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Abstract

The continuous Valence-Arousal-Dominance
(VAD) framework maps emotions into a high-
resolution, three-dimensional space, but expand-
ing these datasets via manual annotation is costly
and prone to subjective inconsistencies. To ad-
dress this, we introduce EmoPair, which updates
the EmoBank corpus by replacing direct scalar
ratings with a scalable, LLM-driven pairwise
comparison approach. This shift substantially
improved manual inter-rater reliability, increas-
ing Krippendorff’s Alpha from 0.595 to 0.896
for Arousal and 0.570 to 0.865 for Dominance.
Using Alternative Annotator Test (AltTest) vali-
dation to compare automated LLM annotations
to a manual sample as well as Concept-Guided
Chain-of-Thought (CGCoT) prompting, we gener-
ated reliable automated pairwise judgments, trans-
lating them into continuous scalar ratings via
the Bradley-Terry model. Benchmarking with
fine-tuned RoBERTa-large models (PERT and
reward-based) showed EmoPair-trained models
significantly outperformed EmoBank baselines
on Arousal (84-85% vs. 73-74% accuracy) and
Dominance (77% vs. 61-65%). These results
demonstrate that pairwise comparisons provide
superior, behaviorally aligned supervision data
for emotional affect.

1. Introduction
The proliferation of digital text—from social media posts
and consumer reviews to vast archives of literature and
news—has created an unprecedented opportunity to study
human expression at scale. A central challenge in this en-
deavor is the computational analysis of emotion. For years,
the field has been dominated by a classification of text into
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positive, negative, or neutral polarities, with some addi-
tional work expanding categories (Demszky et al., 2020;
Mouronte-López et al., 2023; Liu et al., 2019a). While use-
ful for broad-stroke assessments, the categorical approach
fails to capture the rich, nuanced, and complex nature of
human affective states. For example, a review expressing
serene contentment and another conveying frenetic excite-
ment could both be labeled “positive,” yet they represent
profoundly different affective experiences. Likewise, texts
expressing melancholy disappointment versus quiet despair
differ substantially in emotional nuance despite sharing the
“sad” category.

Prior research has used two broad frameworks for training
models to measure emotional affect: discrete models and
continuous models. Discrete models conceptualize emo-
tions as distinct categories and differ in the number of cate-
gories they propose. In contrast, continuous models charac-
terize emotions along continuous dimensions. Among these,
the Valence-Arousal-Dominance (VAD) framework pro-
posed by Mehrabian & Russell (1974) is a widely adopted
continuous model (Russell, 1980; Posner et al., 2005). It
characterizes emotions along three independent dimensions:
pleasure (Valence), activation (Arousal), and perceived con-
trol (Dominance).

Figure 1. Example comparison of pointwise and pairwise anno-
tation modes.

The dimensional approach provides a high-resolution map
of the affective landscape, allowing any emotional state to be
represented as a unique coordinate in a three-dimensional
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space. This capacity for nuance makes the VAD model
exceptionally well-suited for computational applications,
where some aspects of the complexity of feeling can be
translated into analyzable data (Gamage et al., 2024; Cao &
Cao, 2025; Hadimlioglu & Linga, 2025).

However, to date, there are very few data sources in this
domain that can support model development for the mea-
surement of multidimensional emotions. One exception
is the EmoBank corpus, which provides one of the only
large-scale dimensional emotion scorings of text annotated
across multiple genres in English (Buechel & Hahn, 2017;
Bradley & Lang, 1999; Redondo et al., 2007; Võ et al.,
2009; Moors et al., 2013; Warriner et al., 2013; Mohammad,
2025). Developing and expanding such data traditionally
relies on costly and labor-intensive human annotation, a
process hindered by challenges such as resource constraints,
human fatigue, and the nuances inherent in subjective judg-
ments (Calderon et al., 2025; Nasution & Onan, 2024; Wu
et al., 2024; Gehrmann et al., 2023). To overcome these
limitations, the “LLM-as-a-judge” framework offers a poten-
tial scalable alternative, utilizing Large Language Models
(LLMs) for their speed, efficiency, and advanced pattern
recognition capabilities (Gu et al., 2024; Tan et al., 2024;
Pan et al., 2024; Licht et al., 2025).

In this paper, we introduce a method for updating the
EmoBank corpus using LLM-generated pairwise annota-
tions and release an updated version of the dataset based on
this method. Our process involves utilizing LLMs’ ability to
generate and then compare concept-specific breakdowns
of the texts through Concept-Guided Chain of Thought
(CGCoT) prompting to transform the judgment task into
a tractable pattern recognition task (Wu et al., 2024). The
resulting numerous pairwise preferences are subsequently
translated into a continuous scale score for each breakdown
using a robust probabilistic model—the Bradley-Terry (BT)
model—which estimates the relative position of items along
any latent dimension (Bradley & Terry, 1952; Licht et al.,
2025; Fang et al., 2026).

Further, in order to establish LLMs as viable replacements
for manual human labor in annotation tasks, researchers
must implement statistically rigorous validation procedures.
This is particularly vital as recent studies have questioned
the reliability of LLMs, citing concerns over their inherent
biases and shifting positionality (Thapa et al., 2023; Pan-
gakis & Wolken, 2024; Nahum et al., 2025). To this end, we
employ the Alternative Annotator Test (AltTest), a novel sta-
tistical procedure designed to specifically justify replacing
human annotators with LLMs (Calderon et al., 2025).

We make four core contributions to the literature on compu-
tational modeling of dimensional emotion. First, we demon-
strate the utility of pairwise comparisons relative to using
discrete ratings for improving manual annotator reliability

on this subjective construct, with improved inter-rater re-
liabilities (IRR) on all three emotional affect dimensions.
Second, we release EmoPair1, an updated version of the
EmoBank corpus in which Arousal and Dominance scores
are derived from LLM-generated pairwise comparisons us-
ing CGCoT prompting. Third, we demonstrate a rigorous
validation framework for LLM-as-annotator deployment:
using the AltTest, we show that select LLMs meet a statis-
tical bar for replacing manual annotators on Arousal and
Dominance, but not Valence—a construct-specific failure
that underscores the necessity of per-dimension validation.
And finally, we benchmark four model–dataset combina-
tions using fine-tuned RoBERTa-large architectures trained
on both EmoBank and EmoPair, showing that pairwise-
derived supervision yields consistent performance gains
across Arousal and Dominance2. Together, these findings
establish pairwise comparison as a scalable, behaviorally
grounded paradigm for dimensional textual emotion anal-
ysis and yield an open dataset for future work in affective
computing.

2. Prior Work
2.1. Measuring Emotional Affect

The categorical approach to measuring emotional affect dis-
cussed in the Introduction has been heavily critiqued for its
limitations (Deng & Ren, 2023; Nagase et al., 2026). Specif-
ically, discrete frameworks struggle with “fuzzy emotional
boundaries,” failing to capture the nuance between closely
related states or varying intensities of the same emotion
(Acheampong et al., 2020). Furthermore, the reliance on
incompatible, localized labeling schemes across different
studies has led to fragmented datasets that are difficult to
synthesize, making it challenging to capture the rich, multi-
faceted nature of human affective states (Dileep Kumar et al.,
2025). The VAD framework proposed by Russell & Mehra-
bian (1977) is notably less explored. Valence is defined as
“the pleasantness of a stimulus”, Arousal as “the intensity of
emotion provoked by a stimulus”, and Dominance as “the
degree of control exerted by a stimulus” (Warriner et al.,
2013). Across the studies that have explored this framework,
Arousal and Dominance are known to be more difficult to
measure (Mehrabian & Russell, 1974; Yani-de Soriano &
Foxall, 2006; Foxall et al., 2006; Fontaine et al., 2007).
Multiple lexicons have been created to measure the VAD
placement of individual words and phrases across multiple
languages (Bradley & Lang, 1999; Redondo et al., 2007;
Võ et al., 2009; Moors et al., 2013; Warriner et al., 2013;
Mohammad, 2025). However, only one such effort exists for
larger units of text, EmoBank by Buechel & Hahn (2017).

1https://github.com/
EDSI-UMD-College-Park/EmoPair

2https://huggingface.co/edsi-umd
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2.2. Data Annotation and LLMs as Measurement Tools

The previous efforts to measure affect have all used sim-
ilar practices for the data annotation process. Typically,
researchers rely on pointwise, absolute rating systems such
as Likert scales or continuous sliders, where multiple man-
ual annotators read isolated texts and assign a numerical
score to represent the text’s emotional magnitude.

Many of these studies discuss the challenges entailed with
this process (Metallinou & Narayanan, 2013; Niu et al.,
2025). First, manual annotation is costly and labor-intensive,
creating a bottleneck that limits the scale of emotional
datasets. Second, assessing subjective constructs on abso-
lute scales frequently results in low IRR. Annotators bring
varying interpretations of the scale anchors, different cul-
tural backgrounds, and human fatigue to the task, leading to
inconsistencies in their ratings. These challenges are well-
documented in the computational science literature, where
high variance among raters often obscures the latent ground
truth (Aroyo & Welty, 2015).

Pairwise annotation processes offer distinct advantages that
directly address these limitations. Presenting annotators
with two items and asking them to choose which exhibits
a higher degree of a specific trait reduces cognitive load
and removes the uncertainty of absolute scale calibration
(see Figure 1 for an example). This approach can yield sig-
nificant improvements in IRR (Kiritchenko & Mohammad,
2017; Burton et al., 2021). Consequently, this improvement
in data quality provides a superior supervision signal, which
is known to result in better performance for downstream
modeling tasks (Ouyang et al., 2022).

Simultaneously, the advent of LLMs has opened potential
new avenues for scalable data annotation. LLMs are increas-
ingly deployed as zero-shot reasoning evaluators across var-
ious NLP tasks (Zheng et al., 2023). However, the impact
of poor IRR on absolute scales extends to automated anno-
tators, such as the “heaping” discussed previously (Licht
et al., 2025). The choice of task framing is therefore critical
when considering LLMs.

By utilizing techniques like CGCoT prompting, we can
structure an LLM’s reasoning process to extract relevant lin-
guistic features before making a pairwise judgment. These
relative preferences can then be translated into continuous
ratings via probabilistic frameworks like the Bradley-Terry
model. This pipeline generates highly reliable targets that
are exceptionally well-suited for fine-tuning robust, reward-
based emotion models. We demonstrate the utility of this
approach in the present study.

3. Data
The EmoBank dataset published by Buechel & Hahn (2017)
available on their GitHub repository contains 10,006 sen-
tences that were human-annotated across the three dimen-
sions of the VAD framework. EmoBank is comprised of
sentences drawn from two sources: the American National
Corpus and the SemEval-2007 Task 14. These sentences
come from diverse contexts such as news headlines drawn
from major newspapers, blogs, letters, travel guides, fiction,
and essays from multiple genres. Each sentence was eval-
uated with five independent annotators who distinguished
between writer perspective (emotion experienced during
production, aided by linguistic cues) and reader perspective
(emotion evoked in an average audience upon reception).

Since its introduction, the EmoBank corpus has been used
to explore the relationship between emotional valence and
phonemic content (Slavova & Andonov, 2021) and the use
of LLMs for emotion annotation tasks (Niu et al., 2024).
Here, we use the text that was annotated on the three
emotional dimensions as well as their corresponding mean
reader annotations as our ground truth given the reported
high annotator agreement in the original data and their use
in prior work (Bulla & Mongiovı̀, 2024). EmoBank is dis-
tributed under a CC BY-SA 4.0 license and thus EmoPair
is released under the same CC BY-SA 4.0 license in ac-
cordance with the share-alike terms of the original.

4. Methods
4.1. Pairwise Comparisons

4.1.1. MANUAL ANNOTATIONS

To establish a high-quality ground truth for examining the
potential of LLMs to match manual annotation performance,
we first curated a subset of texts from the EmoBank cor-
pus. A team of annotators consisting of university staff and
students provided pairwise labels for the three dimensions.
All annotators underwent a one-hour training session on
the codebook to ensure a unified understanding of the VAD
constructs before completing the task. Unlike traditional
scalar rating tasks, which suffer from high subjectivity and
cognitive load, annotators were presented with pairs of texts
and asked to select which text exhibited a greater degree
of the specific emotional dimension. Appendix A contains
details on how we curated this subset and prompted manual
annotators.

4.1.2. LLM ANNOTATIONS

To avoid the poor calibration and “heaping” commonly ob-
served when LLMs are asked for direct scalar ratings dis-
cussed above, we adopted CGCoT prompting (Wu et al.,
2024). Specifically, for each text and each dimension, the
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LLM was first prompted to generate a concept-specific
breakdown. This breakdown acts as a codebook for man-
ual annotators, identifying and describing specific linguistic
features relevant to the target dimension (e.g., “Indicate
whether the speaker claims authority, issues a command,
asks for permission, or expresses uncertainty in this text” for
Dominance). Appendix A.2 contains the CGCoT prompts
we designed for the task. Following the generation of break-
downs for two texts, the LLM was prompted to compare
the breakdowns to decide which text exhibits more of the
construct and to give a justification for its choice (Kojima
et al., 2023; Wang et al., 2023; Wei et al., 2023; Chrzan,
2025).

4.2. AltTest

A critical component of our methodology is statistically
justifying the use of LLMs as a replacement for human an-
notators. To this end, we employed the AltTest proposed
by Calderon et al. (2025) and implemented in pairadigm
(Chrzan, 2025). This procedure uses a leave-one-out ap-
proach on a small sample of data (their team recommends
at least 30 observations) to verify if an LLM’s annotations
align with the “ground truth” distribution (approximated by
the collective human consensus) as well as, or better than, a
single human annotator does.

The procedure results in two scores for each LLM tested,
the Win Rate, (ω), and the Average Advantage Probability,
(ρ). The Win Rate (ω) represents the proportion of human
annotators the LLM statistically “beats” and is determined at
a specific ϵ value, which is the difference in the probability
the LLM needs to overtake the alignment the left-out human
has with the other annotators. The Average Advantage
Probability (ρ), however, represents the probability that the
LLM is as good as or better than a randomly chosen human
annotator. Following Calderon et al. (2025), we considered
an LLM a valid alternative to our trained annotators only if
ω ≥ 0.5 when ϵ = 0.10. Then, among LLMs with ω ≥ 0.5,
we chose the model with the highest ρ as our replacement
annotator, if any exists.

4.3. Bradley-Terry Scoring

To convert the large-scale pairwise preferences into continu-
ous ratings, we utilized the BT model. The BT model posits
that the probability of text i being ranked higher than text
j depends on their latent traits (objectivity, clarity, etc.), λi

and λj , as shown in Equation 1.

P (i > j) =
eλi

eλi + eλj
(1)

This probabilistic approach allows us to estimate the latent
intensity of Valence, Arousal, and Dominance for each text

item on a continuous scale. By deriving scalar values from
pairwise comparisons, we achieve a measure where differ-
ences are meaningful and robust, avoiding the calibration
issues inherent in direct absolute scale prompting.

4.4. Model Training

To demonstrate the utility of our EmoPair dataset we fine-
tuned RoBERTa-large models with regression heads using
both the Prompting-based Emotion Regression from Trans-
formers (PERT) methodology described by Bulla & Mon-
giovı̀ (2024)—the best performing model on EmoBank as of
our writing—as well as reward-based models and compared
model performance from EmoBank and EmoPair. This 4-
way modeling approach allows us to examine the efficacy of
pairwise-derived scalar scores against current state-of-the-
art techniques.

4.4.1. ARCHITECTURE 1 - PERT

As our baseline we retained the state-of-the-art emotion re-
gression model as of our writing, PERT - Prompted Emotion
Regression Transformer (Bulla & Mongiovı̀, 2024) using
the EmoBank dataset. PERT leverages the latent knowledge
of pre-trained language models (here, RoBERTa (Liu et al.,
2019b)) by wrapping input texts in natural language prompts
(e.g., “The level of arousal in the context is <mask>”) dur-
ing the fine-tuning process to take advantage of the format
of text used in training BERT-like encoder models.

4.4.2. ARCHITECTURE 2 - REWARD MODELING

Following Licht et al. (2025), we examined the potential
for further performance improvements by using a reward
model architecture. We employ a unified reward model for
predicting emotion dimensions across three complementary
tasks. The architecture consists of a pre-trained RoBERTa-
large encoder (355M parameters) followed by task-specific
prediction heads. The encoder processes tokenized text with
a maximum sequence length of 256 tokens, and its [CLS]
token representation is passed through two heads:

• Valence Head: A linear layer with Xavier initializa-
tion that outputs a single continuous value for Valence
regression on the 1–5 emotional scale.

• Arousal-Dominance Head: A linear layer that jointly
predicts arousal and dominance as a two-dimensional
output for pairwise decision tasks.

A dropout layer (p = 0.2) is applied between the encoder and
prediction heads to reduce overfitting. The multi-task design
allows the model to learn Valence through direct regression
(see Section 5.1 for rationale) while simultaneously learn-
ing arousal and dominance through pairwise comparisons
grounded in reference-based annotations. To isolate archi-
tecture from data effects, we also trained the reward model
on EmoBank annotations recast as pairs (see Appendix B).
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The training methodology for both model architectures can
be found in Appendix C.

5. Results
5.1. Building EmoPair

We first assessed whether replacing direct scalar ratings
with pairwise comparisons improves annotator reliability.
As shown in Table 1, IRR increases across all three VAD
dimensions under a paired comparison framework. For
Valence, IRR rises from 0.738 in EmoBank to 0.929 in
EmoPair, an improvement of 0.191 (26%). Improvements
are even larger for Arousal and Dominance, which increase
by 0.301 (51%) and 0.295 (52%), respectively. Collectively,
these findings demonstrate that pairwise comparison yields
higher agreement than Likert-style scoring, with particularly
large gains for the more challenging constructs of Arousal
and Dominance, as discussed in Section 2.1.

Table 1. Pairwise Comparison IRR Improvements

Construct Number of Items EmoBank IRR EmoPair IRR Improvement

Valence 170 0.738 0.929 0.191
Arousal 204 0.595 0.896 0.301
Dominance 208 0.57 0.865 0.295

Note: The Number of Items varies across dimensions due to the
removal of items where one manual annotator chose ties. See
Appendix E for more details.

We next evaluated whether LLMs can serve as statisti-
cally defensible substitutes for manual annotators under
the AltTest. The results are strongly construct dependent,
as seen in Figure 2. For the Valence dimension, no model
meets the substitution criterion of ω ≥ 0.50-indicating that
none of the evaluated LLMs can reliably replace manual
annotators for this dimension. We discuss potential rationale
for this in the Section 6 and Appendix D. By contrast, both
Arousal and Dominance admit viable alternatives.

When examining the advantage probabilities of each model
depicted in Figure 3, we find that for Dominance, two mod-
els satisfy the win-rate criterion at or below the recom-
mended ϵ = 0.10 value, but Claude Sonnet 4.5 shows the
strongest overall advantage probability (ρ = 0.88). For
Arousal, GPT-5.1 provides the strongest evidence of substi-
tution; the model achieves the highest average advantage
probability (ρ = 0.89) on this dimension and surpasses the
win-rate threshold with a negative ϵ value (ϵ = −0.01), indi-
cating that two of our annotators (the 50% threshold needed)
required their probabilities of alignment to be lowered in-
stead of the model.

Finally, we used these validated models to complete paired
comparisons of EmoBank text and then we computed BT
scores for Arousal and Dominance. These scores were then
appended to the original EmoBank file for release. We

Figure 2. Win Rate, ω, sensitivity to the cost-benefit hyperpa-
rameter, ϵ, across Valence, Arousal, and Dominance. Each curve
shows which ϵ value models cross the 0.50 Win Rate threshold,
indicating the quality of annotators the model is valid to replace.
Given that the annotators here are trained staff, a model with
ω ≥ 0.50 at ϵ = 0.10 is considered good.

also release the complete set of manual and LLM-generated
pairwise judgments. As shown in Figure 4, when compared
to the EmoBank score distributions (rescaled), EmoPair BT
scores exhibit greater dispersion and less clustering around
the midpoint, suggesting that the pairwise framework also
mitigates the potential centrality bias observed in the direct
scalar ratings (Douven, 2018). BT scores also maintain
significant rank-order alignment with original EmoBank
scores (Figure 4), suggesting the transformation increases
differentiation without disrupting the underlying structure.

5.2. Modeling with EmoPair

We next examine whether these annotation differences yield
downstream modeling gains. We compare four RoBERTa-
large models on the EmoPair test set (N = 1, 000 items;
8, 484 held-out pairs) that vary by the crossing training data
(EmoPair vs. EmoBank) and by model architecture (PERT
regression vs. reward-based pairwise modeling). This de-
sign isolates the relative contributions of the supervision
source and model architecture. We evaluate model perfor-
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Figure 3. Average Advantage Probability, ρ, across four LLMs for the Valence, Arousal, and Dominance constructs. Higher values
indicate a greater probability that a model performs as well as or better than a randomly selected human annotator.

Figure 4. Score Distribution Comparison. After linearly rescaling EmoBank scores to [−1, 1], we see that the EmoPair scores contain
much more variance. Despite differences in distribution shape, EmoPair scores maintain significant rank-order correlation with rescaled
EmoBank scores for both Arousal (ρ = 0.435, p < 0.001) and Dominance (ρ = 0.310, p < 0.001), indicating consistent relative
ordering of items across both annotation approaches.

mance for each VAD dimension across three criteria: Pear-
son correlation with original EmoBank scalar scores (orig
r), Spearman correlation with Bradley-Terry derived scores
(BT r), and pairwise comparison accuracy (Pair Acc).

We find the two datasets diverge the least for Valence.
As shown in the performance profiles in Figure 5, PERT-
EmoBank and PERT-EmoPair models are effectively tied
in their correlation with held-out Valence labels: PERT-
EmoPair achieves a Pearson correlation of 0.8338, com-
pared to 0.8326 for PERT-EmoBank, and the bootstrap
confidence interval for their difference includes zero. In
contrast, reward-based models perform slightly worse than
both PERT variants on this dimension. Taken together, these
results suggest that the original EmoBank labels remain a
useful calibration target for Valence, but do not provide ev-
idence of a meaningfully stronger underlying signal than
EmoPair.

A very different pattern emerges for Arousal and Dom-
inance when evaluating against EmoPair-defined BT tar-
gets. For Arousal, Reward-EmoPair and PERT-EmoPair
achieve correlations of 0.87 and 0.86, respectively, while
Reward-EmoBank and PERT-EmoBank reach only 0.63
and 0.61. A similar gap appears for Dominance: PERT-
EmoPair and Reward-EmoPair achieve correlations of 0.73
and 0.73, compared to 0.44 and 0.32 for the EmoBank-
trained models. This pattern is largely mirrored in pairwise
accuracy, which more closely reflects the underlying an-
notation task. For Arousal, EmoPair-trained models reach
85.37% and 84.34% accuracy, versus 73.99% and 72.82%
for EmoBank-trained models. For Dominance, the corre-
sponding accuracies are 77.03% and 76.96%, compared to
64.93% and 61.33%. Overall, these results indicate that
models trained on EmoPair generalize substantially better
than those trained on EmoBank.
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Figure 5. Performance profiles of four model–dataset combi-
nations across eight evaluation metrics. Each axis represents
a distinct criterion: Pearson correlation with EmoBank scores
(orig r), Spearman correlation with BT scores (BT r), and pairwise
accuracy (Pair Acc).

Notably, the two best-performing, EmoPair-trained mod-
els (Reward-EmoPair and PERT-EmoPair) are statistically
indistinguishable on the EmoPair-defined BT targets. For
Arousal, the bootstrap difference in BT correlation between
the two models is 0.0090 (95% CI [-0.0032, 0.0216]). For
Dominance, the corresponding difference (PERT-EmoPair
minus Reward-EmoPair) is 0.0050 (95% CI [-0.0135,
0.0236]). Because both confidence intervals include zero
and the effect sizes are minimal, these results suggest that
the primary driver of improvement is not model architec-
ture but training data. Once either architecture is trained
on EmoPair labels—either regressed on BT scores or on
reward signals from paired comparisons—performance in-
creases substantially on the comparative targets the dataset
was designed to capture.

When evaluation shifts from EmoPair-defined BT targets
to the original EmoBank score averages for Arousal and
Dominance, the ranking reverses. PERT-EmoBank achieves
the strongest correlations with the legacy scales (r = 0.5898
for Arousal and r = 0.5317 for Dominance), and its advan-
tage over Reward-EmoBank is statistically significant in
both cases. This reversal does not indicate that EmoBank
provides better supervision for comparative affect model-
ing. Rather, it reflects that models trained on EmoBank
are better calibrated to reproduce the scalar scoring system
that EmoBank itself defines. In other words, EmoBank is
most applicable when the goal is compatibility with the
legacy scale, whereas EmoPair is better suited for modeling

comparative affect judgments and likely better reflects true
placement on the construct scale.

6. Conclusion
This work contributes to a broader validity argument for
modeling affective dimensions in the VAD framework
through comparative, rather than absolute annotation. Our
findings demonstrate that humans exhibit higher agree-
ment when making pairwise judgments than when assigning
scalar scores, and that LLMs trained on these comparative
criteria can match (or sufficiently approximate) this level
of agreement. This suggests that reliable supervision for
these dimensions does not require exhaustive manual anno-
tation of absolute values. Instead, pairwise comparisons can
provide a more stable and scalable foundation for captur-
ing the underlying affective structure while also offering a
path toward improving annotation quality and expanding
datasets.

We posit that LLMs are unable to match human reasoning on
the Valence dimension in part due to a failure to accurately
represent the construct. As shown in Appendix D, man-
ual annotators exhibit substantially higher reliability when
evaluating Valence compared to the other two dimensions
across both the EmoBank and EmoPair data, suggesting that
Valence is a more accessible and less ambiguous affective
construct for humans still. It is possible that, in such settings,
the margin for improvement is minimal - even well-trained
models can only approximate, but not exceed, an already
high level of human consensus.

More broadly, this work introduces two complementary ap-
proaches for addressing challenging NLP tasks: improving
annotation quality through pairwise judgments and leverag-
ing reward-based learning over paired data. By modeling
differences between instances rather than predicting abso-
lute labels, our framework better reflects how many social
and affective constructs are expressed in practice. At the
same time, it highlights the ongoing challenge of data aug-
mentation in NLP, further underscoring the need for careful
integration of LLMs with rigorous evaluation protocols.
Together, these contributions point toward a flexible and
generalizable paradigm for scaling the study of abstract,
hard-to-annotate dimensions in the social sciences.

Ethics
The authors of this paper served as the annotators for the
purpose of validation and had full knowledge of the study’s
aims, data sources, and intended use of their annotations
prior to participation. The lead author designed the code-
book and trained annotators. All other authors served as
annotators. We provide the codebook used in this process
in Appendix A. All annotators were staff or student em-
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ployees at the same university research center. Annotators
were recruited from within the center and participated as
part of their standard responsibilities. As such, this study
did not require review board approval; the annotation task
used only existing, publicly available data (EmoBank) and
was conducted exclusively by compensated staff and stu-
dent researchers affiliated with the institution. No sensitive
populations, deceptive procedures, or collection of personal
data from external participants were involved.

Further, the primary use of LLMs in this work is as an-
notation instruments rather than as deployed models; the
fine-tuned RoBERTa-large models used for downstream
evaluation are comparatively lightweight encoder architec-
tures. This design choice substantially limits the environ-
mental footprint of the pipeline relative to approaches that
deploy frontier LLMs for inference. Nevertheless, prac-
titioners should exercise caution when applying EmoPair-
trained models outside of research contexts. Automated
systems that misinterpret emotional affect can cause harm
in sensitive applications such as mental health monitoring,
content moderation, and affective human-computer interac-
tion. We emphasize that EmoPair is released as a research
artifact and has not been validated for deployment in
such settings. Additionally, because both EmoBank and our
annotator pool reflect English-language, Western cultural
contexts, models trained on EmoPair may not generalize
reliably.

More broadly, we note that the decision to deploy LLMs for
measuring emotional affect must be grounded in rigorous
evidence rather than assumptions. To mitigate these risks
and promote accountability in NLP research, we emphasize
the transparency of the failures of trying to automate the
Valence dimensions. By publishing negative results we
aim to surface construct-specific weaknesses that would
otherwise remain invisible. This transparency ensures that
practitioners do not blindly trust LLM outputs, underscoring
the necessity of evidence-based deployment when relying
on automated systems to interpret complex human emotions.

Limitations
A primary limitation of our methodology is the bounds of
its generalizability and the strict necessity for construct-
specific validation. As demonstrated by the model’s AltTest
failure on Valence, an LLM that serves as a highly reliable
annotator for one construct is not automatically reliable for
another. This holds true even when the tasks share a corpus,
prompt structure, annotation format, and unified theoret-
ical relation. Consequently, expanding this methodology
requires researchers to rigorously validate LLM capabilities
on a construct-by-construct basis and remains an active area
of research. Additionally, another limitation of this study
is the size and demographic scope of the manual annota-

tion team. The relatively small number of annotators may
limit the representativeness of the emotional baseline across
broader, more diverse populations.

Furthermore, the CGCoT prompts used to structure LLM
reasoning were designed by the authors. These prompts
could potentially be improved through collaboration with
psychological experts on emotions to more accurately cap-
ture the nuanced linguistic features of Valence, Arousal, and
Dominance. Finally, while our methodology relied on a
forced-choice paradigm for LLM stability, the optimal han-
dling of “ties”—where two texts are perceived as affectively
equal—remains a critical area for future work to better align
automated systems with the subtle complexities of human
emotional perception (see Appendix E for more detail).

AI Usage
The authors used AI assistants at several stages of this
project beyond as the subject of study. Generative AI tools
were used in manuscript preparation to assist with grammar
checking, prose editing, and length reduction; in code devel-
opment for debugging assistance; and in checklist evaluation
during submission preparation. All AI-generated sugges-
tions were reviewed, edited, and approved by the authors,
who take full responsibility for the content of this paper.
The use of LLMs as experimental annotation instruments is
distinct from and described separately in the main body of
the paper.
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A. Annotation Task
To ensure representative coverage of the EmoBank dataset within the subset chosen for pairs, we employed stratified
sampling. We systematically evaluated 1,331 binning configurations (11 bin sizes per dimension: 5, 10, 20, 30, 40, 50,
100, 250, 500, 750, and 1,000 bins) to identify optimal stratification parameters that would yield a sample statistically
representative of the full distribution. For each configuration, we created strata by discretizing the continuous VAD scores
and allocated samples proportionally to stratum size (n=50 total). We assessed distributional similarity using two-sample
Kolmogorov-Smirnov tests (Massey, 1951), requiring p ¿ 0.05 for all three dimensions to ensure no significant deviation
from the original distribution. Among valid configurations, we selected the one maximizing the minimum p-value across
dimensions, which corresponded to V=250, A=40, and D=30 bins. This approach balanced granular stratification of the
emotional space with sufficient samples per stratum, yielding a final sample of 50 text instances that faithfully represented
the multidimensional emotional distribution of the source corpus (minimum KS test p-value: 0.22).

From these 50 items, we use the pairadigm package to generate pairings such that each item had 10 pairs, following
Wu et al. (2024). This resulted in 293 pairs per dimension for annotators to evaluate. To ensure statistical connectivity and
adequate comparison coverage, pairadigm employs a graph-theoretic pairing strategy that guarantees each item appears
in a minimum number of comparisons while maintaining a connected comparison graph necessary for reliable scoring.

A.1. Human Annotations

Human annotators were the provided with three sets of the pairs - one for each dimension - and prompted with the following
prompts for their choices for each dimension:

• Valence: Answer 1 or 2 (or 0 if tied) - Which sentence sounds more positive or pleasant? Choose the sentence that
feels happier, more pleased, or more content.

• Arousal: Answer 1 or 2 (or 0 if tied) - Which sentence sounds more emotionally intense rather than calm or relaxed?
Choose the sentence that feels more excited, more agitated, or more alert.

• Dominance: Answer 1 or 2 (or 0 if tied) - Which sentence implies that the speaker has more power over events or
decisions in their situation? Choose the sentence that sounds more controlling, more commanding, or more empowered.

The full codebook is included in F.

A.2. CGCoT Prompts

The following figures display the prompts used to generate the breakdowns that were used for the pairwise comparisons via
pairadigm. For the pairwise annotation, we used the default comparison prompt in the package.

Figure 6. CGCoT Prompts for Valence.

1. Summarize the text: {text}
2. Who or what is the primary target or focus of the following text (person, group, idea,

object, or no clear target)? Answer with a short label. Text: {text}
3. Describe the overall evaluative tone toward the target in the original text using

concrete words (examples: praising, appreciative, approving, congratulatory; neutral,
descriptive, matter-of-fact; critical, hostile, insulting, disparaging) and CONCISELY
cite textual cues that justify this label. Text: {text}

4. Valence refers to how pleasant or unpleasant an emotion feels. High valence relates to
positive, attractive feelings (e.g., joy), while low valence relates to negative,
aversive feelings (e.g., sadness). Based on your previous analysis, provide a single
categorical judgment: does the original text express Positive Valence, Neutral Valence,
or Negative Valence toward the identified target? Answer with only one of those three
words. Text: {text}

B. Generating Paired Choices from EmoBank
For each unique text item, we collect the full distribution of reader-provided Likert scores on each affective dimension. We
then construct all unordered pairs of text items and compute a probabilistic preference score for each pair separately for V,
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Figure 7. CGCoT Prompts for Arousal.

1. Summarize the text: {text}
2. Identify the primary emotion or affective state conveyed in the original text if any (

examples: anger, excitement, sadness, boredom, urgency, amusement, none). Text: {text}
3. Describe the intensity of the emotional expression in the original text using

descriptive labels (calm, mild, moderate, high, explosive) and CONCISELY cite textual
cues that justify this label (examples: exclamation marks, all-caps, repeated
punctuation, interjections, short emphatic sentences). Text: {text}

4. Arousal describes the intensity or energy level of an emotion, ranging from calm or low
activation (e.g., relaxed) to excited or high activation (e.g., anger or exhilaration
). Based on your previous analysis, provide a single categorical judgment of the
original text: Low Arousal, Moderate Arousal, or High Arousal only using one of those
three labels. Text: {text}

Figure 8. CGCoT Prompts for Dominance.

1. Summarize the text: {text}
2. Identify whether the text author of the original text adopts an Assertive/Controlling

stance, a Neutral/Informative stance, or a Submissive/Deferential stance. Provide the
label and a one-sentence justification. Text: {text}

3. Cite up to three textual features that support the stance identified previously in the
original text (examples: imperatives "Do X", threats, confident factual claims without
hedging; hedges "maybe", "I think", questions; apologies, disclaimers). Text: {text}

4. Indicate whether the speaker claims authority, issues a command, asks for permission,
or expresses uncertainty in this text: {text}

5. Dominance indicates the extent to which a person feels in control or powerful versus
controlled or powerless during an emotional experience. High dominance means feeling
empowered or influential (e.g., anger), while low dominance reflects feelings of being
dominated or overwhelmed (e.g., fear). Based on your previous answers, provide a
single categorical judgment on Dominance: High Dominance, Medium Dominance, or Low
Dominance only using one of those three labels. Text: {text}

A, and D. For a given dimension and a pair of texts (A, B), this probability is estimated by comparing all ratings assigned to
A with all ratings assigned to B. Specifically, we calculate the proportion of cross-item rating pairs in which A receives a
higher score than B, with tied ratings contributing half a point. This approach produces a nonparametric estimate of P (A ¿
B) that reflects overall differences in the distributions of ratings while preserving heterogeneity across raters.

P (A > B) =
NA>B + 0.5NA=B

|A| × |B|
(2)

For use in downstream reward model architecture, we additionally derive a binary comparison indicator for each item
pair, coding whether the estimated probability exceeds 0.5 as indicative of the chosen item in the pair. This representation
corresponds to the input required by Bradley–Terry–type choice models and related probabilistic ranking frameworks. All
computations are carried out independently for Valence, Arousal, and Dominance, treating each dimension as a separate
latent affective scale. This approach generated C(10,062, 2) × 3 pairwise probabilities which were then randomly sampled
for reward model fine-tuning. The resulting pairwise dataset preserved the distributional information from multiple raters
while enabling rank-based analysis through the Bradley-Terry framework.

C. Reward Model Training Methodology
While for the PERT models we train with MSE loss across all dimensions using AdamW optimization (learning rate:
3× 10−5, no weight decay) with linear warmup scheduling to following Bulla & Mongiovı̀ (2024), we train the reward
model using a hybrid loss function that accounts for the distinct nature of valence and arousal-dominance labels:

• Arousal and Dominance (Pairwise): Binary Cross-Entropy against human pairwise preferences and EmoBank-derived
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Bradley-Terry indicators for the EmoBank model (see Appendix B) and LLM-derived annotations for the EmoPair
model.

• Valence Loss (Pointwise): Average Mean Squared Error of both predicted scores against gold valence scores from
EmoBank annotations (1–5 scale).

Data are split into training, development, and test sets following the item splits designed in EmoBank (Buechel & Hahn,
2017) such that paired items remain within the same split to preserve independence. We use AdamW optimization with
a learning rate of 2× 10−6, weight decay of 0.05, and a linear warmup schedule (7.5% of total steps). Training employs
gradient accumulation (effective batch size: 64 across 4 accumulation steps of mini-batches of 16) for 20 epochs with early
stopping (patience: 7 epochs on development loss). Mixed-precision training (float16) with automatic loss scaling stabilizes
convergence.

All models were trained on NVIDIA RTX 4000 Ada Generation GPUs hosted on a private server maintained by the university.
Each model configuration required on the order of a few hours of wall-clock training time. Precise GPU-hour totals were not
logged during training runs; however, full training output logs are available in the code repository, which provides per-epoch
loss and timing information sufficient for readers to estimate the computational requirements for reproduction. By our
estimate, the training time was approximately 4 hours for each model.

D. Exploring Valence AltTest Failure
As shown in Figure 2, the AltTest produced a clear asymmetry across the three VAD dimensions: the LLMs tested achieved
Win Rates (ω) meeting or exceeding our 0.50 threshold for Arousal and Dominance across a range of ε values, but no model
crossed that threshold for Valence, constituting a failure of the AltTest for that dimension. This section examines the likely
sources of that failure using the Dawid-Skene (DS) reliability estimates computed across all annotators—manual and LLM
alike—presented in Figure 9.

The DS model, unlike simple pairwise agreement statistics or the AltTest which builds off of them, estimates each annotator’s
latent sensitivity to the true underlying construct by modeling the full pattern of agreements and disagreements across the
annotator pool. Higher DS reliability indicates that an annotator’s judgments more faithfully track the latent construct as
approximated by the collective consensus (Dawid & Skene, 1979). Figure 9 reveals a striking reversal across dimensions.
For Arousal and Dominance, the LLMs occupy the top positions in the DS reliability ranking: on Arousal, GPT-5 Nano
(0.984), GPT-5.1 (0.963), Claude Sonnet 4.5 (0.944) all rank above any manual annotator, with the most reliable human (A3
= 0.896) ranking fourth. The same pattern holds for Dominance, where Claude Sonnet 4.5 and Claude Haiku 4.5 (0.851)
lead the ranking. This is precisely what one would hope for from a successful AltTest: the LLMs are not merely consistent
internally, but are more consistent with the ground truth than the typical manual annotator.

For Valence, the picture inverts. The top three positions in the DS reliability ranking are held by manual annotators (A3
= 0.935, A2 = 0.881, A4 = 0.868), with LLMs occupying - almost exclusively - the lower positions. While the absolute
differences are modest, the consistent ordering across LLMs and manual annotators points to a systematic, rather than
incidental, difference in sensitivity to the Valence construct. The LLMs demonstrate lower fidelity to the consensus signal
on Valence precisely when the manual annotators are at their most cohesive—a dynamic that directly explains the AltTest
failure, since the test evaluates LLM performance relative to the agreement floor set by individual manual annotators.

We hypothesize that this pattern reflects a difference in construct granularity between Valence and the other two dimensions.
Valence—the pleasantness or unpleasantness of an emotional state—is the dimension most proximate to sentiment, a
construct that humans encounter and implicitly evaluate in everyday language more consistently. As a result, manual
annotators appear to have developed finely calibrated, shared intuitions for Valence that are robust even at the pairwise
margin, where items may differ only subtly. The high Krippendorff’s α for human Valence annotations (0.929, Table 1)—the
highest of any dimension—supports this interpretation. The LLMs, despite strong average performance, appear less sensitive
to these marginal distinctions, likely because the pairwise task surfaces edge cases where the hedonic signal is weak,
ambiguous, or depends on pragmatic inference that the models weigh differently.

Taken together, these findings suggest that the pairwise comparison framework is especially well-suited to constructs that are
less intuitively familiar to annotators—where reducing cognitive load and anchoring judgments to direct comparisons has the
most to offer. For Valence, human annotators appear to have reached a level of agreement that the current generation of LLMs
cannot reliably match on nuanced pairs - even with CGCoT surfacing nuance - making LLM replacement inappropriate
under the AltTest’s statistical criterion. This does not diminish the utility of the EmoPair scores from models; it does,
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Figure 9. Each point represents the reliability of a single annotator-human (blue) or LLM (orange)—as estimated by the Dawid-Skene
model, which measures the degree to which an annotator’s judgments track the latent consensus signal across all annotators and items.
Annotators are ranked within each construct from highest to lowest reliability. The construct-specific asymmetry directly explains the
AltTest failure for Valence and underscores the importance of per-dimension validation rather than generalizing annotation reliability
across constructs.

however, argue for retaining manual annotation for Valence when expanding this corpus, or for exploring more targeted
prompting strategies designed to improve LLM sensitivity to hedonic edge cases.

This result also perfectly exemplifies the need for validation of LLM’s capabilities when considering deploying them at
scale. Had we proceeded without the AltTest—relying instead on the LLMs’ strong aggregate performance on traditional
agreement metrics and the presumed prevalence of valence-related data in training given its relatedness to sentiment—we
would have silently introduced a lower-quality signal into the Valence dimension of EmoPair, with no statistical warning to
alert downstream users. The AltTest’s leave-one-out design is precisely calibrated to catch this failure mode: it does not ask
whether an LLM performs well in absolute terms, but whether it performs well relative to the human annotators it is being
asked to replace, on the specific construct and task at hand.

That distinction matters enormously in practice. A model that is a reliable annotator for Arousal is not automatically a
reliable annotator for Valence, even when the two tasks share a prompt structure, a corpus, an annotation format, and a
unified relation in theory. Generalizing from success on one construct to assumed competence on another is exactly the
kind of inferential shortcut that rigorous validation procedures are designed to prevent and that an ever-growing chorus of
researchers and practitioners is calling for in studies using measures derived from LLMs (Gilardi et al., 2023; Pangakis &
Wolken, 2024; Abdurahman et al., 2025; Licht et al., 2025). The Valence AltTest failure thus serves not as a limitation of the
EmoPair methodology, but as a demonstration that the methodology is working as intended, surfacing construct-specific
weaknesses that would otherwise be invisible and ensuring that the decision to deploy LLMs at scale is grounded in evidence
rather than assumption.

E. Guidance for Annotating Ties
A critical methodological consideration in the creation of EmoPair was how to handle “ties” (instances where two texts are
deemed to have equal levels of a given VAD construct) during pairwise comparison. During our validation, we observed
significant tradeoffs when allowing manual annotators to declare ties versus allowing LLMs the same option.

For manual annotation, allowing ties proved highly beneficial. Human annotators inherently vary in their subjective
sensitivity to emotional constructs. When the affective difference between two texts is incredibly subtle, forcing a person
to make a definitive choice often introduces noise and reduces inter-rater reliability. In these instances, allowing a “tie”
provides a necessary pressure valve that accurately reflects human perceptual thresholds.
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Conversely, we found that LLM annotation performance degraded when the model was allowed to output a tie. Given the
option, LLMs frequently over-relied on the “tie” classification as a safe fallback for complex or nuanced comparisons, which
ultimately diminished the discriminatory power of the resulting dataset. Through iterative testing, we determined that LLMs
perform best when presented with a strict forced-choice prompt. By removing the tie option, the LLM is forced to compute
and leverage minute probabilistic differences in the text, yielding a more accurate and scalable emotional mapping than
when given the option to remain neutral. Therefore, we recommend allowing ties for manual baseline annotations, but
strictly enforcing forced-choice prompts for LLM-driven pairwise comparisons.

F. Codebook for Human Annotators
Overview

This codebook defines the instructions, decision rules, examples, edge cases, quality controls, and adjudication protocol
for a pairwise sentence comparison task with three independent judgment dimensions: Valence (pleasantness), Arousal
(emotional intensity), and Dominance (perceived control). Each dimension is judged separately for the same sentence pair.
Annotators answer exactly one choice per dimension according to the prompts provided.

VAD Background

The proliferation of digital text—from social media posts and consumer reviews to vast archives of literature and news—has
created an unprecedented opportunity to study human expression at scale. A central challenge in this endeavor is the
computational analysis of emotion, a task commonly known as sentiment analysis. For years, this field has been dominated
by a relatively simple classification of text into positive, negative, or neutral polarities. While useful for broad-stroke
assessments, this approach fails to capture the rich, multifaceted nature of human affective states. A review glowing with
serene contentment and one buzzing with frenetic excitement are both “positive,” yet they describe profoundly different
emotional experiences. Similarly, the quiet despair of a sad text is affectively distinct from the high-energy fury of an angry
one. To move beyond this coarse granularity, a more sophisticated and psychologically grounded framework is required.

The Valence, Arousal, and Dominance (VAD) model offers such a framework. Rooted in decades of psychological research,
it deconstructs emotion not into discrete categories but into three continuous, fundamental dimensions: Valence (the degree
of pleasantness), Arousal (the level of activation), and Dominance (the sense of control). This dimensional approach provides
a high-resolution map of the affective landscape, allowing any emotional state to be represented as a unique coordinate in
a three-dimensional space. This capacity for nuance makes the VAD model exceptionally well-suited for computational
applications, where the complexity of human feeling can be translated into quantifiable, analyzable data.

To understand how Valence, Arousal, and Dominance are used to analyze text, one must first grasp their origins as a
comprehensive theory of human emotion. The VAD model is not an ad-hoc creation for computational linguistics but is
built upon a robust psychological foundation designed to capture the fundamental structure of all affective experience. This
section explores the model’s genesis, defines its three core dimensions, and situates it within the wider scientific discourse
on emotion.

Defining the Three Dimensions of Affect

The power of the VAD model lies in its three orthogonal dimensions, which work in concert to provide a unique “affective
coordinate” for any emotional state. Each dimension is a continuous scale, allowing for the representation of subtle variations
and intensities of feeling.

Valence (Pleasure-Displeasure)

Valence is the most intuitive of the three dimensions, capturing the hedonic quality or pleasantness of an experience. It
is a bipolar scale that ranges from highly positive feelings at one end to highly negative feelings at the other. Adjectives
associated with high valence include

• happy, pleased, satisfied, contented, and hopeful, while low-valence states are described by terms like
• unhappy, annoyed, unsatisfied, melancholic, despaired, and bored.4

In simple terms, valence answers the question: “Does this feel good or bad?” For instance, the emotions of joy and love
score high on the valence scale, whereas anger, fear, and sadness all score on the low, or displeasure, side. It is the primary
dimension used in traditional sentiment analysis, corresponding directly to positive versus negative polarity.
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Arousal (Activation-Deactivation)

Arousal measures the level of physiological and psychological activation, energy, or stimulation associated with an emotional
state. This dimension ranges from states of very low activation, such as

• sleepy, calm, sluggish, or dull, to states of extremely high activation, like
• excited, frenzied, jittery, or wide-awake.

It is crucial to distinguish arousal from emotional intensity. While the two are often correlated, they are not synonymous.
For example, profound grief or depression can be intensely felt emotions, yet they are characterized by very low arousal.
Conversely, rage is a high-arousal state, while anger may be less so. Arousal acts as an amplifier for valence; an increase in
arousal can transform a state of contentment (high valence, low arousal) into one of delight (high valence, high arousal), or
it can escalate frustration (low valence, moderate arousal) into full-blown anger (low valence, high arousal).

Dominance (Control-Submissiveness)

Dominance is arguably the most sophisticated dimension of the model, capturing the degree to which an individual feels
in control, influential, and dominant versus controlled, influenced, and submissive within a situation. This dimension is
what provides the VAD model with much of its explanatory power, as it can distinguish between emotions that appear very
similar on the valence-arousal plane.

The classic example is the distinction between anger and fear. Both are unpleasant (low valence) and highly activating (high
arousal) emotions. However, they differ starkly in dominance. Anger is a high-dominance emotion, associated with a feeling
of power and control, often motivating an individual to confront a threat or obstacle. In contrast, fear is a low-dominance
emotion, characterized by a feeling of being powerless and controlled by external circumstances, typically motivating
avoidance or submission.

While valence and arousal describe the raw feeling state—its pleasantness and energy level—dominance speaks to the
individual’s sense of agency within that state. This makes it a critical dimension for understanding action-oriented
emotions. The link between dominance and behavior is not merely speculative; it has been explicitly connected to the
conative (i.e., behavioral) component of the well-established ABC Model of Attitudes, which breaks down attitudes into
Affective (feeling), Behavioral (acting), and Cognitive (thinking) components. Analyzing the dominance score of a text,
therefore, offers a window not just into how the text is intended to make a reader feel, but what it might impel the reader to
do. A text high in negative valence and arousal could signal general distress, but a high dominance score would suggest
outrage and a potential for mobilization, whereas a low dominance score would imply despair and potential passivity.

Task and answer formats

• Dimension 1 — Valence (pleasantness)
– Prompt: Answer 1 or 2 or 0 if tied — Which sentence sounds more positive or pleasant? Choose the sentence that

feels happier, more pleased, or more content.
– Allowed labels:

* 1 (Sentence 1 more positive),
* 2 (Sentence 2 more positive),
* 0 (tied / equally positive).

• Dimension 2 — Arousal (intensity)
– Prompt: Answer 1 or 2 or 0 if tied — Which sentence sounds more emotionally intense rather than calm or

relaxed? Choose the sentence that feels more excited, more agitated, or more alert.
– Allowed labels:

* 1 (Sentence 1 more intense),
* 2 (Sentence 2 more intense),
* 0 (equally intense).

• Dimension 3 — Dominance (control)
– Prompt: Answer 1 or 2 or 0 if tied — Which sentence implies the speaker has more power over events or decisions?

Choose the sentence that sounds more controlling, more commanding, or more empowered.
– Allowed labels:
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* 1 (Sentence 1 more controlling),
* 2 (Sentence 2 more controlling),
* 0 (tied / equal control).

Broader directions and decision rubric

• Valence (pleasantness)
– Choose the sentence that communicates or implies greater positive affect, warmth, pleasure, satisfaction, or

optimism. Prefer explicit lexical cues of happiness, gratitude, relief, comfort, praise, or positive appraisal. Choose
the sentence with less negativity, less complaint, less sadness, or less criticism. If one sentence contains mixed
cues, weigh overall tone and likely immediate emotional reaction of a typical reader or speaker.

• Arousal (emotional intensity)
– Choose the sentence that reads as more activated, energetic, agitated, excited, alarmed, frantic, or urgent. Prefer

markers such as exclamation, interjections, high-energy verbs, increased pace, punctuation that signals intensity,
sensory vividness, or verbs implying action. Choose the calmer sentence when language is quiet, measured, sleepy,
relaxed, or subdued.

• Dominance (perceived control)
– Choose the sentence whose speaker appears to exert more agency, authority, or control in the situation. Favor

direct commands, decisions, explicit assertions of power, decisive language, refusal, ordering, allocation of
outcomes, or first-person claims of control. Choose the sentence implying submission, passivity, uncertainty,
or being controlled when appropriate. If both sentences describe third-party situations, judge which sentence
attributes stronger agentic position to its speaker.

Decision rules common to all dimensions

• Make a single comparative judgment; do not split or hedge (e.g. do not mark 1.5).
• If the two sentences are essentially identical in the targeted attribute, mark the tied/equal option, 0.
• Judge only one dimension at a time. If different attributes conflict (one sentence is slightly more positive but much

more intense), judge the dimension asked and ignore other dimensions.

Short, clear examples

• Pair A
– Sentence 1: “I got the promotion today.”
– Sentence 2: “I was told I might be considered for a promotion.”

* Valence: 1
* Arousal: 1
* Dominance: 1

• Pair B
– Sentence 1: “Please calm down, everything will be fine.”
– Sentence 2: “Get out of my office now.”

* Valence: 0
* Arousal: 2
* Dominance: 2

• Pair C
– Sentence 1: “I am so relaxed on this holiday.”
– Sentence 2: “I can’t wait for the concert tonight!”

* Valence: 0
* Arousal: 2
* Dominance: 1

• Pair D (tie example)
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– Sentence 1: “The cat sat on the mat.”
– Sentence 2: “A cat is sitting on a mat.”

* Valence: 0
* Arousal: 0
* Dominance: 0

Edge cases and disambiguation rules

• Mixed signals: If a sentence contains both calm wording and a single intense word, weigh overall feel; a brief intense
token can raise Arousal but not necessarily Valence or Dominance.

• Negation flips: “I love this” versus “I don’t love this” — treat negation literally and choose the sentence reflecting the
stronger valence accordingly.

• Sarcasm and irony: If sarcasm is explicit or strongly implied, judge perceived surface meaning for Valence and Arousal
as read by an average reader. If sarcasm makes the literal sentiment ambiguous, choose the tie value when average
interpretation is unclear and make a note of the confusion.

• Commands vs permission requests: Imperatives and direct orders generally increase Dominance; polite requests reduce
perceived dominance.

• Third-person descriptions: When sentences describe others, infer which sentence attributes greater power to the speaker
by context words like “I decided”, “I told them”, “They forced me” and choose accordingly.

• Punctuation emphasis: Exclamation marks and repeated punctuation increase Arousal. Ellipses and trailing sentences
reduce Arousal.

• Single-word or fragment sentences: Judge on implied tone and typical interpretation.
• Cultural references or slang: Use the typical mainstream interpretation; when you cannot resolve cultural-specific

meanings, choose the tie value for that dimension.
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