets barely exists for quadruples:
the same scarcity that leaves a fixed voting thresh-
old little to select, and hence why re-reading the
source outperforms counting votes there.

Recalibrated support transfers across splits
Expected calibration error (Guo et al., 2017)
weights each support level by its share of the out-
put, but it is only as meaningful as the confidence
estimate ĉ it is measured against. Consider the
formula:

ECE =
∑

s

ns

N

∣∣P (correct | s)− ĉ(s)
∣∣, (1)

We use the vote share for confidence estimation,
defining ĉ(s) = s/3 for our M=3 annotators, a
cross-model counterpart of the sample frequency
underlying self-consistency. However, this mis-
fits by construction: it asserts absolute certainty
at s=3 (though true accuracy is 50-85%) and
impossibility at s=0 (though accuracy reaches
18%). We therefore estimate ĉ from data, setting
ĉ(s) = PD22(correct | s) on D22 (disjoint from the
D21 split on which the adjudicator was optimised),
freezing it, and evaluating on the held-out test splits,
since fitting and evaluating on one split is circular.
The mapping transfers: ECE falls from 0.162 to
0.073 pooled by task and scale, improving in 15 of
the 18 domain and scale settings (Appendix E).

A calibrated support value converts a count into
an estimated probability of correctness, so once the
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Figure 2: Disagreement as an uncertainty signal at two granularities. (a) Bars indicate P (correct | s) per support
level s (bucket sizes annotated). Dashed and solid lines denote nominal (s/3) and calibrated (from D22) confidences.
Precision increases monotonically with support across all six task×scale cells. Unanimity is frequent for ASTE
(n=893/1419/1563 at Mini/Small/Med) but rare for ACOS (n=33/153/115). The fitted mapping corrects the
nominal mapping’s forced boundary constraints (0 at s=0; 1 at s=3), halving average expected calibration error
(ECE) from 16.2 to 7.3. Bucket-wise ECE (nominal→fitted for Mini/Small/Med) is: ASTE (7.7→8.5, 22.9→7.9,
19.1→6.8); ACOS (15.3→2.1, 20.8→11.8, 11.1→6.8). ASTE Mini’s slight regression stems from a coincidentally
strong nominal baseline. (b) Sentences are ranked by mean pairwise agreement. Withholding the least-agreed 50%
boosts micro-F1 on the remainder by 13.8–20.7 points for ASTE vs. 5.9–7.4 for ACOS.

mapping is fitted, a precision target can be set on
new, unlabelled data. Since D22 also selected k,
the fitted values may be slightly optimistic, though
the adjudicator itself never saw this data during
optimisation.

Disagreement as a Deferral Signal At the sen-
tence level, agreement (agreei) correlates with ad-
judicated output quality across all scales. How-
ever, the two tasks occupy starkly different regimes:
agreement is a moderately strong triage signal for
ASTE triplets (ρ = 0.43–0.58) but a weak one for
ACOS quadruples (ρ = 0.26–0.34, all p < 10−22;
details in Appendix E.2). This divergence is clear
during triage. Withholding the lowest-agreement
half of the data raises ASTE micro-F1 by 13.8 to
20.7 points (Small: 56.4 → 77.0), whereas ACOS
gains only 5.9 to 7.4 points and plateaus below
30% deferral (Figure 2b). Ultimately, disagree-
ment can effectively drive a human-LLM division
of labour by routing difficult sentences to humans
while retaining the rest for automated adjudication.
Paralleling Khurana et al. (2024), who use worker
disagreement for model abstention, we replace ab-
stention with human delegation. Notably, this strat-
egy is far more effective for opinion triplets (ASTE)
than opinion quadruples (ACOS).

9 Error Analysis

Failure modes fall into four categories: (i) opinion–
target mislinking (at&op), (ii) category misassign-
ment (ac), (iii) implicit-element errors, and (iv)
span-boundary divergence. Unlike tuple-level pre-
scribed metrics that obscure these granular errors,
element-reorganising methods expose them (Ta-
bles 19, 20).

Table 6 highlights how inherent task subjec-
tivity and framing drive these failure modes. In
ACOS, plausible category shifts (e.g., Gold’s lap-
top#op_perf vs A1’s lap#general) are partial mis-
alignments that Exact Match F1 conflates with total
failure. Similarly in ASTE (“It arrived so fast...”),
annotators extract implicit targets like “delivery”
or “arrival” that are absent from the text; while
semantically accurate, these violate strict explicit-
span conventions and are penalised as hallucina-
tions. This reveals both the promise and the limita-
tions of LLM-based adjudication. On one hand, its
ability to recombine and generate elements allows
it to capture human labelling dynamics better than
rigid voting mechanisms. On the other hand, this
flexibility becomes a drawback when task guide-
lines strictly forbid extracting terms anchored out-
side the text.
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[ACOS] Sentence: this computer is great for playing videos in a classroom setting of 10 people , connecting to an hdmi tv
to show videos and powerpoints , and has a fantastic battery life .

Gold: A1: A2: A3:

s: Positive
at: computer
ac: laptop#op_perf
op: great

s: Positive
at: battery life
ac: battery#quality
op: fantastic

s: Positive
at: computer
ac: lap#general
op: great

s: Positive
at: battery life
ac: lap#portability
op: fantastic

s: Positive
at: computer
ac: mul_device#op_perf
op: great

s: Positive
at: battery life
ac: lap#portability
op: fantastic

s: Positive
at: computer
ac: lap#connectivity
op: great

s: Positive
at: computer
ac: cpu#general
op: great

s: Positive
at: hdmi tv
ac: port#connectivity
op: NULL

s: Positive
at: battery life
ac: battery#quality
op: fantastic

Adj(V otel): Adj(V≈): Adj(V=): Adj(A1):
s: Positive
at: computer
ac: lap#general
op: great

s: Positive
at: battery life
ac: lap#portability
op: fantastic

s: Positive
at: computer
ac: lap#general
op: great

s: Positive
at: battery life
ac: lap#portability
op: fantastic

s: Positive
at: computer
ac: lap#op_perf
op: great

s: Positive
at: battery life
ac: battery#quality
op: fantastic

[ASTE] Sentence: It arrived so fast and customer service was great .

Gold: A1: A2: A3:

s: Positive
at: customer service
op: great

s: Positive
at: delivery
op: fast

s: Positive
at: customer service
op: great

s: Positive
at: arrival
op: fast

s: Positive
at: customer service
op: great

s: Positive
at: customer service
op: great

s: Negative
at: price
op: arrived so fast

Adj(V otel): Adj(V≈): Adj(V=): Adj(A1):
s: Positive
at: delivery
op: fast

s: Positive
at: customer service
op: great

s: Positive
at: customer service
op: great

s: Positive
at: customer service
op: great

s: Positive
at: delivery
op: fast

s: Positive
at: customer service
op: great

Table 6: Qualitative error analysis of ACOS cells display the tuple (s: sentiment, at: aspect term, ac: aspect
category, op: opinion span). ASTE rows omit the category field. NULL indicates an implicit element. Incorrect and
hallucinated entries are highlighted relative to the Gold annotation.

10 Conclusion

This work introduces a declarative LLM-based
opinion-annotation pipeline and an adjudication
method for resolving disagreement between anno-
tators. Evaluation across three model scales against
human-annotated ground truth reveals a bifurca-
tion in performance: LLMs accurately detect in-
dividual spans reliably. However, their structural
fidelity declines notably as relational complexity in-
creases. When benchmarked against exact, flexible,
and element-wise voting methods, the LLM adju-
dicator matches strict consensus on ASTE triplets
yet is the only method that consistently improves
ACOS quadruples, since it is the only approach
that re-examines the source text. Therefore, the
optimal aggregation strategy depends on relational

complexity. Furthermore, disagreement is predic-
tive: tuple support orders correctness and, once
recalibrated, can be transferred as a confidence esti-
mate. Sentence-level disagreement identifies likely
failures, enabling contested sentences to be routed
to human annotators rather than accepting or reject-
ing the pipeline in its entirety. At current capability
levels, the pipeline therefore provides reliable span
and span-sentiment annotations, supporting its use
as a high-fidelity pre-annotation assistant and data
augmentation tool, rather than as a stand-alone re-
placement for human annotators.

Limitations

Several limitations warrant consideration, start-
ing with our use of model quantisation to deploy
large-scale models on consumer-grade hardware,
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specifically the 32B variants. While this approach
ensures computational efficiency, it may intro-
duce subtle reasoning trade-offs that increase fric-
tion in faithfully reproducing relational structures.
Secondly, the pipeline’s declarative method with
inference-time adaptation is theoretically domain-
agnostic. However, our current assessment is lim-
ited to SemEval-derived review datasets from the
laptop and restaurant domains. Consequently, the
pipeline’s robustness on more complex or novel
unannotated corpora remains a subject for fu-
ture research. Finally, the process is not strictly
annotation-free, as it relies on a small number of
in-context learning examples (k ∈ {5, 10, 15}).
While our method is resource-efficient as it does
not require fine-tuning or parametrised optimisa-
tion, it still requires a modest foundation of high-
quality human labels (at least 5-15 examples) to
automatically synthesise prompts.

More fundamentally, an emerging line of work
questions whether subjective tasks should be ag-
gregated to a consensus at all, arguing instead that
full annotation distributions should be retained and
modelled directly (Plank, 2022; Leonardelli et al.,
2023). Extending our pipeline to preserve rather
than resolve disagreement remains for future work.
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A Dataset Details

Sentiment

+polarity : type =
 Literal(pos, neg, neu)

ASTE

ACOS

Category 
+entity : type = str

+attribute: type= str

Opinion

+opinion_span: 
type = str

Aspect

+aspect_term: type 
= str

Figure 3: ACOS & ASTE Specifications

Because fine-tuning LLMs is not an objective of
our annotation pipeline, we do not utilise training
splits. Instead, we use the development split to pro-
vide In-context Learning (ICL) examples, which
are included in the optimised prompt. The test
splits remain unchanged, allowing us to evaluate
performance across multiple LLMs in our experi-
ments. The schema in Figure 3 illustrates the rela-
tionship between the two formulations we explore
in this work.

ACOS

Input “I have eaten here three times and have found the
quality and variety of the fish to be excellent”

Output (quality, excellent, Pos, food#quality)
(variety, excellent, Pos, food#style)

ASTE

Input “moules were excellent, lobster ravioli was very
salty.”

Output (moules, excellent, Pos)
(lobster ravioli, salty, Neg)

Table 7: Fine-Grained Opinion Examples

• ASTE: Aspect Sentiment Triple Extraction
(ASTE) falls under the umbrella of ABSA
tasks. Proposed by (Peng et al., 2020), it is a
task for extracting opinion triplets, thus provid-
ing one-shot answer to: What target is being
discussed, How is the sentiment (e.g. positive)
and Why is this sentiment (e.g. “excellent”).

• ACOS: This specification Aspect-Category-
Opinion-Sentiment(ACOS) Quadruple Extrac-
tion, to extract aspect, aspect category, opinion
and sentiment as quadruples in text and pro-
vide full support for aspect-based sentiment
analysis with implicit aspects and opinions

3. The primary focus of this formulation is
the fine-grained analysis of the opinion target.
This task is more challenging than ASTE be-
cause it not only adds a category on top of
the existing opinion triplet, but also takes into
account implicit cases (i.e. missing explicit as-
pect terms or opinion spans) (Cai et al., 2021).

B Small-Tier Adjudicator Ablation

Table 8: Small-tier adjudicator ablation on ASTE (P / R
/ F1).

Dataset Qwen3-14B Qwen3-4B-Thinking

Lap14 38.89 / 41.77 / 40.24 43.36 / 43.20 / 43.28
Res14 59.13 / 64.38 / 61.65 65.66 / 67.28 / 66.46
Res15 50.66 / 63.56 / 56.38 55.55 / 65.08 / 59.94
Res16 57.01 / 69.64 / 62.69 61.48 / 72.37 / 66.48

C Voting Adjudication Algorithms

Algorithm 1 presents the tuple-level and element-
wise voting aggregators described in Section 4.2.1.
tuple-level Voting: Illustrated in Algorithm 1,
this method votes over the global set of annotator–
tuple pairs X =

⋃M
i=1{(i, e)} across M annota-

tors using two matching variants: (i) exact match-
ing, which groups tuples with identical normalised
keys (including the aspect category for ACOS
quadruples), and (ii) flexible matching, which han-
dles span discrepancies via an undirected graph
G = (X,E). An edge connects (i, ea) and (j, eb)
iff sa = sb and both target and opinion spans over-
lap (W (ta) ∩W (tb) ̸= ∅ ∧W (oa) ∩W (ob) ̸= ∅).
Implicit (null) spans map to a unique token to pre-
vent matching explicit spans. Using Union-Find,
we extract connected components as clusters C and
discard those supported by fewer than θ unique
voters (|{i | (i, e) ∈ C}| < θ). For each surviving
cluster C, the majority surface form e∗ is selected
as representative, breaking frequency ties by the
longest explicit opinion span. Element-Wise Vot-
ing: Illustrated in Algorithm 2, this method oper-
ates on individual tuple fields rather than whole
tuples. Tuples are aligned greedy-style (strongest
alignment first, max one tuple per annotator) if
≥ 50% of fields agree and either an explicit span
overlaps or the tuples are identical. Each aligned
cluster emits a single tuple whose fields are inde-
pendently set by majority vote, breaking ties by

3Opinion in ACOS task refers to the span that expresses
sentiment.
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In: {A1, . . . , AM}, ∼∈{exact, flex}, θ
Out: consensus set Y

1. X ← ⋃
i{(i, e) : e ∈ Ai}

2. if ∼ exact then
3. C ← partition X by norm(e)
4. else
5. C ← Components on span overlap
6. Y ← ∅
7. for each C ∈ C do
8. if |{i : (i, e) ∈ C}| ≥ θ then
9. e∗←argmaxu(freq(u), len)
10. Y ← Y ∪ {e∗}
11.return Y

Alg 1: tuple-level voting groups full tuples via exact or
flexible matching.

highest annotator rank then longest surface form.
Unlike tuple-level voting, this variant can recom-
bine fields from different annotators, though it
never introduces unproposed elements.

In: {A1, . . . , AM} over fields F ; θ
Out: consensus set Y

1. X ← ⋃
i{(i, e) : e ∈ Ai}

2. E ← {(a, b) : ann(a) ̸= ann(b),
3. AGREE(ea, eb)}
4. C ← Components(X,E), greedy,
5. ≤ 1 tuple/annotator
6. Y ← ∅
7. for each C ∈ C do
8. if |{i : (i, e) ∈ C}| ≥ θ then
9. e∗[f ]← MAJf (C), ∀f ∈F
10. Y ← Y ∪ {e∗}
11.return Y

Alg 2: Element-wise voting aligns tuples across shared
fields and constructs representative tuples field-by-field.

D Adjudication Mechanism: Full
Breakdown

Per-cell decomposition of each emitted tuple
into copy (match), recombination, and generation
(unique), with the correct count and the derived
generation share and synthesis-correct rate.

Full mechanism breakdown Per-cell
copy/recomb/generate counts with correct
totals and derived %gen and %correct-from-
synthesis, for the adjudicator and element-wise
voting.

E Calibration of support

Table 10 gives the per-bucket precision underly-
ing Figure 2(a) under exact matching. Precision is
monotone in support for both tasks at every scale;
the counts show how unevenly the high-support re-
gion is populated, with ACOS unanimity reaching
only 33–153 tuples.

Scale Method copy recomb gen Total

ASTE (3-element)

Med

Exact 2527 (1590) – – 2527100.0%

Flex 2713 (1588) – – 2713100.0%

Elem 2868 (1639) 19 (0) – 288799.3% 0.7%

LLM 2643 (1651) 17 (2) 98 (9) 275895.8% 0.6% 3.6%

Small

Exact 2392 (1494) – – 2392100.0%

Flex 2620 (1505) – – 2620100.0%

Elem 2805 (1555) 23 (0) – 282899.2% 0.8%

LLM 2834 (1522) 36 (0) 12 (0) 288298.3% 1.2% 0.4%

Mini

Exact 1976 (1354) – – 1976100.0%

Flex 2323 (1366) – – 2323100.0%

Elem 2711 (1515) 42 (1) – 275398.5% 1.5%

LLM 2492 (1553) 60 (12) 98 (17) 265094.0% 2.3% 3.7%

ACOS (4-element)

Med

Exact 792 (272) – – 792100.0%

Flex 1728 (325) – – 1728100.0%

Elem 1843 (387) 198 (7) – 204190.3% 9.7%

LLM 1133 (451) 291 (50) 711 (84) 213553.1% 13.6% 33.3%

Small

Exact 748 (225) – – 748100.0%

Flex 1613 (285) – – 1613100.0%

Elem 1761 (304) 169 (4) – 193091.2% 8.8%

LLM 1540 (360) 226 (11) 269 (20) 203575.7% 11.1% 13.2%

Mini

Exact 469 (220) – – 469100.0%

Flex 1437 (290) – – 1437100.0%

Elem 1806 (390) 159 (11) – 196591.9% 8.1%

LLM 1487 (387) 116 (23) 365 (53) 196875.6% 5.9% 18.5%

Table 9: Tuple output composition and correctness
for ASTE (3-element) and ACOS (4-element). For
each method, the upper row gives Total (Correct) and
the lower italic row gives that category’s share of the
method’s overall output. Exact and Flex cannot produce
recombined or unique tuples by construction; these cells
are marked “–”.

Task Scale s=0 s=1 s=2 s=3

ASTE
Mini .184 (158) .349 (770) .633 (829) .850 (893)
Small .000 (48) .111 (540) .390 (875) .790 (1419)
Med .096 (115) .330 (345) .434 (735) .779 (1563)

ACOS
Mini .158 (481) .184 (1168) .512 (285) .788 (33)
Small .063 (495) .150 (978) .333 (409) .503 (153)
Med .134 (1002) .317 (720) .487 (298) .678 (115)

Table 10: P (correct | s) with bucket size in parenthe-
ses, exact matching.
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Under flexible matching (Table 11) the order-
ing survives for ASTE but inverts for ACOS Mini
and Med between s=0 and s=1, since flexible sup-
port 0 isolates tuples no annotator matched even
loosely. Flexible agreement is also the weaker sig-
nal: for ASTE Mini it moves 46% more tuples into
the top bucket (1305 against 893) while precision
there falls from .850 to .765, because it admits ap-
proximate matches while correctness is still scored
exactly.

Task Scale s=0 s=1 s=2 s=3

ASTE
Mini .146 (48) .277 (473) .541 (824) .765 (1305)
Small .000 (7) .083 (289) .288 (652) .677 (1934)
Med .000 (16) .263 (99) .312 (551) .700 (2092)

ACOS
Mini .243 (136) .113 (551) .240 (574) .326 (706)
Small .026 (78) .072 (415) .119 (519) .290 (1023)
Med .172 (203) .127 (355) .215 (512) .371 (1065)

Table 11: P (correct | s) under flexible matching,
bucket size in parentheses.

Task Domain / Scale nominal fitted

ASTE

lap14 / Mini .105 .072
lap14 / Small .289 .147
lap14 / Med .262 .125
res14 / Mini .091 .142
res14 / Small .184 .040
res14 / Med .141 .035
res15 / Mini .122 .051
res15 / Small .261 .108
res15 / Med .220 .075
res16 / Mini .078 .086
res16 / Small .220 .066
res16 / Med .235 .099

ACOS

laptop / Mini .239 .108
laptop / Small .249 .178
laptop / Med .163 .067
restaurant / Mini .097 .115
restaurant / Small .152 .060
restaurant / Med .129 .122

Table 12: ECE per domain and scale; bold marks the
lower of the two.

E.1 Selective prediction over support

Thresholding on support turns the signal into an
emission rule: retain only tuples with s ≥ τ . The
existing V ot= aggregator at θ = 2/3 is one point
on this curve, at τ=2. Because abstention here
discards a tuple rather than deferring a decision,
raising τ costs recall as well as coverage—from
.63 to .30 on ASTE Mini, and from .22 to .01 on
ACOS Mini, where the high-precision corner cov-
ers almost nothing.

τ=3 τ=2 τ=1 τ=0

Task Scale cov P cov P cov P cov P

ASTE
Mini .34 .85 .65 .75 .94 .62 1.00 .60
Small .49 .79 .80 .64 .98 .54 1.00 .53
Med .57 .78 .83 .67 .96 .62 1.00 .60

ACOS
Mini .02 .79 .16 .54 .76 .26 1.00 .23
Small .07 .50 .28 .38 .76 .23 1.00 .19
Med .05 .68 .19 .54 .53 .40 1.00 .27

Table 13: Coverage and precision at each support thresh-
old over Adj(A1) output; τ=0 is unfiltered.

E.2 Sentence-level agreement
Spearman rank correlation between agreei and
F1(Oadj

i ,OG
i ), with 95% intervals from a sentence-

level bootstrap. The two tasks occupy different
regimes, the weakest ASTE value exceeding the
strongest ACOS one.

Task Scale ρ p 95% CI

ASTE
Mini 0.429 1.9×10−66 [0.386, 0.474]
Small 0.577 9.4×10−131 [0.534, 0.617]
Med 0.469 3.7×10−81 [0.421, 0.511]

ACOS
Mini 0.307 6.5×10−32 [0.254, 0.361]
Small 0.341 2.5×10−39 [0.287, 0.393]
Med 0.260 5.3×10−23 [0.206, 0.312]

Table 14: Sentence-level agreement versus adjudicated
output quality.

E.3 Agreement-based triage
Sentences are ranked by agreei and the lowest-
scoring fraction withheld; Table 15 reports micro-
F1 over the retained remainder. ASTE improves
steadily, while ACOS is near-flat below 30% and
non-monotone between 10% and 20% at Small and
Med, so deferral there pays only under substantial
human effort.

Task Scale 0% 10% 20% 30% 40% 50%

ASTE
Mini 61.3 63.7 68.1 71.5 73.5 75.1
Small 56.4 60.5 64.7 67.1 71.4 77.0
Med 62.8 66.3 68.7 71.1 75.6 78.3

ACOS
Mini 22.9 23.3 23.4 24.1 26.2 28.9
Small 19.0 19.9 19.5 21.5 23.8 26.4
Med 27.8 28.9 28.5 30.4 33.4 35.1

Table 15: Retained micro-F1 against deferral rate.

E.4 Latency and Throughput
Per-sentence latency was derived from
modification-timestamp gaps across 79 in-
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tact runs on a single NVIDIA A40 (48 GB).
Outliers (> Q3 + 1.5 × IQR; 1.5–9% of gaps)
were discarded as restart stalls. Timings are
pooled strictly within (task, model, step, shots)
groups, excluding small folders and sub-2 s
write-buffered runs, yielding ∼22.3k timed
annotations (Table 16), of which 12.7k cover the
models used in this work. Paired same-model rows
show ACOS consistently slower than ASTE at
equal shot settings (e.g. Qwen3-8B: 14.7–17.1 s
vs. 17.6–27.4 s), which is why the ACOS-only
annotator timings yield a conservative cost bound.
Few-shot prompting increases latency up to 2× for
large adjudicators (Qwen3-30B on ASTE: 28.9 s
zero-shot vs. 58.7 s 10-shot), with modest impact
on smaller models. Costs use July 2026 A40 rates
($0.29–$0.44/h; £1 ≈ $1.34).

Table 16: Per-sentence latency on an NVIDIA A40
across shot settings (per-group means and medians;
post-outlier file counts). Upper blocks underpin the
cost calculations in Section 5; the bottom block reports
supplementary runs used solely to establish relative task
speeds.DS=DeepSeek

Task Model Shots Sent. Mean (s) Med. (s)

Annotator passes (Table 2 models)

ACOS DS-R1-Distill-Qwen-32B 0/5/10/15 2,395 63.5–69.4 61.6–67.7
ACOS Qwen3-4B-Thinking 15 1,399 77.5 76.4

Reference runs, scale-matched
(not used in this work; task-ordering evidence only)

ASTE Qwen3-8B 0/5/10/15 3,104 14.7–17.1 12.3–14.2
ACOS Qwen3-8B 0/5/10/15 2,395 17.6–27.4 16.0–26.0
ASTE DS-R1-0528-Qwen3-8B 0/5/10/15 3,077 16.7–34.7 16.1–20.3
ACOS DS-R1-0528-Qwen3-8B 0/5/10/15 996 21.5–99.0 18.8–96.1

Adjudication passes (Table 2 models)

ASTE Qwen3-30B-A3B-Think 0/5/10/15 2,544 28.9–58.7 23.9–44.6
ASTE Qwen3-14B 5 326 25.4 19.6
ASTE Qwen3-4B-Thinking 5 1,461 45.9 39.2
ACOS Qwen3-30B-A3B-Think 5/10/15 1,840 24.9–27.0 20.6–25.0
ACOS Qwen3-14B 15 1,399 42.7 39.0
ACOS Qwen3-4B-Thinking 5 1,370 50.7 48.2

F Complete Annotation and Adjudication
Results

Tables 18 and 17 report the complete precision,
recall, and F1 scores summarised in Table 3.

G Element-Wise Assessment of ASTE
and ACOS

Table 19 reports the element-wise and pairwise
assessment of ASTE against the human annotations
discussed in Section 7. Similarly, Table 20 reports
the rigorous assessment of ACOS.

Model Laptop Restaurant

P / R / F1 P / R / F1

SF
T

JET-ACOS 44.52 / 16.25 / 23.81 59.81 / 28.94 / 39.01
Extract-classify 45.56 / 29.48 / 35.80 38.54 / 52.96 / 44.61
BART-CRN 48.16 / 31.83 / 38.32 50.84 / 47.10 / 48.90
UnifiedABSA - / - / 42.58 - / - / 60.60

In
fe

re
nc

e-
Ti

m
e

A
da

pt
at

io
n

Double-Propagation 13.04 / 05.70 / 08.00 34.67 / 15.08 / 21.04

Mini

A1 13.18 / 12.97 / 13.07 32.11 / 28.71 / 30.31
A2 11.65 / 12.63 / 12.12 21.27 / 21.51 / 21.39
A3 01.36 / 01.90 / 01.58 04.62 / 05.89 / 05.18

Adj(V ot≈) 10.94 / 7.96 / 9.21 33.22 / 21.62 / 26.19+

Adj(V ot=) 32.57 / 6.14 / 10.33 59.36 / 16.27 / 25.54+

Adj(V otel) 13.21 / 13.15 / 13.18 30.59 / 27.18 / 28.79+

Adj(A1) 16.44 / 15.92 / 16.18∗ 32.90 / 30.46 / 31.63+

Small

A1 09.78 / 09.60 / 09.69 22.67 / 20.19 / 21.36
A2 07.62 / 07.69 / 07.66 24.27 / 21.72 / 22.92
A3 06.92 / 06.49 / 06.70 16.88 / 14.74 / 15.73

Adj(V ot≈) 9.26 / 8.22 / 9.00 28.83 / 20.74 / 24.13+

Adj(V ot=) 16.94 / 5.36 / 8.15 42.67 / 17.79 / 25.12+

Adj(V otel) 08.91 / 08.65 / 08.78 25.74 / 22.71 / 24.13+

Adj(A1) 10.85 / 10.99 / 10.92∗ 30.52 / 28.82 / 29.65∗

Med

A1 15.77 / 15.74 / 15.75 29.37 / 27.51 / 28.41
A2 09.63 / 09.94 / 09.78 17.48 / 17.46 / 17.47
A3 07.62 / 07.69 / 07.66 24.27 / 21.72 / 22.92

Adj(V ot≈) 12.94 / 11.07 / 11.93+ 26.66 / 21.51 / 23.81
Adj(V ot=) 23.33 / 8.13 / 12.06+ 45.76 / 19.43 / 27.28+

Adj(V otel) 12.82 / 12.98 / 12.90+ 28.01 / 26.64 / 27.31+

Adj(A1) 17.99 / 19.38 / 18.66∗ 40.56 / 39.41 / 39.98∗

Table 17: LLM-based annotator performance on ACOS
(P/R/F1) using an inference-time adaptation method.
The baselines include a rule-based method (Qiu et al.,
2011), sequence-labelling methods JET-ACOS and
Extract-classify(Cai et al., 2021) and sequence-to-
sequence generation method (BART-CRN by (Xiong
et al., 2023)).

H Test For Statistical Significance

Tables 21 and 22 report paired-bootstrap compar-
isons of each aggregation method (Adj(V ot≈),
Adj(V ot=), Adj(V otel), and the LLM adjudica-
tor Adj(A1)) against each individual annotator A1–
A3. Each cell gives the mean F1 difference (ag-
gregated − individual, scaled to 0–100) with its
95% confidence interval and p-value; green shad-
ing marks a significant positive gain (p < 0.05).
Green highlights that the adjudication performance
is better than at least 2 of the individual annotators;
yellow highlights mark that the adjudication per-
formance is significantly better than all individual
annotators.
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Model Lap14 Res14 Res15 Res16

P / R / F1 P / R / F1 P / R / F1 P / R / F1

SF
T

JET 55.39 / 47.33 / 51.04 70.56 / 55.94 / 62.40 64.45 / 51.96 / 57.53 70.42 / 58.37 / 63.83
GTS 57.52 / 51.92 / 54.58 70.92 / 69.49 / 70.20 59.29 / 58.07 / 58.67 68.58 / 66.60 / 67.58

BARTABSA 61.41 / 56.19 / 58.69 65.52 / 64.99 / 65.25 59.14 / 59.38 / 59.26 66.60 / 68.68 / 67.62
UnifiedABSA - / - / 62.45 - / - / 73.22 - / - / 63.25 - / - / 72.10

In
fe

re
nc

e-
Ti

m
e

A
da

pt
at

io
n

Mini

A1 42.34 / 43.39 / 43.15 62.27 / 64.98 / 63.86 50.96 / 60.60 / 55.11 62.43 / 70.81 / 66.36
A2 34.05 / 38.08 / 35.95 54.71 / 60.16 / 57.31 41.70 / 55.46 / 47.61 52.42 / 67.51 / 59.01
A3 21.63 / 25.92 / 23.59 36.18 / 41.22 / 38.53 30.12 / 40.87 / 34.68 40.65 / 51.27 / 45.34

Adj(V ot≈) 44.88 / 35.94 / 39.91+ 64.99 / 57.98 / 61.29+ 52.37 / 52.69 / 52.53+ 65.72 / 68.03 / 66.85+

Adj(V ot=) 57.09 / 35.19 / 43.54+ 73.11 / 58.08 / 64.73+ 61.63 / 51.65 / 56.21+ 75.00 / 67.25 / 70.91∗

Adj(V otel) 40.32 / 41.90 / 41.10+ 62.48 / 65.21 / 63.81+ 48.53 / 58.09 / 52.88+ 62.50 / 72.12 / 66.97+

Adj(A1) 45.95 / 45.43 / 45.69∗ 67.44 / 67.85 / 67.64∗ 54.31 / 62.65 / 58.18∗ 64.28 / 71.92 / 67.89+

Small

A1 44.05 / 45.85 / 44.93 62.39 / 64.49 / 63.42 54.92 / 66.80 / 60.28 60.33 / 70.43 / 64.99
A2 40.07 / 42.14 / 41.08 57.00 / 63.48 / 60.06 47.49 / 62.47 / 53.96 53.20 / 66.15 / 58.98
A3 31.79 / 34.20 / 32.95 55.26 / 59.76 / 57.42 45.88 / 56.29 / 50.56 57.66 / 68.09 / 62.44

Adj(V ot≈) 45.01 / 40.85 / 42.82 63.90 / 63.77 / 63.84+ 52.72 / 62.11 / 57.03+ 61.68 / 69.84 / 65.51
Adj(V ot=) 50.45 / 40.66 / 45.03+ 68.80 / 63.46 / 66.02∗ 58.07 / 61.07 / 59.53+ 65.62 / 69.46 / 67.49+

Adj(V otel) 41.09 / 43.07 / 42.06 61.98 / 65.71 / 63.79+ 51.74 / 64.60 / 57.46+ 59.13 / 71.21 / 64.61
Adj(A1) 38.89 / 41.77 / 40.24 59.13 / 64.38 / 61.65 50.66 / 63.56 / 56.38 57.01 / 69.64 / 62.69

Med

A1 43.93 / 47.50 / 45.64 66.38 / 71.12 / 68.67 56.77 / 68.67 / 61.98 59.87 / 71.98 / 65.37
A2 42.31 / 44.73 / 43.49 60.38 / 64.69 / 62.46 55.03 / 66.60 / 60.26 58.25 / 68.68 / 63.04
A3 40.07 / 42.14 / 41.08 57.00 / 63.48 / 60.06 47.49 / 62.47 / 53.96 53.20 / 66.15 / 58.98

Adj(V ot≈) 45.13 / 44.54 / 44.83 65.91 / 67.50 / 66.69 + 56.76 / 66.59 / 61.29 59.62 / 68.67 / 63.83
Adj(V ot=) 51.49 / 44.54 / 47.77+ 70.32 / 67.70 / 68.99+ 61.11 / 67.21 / 64.04+ 61.51 / 68.09 / 64.63
Adj(V otel) 44.62 / 48.24 / 46.36 64.03 / 69.32 / 66.57+ 55.28 / 69.07 / 61.41 57.10 / 68.87 / 62.43
Adj(A1) 45.14 / 47.50 / 46.81 68.81 / 70.42 / 69.27+ 57.66 / 68.24 / 62.51 62.33 / 72.76 / 67.14+

Table 18: LLM-based annotator performance on ASTE (P/R/F1) using Inference-time adaptation methods. The
baselines are SFT approaches using: sequence tagging method (BERT-JET by (Xu et al., 2020)), grid tagging
method (BERT-GTS by (Wu et al., 2020) and sequence-to-sequence generative method by (Yan et al., 2021).

Data A Mini Small Med

s at op s&at s&op at&op s at op s&at s&op at&op s at op s&at s&op at&op

lap14

A1 83.55 66.74 64.02 58.22 56.53 48.67 85.80 66.18 65.93 59.56 60.36 48.91 84.81 66.12 72.73 58.02 64.64 51.33
A2 80.81 63.21 50.98 53.82 45.61 39.82 83.29 64.30 61.88 55.96 53.97 47.03 85.80 64.46 68.75 56.49 60.52 49.96
A3 79.77 51.34 37.39 43.30 32.01 26.99 86.25 58.32 49.31 52.30 44.12 36.87 83.29 64.30 61.88 55.96 53.97 47.03

Adj(V otel) 83.50 66.46 61.18 58.25 53.88 46.03 85.59 66.18 61.68 59.00 55.36 47.47 84.94 67.28 72.46 58.22 63.98 52.93
Adj(V ot≈) 79.94 64.55 51.61 58.35 46.68 43.64 83.86 64.73 57.23 59.18 51.97 47.09 84.21 67.45 67.63 58.39 58.76 51.72
Adj(V ot=) 72.22 60.57 55.37 54.57 50.58 47.47 79.94 64.47 59.59 59.15 54.42 49.33 79.88 65.31 70.37 56.63 61.96 54.51
Adj(A1) 83.46 67.38 69.24 57.62 61.55 52.62 84.21 63.81 60.43 56.07 53.82 45.63 84.44 67.36 72.91 58.03 64.37 53.37

res14

A1 90.86 79.93 75.50 75.64 71.77 67.13 89.94 78.35 77.00 73.95 73.06 66.43 90.44 81.35 79.38 77.53 75.73 71.10
A2 85.61 77.74 68.55 70.72 62.91 61.69 88.21 77.08 72.02 72.48 67.76 62.42 89.53 78.65 75.79 73.73 71.70 65.86
A3 86.49 63.91 53.05 59.00 49.63 40.38 90.50 77.81 68.51 73.69 65.24 59.86 88.19 77.35 72.29 72.75 67.97 62.83

Adj(V otel) 90.91 80.50 74.82 76.63 71.10 66.70 90.46 79.09 75.56 75.56 71.78 66.17 89.80 80.74 77.76 76.44 73.92 69.47
Adj(V ot≈) 89.86 79.32 70.16 76.54 67.64 63.01 90.46 79.51 73.72 76.00 70.52 65.99 90.14 80.90 77.70 76.66 73.88 69.68
Adj(V ot=) 86.84 77.50 73.20 75.13 70.77 66.33 89.61 79.67 75.10 76.87 72.00 68.15 89.06 82.05 79.04 77.80 75.31 72.07
Adj(A1) 90.63 80.47 79.97 75.97 76.05 70.59 90.24 78.56 73.58 74.11 69.96 64.78 90.20 81.64 79.82 77.28 75.98 72.24

res15

A1 88.49 76.80 72.87 69.92 64.91 61.19 90.53 82.39 73.86 75.62 67.52 66.11 89.50 77.44 78.25 71.00 71.30 67.79
A2 83.26 75.46 63.20 66.19 54.44 54.37 88.71 78.43 68.71 71.80 61.82 59.70 89.47 78.92 76.62 72.42 69.38 66.04
A3 85.96 60.81 51.07 53.82 46.01 38.76 91.01 79.43 65.75 73.85 59.06 55.76 88.74 78.52 68.83 71.92 61.96 59.84

Adj(V otel) 88.52 76.97 71.20 69.11 63.14 59.68 90.15 82.66 71.95 76.15 64.91 63.72 89.10 78.89 77.93 72.71 70.31 67.46
Adj(V ot≈) 86.35 77.27 67.03 70.88 61.14 57.70 89.92 82.63 70.68 76.15 63.86 63.31 89.54 79.38 77.26 73.83 70.22 66.98
Adj(V ot=) 82.17 74.52 70.48 69.30 64.52 61.63 85.63 81.23 72.51 74.36 65.88 65.79 87.32 79.41 78.70 73.71 71.98 69.55
Adj(A1) 88.48 79.02 76.14 71.10 68.37 65.13 89.85 80.56 70.76 73.62 63.94 62.63 89.69 79.82 78.27 73.73 71.63 67.99

res16

A1 88.75 81.83 78.93 76.14 73.16 71.23 89.79 79.35 79.61 73.74 74.29 69.48 88.98 78.83 80.55 73.16 74.68 70.14
A2 88.83 75.00 72.00 69.78 67.05 62.69 87.14 76.36 75.34 70.04 69.56 63.49 90.91 76.98 78.16 72.18 73.35 66.79
A3 87.91 65.34 57.80 61.07 53.83 47.58 89.97 79.01 74.42 74.11 70.54 65.83 87.14 76.36 75.34 70.04 69.56 63.49

Adj(V otel) 90.60 83.09 77.79 78.08 72.85 71.31 89.26 79.88 78.40 74.28 73.31 68.67 88.95 77.56 79.33 71.54 73.46 67.20
Adj(V ot≈) 90.50 81.51 75.88 78.28 72.97 69.35 89.39 81.40 78.39 76.00 73.17 69.71 89.55 78.65 79.60 73.13 74.40 68.17
Adj(V ot=) 88.30 79.81 78.92 77.46 76.46 72.97 88.63 80.77 79.96 75.77 74.92 71.64 88.67 78.46 79.47 73.12 74.13 69.07
Adj(A1) 89.55 81.96 81.33 76.29 75.70 72.49 89.04 78.09 77.21 72.44 71.77 67.08 89.73 80.04 82.44 74.62 76.45 72.17

Table 19: Element-wise assessment of ASTE’s alignment with human annotations (F1 score).
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Dataset Scale & Annot s at op E A ac

s
+
at

s
+
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at
+
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at
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at+
s+
op

laptop

m
in

i

A1 89.48 68.97 57.05 53.05 54.05 30.75 63.47 54.96 42.50 28.26 21.68 18.06 40.65
A2 88.52 62.30 45.09 66.95 54.12 34.99 56.61 42.59 30.39 31.43 23.54 18.19 28.55
A3 73.39 37.60 17.16 46.63 39.58 19.53 32.25 15.98 10.42 16.43 7.24 3.40 9.91

Adj(V otel) 89.09 67.76 52.39 58.32 53.41 32.69 62.51 50.23 38.70 30.19 22.98 18.49 36.94
Adj(V≈) 82.05 61.69 32.91 52.45 44.75 26.65 58.15 32.10 26.62 25.04 19.41 11.42 25.90
Adj(V=) 34.62 27.74 24.02 27.66 26.06 18.78 26.40 23.00 19.74 17.83 15.59 12.35 18.85
Adj(A1) 89.70 68.45 55.21 67.81 54.83 39.87 63.12 52.30 40.37 36.29 27.76 22.75 38.50

Restaurant

A1 90.34 68.69 65.58 62.51 76.59 55.87 63.70 61.79 51.20 51.85 40.53 39.00 48.75
A2 87.77 61.60 55.47 57.80 65.34 49.39 58.54 52.76 41.05 45.86 31.35 29.70 39.51
A3 76.86 38.22 23.84 34.68 49.03 26.51 34.30 21.89 15.26 23.54 13.85 8.46 14.27

Adj(V otel) 88.83 67.82 62.41 63.37 72.93 55.27 63.53 59.85 49.01 52.04 39.68 37.80 47.37
Adj(V≈) 79.67 60.09 48.01 55.12 63.49 48.42 57.66 46.39 39.68 46.57 36.27 31.84 38.61
Adj(V=) 47.22 37.26 38.32 40.88 41.27 36.48 35.81 37.33 31.91 35.16 29.26 30.95 31.39
Adj(A1) 90.48 69.26 58.19 85.88 75.92 66.25 64.77 54.08 45.64 61.83 50.14 40.86 43.00

laptop

sm
al

l

A1 90.88 59.26 36.86 65.58 59.28 40.56 55.24 35.22 22.85 37.48 23.66 16.83 21.88
A2 89.30 57.66 44.10 49.61 49.31 21.97 53.06 41.23 27.21 19.92 15.54 10.62 25.65
A3 90.62 63.35 38.24 48.28 50.50 21.86 58.98 35.99 25.16 20.13 13.67 10.19 23.89

Adj(V otel) 90.34 60.38 38.66 61.11 58.62 35.88 55.95 36.53 25.00 32.86 21.36 15.63 23.58
Adj(V≈) 85.08 63.30 32.27 56.82 52.31 31.56 58.85 30.50 22.91 29.13 22.48 12.78 21.66
Adj(V=) 51.65 41.31 25.05 36.14 33.10 20.78 38.71 23.72 19.53 19.58 16.95 10.57 18.46
Adj(A1) 90.85 60.04 34.75 76.28 60.71 46.74 55.77 32.77 22.59 43.32 27.08 18.10 21.37

restaurant

A1 90.45 57.85 46.60 67.11 78.10 58.95 54.22 44.18 34.11 54.98 37.52 27.80 32.59
A2 87.93 60.00 49.27 54.07 68.22 49.11 56.03 46.46 37.32 44.55 36.23 27.91 35.69
A3 90.26 64.57 50.73 51.98 67.26 43.78 60.42 46.77 36.58 39.51 28.45 22.93 34.34

Adj(V otel) 89.67 61.23 49.27 65.54 77.17 57.94 57.30 46.83 37.32 53.47 39.53 30.89 35.68
Adj(V≈) 83.36 63.62 43.92 62.64 70.02 55.62 59.93 41.81 35.88 52.36 41.07 29.49 34.21
Adj(V=) 61.75 49.49 40.00 51.21 52.18 46.90 46.95 38.26 33.02 44.24 38.24 29.70 31.77
Adj(A1) 90.08 64.18 47.57 79.63 84.32 71.48 59.87 44.72 37.71 66.00 49.19 37.46 35.78

laptop

m
ed

A1 89.86 68.20 55.29 62.96 53.05 36.30 62.67 52.17 39.57 33.35 25.95 22.61 37.46
A2 90.37 61.84 43.96 56.42 56.75 33.15 57.22 42.07 29.04 30.59 20.72 15.40 27.66
A3 89.30 57.66 44.10 49.61 49.31 21.97 53.06 41.23 27.21 19.92 15.54 10.62 25.65

Adj(V otel) 90.17 66.60 50.05 61.46 53.97 34.87 61.89 47.46 35.71 32.28 24.09 18.71 33.79
Adj(V≈) 86.19 65.47 39.38 57.09 50.11 31.39 61.07 37.62 29.55 29.57 23.28 15.89 28.04
Adj(V=) 54.41 44.31 30.08 38.64 35.85 24.22 41.90 28.90 24.34 22.88 20.60 14.42 23.42
Adj(A1) 90.40 73.53 59.59 70.51 54.27 41.23 67.71 56.60 45.80 37.90 30.68 24.84 43.53

restaurant

A1 89.94 69.39 64.13 65.41 72.28 54.91 63.90 60.16 50.09 49.01 39.26 37.66 47.46
A2 91.50 63.30 54.71 52.97 63.72 46.25 58.98 52.52 39.54 42.48 28.08 25.09 38.32
A3 87.93 60.00 49.27 54.07 68.22 49.11 56.03 46.46 37.32 44.55 36.23 27.91 35.69

Adj(V otel) 91.08 69.29 60.44 65.23 73.31 56.22 64.37 57.55 47.90 51.58 39.25 36.29 45.87
Adj(V≈) 87.88 67.69 51.52 59.43 66.00 49.67 63.96 49.90 42.45 46.14 37.44 29.14 41.10
Adj(V=) 63.03 52.60 46.53 47.01 50.73 42.66 49.71 45.48 39.41 39.74 36.29 31.48 38.47
Adj(A1) 91.01 72.74 64.60 82.96 82.43 71.75 68.13 61.17 52.86 66.40 55.78 48.85 50.06

Table 20: FULL Element-wise assessment of ACOS alignment with human annotations (F1 score).
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Model Dataset Method A1 A2 A3

MINI

LAP14

Adj(V≈) -2.90 [-6.26, +0.32], p=0.0829 +3.97 [+0.86, +7.14], p=0.0135 +16.49 [+12.78, +20.21], p=0.0000
Adj(V=) +0.73 [-2.73, +3.99], p=0.6758 +7.60 [+4.33, +10.86], p=0.0000 +20.12 [+16.36, +23.80], p=0.0000
Adj(Vel) -1.72 [-3.86, +0.39], p=0.1159 +5.15 [+1.48, +8.89], p=0.0075 +17.67 [+13.91, +21.53], p=0.0000
Adj(A1) +2.87 [+0.34, +5.48], p=0.0297 +9.75 [+5.71, +14.02], p=0.0000 +22.26 [+17.79, +26.80], p=0.0000

RES14

Adj(V≈) -2.84 [-5.35, -0.43], p=0.0229 +3.68 [+0.96, +6.30], p=0.0063 +22.81 [+19.69, +26.10], p=0.0000
Adj(V=) +0.61 [-1.73, +2.85], p=0.6109 +7.13 [+4.45, +9.69], p=0.0000 +26.26 [+23.08, +29.58], p=0.0000
Adj(Vel) -0.32 [-2.18, +1.62], p=0.7340 +6.20 [+3.35, +9.11], p=0.0001 +25.34 [+21.98, +28.83], p=0.0000
Adj(A1) +3.51 [+1.44, +5.68], p=0.0017 +10.03 [+6.40, +13.59], p=0.0001 +29.17 [+25.31, +33.06], p=0.0000

RES15

Adj(V≈) -2.38 [-5.45, +0.57], p=0.1235 +4.94 [+1.98, +7.93], p=0.0014 +17.85 [+13.97, +21.89], p=0.0000
Adj(V=) +1.30 [-2.04, +4.51], p=0.4338 +8.61 [+5.56, +11.64], p=0.0000 +21.52 [+17.56, +25.47], p=0.0000
Adj(Vel) -2.03 [-4.66, +0.46], p=0.1171 +5.29 [+2.14, +8.59], p=0.0010 +18.20 [+14.22, +22.36], p=0.0000
Adj(A1) +3.28 [+0.32, +6.22], p=0.0315 +10.60 [+6.64, +14.58], p=0.0000 +23.51 [+19.22, +27.91], p=0.0000

RES16

Adj(V≈) +0.37 [-2.03, +2.81], p=0.7596 +7.74 [+3.65, +11.80], p=0.0005 +21.51 [+17.75, +25.36], p=0.0000
Adj(V=) +4.43 [+2.03, +6.94], p=0.0005 +11.80 [+7.86, +15.84], p=0.0000 +25.57 [+21.93, +29.34], p=0.0000
Adj(Vel) +0.48 [-1.28, +2.35], p=0.6007 +7.85 [+3.44, +12.40], p=0.0012 +21.62 [+17.78, +25.54], p=0.0000
Adj(A1) +1.41 [-0.67, +3.48], p=0.1864 +8.78 [+4.19, +13.53], p=0.0006 +22.55 [+18.32, +26.76], p=0.0000

MSMALL

LAP14

Adj(V≈) -2.10 [-4.70, +0.38], p=0.1059 +1.75 [-0.71, +4.26], p=0.1667 +9.88 [+6.89, +12.90], p=0.0000
Adj(V=) +0.11 [-2.64, +2.71], p=0.9388 +3.95 [+1.52, +6.39], p=0.0020 +12.09 [+9.07, +15.18], p=0.0000
Adj(Vel) -2.87 [-5.01, -0.87], p=0.0081 +0.98 [-1.65, +3.70], p=0.4734 +9.11 [+6.01, +12.21], p=0.0000
Adj(A1) -4.64 [-7.11, -2.30], p=0.0001 -0.80 [-3.19, +1.67], p=0.5225 +7.34 [+4.30, +10.43], p=0.0000

RES14

Adj(V≈) +0.42 [-1.83, +2.78], p=0.7175 +4.13 [+1.86, +6.33], p=0.0005 +6.24 [+3.91, +8.57], p=0.0000
Adj(V=) +2.61 [+0.35, +4.98], p=0.0302 +6.32 [+4.10, +8.51], p=0.0000 +8.42 [+6.05, +10.77], p=0.0000
Adj(Vel) +0.37 [-1.76, +2.59], p=0.7342 +4.08 [+1.96, +6.21], p=0.0006 +6.19 [+3.80, +8.59], p=0.0000
Adj(A1) -1.77 [-3.87, +0.41], p=0.1059 +1.94 [-0.53, +4.33], p=0.1196 +4.05 [+1.45, +6.64], p=0.0022

RES15

Adj(V≈) -3.10 [-5.74, -0.48], p=0.0219 +3.24 [+0.24, +6.15], p=0.0337 +6.66 [+3.67, +9.69], p=0.0000
Adj(V=) -0.59 [-3.06, +1.80], p=0.6348 +5.74 [+2.83, +8.53], p=0.0001 +9.16 [+6.00, +12.30], p=0.0000
Adj(Vel) -2.67 [-4.86, -0.61], p=0.0139 +3.66 [+0.79, +6.49], p=0.0138 +7.09 [+3.74, +10.47], p=0.0000
Adj(A1) -3.75 [-6.33, -1.22], p=0.0045 +2.58 [-0.26, +5.35], p=0.0721 +6.01 [+2.73, +9.32], p=0.0003

RES16

Adj(V≈) +0.52 [-2.71, +3.66], p=0.7543 +6.53 [+4.06, +9.21], p=0.0000 +3.07 [-0.59, +6.52], p=0.0925
Adj(V=) +2.49 [-0.76, +5.71], p=0.1310 +8.51 [+6.02, +11.20], p=0.0000 +5.04 [+0.96, +8.74], p=0.0117
Adj(Vel) -0.38 [-3.38, +2.56], p=0.7949 +5.63 [+3.24, +8.25], p=0.0000 +2.16 [-1.78, +5.86], p=0.2600
Adj(A1) -2.29 [-5.35, +0.67], p=0.1347 +3.72 [+1.16, +6.31], p=0.0061 +0.25 [-3.33, +3.66], p=0.8844

MED

LAP14

Adj(V≈) -0.81 [-3.36, +1.67], p=0.5269 +1.35 [-1.60, +4.32], p=0.3640 +3.76 [+1.17, +6.40], p=0.0040
Adj(V=) +2.12 [-0.33, +4.60], p=0.0935 +4.28 [+1.34, +7.31], p=0.0046 +6.69 [+4.11, +9.38], p=0.0000
Adj(Vel) +0.71 [-1.33, +2.78], p=0.4969 +2.87 [-0.22, +6.13], p=0.0741 +5.28 [+2.45, +8.17], p=0.0000
Adj(A1) +1.16 [-1.51, +3.83], p=0.3962 +3.33 [-0.00, +6.73], p=0.0530 +5.73 [+2.76, +8.80], p=0.0006

RES14

Adj(V≈) -1.97 [-3.96, +0.02], p=0.0520 +4.24 [+1.38, +6.96], p=0.0036 +6.63 [+4.54, +8.71], p=0.0000
Adj(V=) +0.32 [-1.72, +2.33], p=0.7608 +6.53 [+3.67, +9.20], p=0.0001 +8.92 [+6.68, +11.17], p=0.0000
Adj(Vel) -2.10 [-3.99, -0.21], p=0.0272 +4.11 [+1.27, +6.78], p=0.0043 +6.50 [+4.16, +8.86], p=0.0000
Adj(A1) +0.60 [-1.17, +2.39], p=0.5121 +6.82 [+3.77, +9.78], p=0.0000 +9.21 [+6.53, +11.90], p=0.0000

RES15

Adj(V≈) -0.69 [-3.19, +1.66], p=0.5679 +1.03 [-1.38, +3.44], p=0.4078 +7.33 [+4.38, +10.27], p=0.0000
Adj(V=) +2.06 [-0.49, +4.62], p=0.1134 +3.79 [+1.35, +6.19], p=0.0024 +10.08 [+7.17, +12.95], p=0.0000
Adj(Vel) -0.57 [-2.88, +1.75], p=0.6209 +1.15 [-1.48, +3.82], p=0.3972 +7.45 [+4.58, +10.38], p=0.0000
Adj(A1) +0.53 [-2.03, +3.17], p=0.6941 +2.25 [-0.65, +5.16], p=0.1233 +8.55 [+5.23, +11.94], p=0.0000

RES16

Adj(V≈) -1.54 [-4.66, +1.53], p=0.3295 +0.80 [-1.60, +3.13], p=0.5066 +4.86 [+2.24, +7.64], p=0.0004
Adj(V=) -0.74 [-3.81, +2.26], p=0.6355 +1.60 [-0.75, +3.86], p=0.1677 +5.66 [+3.08, +8.39], p=0.0000
Adj(Vel) -2.94 [-5.86, -0.14], p=0.0445 -0.60 [-2.93, +1.67], p=0.5951 +3.46 [+0.92, +6.11], p=0.0079
Adj(A1) +1.77 [-0.91, +4.64], p=0.2118 +4.11 [+1.17, +7.17], p=0.0085 +8.17 [+5.02, +11.51], p=0.0000

Table 21: Statistical Significance Test Results - ASTE (scaled to 0–100)
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Model Domain Method A1 A2 A3

MINI

Laptop

Adj(V≈) -3.69 [-5.39, -2.06], p=0.0001 -2.91 [-4.65, -1.24], p=0.0009 +7.63 [+5.94, +9.36], p=0.0000
Adj(V=) -2.57 [-4.63, -0.57], p=0.0118 -1.79 [-3.61, -0.04], p=0.0518 +8.75 [+6.64, +10.98], p=0.0000
Adj(Vel) +0.27 [-1.00, +1.53], p=0.6672 +1.06 [-0.96, +3.09], p=0.3142 +11.59 [+9.61, +13.64], p=0.0000
Adj(A1) +3.27 [+1.89, +4.72], p=0.0000 +4.05 [+1.81, +6.33], p=0.0008 +14.59 [+12.23, +16.94], p=0.0000

Restaurant

Adj(V≈) -4.13 [-6.22, -2.13], p=0.0002 +4.91 [+1.81, +7.94], p=0.0011 +21.11 [+17.89, +24.36], p=0.0000
Adj(V=) -4.78 [-7.65, -1.97], p=0.0008 +4.25 [+1.62, +6.80], p=0.0017 +20.45 [+16.82, +24.14], p=0.0000
Adj(Vel) -1.53 [-3.46, +0.37], p=0.1200 +7.50 [+4.55, +10.41], p=0.0000 +23.70 [+20.57, +26.94], p=0.0000
Adj(A1) +1.32 [-1.96, +4.62], p=0.4292 +10.35 [+6.42, +14.21], p=0.0000 +26.55 [+23.13, +29.92], p=0.0000

MSMALL

Laptop

Adj(V≈) -0.60 [-1.72, +0.50], p=0.2855 +1.34 [-0.18, +2.93], p=0.0891 +2.31 [+0.70, +3.96], p=0.0049
Adj(V=) -1.46 [-3.28, +0.29], p=0.1107 +0.48 [-0.90, +1.87], p=0.4882 +1.45 [+0.02, +2.94], p=0.0513
Adj(Vel) -0.83 [-2.00, +0.32], p=0.1640 +1.12 [-0.28, +2.55], p=0.1208 +2.08 [+0.54, +3.64], p=0.0077
Adj(A1) +1.31 [+0.12, +2.50], p=0.0321 +3.26 [+1.61, +5.01], p=0.0002 +4.22 [+2.45, +5.99], p=0.0000

Restaurant

Adj(V≈) +3.00 [+0.94, +5.13], p=0.0054 +1.32 [-1.31, +4.07], p=0.3377 +8.39 [+5.17, +11.69], p=0.0000
Adj(V=) +3.98 [+1.47, +6.47], p=0.0017 +2.30 [-0.50, +5.00], p=0.1032 +9.38 [+6.19, +12.58], p=0.0000
Adj(Vel) +3.00 [+1.01, +5.05], p=0.0030 +1.32 [-1.28, +4.01], p=0.3250 +8.40 [+5.14, +11.62], p=0.0000
Adj(A1) +8.51 [+5.79, +11.39], p=0.0000 +6.84 [+4.16, +9.64], p=0.0000 +13.91 [+10.79, +17.09], p=0.0000

MED

Laptop

Adj(V≈) -3.74 [-5.36, -2.14], p=0.0000 +2.23 [+0.57, +3.92], p=0.0093 +4.27 [+2.47, +6.14], p=0.0000
Adj(V=) -3.61 [-5.66, -1.59], p=0.0009 +2.36 [+0.76, +4.03], p=0.0047 +4.40 [+2.60, +6.27], p=0.0000
Adj(Vel) -2.77 [-4.30, -1.31], p=0.0001 +3.20 [+1.46, +5.02], p=0.0001 +5.24 [+3.47, +7.08], p=0.0000
Adj(A1) +2.99 [+0.63, +5.34], p=0.0139 +8.96 [+6.53, +11.29], p=0.0000 +11.00 [+8.54, +13.42], p=0.0000

Restaurant

Adj(V≈) -4.27 [-6.71, -1.87], p=0.0004 +6.55 [+4.00, +9.09], p=0.0000 +1.00 [-2.55, +4.50], p=0.5819
Adj(V=) -0.79 [-3.60, +1.98], p=0.5701 +10.02 [+7.46, +12.52], p=0.0000 +4.47 [+0.87, +7.98], p=0.0157
Adj(Vel) -0.76 [-2.52, +1.05], p=0.3925 +10.05 [+7.04, +13.02], p=0.0000 +4.50 [+0.68, +8.32], p=0.0209
Adj(A1) +11.91 [+8.53, +15.30], p=0.0000 +22.72 [+18.78, +26.48], p=0.0000 +17.17 [+13.97, +20.46], p=0.0000

Table 22: Statistical Significance Test Results - ACOS (scaled to 0–100)
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