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Abstract

Prior work evaluating emotion and affective un-
derstanding in large language models (LLMs)
typically rely on predetermined label sets or
focus on a singular evaluation task (e.g., emo-
tion detection). We consider affective states,
referring to the much broader variety of terms
people use to label their emotional experiences.
We evaluate multilingual language models’ un-
derstanding of affective states in English and
Spanish through three different tasks: 1) identi-
fication, where models predict an affective state
given text, 2) expression, where models gener-
ate text expressing a given affective state, and
3) verification, where models report whether a
given term refers to an affective state. We show
that performance on one task is not necessar-
ily predictive of performance on another. Us-
ing these three tasks, we then begin to explore
when and why models struggle to understand
particular affective states compared to others.
We examine systematic patterns in the affective
state terms that are well and poorly understood
by models, characterizing the working emotion
vocabulary of LLMs. 1

1 Introduction

Benchmarks and approaches for emotion detection
typically prescribe basic or universal psychological
models of emotions (e.g., Ekman basic emotions
(Ekman, 1984); emotion sets found in Wang et al.
(2020)). Recent work, however, has begun consid-
ering larger emotion sets (Demszky et al., 2020) as
well as introduced benchmarks with greater cover-
age of world languages (Bianchi et al., 2022). Such
studies are vital to ensuring that LLMs have a ro-
bust understanding of more nuanced and complex
emotion expression in language.

1We make our code available at https://github.com/
NickDeas/WorkingEmotionVocabulary/
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Figure 1: Through model performance on three
tasks–affective state identification, expression, and
verification–we use notions of working emotion vocabu-
laries to study which affective states multilingual mod-
els least and best understand in English and Spanish.

Most recently, Deas et al. (2024) depart from
traditional emotion detection and avoid a pre-
determined label set. Instead, they evaluate models’
ability to predict any term used by an author to la-
bel their own feelings or emotions. The authors
refer to these terms as affective states. In contrast
to traditional emotion detection tasks, predicting
affective states is shown to be difficult for recent
large language models (LLMs) in both English and
Spanish, warranting further investigation into why
they exhibit poor performance in this setting. Fur-
thermore, this and other prior work focus primarily
on models’ overall ability to detect emotion and
affect in language, but we explore how jointly con-
sidering other tasks and evaluation metrics may
reveal trends in model performance that were not
otherwise apparent.

Accordingly, in this work, we investigate LLMs’
understanding of nuanced affective expression with
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multiple tasks to thoroughly analyze the affective
states that models appear to least and best under-
stand. We first follow Deas et al. (2024) in studying
affective state identification, but evaluate a signif-
icantly larger set of recent models. Beyond this
task, we additionally evaluate models on affective
state expression, requiring models to generate text
as if written by an author expressing a given af-
fective state, and affective state verification, where
models are expected to report the extent to which
a given term in context refers to an affective state
(e.g., compared to a purely physical sensation, "I
feel sore").

Using these tasks, we seek to more comprehen-
sively analyze where models succeed and fail in
affective tasks by conducting a fine-grained analy-
sis of model performance on particular affective
states. Specifically, we draw on psycholinguistics
studies of working emotion vocabularies, the set
of readily accessible terms available to someone in
labeling their emotional experience (Schrauf and
Sanchez, 2004). Beyond language and culture-level
differences in the conceptualization of emotions,
individuals can further differ in the salient subset
of a language’s emotional lexicon that they tend
to use at any given time. For example, one person
may tend to use basic emotion labels (e.g., happy,
angry, sad), while another may tend to use more
precise terms (e.g., ecstatic, enraged, discontent)
despite all terms being well understood by both
individuals.

Similarly, despite being trained on text that
likely includes a wide variety of emotional lan-
guage, LLMs may show preferences or systemati-
cally superior understanding of particular affective
states over others. These preferences may then
hinder their understanding of affect in text writ-
ten by diverse speakers. Therefore, we investigate
LLMs’ understanding of nuanced affective expres-
sion in language and aim to characterize LLMs’
analogues to working emotion vocabularies. Due
to the close relationship between language, cultural
background, and emotion vocabularies, we specif-
ically focus on multilingual LLMs and evaluate
them across English and Spanish. We investigate
the following research questions:

RQ1: How well do multilingual LLMs under-
stand nuanced affect in language across different
tasks? We benchmark 23 multilingual LLMs’ af-
fective understanding by evaluating their ability to
identify nuanced affect in text, express a given af-
fective state, and verify whether a term refers to

an affective state. We show that generally, models
struggle to predict nuanced affect (identification),
instruction-tuned models particularly struggle
to express given affective states (expression), and
few models align with humans in judging what
constitutes a typical affective state (verification).

RQ2: How does understanding of affective
states vary across tasks and models? We evalu-
ate whether understanding of different affective
states is consistent across the three tasks for a
given model, as well as whether there exist pat-
terns across models. While we find some consistent
patterns across models, we also find that there is
little to no agreement among tasks, suggesting
individual tasks provide a limited perspective
on models’ affective understanding.

Finally, RQ3: What psycholinguistic factors
characterize LLMs’ working emotion vocabulary?
We explore the extent to which different psycholin-
guistic properties (e.g., valence, arousal, age of
acquisition) of affective states may explain vari-
ation in LLM performance and behavior across
tasks. We show that frequency of a given term in
CommonCrawl appears to be a significant predic-
tor of model performance, positively associated
with model performance in Spanish, but negatively
in English. We also see trends in psycholinguis-
tic variables that are contrary to patterns in human
studies, likely due to the composition of model
pretraining corpora.

Overall, we show that relying solely on detec-
tion tasks provides an incomplete picture of mod-
els’ affective understanding, and that future work
should consider a variety of diverse tasks to thor-
oughly characterize understanding. Furthermore,
we use performance across our tasks to investigate
the working emotion vocabulary of LLMs, identify-
ing systematic patterns that may shed light on when
models struggle to understand affective states.

2 Background and Related Work.

Language and Emotions. Prior psycholinguis-
tics work has distinguished terms that are con-
sidered emotion-label words (e.g., happy, afraid)
which explicitly reference affective states, and
emotion-laden words (e.g., celebration, tragedy)
which express or elicit emotions without directly
indicating a particular emotion (Pavlenko, 2008;
Betancourt et al., 2024). Similarly, other work mea-
sures the prototypicality of emotion-label terms,
considering how well a term represents the broader
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category comprising emotions (Pérez-Sánchez
et al., 2021; Wu et al., 2025). Such distinctions,
however–and accordingly, differences in individu-
als’ working emotion vocabulary–are realized dif-
ferently according to cultural and linguistic back-
ground. For example, while distributions of posi-
tive, negative, and neutral emotion terms are largely
similar across linguistic and cultural backgrounds
(Bąk and Altarriba, 2024; Schrauf and Sanchez,
2004), frustration has been found to be a more
salient anger term in English compared to other
high-resource languages (Soriano and Ogarkova,
2025) and languages like Javanese can have notably
diverse variation in terms for sadness (Suswandi
and WS, 2017).

LLM Emotion Understanding. Traditionally,
work in emotion analysis has focused on detection
in language (e.g., Demszky et al. 2020; Bianchi
et al. 2022; Li et al. 2017) including in the eval-
uation of LLMs (Liu et al., 2024b; Deas et al.,
2024; Boutouta et al., 2025). Rather than predict-
ing emotions in text, some studies have investigated
producing text that expresses an indicated emotion
through style transfer and controllable generation
(MohammadiBaghmolaei and Ahmadi, 2023; Xie
and Agrawal, 2023), emotional dialogue generation
(Liu et al., 2024a; Song et al., 2019; Ma and Chang,
2024), and other task contexts (Zhang et al., 2019;
Ishikawa and Yoshino, 2025). Rather than restrict
evaluation to a single task, Sabour et al. (2024) aim
to broadly evaluate emotional intelligence in LLMs.
These researchers’ study considers both emotion
understanding (e.g., emotion detection) and emo-
tional application (e.g., responses to emotion-laden
dilemmas). In contrast to prior work, we focus on
more comprehensive evaluation of models’ linguis-
tic understanding of particular affective states. We
leverage affective state terms derived from natu-
ral language and structure our evaluation to study
performance at the term-level.

3 Methods

3.1 Affective Understanding Tasks
We consider three tasks capturing different aspects
of affective understanding: affective state identi-
fication, verification, and expression. Affective
state identification frames emotion detection as
a generative task (Deas et al., 2024). Models are
provided with input text where affective state terms
used by the texts’ author are masked. Then, models
are expected to predict these masked terms. Finally,

affective state verification asks models to report
whether an indicated term represents an affective
state. Each term is provided with context to en-
able distinguishing cases that depend on the use
of the term (e.g., "blue" as a color or as a descrip-
tor of feeling). Finally, affective state expression
requires models to generate a response to a given
user prompt that expresses a target affective state.
Illustrative examples of these tasks and their associ-
ated prompts are included in Figure 1 and Figure 2
respectively.

3.2 Data

We draw data from the MASIVE dataset (Deas
et al., 2024), consisting of English and Spanish
Reddit posts that include explicit descriptions of the
authors’ emotional experiences (e.g., "I feel frus-
trated"). The researchers design an iterative pro-
cedure beginning with a seed set of affective state
terms (e.g., the Ekman emotions (Ekman, 1984))
and a set of query templates (e.g., "I feel ___"). The
templates used allow them to heuristically identify
other affective state terms that appear in returned
texts and include these terms in the next round of
queries, resulting in a large set of unique affec-
tive states (∼1,600 in English, ∼1,000 in Spanish).
The resulting data represents the discrete terms that
people naturally use to label their own emotional
experience and associated contexts.

Lang. Split Size
Unq.
States Len. Score Dist. (%)

0 1 2 3

En
Exs 150 106 22.8 8.0 2.7 5.3 84.0
Test 49 41 26.4 8.2 6.1 26.5 59.2

Ovr 199 131 23.7 8.0 3.5 10.6 77.9

Es
Exs 150 113 63.8 27.3 3.3 8.0 61.3
Test 50 45 68.5 20.0 2.0 22.0 56.0

Ovr 200 143 65.0 25.5 3.0 11.5 60.0

Table 1: Summary data statistics with (rounded) per-
centage of words annotated within each score range by
human annotators. Exs represents the single-coded sam-
ples used as few-shot examples, while Test represents
the double-coded samples used for all evaluations. Unq.
States represents count of unique affective states. 2

A subset of text samples in this work were also
annotated by 2 native English and Spanish speak-
ers. These annotations aimed to identify whether
the automatically detected terms represent affec-

2Length is measured as token count with the Llama-3.1-
8B tokenizer (Grattafiori et al., 2024). Unique affective state
counts for "Exs" and "Test" do not sum to that of "Ovr" due to
partial overlap in affective states between the two subsets.
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Determine the most likely
term reflecting a feeling
to replace the <MASK>
token(s) in the following text:
"I feel <MASK></span> and
overwhelmed but I know that
everyone will look down on
me if I don’t get a degree or
if I drop out of school."

Do not introduce the answer,
respond ONLY with a single
lowercase term.

(a) Identification

Write a sample response
from someone that is feeling
miserable to the following
fictional user message. The
sample response should
clearly express that the author
feels miserable. Do not,
however, explicitly mention
"miserable" or use asterisks
to indicate actions.

User Prompt: I’m feeling re-
ally down today and need a
pick me up.

(b) Expression

Affective state refers to any terms that humans use to describe their
experiences of feeling, including emotions, moods, and figurative
expressions of feelings ... Does the term between <span> and
</span> reflect an affective state? Answer only with one character
from the following: 0, 1, 2, or 3.
...
Input text: Day 7 with Covid, I am feeling <span>much</span>
better
Response: 0

Input text: I feel <span>miserable</span> and overwhelmed but I
know that everyone will look down on me if I don’t get a degree
or if I drop out of school.
Response:

(c) Verification

Figure 2: Condensed prompt templates for the three tasks. Red text represents input texts drawn from MASIVE,
green text represents a masked or target affective state term, and blue text represents in-context examples in the
verification task.

tive states (e.g., rather than purely physical states,
"I feel sore") in order to validate the data collec-
tion process. Judgments are assigned on a 4-point
Likert scale, where 0 and 3 represent "not an af-
fective state" and "completely an affective state"
respectively. For all tasks, we leverage this anno-
tated subset of MASIVE. Notably, these ratings
are inherently subjective, and annotators may draw
different meanings from how a particular term is
used. Therefore, we avoid filtering the candidate af-
fective states in this dataset given the ambiguity of
selecting an appropriate threshold. To mitigate this
variability, however, we extract those overlapping
samples (41 and 45 affective states in English and
Spanish respectively) and use average annotator
judgments to construct a test set throughout experi-
ments for RQ1 (Subsection 4.1) and RQ2 (Subsec-
tion 4.2). We instead leverage the non-overlapping
texts coded by only one annotator as a pool of few-
shot examples for the verification experiments. In
later analyses that do not depend on annotator la-
bels (RQ3 in Subsection 4.3), we use the full set of
131 and 143 affective states in English and Span-
ish respectively. Finally, in experiments involving
binary model outputs, we treat human annotator
ratings ≥ 2 as positive (i.e., judged to represent
affective states) and < 2 as negative (i.e., judged to
not represent affective states).

Summary statistics and the distributions of an-
notator ratings are shown in Table 1. Notably, a
majority of terms included in the annotated subsets
for English and Spanish are judged to represent
affective states. Examples of texts, automatically-
identified candidate affective state terms, and the
associated annotators’ ratings are shown in Table 2.
See Deas et al. (2024) for additional details on data
and human judgment collection.

Lang Context Score

En
I feel jittery waking up but its probably left over

anxiety.
1

I’m so anxious, hoping I’m paranoid, but pissed of
that I feel manipulated into being fearful vs. having

a normal relationship with someone.
3

Es

Tengo una hipoteca. Odio a los corruptos, la falta de
meritocracia y la injusticia. Estoy rodeado de gente
en paro, de empresas que no han sido pagadas por

los servicios prestados y de hipotecados.

0

He tratado de hacerlo muchas veces pero nunca ha
dado resultado, incluso llendo a bailar con pololas o
amigos el resultado es el mismo, nose donde poner
mis brazos ni como moverme, me siento incomodo

3

Table 2: Example texts and affect ratings on a 4pt-Likert
scale, higher being "more like an affective state."

Expression Prompt Data. To evaluate mod-
els in the expression task, we form a dataset of
input prompts to elicit responses conditioned on
an affective state that should be expressed. For the
input prompts, we use texts from the same subset
of MASIVE as used in other experiments in order
to encourage models to provide emotion-laden re-
sponses. We consider all possible pairs of input
prompts and target affective states, allowing us to
generate a diverse set of model responses for each
affective state.

Working Emotion Vocabulary Measures. To
characterize LLMs’ working emotion vocabularies,
we consider a variety of word-level characteristics
and psycholinguistic norms collected in prior work.
Namely, we consider the following measures that
have been previously studied in the context of affect
and language: valence and arousal (Mohammad,
2018; Stadthagen-Gonzalez et al., 2016), human
age of acquisition (AoA) (Kuperman et al., 2012;
Alonso et al., 2014), and concreteness 3 (Brysbaert

3While concreteness norms for Spanish terms exist, we do
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et al., 2013). We additionally consider frequency in
the July 2025 CommonCrawl snapshot measured
using infinigram-mini (Xu et al., 2025) as a proxy
of how often each term may be seen during model
pretraining. We use all of these variables as inputs
to regression models predicting model performance
and behavior in each task in order to characterize
working emotion vocabularies. Additional details
on these measures can be found in Appendix A.

3.3 Experimental Configuration

Identification. We use the same setup and prompt
as described in Deas et al. (2024) and shown in
Figure 2a, framing affective state identification as a
masked-span prediction task. As input, models are
provided with a text where mentions of affective
states by the author of that text are masked. Models
are then tasked with filling each mask with the
terms most likely used by the original author to
describe their feelings.

Expression. For affective state expression ex-
periments, we instruct the model to generate a re-
sponse to a provided user prompt and to ensure
that the response clearly expresses a given affective
state. 4 An example of the prompt format is shown
in Figure 2b.

Verification. Following prior work on the eval-
uation of values and opinions in LLMs (Röttger
et al., 2024), we evaluate LLMs on the verifica-
tion task across a variety of evaluation formats.
Specifically, we consider two output formats: bi-
nary (Yes/No) and ratings (Likert scores ranging
from 0 to 3). An example of the rating format
prompt is shown in Figure 2c. These formats re-
flect different levels of granularity in evaluating
whether a given term is an affective state. We also
explore two approaches to processing predictions:
label classification, where we select the relevant
token with the highest likelihood, and a probability-
based approach, where we compute a continuous
score by averaging over possible output tokens (i.e.,
either yes/no or Likert ratings) weighted by their
associated probability. In summary, we test four
variants: 1. Binary (class): Most probable Yes/No
response. 2. Binary (prob): Weighted average
over Yes/No responses. 3. Rating (class): Most

no include concreteness in the Spanish experiments due to the
lack of coverage of the affective states we study.

4In earlier experiments, we found that passing target affec-
tive states into the system prompt is ignored by instruction-
tuned models like OLMo 3. Therefore, we opt to include the
instructions in a user prompt for all models.

probable Likert-scale ratings. 4. Rating (prob):
Weighted average over Likert-scale ratings.

In addition to varying task formats, we experi-
ment with few-shot prompting. We randomly sam-
ple texts and ratings coded by a single annotator
from MASIVE (Exs. in Table 1) as in-context ex-
amples. We include k-examples in each prompt for
k ∈ {0, 1, 3, 5}. The few-shot examples for each
input are held constant across models. Additional
details on the verification task setup are included
in Appendix B.

3.4 Metrics.
Identification. We adopt the top-k similarity met-
ric used in the original study (Deas et al., 2024)
with k ∈ {1, 3, 5}. To account for affective
state terms with context-dependent meanings (e.g.,
"blue"), we use a multilingual BERT model (Devlin
et al., 2019) to produce contextualized embeddings,
and extract the representation of each term within
the context of the original text. Scores are then
calculated as the maximum cosine similarity be-
tween the contextualized embeddings of the top-k
predictions and ground truth terms.

Expression. To evaluate models in the expres-
sion task, we automatically detect the most likely
affective state represented in each model-generated
response and compare to the target affective state
passed in the original prompt. Following prior
work studying emotion expression and emotion-
conditioned generation (Xie and Agrawal, 2023;
Ishikawa and Yoshino, 2025) we detect affective
states in model responses using a surrogate model.
Specifically, given that they were shown to outper-
form larger LLMs in identifying affective states,
we use two mT5 models, each finetuned separately
on the English and Spanish subsets of MASIVE
(Deas et al., 2024). To calculate scores, we first
extract the top-5 predictions from the appropriate
mT5 model. We then compare the surfaced affec-
tive states from mT5 to the target affective state
using the top-k similarity metrics described above.
We assess and discuss the validity of employing
mT5 as part of our metric in Appendix C. Overall,
this results in a proxy measure of an LLMs’ ability
to express a given target affective state.

Verification. We directly compare model predic-
tions with human annotations and compute agree-
ment using several metrics. First, we compute
Spearman’s ρ correlation between model predic-
tions for each output format and the scores assigned
by annotators. We additionally compute Cohen’s κ
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for classification output formats. Throughout the
presented results, we primarily focus on the correla-
tion metric because it allows us to compare across
all output formats, while Cohen’s κ is limited to
these classification formats.

Working Emotion Vocabularies. We analyze
the linguistic and psycholinguistic characteristics
that may explain variation in model understanding
among affective states. In other words, we aim to
identify classes of affective state terms that consis-
tently result in high performance as well as those
that result in low performance. To do so, we fit ordi-
nal logistic regression models using affective state
characteristics as predictors and a summary score
of a model for each affective state across the three
tasks as the response variable. 5 Again, in contrast
to the experiments conducted in Subsection 4.1 and
Subsection 4.2, we consider the full set of unique
affective states (131 in English and 143 in Span-
ish) in the annotated subset of Deas et al. (2024),
including both single and double-coded samples.
To summarize model performance across tasks, we
normalize each models’ top-5 similarity scores in
the identification task, weighted rating output in the
verification task, and top-5 similarity scores in the
expression task and take the average normalized
score. Finally, we rank each affective state based
on the aforementioned average score, with lower
ranks indicating better performance. This allows
us to identify high-level patterns that may explain
variation in models’ capabilities to identify, verify,
and express each affective state.

Through this regression model, the coefficients
provide insight into the relationship between each
psycholinguistic measure and model understanding:
negative coefficients indicate an increase in a vari-
able is associated with a decrease in affective state
rank (i.e., an increase in model performance), while
positive coefficients indicate that a decrease in a
variable is associated with an increase in affective
state rank (i.e., a decrease in model performance).
Additional details on the regression analyses are
included in Appendix D.

3.5 Models
We evaluate 23 multilingual models in total with
sizes between 4 and 8 billion parameters (a full list

5We opt for an ordinal regression to avoid assuming that
the averaged performance across tasks represents an interval
scale–that is, that the absolute difference in average perfor-
mance for two affective states is meaningful. Accordingly
and as our primary aim focuses on broad patterns in model
performance, we avoid making interval-scale claims.

is included in Appendix E). Specifically, we eval-
uate Llama, Bloom, Mistral, Deepseek, OLMO,
and Qwen model families. To measure the impact
of different training strategies, we consider both
base and instruction-tuned model variants, as well
as model variants finetuned specifically for emo-
tion analysis tasks (Liu et al., 2024b). For brevity
throughout our main experiments, we present re-
sults for a subset of 8 models (base and instruction-
tuned variants of 4 models) that show significant
correlation with human judgments in the verifica-
tion task while representing different model fam-
ilies. Full results for the remaining models are
shown in the Appendices.

4 Results

4.1 RQ1: Benchmarking Affective
Understanding

Model
Top-k Similarity ↑

1 3 5

OLMo 3 Base 37.1%± 11.3 37.3%± 11.4 37.3%± 11.4

OLMo 3 46.2%± 19.4 58.6%± 20.2 63.0%± 19.9

Llama 3.1 Base 30.3%± 9.7 30.4%± 9.6 30.4%± 9.6

Llama 3.1 44.8%± 13.6 51.5%± 15.2 56.0%± 16.9

Qwen 3 Base 34.2%± 14.0 38.1%± 17.2 38.3%± 17.1

Qwen 3 45.8%± 13.9 55.8%± 16.0 57.7%± 16.4

Ministral 3 Base 30.3%± 8.4 30.8%± 8.5 30.9%± 8.5

E
ng

lis
h

Ministral 3 43.3%± 15.2 53.7%± 16.9 58.4%± 16.6

OLMo 3 Base 30.7%± 8.0 30.9%± 8.1 30.9%± 8.1

OLMo 3 42.9%± 14.2 49.4%± 13.4 53.3%± 14.4

Llama 3.1 Base 39.8%± 10.6 40.0%± 10.7 40.1%± 10.6

Llama 3.1 44.3%± 16.8 52.5%± 17.2 56.8%± 18.3

Qwen 3 Base 37.7%± 10.9 38.9%± 11.0 40.2%± 11.3

Qwen 3 40.6%± 15.5 49.5%± 15.1 56.2%± 17.4

Ministral 3 Base 38.3%± 10.8 38.4%± 10.8 38.4%± 10.8

Sp
an

is
h

Ministral 3 45.7%± 19.8 58.4%± 20.3 60.9%± 21.1

Table 3: Top-k similarity scores with ± 2SE’s for a
subset of models in the identification task. Scores are
shaded relative to those of other models for each value
of k (darker indicating better performance).

Identification. We first evaluate model perfor-
mance on affective state identification to gauge
models’ capability to predict affect expressed in
text. Top-k similarity results for the identification
task are shown in Table 3. We reaffirm prior re-
sults for a much larger set of LLMs: LLMs under-
perform the significantly smaller, finetuned mT5
models (71.1% and 78.1% top-5 similarity for En-
glish and Spanish respectively; Deas et al. 2024).
Among the models, instruction-tuning appears to
consistently improve performance for both English
and Spanish. Common instruction datasets (e.g.,
Flan (Wei et al., 2022)) explicitly include sentiment
and emotion tasks, which likely offers improve-
ments in affective state identification performance.
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Figure 3: Spearman’s correlations between model outputs and human annotations across verification task formats.
Agreement between annotators is indicated by the horizontal line. ∗ indicates significant correlation (p ≤ .05)

Full results for the identification task are included
in Appendix F.

Model
Top-k Similarity↑

1 3 5

OLMo 3 Base 42.5%± 0.7 51.4%± 0.7 55.6%± 0.7

OLMo 3 45.4%± 0.6 55.3%± 0.6 60.3%± 0.6

Llama 3.1 Base 42.7%± 0.6 51.5%± 0.6 55.5%± 0.6

Llama 3.1 38.4%± 0.7 49.1%± 0.7 54.1%± 0.7

Qwen 3 Base 40.1%± 0.9 50.4%± 0.9 54.3%± 0.9

Qwen 3 43.3%± 0.6 53.1%± 0.7 57.0%± 0.7

Ministral 3 Base 39.4%± 0.9 50.3%± 0.9 54.9%± 0.9

E
ng

lis
h

Ministral 3 42.1%± 0.6 52.2%± 0.7 56.1%± 0.7

OLMo 3 Base 38.2%± 0.9 48.5%± 0.9 53.5%± 0.9

OLMo 3 40.2%± 0.8 50.8%± 0.8 56.7%± 0.9

Llama 3.1 Base 38.9%± 0.7 47.9%± 0.7 52.8%± 0.8

Llama 3.1 36.3%± 0.7 46.3%± 0.8 51.4%± 0.8

Qwen 3 Base 45.3%± 1.2 56.0%± 1.1 61.2%± 1.1

Qwen 3 36.7%± 0.8 48.7%± 0.9 55.2%± 0.9

Ministral 3 Base 46.8%± 1.2 57.6%± 1.2 62.5%± 1.1

Sp
an

is
h

Ministral 3 34.2%± 0.7 44.8%± 0.8 50.4%± 0.8

Table 4: Top-k similarity scores with ± 2SE’s for a
subset of models in generating responses expressing a
given affective state. Scores are shaded relative to those
of other models for each value of k (darker indicating
better performance).

Expression. As opposed to only identifying af-
fective states given text, we additionally evaluate
models’ ability to do the opposite–to generate text
expressing a given affective state. Table 4 presents
the top-k similarity results for each model in En-
glish and Spanish. In contrast to the identification
task, instruction-tuning does not consistently lead
to improved performance in expressing affective
states. Upon closer examination of model outputs,
this may be due to instruction-tuning encouraging
models to provide human-preferred responses to
the given user prompt over expressing a given af-
fective state. For example, the instruction-tuned
models often provided empathetic or consoling re-
sponses to prompts mentioning negative emotions
regardless of the affective state the model is in-

structed to express. Full results for the expression
task are included in Appendix G.

Verification. To evaluate alignment between
LLMs’ reports with human annotations of whether
terms represent affective states, we first consider
zero-shot performance across all models. Fig-
ure 3 summarizes the model-annotator correlations
across the four output formats. Few models (4-
5 of those shown) exhibit significant correlations
with human judgments with any output format in
either language, likely due to lack of calibration of
model predictions and the inherent subjectivity of
the task. Similarly to the identification task, models
with agreement closest to the inter-annotator agree-
ment baseline tend to be instruction-tuned mod-
els. Among prompting formats, relying on binary
ratings leads to low or even negative correlations
across models, suggesting coarse-grained reports
may not be robust. Instead, Likert-scale rating
formats–and particularly those that leverage output
probabilities–appear more robust and more closely
approximate human judgments for some models.
Due to this, we use models’ rating probabilities for
later analyses of behavior in the verification task.
Full results including Cohen’s κ for classification
output formats are included in Appendix H.

In Figure 4, we present changes in models’ per-
formance across different numbers of in-context
examples. For most models–namely, instruction-
tuned models–few-shot examples tend to improve
alignment with human judgments, and in some
cases, even exceed inter-annotator agreement. This
suggests that models have some ability to adapt to
subjective human ratings in this setting and that
few-shot examples are able to improve alignment.
Given that our aim in this work is to characterize
each models’ inherent understanding of different
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Figure 4: Spearman’s correlations between models’ pre-
dictions (rating probability) and human judgments in
the verification task. Filled points • indicate significant
correlations (p ≤ .05) compared to unfilled ◦.

affective states, however, we focus on the 0-shot
model predictions in later analyses.

4.2 RQ2: Model and Task Comparison

Table 5 presents the Spearman’s correlations at the
affective state level between task performance mea-
sures for select models. While we might expect that
performance is correlated across tasks for any given
model, we find only weak to moderate correlations
in select cases. Among pairs of tasks, identification
and expression task performance (I×E in Table 5)
appear consistently positively correlated (ρ = .09
to .45). The verification task, however, shows in-
consistent and rarely significant correlation with
either the identification (I×V, ρ = −.06 to .29)
or expression (V×E, ρ = −.08 to .47) tasks, sup-
porting the lack of robustness of LLMs’ reports on
this task. Furthermore, consistency across tasks
varies among models and between languages, with
Llama 3.1, for example, exhibiting positive corre-
lations among all pairs of tasks in Spanish but little
correlation in English. Overall, the lack of strong
or consistent correlations suggests that individual
tasks do not provide a complete evaluation of mod-
els’ affective understanding and that models should
be evaluated from multiple perspectives.

We additionally qualitatively examine the affec-
tive states for which each model performs best and
worst across tasks according to average rank (ex-
amples included in Appendix I.) Qualitatively, we
see that models perform consistently well for se-
lect affective states (e.g., abandoned in English
and afortunada in Spanish), even across languages
(e.g., nervous and nerviosa appear highly ranked).
In contrast, models perform consistently worse for
terms that the original annotators judged to not rep-

resent affective states (e.g., wide and jittery). Given
these qualitative trends observed across models, in
the next section, we quantitatively analyze system-
atic patterns in affective state characteristics and
model performance.

Model I×V I×E V×E

English

OLMo 3 0.11 0.39∗ −0.01
Llama 3.1 0.04 0.12 −0.07
Qwen 3 0.08 0.40∗∗ 0.14

Ministral −0.06 0.45∗∗ −0.08

Spanish

OLMo 3 0.10 0.15 0.18
Llama 3.1 0.29† 0.30∗ 0.47∗∗

Qwen 3 0.06 0.23 0.13
Ministral 0.14 0.09 0.35∗

Table 5: Affective state-level Spearman’s correlations
between performance measures in the Identification,
Verification, Expression. Superscripts indicate signifi-
cant correlations, ∗∗p ≤ .01, ∗p ≤ .05, †p ≤ .075.

4.3 RQ3: Working Emotion Vocabularies

Regression coefficients for each affective state
measure predicting model performance across tasks
are shown in Table 6 for English and Spanish.
The sign of notable coefficients is fairly consistent
across models, suggesting these patterns may be
largely independent of model architecture and train-
ing. Significant predictors, however, do vary across
models, suggesting differences in the strength of
relationships between predictors and performance.

Among predictors, term frequency is most con-
sistently predictive of task performance across mod-
els. Interestingly, however, frequency is positively
predictive of affective state rank (negatively pre-
dictive of performance) in English and negatively
predictive of affective state rank (positively predic-
tive of performance) in Spanish. This may suggest
that for languages less-represented than English
like Spanish, model understanding is most closely
associated with representation in pretraining data,
but for English as a heavily represented language,
frequency alone is less important for distinguishing
affective states. Among psycholinguistic character-
istics, concreteness tends to have a positive coeffi-
cient (significantly for Qwen 3) in English, while
valence (significantly for Qwen 3) and arousal (sig-
nificantly for Qwen 3 Base and Ministral 3 Base)
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OLMo 3 Base OLMo 3 Llama 3.1 Base Llama 3.1 Qwen 3 Base Qwen 3 Ministral 3 Base Ministral 3

Freq 0.63∗ 0.42† 0.67∗∗ 0.49† 0.43† 0.57∗ 0.11 0.48†

Valence −0.18 −0.04 −0.18 −0.09 −0.13 −0.00 −0.15 0.11
Arousal 0.08 −0.03 −0.04 −0.07 0.15 −0.14 −0.14 −0.11

Conc 0.19 0.21 0.07 0.09 0.15 0.35∗ −0.06 0.22E
ng

lis
h

AoA −0.28 0.01 −0.51∗ −0.28 0.08 0.03 0.07 −0.35

Freq −0.51∗∗ −0.13 −0.53∗∗ −0.48∗ −0.90∗∗ −0.03 −0.94∗∗ 0.18
Valence −0.10 0.29 0.02 0.30 0.07 0.38† −0.01 0.05
Arousal 0.24 −0.16 0.05 0.14 0.36† −0.01 0.42∗ −0.01Sp

an
is

h

AoA 0.22 0.53∗∗ 0.42∗ 0.35† 0.05 0.36† 0.26 0.27

Table 6: Coefficients of the Ordinal Regression Model predicting affective state rank in English (top) and Spanish
(bottom). Superscripts indicate significant coefficients, ∗∗p ≤ .01, ∗p ≤ .05, †p ≤ .075.

both tend to have positive correlations in Span-
ish. These trends are counter to the relationships
between psycholinguistic measures and emotion
word processing in humans (e.g., higher valence is
typically associated with faster word processing;
Wu et al. 2023), suggesting models do not necessar-
ily learn or understand emotion words as humans
do.

Finally, AoA tends to have a negative coefficient
(significantly for Llama 3.1 Base) in English, but
a positive coefficient in Spanish (significantly for
OLMo 3, Llama 3.1 Base and approaching sig-
nificance for Llama 3.1 and Qwen 3).6 The re-
lationship between AoA and model performance
in Spanish aligns with human studies that show a
processing advantage for terms acquired earlier in
life (Wu et al., 2023). The reverse relationship for
English, however, may be due to the much higher
representation of English data leading to more pro-
nounced differences in human and model language
acquisition; models are not necessarily trained on
the typical style or amount of language seen dur-
ing early human language acquisition (e.g., child-
directed speech; Haga et al. 2024). Generally, we
find a few initial trends among these results and
believe considering a broader set of languages, af-
fective states, and psycholinguistic characteristics
to more comprehensively understand these relation-
ships is a promising direction for future work.

5 Conclusion

In this work, we evaluate multilingual LLMs’ un-
derstanding of affective states through three tasks:
identifying affective states, generating text express-
ing a given affective state, and verifying whether
a given term represents an affective state. We find

6AoA and term frequency are moderately correlated (r =
−.63 in English and r = −.42 in Spanish). Detailed results
regression models excluding term frequency or AoA are in-
cluded in Appendix J.

that while instruction-tuning results in increased
identification performance and alignment with hu-
man judgments in the verification task, instruction-
tuned models struggle to generate text expressing
a given affective state. Additionally, we find that
model performance on one task is not consistently
predictive of performance on others, suggesting
that evaluations focusing on a singular task are
inadequate to measure models’ understanding of
affective states. Through these tasks, we then be-
gin to characterize the working emotion vocabulary
of LLMs by studying psycholinguistic measures
predictive of model performance and behavior. We
find that term frequency is a consistently signifi-
cant predictor of overall performance across mod-
els (negatively in English, positively in Spanish)
as well as discusss trends among psycholinguis-
tic variables that are contrary to patterns in human
emotion word processing, likely due to model pre-
training data composition.

Limitations

We note limitations accompanying our findings.
First, we aim to more comprehensively evaluate
models’ understanding of affective states in nat-
ural language, but the tasks we consider are not
exhaustive. We select three diverse tasks to cap-
ture different aspects of model understanding, al-
though additional tasks and evaluation approaches
may yield further insights into models’ affective un-
derstanding. Additionally, we find few significant
relationships between psycholinguistic character-
istics and model performance across tasks. The
lack of significant coefficients does not indicate
that no relationship exists, but our findings on non-
significant relationships are inconclusive. Our ex-
periments are limited by the availability of anno-
tated texts from the MASIVE dataset, and we hope
future work will pursue larger scale studies of these
potential phenomena.
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Furthermore, because it is publicly accessible,
it is possible that the Reddit texts included in the
dataset may also be included in pretraining datasets,
but this appears to have limited impact on our re-
sults. Given many pretraining datasets are filtered
for overall quality or similarity to sources deemed
high-quality like Wikipedia (e.g., Li et al. 2024),
the informal and social media-specific features in-
cluded in many of the texts would likely lead to
many of such texts being filtered out of pretrain-
ing corpora (see discussion in Deas et al. 2025).
Furthermore, the low scores across models in the
identification task (Table 11) suggest it is unlikely
that models have memorized the texts included in
the evaluation. Data from Reddit, however, may
also not fully represent the linguistic patterns of
naturalistic speech outside of social media. Emo-
tion analysis work, however, has often focused on
data drawn from social media (e.g., Reddit (Dem-
szky et al., 2020); Twitter (Saravia et al., 2018)),
and social media text enables collecting personal
expressions of emotions representing a broad vari-
ety of backgrounds, making it well-suited to this
work.

Finally, the expression task evaluation relies on
affective states predicted by a finetuned mT5 model.
Despite the finetuned mT5 model outperforming
LLMs in this setting, this remains an imperfect
measure, meaning that the results of the expression
task may be influenced by the limitations of the
mT5 model. To account for potential error propa-
gating from mT5 predictions, we primarily focus
on the top-5 similarity, as the top-5 predictions are
more likely to capture the emotion expressed by a
given text as opposed to relying on a single predic-
tion alone (discussed in Appendix C). Additionally,
we consider performance across tasks in our regres-
sion analyses, while mT5 only impacts expression
task performance. Further investigation and im-
proved evaluation of expression task performance
is a promising area for future work.

Ethics Statement

Our results reveal difficulties in models’ under-
standing of affective states in natural language.
Given the importance of understanding affect and
emotions in critical settings such as mental health-
care, models’ misunderstandings may lead to nega-
tive impacts on individuals emotional health when
deployed. We focus on evaluating and character-
izing models understanding of nuanced affect in

language in order to anticipate potential harms re-
sulting from misunderstanding. Given that work-
ing emotion vocabularies are specific to individual
speakers, however, increased understanding of nu-
anced affective states may also further enable mass
surveillance of specific communities online if mis-
used.

The anonymized data drawn from (Deas et al.,
2024) is used for research purposes only. To main-
tain consistency with the original study, we do not
conduct additional filtering of the data. Therefore,
included texts may discuss the kinds of sensitive
topics and offensive content that are typically be
found online.
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A Working Emotion Vocabulary
Measures

We consider 5 measures in total: term fre-
quency, valence and arousal (Mohammad, 2018;
Stadthagen-Gonzalez et al., 2016), concreteness
(Brysbaert et al., 2013), and age of acquisition (Ku-
perman et al., 2012; Alonso et al., 2014). 7 Term
frequency is measured through the count of each
term in the July, 2025 CommonCrawl snapshot8

training dataset, and is collected using infinigram-
mini (Xu et al., 2025) through the API 9. All other
terms are drawn from lexicons collected in prior
literature. In cases where exact matches do not ex-
ist, we search for all variants of each affective state
term, including verb conjugations for past partici-
ples and noun forms (e.g., we search for abandon
and abandonment to represent the affective state
abandoned). In Spanish, we additionally consider
both masculine and feminine forms of each term.

7Citations refer to sources for each set of measures in
English and Spanish respectively.

8https://data.commoncrawl.org/crawl-data/
CC-MAIN-2025-30/index.html

9https://infini-gram-mini.readthedocs.io/en/
latest/api.html

Measure Min Max µ σ

Freq 4.51 9.02 6.34 1.13
Valence -1.00 0.84 -0.43 0.47
Arousal -0.96 0.90 0.11 0.47

Conc 1.46 4.07 2.52 0.57
AoA 3.60 13.41 8.24 2.76

Table 7: Summary statistics of psycholinguistic mea-
sures for the English affective states evaluated.

Measure Min Max µ σ

Freq 4.21 8.73 6.19 1.24
Valence -0.87 0.79 -0.22 0.52
Arousal -0.85 0.70 0.19 0.33

AoA 3.22 9.98 6.60 1.65

Table 8: Summary statistics of psycholinguistic mea-
sures for the Spanish affective states evaluated.

Summary statistics of the psycholinguistic mea-
sures associated with each affective state in
our working emotion vocabulary experiments are
shown in Table 7 and Table 8 for English and Span-
ish respectively. For Spanish data, valence and
arousal are originally measured on a scale of 1 to 9.
In these tables, we rescale the values to range from
-1 to 1 for clarity.

B Prompt Details

Full Prompt templates for the binary and rating-
based verification task formats are included in
Figure 5 and Figure 6 respectively. For non-
instruction-tuned models, the system prompt is not
provided.

C Expression Task Metric Validation

To support the validity of the mT5-based metric
used in the expression task evaluation, 2 native
English-speaking graduate researchers in NLP and
collaborators of the authors judge whether given
affective state terms appropriately describe that
which is expressed in a given model-generated text
in English. Specifically, given a message and can-
didate affective state, the collaborating annotators
were instructed: "You will be provided with a short
text intended and a candidate emotion that may be
expressed by the text. You will then be asked to
rate whether the candidate emotion appropriately
captures the emotion expressed by the text from 1-4
(1 being not at all appropriate, 4 being completely
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Affective State Verification Prompt:

System: You are an expert in human emotions and
feelings.

User: Affective state refers to any terms that humans
use to describe their experiences of feeling, including
emotions, moods, and figurative expressions of
feelings (e.g. ’blue’ as an expression of sadness
instead of the color). Tell me if the word between
<span> and </span> is an affective state or not.
Output only Y if it is an affective state or N if it is
not.
Do not explain or preface your answer.

Input text: Day 7 with Covid, I am feeling
<span>much</span> better
Response: 0

Input text: I feel <span>miserable</span> and over-
whelmed but I know that everyone will look down on
me if I don’t get a degree or if I drop out of school.
Response:

Figure 5: Full binary prompt template provided to mod-
els for affective state verification experiments.

Affective State Verification Prompt:

System: You are an expert in human emotions and
feelings.

User: Affective state refers to any terms that humans
use to describe their experiences of feeling, including
emotions, moods, and figurative expressions of feel-
ings (e.g. ’blue’ as an expression of sadness instead
of the color). Does the term between <span> and
</span> reflect an affective state? Answer only with
one character from the following: 0, 1, 2, or 3.
0 means Not an affective state: the term does not
refer to an emotion, feeling, or internal state.
1 means Unlike an affective state: the term is refer-
encing something that is not an emotion.
2 means Like an affective state: the term is likely
referencing an emotion, feeling, or internal state.
3 means Completely an affective state: the term is
definitely an emotion, feeling, or internal state.
Do not explain or preface your answer.

Input text: Day 7 with Covid, I am feeling
<span>much</span> better
Response: 0

Input text: I feel <span>miserable</span> and over-
whelmed but I know that everyone will look down on
me if I don’t get a degree or if I drop out of school.
Response:

Figure 6: Full rating prompt template provided to mod-
els for affective state verification experiments.

appropriate)." and provided a 4-point Likert scale.
Annotators were also informed that the ratings may
be shared for reproducibility purposes. The collab-
orating annotators digitally acknowledged that they
understood the instructions and agreed to complete
the task.

We randomly sample 150 texts generated in the
expression task in total across the 8 models eval-
uated in the primary results as well. We consider
both the top prediction output by mT5 (mT5 in
Table 9) and a baseline using randomly selected
affective states (Random). We additionally collect
ratings for the affective states input to the model
being evaluated in the expression task to summa-
rize model performance (Input). These yield 450
text and affective state pairs in total across the
three evaluated label sources. Annotators shared 25
model-generated texts (75 text-label pairs). Given
the subjective nature of what is considered an ap-
propriate affective state label, we see slight pos-
itive correlations between annotators (ρ = .14).
After filtering skipped samples, the below analysis
is based on the 81 and 77 samples (243 and 231
text-label pairs respectively) completed by the two
annotators.

Results of these judgments are shown in Table 9.
We see that slightly above half of the randomly
sample model predictions are considered appropri-
ate, supporting that on average, models struggle on
this task. The top mT5 prediction is judged as ap-
propriate for nearly half of model-generated texts,
substantially higher than the rate for randomly se-
lected affective states. Regarding mT5, we evalu-
ate only the top prediction to avoid large annotator
burden, but notably, this percentage is strictly a
lower bound on the appropriateness of the top-3
and top-5 mT5 predictions. In Deas et al. (2024),
the performance of mT5 when considering the top-
5 predictions substantially increases over the top
prediction alone (20% to 35% for English, 25% to
41% for Spanish). Therefore, to account for noise
in relying only on the top prediction from mT5, we
focus primarily on the top-5 similarity results in
the inter-task correlation and regression analyses.
We note, however, that there is significant room
for improvement in evaluating expressed affective
states in this setting with a large set of possible
affective state labels.
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Label Source Mean Rating % ≥ 3

Input 2.50 56.8%

mT5 2.24 47.5%
Random 1.83 21.6%

Table 9: Appropriateness judgments of mt5-predicted
and random affective states on model-generated texts.
%≥3 indicates the percentage of predictions that are
considered "somewhat" or "completely" appropriate.

D Working Emotion Vocabulary
Regression Details

We fit Ordinal Logistic Regression models using
the statsmodels package and the bfgs solver. All
input measures except term frequency are normal-
ized before fitting each model. For term frequency,
we use the log10(frequency). As response vari-
ables, we first rescale model scores (top-5 similarity
for identification, top-5 similarity for expression,
and probability-based rating for verification) on
each task to be between 0 and 1. We then group
the average scaled performance across tasks into
4 quantiles. The ordered quantiles represent the
response variable used in working emotion vocabu-
lary regression models.

E Model Details

All evaluated models are listed in Table 10 includ-
ing whether the model is instruction-tuned, and
whether it has undergone EmoLLM training (Liu
et al., 2024b). In contrast to instruction-tuning, we
do not find consistent benefits in EmoLLM training
across experiments.

For the identification task we use beam search
to generate the top-5 predictions for all models.
For the expression task, we generate responses for
all models using a temperature of 0.7, top-p of
0.9, and a no_repeat_ngram_size of 4. For veri-
fication experiments, we examine the raw output
probabilities produced by the model for each possi-
ble label (i.e., "Y"/"N" or an integer 1-4).

F Full Identification Results

Results for all 23 models in the identification task
are shown in Table 11.

G Full Expression Results

Results for all 23 models in the expression task are
shown in Table 12.

H Full Verification Results

Results for all 23 models in the verification task are
shown in Figure 7. Cohen’s κ metrics for classifi-
cation formats are also included in Table 13.

I Affective State Rankings

The top and bottom 5 ranked affective states for 4
example models are shown in Table 14. we take the
average ranking of each affective state compared
to others across the three tasks. 12

J Detailed Regression Analysis Results

As Age of Acquisition (AoA) and term frequency
are moderately correlated (r = −.63, p < .001
for English and r = −.42, p < .001 for Span-
ish), we conduct two additional regression analyses
based on Subsection 4.3 where one excludes term
frequency (Table 15) and one excludes (Table 16).
In either case, we see that coefficients for each
variable generally trend in the same direction in-
cluding term frequency and AoA when included in
the model. The independent contribution of term
frequency or age of acquisition is unclear from
our results, although in either case, the trends for
English contradict expectations; increasing term
frequency in CommonCrawl is negatively predic-
tive of model performance and increasing AoA is
positively predictive of model performance.

12Note, based on the original text, "echo" in Table 14 ap-
pears to be a typo for "hecho".
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Model Checkpoint Size Training

Instruct Emotion

OLMo (Groeneveld et al., 2024) OLMo-7B-Instruct-hf 7B !

OLMo-2 (Walsh et al., 2025) OLMo-2-1124-7B-Instruct 7B !

OLMo-3 (Ettinger et al., 2026)
allenai/Olmo-3-1025-7B 7B

allenai/Olmo-3-7B-Instruct 7B !

Llama-2 (Touvron et al., 2023)
Llama-2-7b-chat-hf 7B !

Emollama-chat-7b 7B ! !

Llama-3 (Grattafiori et al., 2024)
Meta-Llama-3-8B 8B

Meta-Llama-3-8B-Instruct 8B !

Llama-3.1 (Grattafiori et al., 2024)
Meta-Llama-3.1-8B 8B

Meta-Llama-3.1-8B-Instruct 8B !

BLOOM (Workshop et al., 2023)
bloomz-7b1-mt 7B !

lzw1008/Emobloom-7b 7B ! !

Mistral (Jiang et al., 2023)
Mistral-7B-v0.3 7B

Mistral-7B-Instruct-v0.3 7B !

Ministral10 Ministral-8B-Instruct-2410 8B !

Ministral 311 Ministral-3-8B-Base-2512 8B
Ministral-3-8B-instruct-2512 8B !

Qwen-2.5 (Yang et al., 2025b)
Qwen2.5-7B 7B

Qwen2.5-7B-Instruct-1M 7B !

Qwen 3 (Yang et al., 2025a)
Qwen3-4B 4B

Qwen3-4B-instruct-2507 4B !

DeepSeek-R1 (Guo et al., 2025)
DeepSeek-R1-Distill-Llama-8B 8B !

DeepSeek-R1-Distill-Qwen-7B 7B !

Table 10: Summary of models evaluated throughout experiments. Emotion finetuned models are based on models
released by Liu et al. (2024b).
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formats. ∗ indicates significant correlation (p ≤ .05)
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Model
Top-k Similarity↑

1 3 5

Llama 2 37.0%± 13.8 40.4%± 14.5 40.8%± 14.6

EmoLlama 2 39.2%± 12.8 45.1%± 16.5 45.4%± 16.4

OLMo 31.1%± 10.7 33.9%± 10.5 35.9%± 11.8

OLMo 2 44.2%± 14.4 52.0%± 14.7 56.4%± 13.7

OLMo 3 Base 37.1%± 11.3 37.3%± 11.4 37.3%± 11.4

OLMo 3 46.2%± 19.4 58.6%± 20.2 63.0%± 19.9

Deepseek (Llama) 25.2%± 12.1 29.2%± 11.2 30.2%± 11.0

Deepseek (Qwen) 24.5%± 6.3 26.8%± 6.9 28.7%± 7.6

Llama 3 Base 31.9%± 9.2 32.1%± 9.4 32.1%± 9.4

Llama 3 49.1%± 17.5 56.7%± 18.0 60.2%± 18.1

Llama 3.1 Base 30.3%± 9.7 30.4%± 9.6 30.4%± 9.6

Llama 3.1 44.8%± 13.6 51.5%± 15.2 56.0%± 16.9

BLOOM 36.9%± 12.4 47.1%± 13.7 51.5%± 15.2

Emo-BLOOM 40.8%± 12.2 47.0%± 12.6 50.2%± 12.5

Qwen 2.5 Base 27.0%± 9.2 43.1%± 14.1 46.0%± 13.7

Qwen 2.5 45.9%± 15.7 57.8%± 15.3 61.8%± 16.2

Qwen 3 Base 34.2%± 14.0 38.1%± 17.2 38.3%± 17.1

Qwen 3 45.8%± 13.9 55.8%± 16.0 57.7%± 16.4

Mistral Base 31.5%± 11.6 32.5%± 11.6 32.9%± 11.9

Mistral 42.0%± 13.3 48.3%± 13.7 52.0%± 14.8

Ministral 45.7%± 15.9 53.1%± 15.0 57.2%± 14.4

Ministral 3 Base 30.3%± 8.4 30.8%± 8.5 30.9%± 8.5

E
ng

lis
h

Ministral 3 43.3%± 15.2 53.7%± 16.9 58.4%± 16.6

Llama 2 39.6%± 11.0 43.0%± 11.2 43.7%± 11.1

EmoLlama 2 38.6%± 10.2 47.1%± 12.3 48.9%± 13.4

OLMo 36.9%± 11.0 38.3%± 11.0 38.9%± 11.0

OLMo 2 41.4%± 12.9 52.5%± 14.0 54.4%± 14.7

OLMo 3 Base 30.7%± 8.0 30.9%± 8.1 30.9%± 8.1

OLMo 3 42.9%± 14.2 49.4%± 13.4 53.3%± 14.4

Deepseek (Llama) 27.2%± 8.8 30.6%± 8.1 31.5%± 7.7

Deepseek (Qwen) 28.7%± 8.2 31.6%± 9.4 33.1%± 9.4

Llama 3 Base 38.2%± 9.8 38.5%± 10.0 38.7%± 10.2

Llama 3 46.5%± 18.1 52.2%± 17.1 56.7%± 18.4

Llama 3.1 Base 39.8%± 10.6 40.0%± 10.7 40.1%± 10.6

Llama 3.1 44.3%± 16.8 52.5%± 17.2 56.8%± 18.3

BLOOM 34.3%± 12.1 40.1%± 13.2 43.7%± 16.0

Emo-BLOOM 34.8%± 12.1 41.4%± 11.2 43.3%± 11.2

Qwen 2.5 Base 37.5%± 13.3 44.2%± 12.4 47.7%± 14.8

Qwen 2.5 40.8%± 14.0 52.0%± 16.8 61.1%± 18.7

Qwen 3 Base 37.7%± 10.9 38.9%± 11.0 40.2%± 11.3

Qwen 3 40.6%± 15.5 49.5%± 15.1 56.2%± 17.4

Mistral Base 31.0%± 7.0 31.5%± 7.0 31.5%± 7.0

Mistral 43.2%± 12.9 49.0%± 14.6 50.6%± 14.5

Ministral 42.2%± 13.3 50.0%± 14.6 52.3%± 13.8

Ministral 3 Base 38.3%± 10.8 38.4%± 10.8 38.4%± 10.8

Sp
an

is
h

Ministral 3 45.7%± 19.8 58.4%± 20.3 60.9%± 21.1

Table 11: Full top-k similarity scores with ± 2SE’s for
models in the identification task.

Model
Top-k Similarity↑

1 3 5

Llama 2 42.0%± 0.8 52.6%± 0.8 57.3%± 0.8

EmoLlama 2 40.4%± 0.7 51.0%± 0.8 55.5%± 0.8

OLMo 41.9%± 0.7 51.0%± 0.7 55.1%± 0.7

OLMo 2 41.8%± 0.7 52.3%± 0.7 56.7%± 0.7

OLMo 3 Base 42.5%± 0.7 51.4%± 0.7 55.6%± 0.7

OLMo 3 45.4%± 0.6 55.3%± 0.6 60.3%± 0.6

Deepseek (Llama) 38.2%± 0.8 48.7%± 0.8 52.7%± 0.8

Deepseek (Qwen) 34.6%± 0.7 45.3%± 0.8 49.2%± 0.8

Llama 3 Base 42.7%± 0.6 51.7%± 0.6 55.5%± 0.6

Llama 3 39.7%± 0.7 49.7%± 0.7 54.5%± 0.7

Llama 3.1 Base 42.7%± 0.6 51.5%± 0.6 55.5%± 0.6

Llama 3.1 38.4%± 0.7 49.1%± 0.7 54.1%± 0.7

BLOOM 41.9%± 0.5 49.9%± 0.5 53.4%± 0.5

Emo-BLOOM 41.4%± 0.4 49.1%± 0.5 52.6%± 0.5

Qwen 2.5 Base 44.0%± 0.6 52.6%± 0.6 56.3%± 0.6

Qwen 2.5 42.3%± 0.6 51.4%± 0.6 55.4%± 0.6

Qwen 3 Base 40.1%± 0.9 50.4%± 0.9 54.3%± 0.9

Qwen 3 43.3%± 0.6 53.1%± 0.7 57.0%± 0.7

Mistral Base 40.3%± 0.8 49.9%± 0.9 54.4%± 0.9

Mistral 40.6%± 0.7 49.5%± 0.6 52.9%± 0.6

Ministral 42.0%± 0.7 52.1%± 0.7 56.6%± 0.7

Ministral 3 Base 39.4%± 0.9 50.3%± 0.9 54.9%± 0.9

E
ng

lis
h

Ministral 3 42.1%± 0.6 52.2%± 0.7 56.1%± 0.7

Llama 2 36.0%± 0.6 44.7%± 0.7 49.6%± 0.7

EmoLlama 2 36.9%± 0.6 45.8%± 0.7 50.6%± 0.8

OLMo 38.1%± 0.8 48.4%± 0.9 53.8%± 0.9

OLMo 2 38.2%± 0.7 47.5%± 0.7 52.5%± 0.8

OLMo 3 Base 38.2%± 0.9 48.5%± 0.9 53.5%± 0.9

OLMo 3 40.2%± 0.8 50.8%± 0.8 56.7%± 0.9

Deepseek (Llama) 43.9%± 1.1 54.9%± 1.1 59.9%± 1.1

Deepseek (Qwen) 35.7%± 0.8 45.3%± 0.9 49.6%± 0.9

Llama 3 Base 39.6%± 0.7 48.0%± 0.7 52.4%± 0.8

Llama 3 35.8%± 0.7 46.2%± 0.8 51.3%± 0.8

Llama 3.1 Base 38.9%± 0.7 47.9%± 0.7 52.8%± 0.8

Llama 3.1 36.3%± 0.7 46.3%± 0.8 51.4%± 0.8

BLOOM 40.1%± 0.6 47.0%± 0.6 51.0%± 0.6

Emo-BLOOM 39.7%± 0.5 46.8%± 0.6 50.5%± 0.6

Qwen 2.5 Base 38.3%± 0.7 47.2%± 0.7 52.2%± 0.8

Qwen 2.5 38.2%± 0.7 46.8%± 0.7 52.1%± 0.8

Qwen 3 Base 45.3%± 1.2 56.0%± 1.1 61.2%± 1.1

Qwen 3 36.7%± 0.8 48.7%± 0.9 55.2%± 0.9

Mistral Base 41.6%± 0.9 50.8%± 1.0 55.3%± 1.0

Mistral 38.7%± 0.7 48.9%± 0.8 54.0%± 0.8

Ministral 40.1%± 0.7 48.5%± 0.7 53.5%± 0.8

Ministral 3 Base 46.8%± 1.2 57.6%± 1.2 62.5%± 1.1

Sp
an

is
h

Ministral 3 34.2%± 0.7 44.8%± 0.8 50.4%± 0.8

Table 12: Full top-k similarity scores with ± 2SE’s for
all models in generating responses expressing a given
affective state.
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Model Format
English Spanish

κ κbin κ κbin

Llama 2
Binary 0.00 0.00
Rating -0.05 -0.01 0.00 0.00

EmoLlama 2
Binary 0.00 0.01
Rating -0.06 0.04 0.10 0.10

OLMo
Binary 0.00 0.00
Rating 0.07 0.00 -0.02 -0.07

OLMo 2
Binary 0.00 0.00
Rating 0.13 0.17 0.08 0.13

OLMo 3 Base
Binary 0.00 -0.13
Rating 0.22 -0.04 -0.07 0.00

OLMo 3
Binary -0.12 -0.07
Rating 0.02 0.00 -0.03 0.00

Deepseek (Llama)
Binary -0.07 0.01
Rating -0.02 -0.08 0.00 0.00

Deepseek (Qwen)
Binary -0.04 -0.16
Rating 0.05 0.06 0.03 0.10

Llama 3 Base
Binary 0.03 -0.08
Rating 0.00 0.00 0.03 0.13

Llama 3
Binary -0.09 -0.07
Rating 0.25 0.00 0.22 0.00

Llama 3.1 Base
Binary -0.06 -0.06
Rating -0.04 -0.09 -0.02 0.06

Llama 3.1
Binary 0.04 -0.04
Rating 0.26 -0.09 0.22 0.42

BLOOM
Binary 0.01 -0.03
Rating 0.02 0.09 -0.03 0.38

Emo-BLOOM
Binary 0.01 0.00
Rating -0.02 0.17 0.01 0.21

Qwen 2.5 Base
Binary 0.00 0.00
Rating 0.04 0.00 -0.06 0.00

Qwen 2.5
Binary 0.00 0.00
Rating 0.38 0.17 0.28 0.46

Qwen 3 Base
Binary 0.00 -0.04
Rating 0.00 0.00 0.00 0.00

Qwen 3
Binary 0.00 0.00
Rating 0.13 0.00 0.06 0.13

Mistral Base
Binary -0.04 -0.12
Rating 0.00 0.00 0.00 0.00

Mistral
Binary 0.01 -0.10
Rating 0.23 0.00 0.18 0.00

Ministral
Binary 0.00 -0.08
Rating 0.00 0.00 0.00 0.00

Ministral 3 Base
Binary 0.01 -0.12
Rating 0.08 0.19 0.00 0.27

Ministral 3
Binary 0.01 0.00
Rating 0.19 0.00 0.22 0.47

Table 13: Cohen’s κ scores for classification output
formats in the verification task. For κbin, ratings output
by the model are binarized before computing agreement.
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OLMo 3
English Spanish

Term Rank Term Rank

abandoned 3.3 frustrada 5.7
dizzy 9.0 afortunada 8.3

panicked 9.0 curioso 8.3
lonely 9.3 triste 10.0

appalled 10.0 deprimida 11.0

reluctant 30.7 rodeado 34.7
aloof 31.3 contra 37.0

downtrodden 31.3 convencido 37.3
wide 33.3 obligado 38.3

jumpy 35.3 trabado 39.0

Llama 3.1
English Spanish

Term Rank Term Rank

lonely 5.0 afortunada 4.7
upset 6.3 frustrada 5.3

abandoned 7.7 nerviosa 9.0
paralyzed 10.0 devastado 9.0
unnoticed 13.7 deprimida 9.3

aloof 29.3 dormido 35.7
done 29.7 rodeado 35.7
wide 29.7 fea 36.7
jittery 31.0 trabado 38.0

unbalanced 36.3 echo 39.3

Qwen 3
English Spanish

Term Rank Term Rank

abandoned 3.0 afortunada 6.7
upset 4.7 deprimida 9.7

nervous 7.7 ignorada 10.3
aggressive 7.7 triste 10.3

lonely 7.7 frustrada 11.7

inexperienced 31.7 querido 34.3
downtrodden 32.0 contra 34.7

reluctant 32.3 convencido 35.7
jittery 33.3 trabado 38.0
aloof 35.3 rodeado 41.0

Ministral 3
English Spanish

Term Rank Term Rank

abandoned 4.0 frustrada 7.7
lonely 5.7 afortunada 9.7

supported 9.3 incomoda 11.3
deep 10.3 ignorada 12.3

nervous 10.7 mejor 12.3

aloof 30.3 contra 36.0
downtrodden 30.7 mareado 37.7

jittery 31.7 trabado 39.7
dizzy 31.7 convencido 40.0
rested 34.3 rodeado 40.0

Table 14: Top and bottom-5 affective states by average performance rank across the three tasks. Bolded terms
appear in the top/bottom ranks for all four models, while italicized terms appear for two or three.

OLMo 3 Base OLMo 3 Llama 3.1 Base Llama 3.1 Qwen 3 Base Qwen 3 Ministral 3 Base Ministral 3

Valence −0.03 0.06 −0.00 0.02 −0.03 0.15 −0.12 0.22
Arousal −0.06 −0.12 −0.18 −0.18 0.07 −0.26 −0.17 −0.23

Conc 0.19 0.21 0.08 0.10 0.16 0.35∗ −0.05 0.23E
ng

lis
h

AoA −0.64∗∗ −0.23 −0.87∗∗ −0.55∗∗ −0.17 −0.28† 0.00 −0.62∗∗

Valence −0.23 0.24 −0.13 0.17 −0.21 0.37† −0.26 0.11
Arousal 0.27 −0.14 0.11 0.20 0.45∗ −0.01 0.45∗ −0.04

Sp
an

is
h

AoA 0.42∗ 0.58∗∗ 0.60∗∗ 0.50∗∗ 0.36† 0.37∗ 0.58∗∗ 0.20

Table 15: Coefficients of the Ordinal Regression Model predicting affective state rank in English (top) and Spanish
(bottom) excluding term frequency from the exogenous variables. Superscripts indicate significant coefficients,
∗∗p ≤ .01, ∗p ≤ .05, †p ≤ .075.
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OLMo 3 Base OLMo 3 Llama 3.1 Base Llama 3.1 Qwen 3 Base Qwen 3 Ministral 3 Base Ministral 3

Freq 0.83∗∗ 0.42∗ 1.00∗∗ 0.67∗∗ 0.38∗ 0.54∗∗ 0.06 0.73∗∗

Valence −0.23 −0.03 −0.26 −0.13 −0.12 0.00 −0.14 0.06
Arousal 0.11 −0.03 0.03 −0.04 0.15 −0.14 −0.15 −0.06E

ng
lis

h

Conc 0.23 0.21 0.13 0.14 0.14 0.35∗ −0.07 0.27

Freq −0.58∗∗ −0.28† −0.66∗∗ −0.58∗∗ −0.92∗∗ −0.15 −1.03∗∗ 0.09
Valence −0.10 0.31 0.03 0.29 0.07 0.39† 0.01 0.07

Sp
an

is
h

Arousal 0.29 −0.04 0.13 0.22 0.37† 0.07 0.46∗ 0.05

Table 16: Coefficients of the Ordinal Regression Model predicting affective state rank in English (top) and Spanish
(bottom) excluding Age of Acquisition from the exogenous variables. Superscripts indicate significant coefficients,
∗∗p ≤ .01, ∗p ≤ .05, †p ≤ .075.
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