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Abstract

Although expressive TTS systems aim to cap-
ture human-like emotion, little is known about
how well emotional signals in text correspond
to those in speech. In this short paper, we inves-
tigate how emotion (Valence, Arousal, Dom-
inance) in text relates to emotion in speech.
We use 8 large language models for identify-
ing emotion in text and two audio models for
emotion in speech, across three genres: Pod-
casts, Audiobooks and TED talks. Findings
show that while language models perform well
on emotion recognition from situational text,
and the audio models perform well on speech,
they show a strong correlation for Valence only.
Further, the genre of the content significantly
impacts the correlation: audiobooks exhibit
higher text-audio correlation than TED talks.
Finally, we show that more context for LLMs
fails to improve this correlation between text
and speech emotion prediction. Our results
highlight that emotional signals in text do not
correspond well to those in speech: emotion
prediction from text alone is insufficient for
emotional TTS.

1 Introduction

Text-to-speech (TTS) systems have made remark-
able progress in recent years, with models achiev-
ing near-human-like naturalness in speech synthe-
sis (Li et al., 2023; Lee et al., 2025; Manku et al.,
2025). However, one of the remaining challenges
in this field is accurate and controllable emotions
in synthesized speech. This challenge stems from
a fundamental training–inference mismatch. TTS
systems learn emotional patterns from text–audio
pairs, but at inference time they must rely only on
text to generate emotionally appropriate speech.
For this to work, the emotional information in the
text must be related to the emotion expressed in the
corresponding speech audio. We define the emotion
relation as a correlation between segment-based
emotion values from text and speech modalities.

We analyze how robust this relation is to changes
in context, such as textual genre, and, whether more
textual information improves this emotion relation.

The dimensional model of emotions (Russell
and Mehrabian, 1977; Bradley and Lang, 1994),
which includes three dimensions: Valence (positive
– negative), Arousal (active – passive), and Dom-
inance (dominant – submissive), is a commonly
used, psychologically grounded representation for
emotional states in both text and speech. Recent
advances in large language models (LLMs) have
shown promising results in assessing dimensional
emotions from text (Broekens et al., 2023; Lei et al.,
2023; Wu et al., 2025). Our research builds upon
these developments. We investigate to what ex-
tent the acoustic emotional content relates to the
textual emotional content in narrations, such as in
audiobooks, podcasts and public lectures.

With this paper, we make three contributions: (1)
We develop an analysis pipeline for extracting emo-
tion values from text using state-of-the-art language
models and assess their correlation with emotion
values derived from corresponding audio narrations.
(2) We evaluate the impact of both genre and con-
textual information (pre-text and post-text) on emo-
tion prediction accuracy, simulating the contextual
understanding that human narrators employ. (3) We
show a weak relation between emotions identified
in speech and text and thereby reveal an important
limitation of current text to speech models that aim
to express emotions in a natural way based only on
text input.

2 Related work

Emotion prediction is an important topic in the
fields of affective computing, speech synthesis
and natural language processing. Good perfor-
mance of speech emotion recognition (SER) can
enhance human-machine interaction (Mohmad and
Delhibabu, 2024).
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Peng et al. (2021) employ an LSTM architec-
ture operating on audio-only cochleagram features
for a dimensional SER task. With the success of
attention mechanisms researchers focused on trans-
former architecture to capture feature-rich repre-
sentation of audio. Wagner et al. (2023) fine-tuned
a wav2vec 2.0-based model (Baevski et al., 2020)
to predict emotions from speech audio.

Separate from SER, there is extensive research
on sentiment analysis and emotion classification
from text. Extracting emotions from text has
been predominantly investigated with encoder-
only (BERT-like) architectures (Siriwardhana et al.,
2020; Acheampong et al., 2021). Recently,
decoder-only language models have been explored
(Broekens et al., 2023) for assessment of emotions
in text, showing high correlation with human anno-
tations. Wang et al. (2023) investigated emotional
intelligence (EI) of LLMs using psychological tests
and showed LLMs can achieve high EI scores.

Prior research showed that from text, Valence
value predictions are the most feasible, while acous-
tic features proved to be better for Arousal pre-
diction. To compensate for poor Valence predic-
tion, audio-based prediction models incorporate
text and audio modalities together in their archi-
tecture (Srinivasan et al., 2022; Atmaja and Akagi,
2020; Triantafyllopoulos et al., 2023).

In our analysis, we make use of decoder-only
transformer models for predicting dimensional
emotions from text and compare the output with
speech-audio-only model predictions. We also ex-
amine the impact of text genre and additional tex-
tual context in prediction performance.

3 Experimental Methods

We first reproduce and extend the LLM-based emo-
tion prediction capabilities reported in prior work
(Broekens et al., 2023). We use a larger set of gen-
erative LLMs in the comparison. We compare dif-
ferent model sizes on the same dataset as presented
in the paper, the ANET emotional situations dataset
with human annotations. We slightly change the
prompt for language models used in previous work
and applied chain-of-thought prompting strategy
with structured output when we predict emotion
values using LLMs. The exact prompts used in the
prediction process are adapted from prior work and
provided in Appendix A.

Further, we reproduce the results of an open-
source SOTA speech emotion recognition model

on the MSP Podcast test set and compare predicted
emotions against human annotated emotions.

Then, we compare text and speech emotions for
three data sets representing different genres: pod-
casts, audio books and TED talks. To do so, we
use the same set of language models to predict
emotions from text and compare the predicted emo-
tions against the speech-based emotion predictions.
For these comparisons, we quantify the relation
between speech-based and text-based emotion pre-
dictions by computing the Pearson correlation coef-
ficient for each emotion dimension (Arousal, Dom-
inance, and Valence) for each dataset.

Finally, we test whether providing more context,
in the form of more text before and after the target
sentence, increases the performance of LLMs.

3.1 Models

We select the wav2vec2-based model1 as SOTA
audio model for emotion prediction from speech
audio. We also include a second WavLM-based
model2 to strengthen our analysis and evaluate gen-
eralizability. We look at how closely their pre-
dictions match with human annotations and their
agreement across datasets.

We use 8 language models using the ollama3

framework. These are llama3.3:70b, llama3.1:70b,
phi3:14b, gemma2:9b, llama3.1:8b, qwen2:7b,
openchat:7b, gemma:7b models. Each inference
session follows default settings with the seed value
set by experiment run. In total, 5 runs with different
seed values are performed. We report the average
of five different runs. The bold values in the tables
represent statistically significant (p < 0.01) values
for at least 80% (4/5) of the runs.

3.2 Datasets and pre-processing

We use four datasets for our analysis: 1. ANET
(Bradley and Lang, 2007): 120 sentences describ-
ing emotional situations with dimensional emotion
annotations (Pleasure, Arousal and Dominance) by
human subjects. 2. MSP Podcast (Lotfian and
Busso, 2017) version 1.8: 20,539 audio samples
from podcasts with human emotion annotations
on dimensions Valence, Arousal and Dominance.
3. Libriheavy (Kang et al., 2024): 20,539 samples
from ‘small‘ subset of dataset. It is an annotated

1https://huggingface.co/audeering/
wav2vec2-large-robust-12-ft-emotion-msp-dim

2https://huggingface.co/3loi/
SER-Odyssey-Baseline-WavLM-Multi-Attributes

3https://ollama.com
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version of Librilight (Kahn et al., 2020) dataset that
consists of public domain audiobooks; it includes
pre-text information for each segment as extended
context. 4. TEDLIUM corpus release 2 (Rousseau
et al., 2014): 89,986 samples from the train set
of English speech recognition corpus from public
TED talks.4 For each sample, we keep preceding
and following texts as extended context.

We present details on emotion annotations and
emotionally balanced sample selection process for
all datasets in Appendix B.

The speech-based audio-only models used in our
experiments are trained on the train set of MSP Pod-
cast dataset. We use the combined MSP Podcast
test sets (test1 and test2) and selected emotionally
balanced subset for our analysis. The MSP Pod-
cast dataset does not include transcriptions. We
use the OpenAI Whisper Turbo model (Radford
et al., 2023) to transcribe the audio data. Emotion
ratings in the MSP Podcast dataset range between 1
(very negative/calm/weak) and 7 (very positive/ac-
tive/strong), for the dimensions Valence, Arousal,
and Dominance. We apply min-max scaling to re-
duce their range to 0-1, using 1 and 7 as the defined
minimum and maximum values.

4 Results

We describe our results along the lines of four re-
search questions.

How good are LLMs at extracting emotions
from a given text? Before comparing emotions
extracted from text and speech, we first assess the
capability of language models to predict dimen-
sional emotions from text. Extending previous
work (Broekens et al., 2023), we use 8 language
models to predict dimensional emotions for the
ANET dataset.

In this experiment, we evaluate both large and
small models by comparing their predictions with
ground truth text emotions annotated by human
subjects. Table 1 reports average agreement over
5 different seeds. Our results show that all models
achieve statistically significant and strong correla-
tion with the human labels. Large models exhibit
stronger correlations than smaller versions. This
experiment confirms that decoder-only language
models are able to reliably extract emotion dimen-
sions in a given situational text, particularly when
the text explicitly contains affective information,
as is the case for the ANET dataset.

4https://www.ted.com

Table 1: Correlation between text-based prediction and
human ratings – ANET Dataset. Boldface indicates a
significance level of p < 0.01 in 80% of experiment
runs across 5 seeds

Arousal Dominance Valence

llama3.3:70b .929 (.003) .865 (.004) .966 (.002)

llama3.1:70b .918 (.008) .891 (.010) .967 (.009)

phi3:14b .822 (.043) .828 (.040) .870 (.053)

gemma2:9b .888 (.008) .666 (.026) .870 (.037)

llama3.1:8b .846 (.015) .508 (.048) .924 (.013)

qwen2:7b .553 (.017) .709 (.060) .950 (.017)

openchat:7b .740 (.032) .699 (.054) .914 (.046)

gemma:7b .803 (.038) .392 (.044) .901 (.017)

How does text-based emotion prediction relate
to speech-based emotions? To quantify the rela-
tion between text-based and speech-based dimen-
sional emotion, we use the MSP podcast dataset
(Lotfian and Busso, 2017). First, we replicate
the in-context performance evaluation of the open-
source speech-based model as reported in Wagner
et al. (2023). Our replication of their evaluation
gave correlations of 0.772 (Arousal), 0.640 (Domi-
nance), and 0.646 (Valence) on the MSP Podcast
combined test set, validating the model’s perfor-
mance for speech emotion prediction.

Next, we compare text-based emotion predic-
tions with speech-based emotion annotation and
speech-based prediction for podcast transcripts.
We find relatively high correlation for Valence
(highest 0.630, llama3.1:70b) while performing
substantially lower on Arousal (highest 0.384,
llama3.3:70b) and Dominance (highest 0.117,
gemma2:9b). Valence and Arousal correlations
are statistically significant while Dominance shows
no statistical significance. This is true for both
the correlations between text-based prediction and
ground-truth data, and text-based and speech-based
predictions (see Table 4 in Appendix D). In other
words, predicted text emotions correspond well
with speech emotions in terms of Valence, but are
less effective at capturing emotional cues related to
Arousal and Dominance. This suggests that while
both text-based and speech-based predictions are
by themselves reliable, there seems to be weak
relation and perhaps a genre dependency.

Does text genre impact the relation between
emotions predicted from text and speech? To
further investigate the effect of genre on the rela-
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tion between text-based and speech-based emotion
predictions, we repeated the analysis for audio-
books (Libriheavy) and TED talks (TEDLIUM).
Since these datasets lack human annotations for
text or speech emotions, and the speech-based pre-
diction model worked well for the MSP podcast
data, we treat predictions from SOTA audio model
as "ground truth" for calculating the emotion rela-
tion. For comparison purposes we do the same for
the podcast dataset. We find that the correlation
for Valence is consistently higher than for Arousal
and Dominance. Further, Dominance correlation
is consistently low. Also, Valence and Arousal
correlations between text-based and speech-based
predictions are higher for audiobooks than the other
two genres. Tables 5 and 7 in Appendices E and F,
respectively, provide detailed results.

Does additional context improve the relation be-
tween text and audio emotion predictions? A
potential reason for lower correlation on Arousal
and Dominance is the lack of textual context. We
test whether providing more context improves this
relation. We use the same samples from both the
audiobooks and TED talks, but we extend their
context. For audiobooks, we combine pre-text with
the main text, and for TEDLIUM, we include pre-
ceding and following sentences. LLMs are then
prompted to extract emotions from the main text,
considering the full context (see Appendix A).

Tables 2 and 3 show that while extended context
may marginally enhance the relation in Arousal
for the larger LLM models in the audiobook data,
it does not significantly improve and may even
slightly weaken the relation for Valence. This in-
dicates that the benefit of additional context may
depend on the emotion dimension and the nature
of the dataset, and is not conclusive.

Do our findings generalize to another audio
model? We find that the two audio models show
high agreement with each other and show similar
levels of agreement with human annotations, con-
firming our findings. Agreements measured with
Pearson correlation coefficient and presented in Ta-
bles 9 (between the two models) and 10 (between
models and human annotation) in Appendix G.

5 Conclusions

Language models excel on the emotion recognition
task from situational text, but their predictions cor-
relate poorly with speech-based emotions, partic-

Table 2: Correlation between contextual text and speech
emotion prediction on Libriheavy

Arousal Dominance Valence

llama3.3:70b .416 (.016) .175 (.054) .700 (.006)

llama3.1:70b .427 (.021) .015 (.025) .697 (.016)

phi3:14b .392 (.080) .108 (.064) .591 (.066)

gemma2:9b .450 (.015) .297 (.026) .641 (.023)

llama3.1:8b .473 (.064) .119 (.117) .642 (.040)

qwen2:7b .267 (.067) .064 (.044) .679 (.016)

openchat:7b .320 (.099) .006 (.037) .591 (.089)

gemma:7b .230 (.052) .144 (.100) .549 (.053)

Table 3: Correlation between contextual text and speech
emotion prediction on TEDLIUM

Arousal Dominance Valence

llama3.3:70b .210 (.011) .214 (.028) .627 (.007)

llama3.1:70b .223 (.030) .174 (.022) .624 (.017)

phi3:14b .244 (.058) .110 (.072) .538 (.077)

gemma2:9b .135 (.029) .116 (.058) .586 (.021)

llama3.1:8b .208 (.041) .217 (.037) .590 (.019)

qwen2:7b .340 (.041) .292 (.057) .647 (.011)

openchat:7b .237 (.058) .181 (.054) .546 (.106)

gemma:7b .155 (.043) .048 (.063) .504 (.012)

ularly on the Arousal and Dominance in all tested
genres. This shows that text alone is insufficient for
emotional TTS. Second, genre impacts emotion re-
lation, with audiobooks showing better text-speech
correlation than TED talks and podcasts. Third,
contrary to our expectation, increasing context did
not improve the relation between text and speech
emotions. Our results confirm the view of Gunes
and Schuller (2013) that Activation (Arousal) is
easily captured through acoustic features, Valence
(positivity) is more reliably extracted from linguis-
tic features, highlighting that emotional signals are
not always shared across modalities.

Our findings motivate the development of text-
based emotion predictors that match the emotion
expressed in speech, but also show a need for im-
proved TTS conditioning strategies that accurately
control affective expression. Detailed understand-
ing of the relation of textual and acoustic emotional
content is essential for next generations of TTS.
This will help natural-sounding speech synthesis
but also enable better control over the subtle emo-
tional nuances present in the source text, much like
a skilled human narrator would have.
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Limitations

For Libriheavy and TEDLIUM, we rely on an open-
source audio-only model trained on podcasts, po-
tentially introducing bias. Additionally, we use
English-only data to conduct the analysis, future
work should include human annotations, multi-
lingual data and consider alternative metrics to
account for imbalanced emotion distributions, par-
ticularly for extreme values that may skew Pear-
son correlation results. Further, binned emotion
distributions for MSP Podcast, Libriheavy audio-
books, and TEDLIUM (see Appendix C) reveal
that audiobooks show more neutral emotions, while
TEDLIUM emotions in higher bins similarly to
MSP Podcast; all show limited coverage of edge
emotions. This may influence the correlations.
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A LLM Prompts

Here is the prompt structure used in extracting emotions from a given text using LLMs.:

[{
"role": "system",
"content": "Valence, Arousal and Dominance are three affective dimensions that you can use to

identify the sentiment in sentences. Assume that these dimensions can take values between 0
and 1, with 0 being low, and 1 being high. Remember that dominance assesses the extent to
which the main person in the situation experiences the amount of control it can assert over
the situation. Assess according to these dimensions the sentiment in the sentences I will give
you after. Be precise, and output the values (up until two digits after the decimal point) in
a JSON format please. Use 'Valence', 'Arousal' and 'Dominance' as keys in JSON format. Just
acknowledge you got it."

},
{

"role": "assistant",
"content": "I'll assess the sentiment in the given sentence according to the Valence, Arousal, and

Dominance dimensions and output the values in a JSON format. Please go ahead and provide the
sentence. I'll output the values in a JSON format once all the assessments are complete."

},
{

"role": "user",
"content": "[SENTENCE]"

}]

Prompt structure for contextual emotion extraction:

[{
"role": "system",
"content": "Valence, Arousal and Dominance are three affective dimensions that you can use to

identify the sentiment in sentences. Assume that these dimensions can take values between 0
and 1, with 0 being low, and 1 being high. Remember that dominance assesses the extent to
which the main person in the situation experiences the amount of control it can assert over
the situation. You will be provided with three parts of text; 1. Pre-text: The text that
comes before the main sentence. 2. Main sentence: The sentence to be evaluated. 3. Post-text:
The text that comes after the main sentence. Consider the entire context (pre-text, main
sentence, and post-text) when evaluating the emotional dimensions, but focus your assessment
primarily on the main sentence. The surrounding context should inform your understanding and
interpretation of the main sentence's emotional content. Assess according to these dimensions
the sentiment in the main sentence. Be precise, and output the values (up until two digits
after the decimal point) in a JSON format please. Use 'Valence', 'Arousal' and 'Dominance' as
keys in JSON format. Just acknowledge you got it."

},
{

"role": "assistant",
"content": "I'll assess the sentiment in the given sentence according to the Valence, Arousal,

and Dominance dimensions and output the values in a JSON format. I will focus on assesing
main sentence while using surrounding text as contextual cue for my assessment. Please go
ahead and provide the previous text, main sentence and post text. I'll output the values in a
JSON format once all the assessments are complete."

},
{

"role": "user",
"content": "Pre-Text: [PRE-TEXT}"; Main Sentence: [SENTENCE]; Post-Text: [POST-TEXT]"

}]

B Details on data processing

To calculate correlations, we sample all except the ANET datasets and force the sample to a) cover the
VAD space as best as possible and b) keep the number of segments close to ANET dataset. We use the
speech-based model to predict emotion values from audiobooks and TED talks and then sampled based
on predicted speech emotions. We sampled a subset of the MSP Podcast dataset based on ground truth
emotion values. For the sample selection process we aim to cover emotional space as equally as possible
to not bias the statistical correlation analyses. We divide the 0-1 emotion value range into 5 bins. For
each bin we randomly select maximum 3 samples. If the bin does not have enough available samples to
select we select the remaining as whole. We reduce the sampling criteria for MSP-Podcast as maximum
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2 samples to keep sample sizes closer to each other across datasets. MSP Podcast, audiobooks, and
TEDLIUM datasets yield 162, 115, 148 samples respectively.

Libriheavy and TEDLIUM datasets lack human annotated emotion labels. After validating the per-
formance of SOTA speech-only Wav2Vec2 model, we use it as proxy and its prediction for emotion
annotations. For a fair comparison we also use its prediction of MSP Podcast dataset in our analysis.

C Coverage of Emotions in Audio Datasets
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Figure 1: MSP Podcast dataset emotion coverage (Ground Truth Human Annotations).
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Figure 2: Libriheavy dataset emotion coverage (Audio Model Predictions).

[0.
0, 

0.2
)

[0.
2, 

0.4
)

[0.
4, 

0.6
)

[0.
6, 

0.8
)

[0.
8, 

1.0
]

Arousal

[0.0, 0.2)

[0.2, 0.4)

[0.4, 0.6)

[0.6, 0.8)

[0.8, 1.0]

Va
le

nc
e

10 121 1 0 0

1 631 4187 0 0

0 26 26398 24297 0

0 0 199 31236 811

0 0 0 315 1727

Valence vs. Arousal (Summed across Dominance)

[0.
0, 

0.2
)

[0.
2, 

0.4
)

[0.
4, 

0.6
)

[0.
6, 

0.8
)

[0.
8, 

1.0
]

Dominance

[0.0, 0.2)

[0.2, 0.4)

[0.4, 0.6)

[0.6, 0.8)

[0.8, 1.0]

Va
le

nc
e

7 82 43 0 0

54 1226 3162 375 2

192 6448 30796 12954 331

186 3933 16161 10875 1091

58 509 832 455 188

Valence vs. Dominance (Summed across Arousal)

[0.
0, 

0.2
)

[0.
2, 

0.4
)

[0.
4, 

0.6
)

[0.
6, 

0.8
)

[0.
8, 

1.0
]

Dominance

[0.0, 0.2)

[0.2, 0.4)

[0.4, 0.6)

[0.6, 0.8)

[0.8, 1.0]

Ar
ou

sa
l

1 10 0 0 0

21 342 408 7 0

133 4555 19963 6055 79

258 6630 29570 18067 1323

84 661 1053 530 210

Arousal vs. Dominance (Summed across Valence)

0

5000

10000

15000

20000

25000

30000

0

5000

10000

15000

20000

25000

30000

0

5000

10000

15000

20000

25000

Figure 3: TEDLIUM dataset emotion coverage (Audio Model Predictions).
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D Results on the MSP Podcast dataset

Table 4: Correlation between text-based emotion prediction and speech-based emotion on MSP Podcast

Wav2Vec2 WavLM Human Annotations
Model A D V A D V A D V
llama3.3:70b .384 (.012) .083 (.015) .618 (.014) .351 (.017) .007 (.013) .589 (.014) .298 (.010) .041 (.011) .604 (.002)

llama3.1:70b .344 (.026) .092 (.042) .630 (.022) .313 (.030) .018 (.051) .610 (.021) .265 (.035) .088 (.040) .584 (.037)

phi3:14b .295 (.032) -.041 (.049) .506 (.088) .269 (.023) -.075 (.035) .471 (.091) .223 (.036) -.011 (.037) .478 (.057)

gemma2:9b .381 (.027) .117 (.028) .483 (.024) .360 (.021) .092 (.025) .460 (.028) .281 (.034) .074 (.023) .467 (.022)

llama3.1:8b .323 (.050) .075 (.069) .545 (.026) .298 (.059) .066 (.065) .514 (.016) .252 (.038) .018 (.035) .545 (.025)

qwen2:7b .210 (.079) .097 (.060) .589 (.027) .156 (.074) .063 (.076) .541 (.023) .161 (.063) .025 (.058) .509 (.029)

openchat:7b .296 (.066) .014 (.041) .511 (.090) .252 (.069) -.032 (.052) .479 (.100) .197 (.075) .037 (.038) .495 (.107)

gemma:7b .358 (.060) -.039 (.069) .417 (.017) .369 (.062) -.061 (.056) .402 (.009) .306 (.031) -.036 (.066) .419 (.034)

Note: Values show mean correlation (standard deviation) across 5 seeds.
Bold values indicate statistical significance (p < 0.01) in >= 80% of runs.

E Results on Libriheavy Dataset

Table 5: Correlation between text-based and speech-based emotion prediction on Libriheavy dataset

Wav2Vec2 WavLM
Model A D V A D V
llama3.3:70b .328 (.011) .172 (.021) .783 (.010) .399 (.010) .094 (.022) .664 (.011)

llama3.1:70b .374 (.039) .072 (.044) .793 (.018) .422 (.031) .005 (.040) .701 (.024)

phi3:14b .350 (.048) .104 (.063) .671 (.091) .353 (.041) .040 (.063) .615 (.093)

gemma2:9b .437 (.010) .198 (.030) .713 (.013) .494 (.011) .147 (.028) .636 (.027)

llama3.1:8b .418 (.050) .201 (.108) .704 (.019) .484 (.042) .180 (.093) .628 (.029)

qwen2:7b .345 (.023) .195 (.051) .728 (.019) .303 (.021) .102 (.039) .626 (.032)

openchat:7b .332 (.065) .057 (.083) .720 (.101) .331 (.071) -.032 (.088) .634 (.102)

gemma:7b .250 (.054) .031 (.075) .619 (.007) .254 (.038) -.003 (.058) .577 (.006)

Note: Values show mean correlation (standard deviation) across 5 seeds.
Bold values indicate statistical significance (p < 0.01) in >= 80% of runs.
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Table 6: Correlation between contextual text-based emotion prediction and speech-based emotion prediction on
Libriheavy

Wav2Vec2 WavLM
Model A D V A D V
llama3.3:70b .416 (.016) .175 (.054) .700 (.006) .468 (.018) .060 (.047) .618 (.007)

llama3.1:70b .427 (.021) .015 (.025) .697 (.016) .484 (.017) -.070 (.029) .626 (.023)

phi3:14b .392 (.080) .108 (.064) .591 (.066) .392 (.076) .023 (.060) .519 (.064)

gemma2:9b .450 (.015) .297 (.026) .641 (.023) .511 (.015) .266 (.027) .599 (.021)

llama3.1:8b .473 (.064) .119 (.117) .642 (.040) .502 (.056) .067 (.100) .576 (.027)

qwen2:7b .267 (.067) .064 (.044) .679 (.016) .251 (.053) -.004 (.039) .563 (.014)

openchat:7b .320 (.099) .006 (.037) .591 (.089) .303 (.088) -.076 (.031) .496 (.097)

gemma:7b .230 (.052) .144 (.100) .549 (.053) .195 (.050) .102 (.090) .458 (.063)

Note: Values show mean correlation (standard deviation) across 5 seeds.
Bold values indicate statistical significance (p < 0.01) in >= 80% of runs.
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F Results on TEDLIUM Dataset

Table 7: Correlation between text-based emotion prediction and speech-based emotion prediction on TEDLIUM
dataset

Wav2Vec2 WavLM
Model A D V A D V
llama3.3:70b .281 (.005) .274 (.035) .685 (.013) .306 (.008) .190 (.029) .698 (.016)

llama3.1:70b .301 (.024) .218 (.020) .645 (.029) .317 (.037) .128 (.025) .638 (.044)

phi3:14b .243 (.027) .025 (.029) .599 (.090) .271 (.042) -.028 (.048) .626 (.086)

gemma2:9b .263 (.018) .270 (.058) .560 (.020) .289 (.021) .250 (.059) .556 (.005)

llama3.1:8b .179 (.047) .138 (.056) .616 (.040) .210 (.062) .123 (.051) .612 (.029)

qwen2:7b .270 (.052) .292 (.057) .662 (.042) .246 (.055) .247 (.052) .672 (.036)

openchat:7b .203 (.118) .128 (.077) .609 (.109) .170 (.108) .060 (.086) .615 (.103)

gemma:7b .281 (.022) -.052 (.041) .472 (.009) .279 (.032) -.110 (.044) .528 (.007)

Note: Values show mean correlation (standard deviation) across 5 seeds.
Bold values indicate statistical significance (p < 0.01) in >= 80% of runs.

Table 8: Correlation between contextual text-based emotion prediction and speech-based emotion prediction on
TEDLIUM

Wav2Vec2 WavLM
Model A D V A D V
llama3.3:70b .210 (.011) .214 (.028) .627 (.007) .241 (.023) .125 (.024) .654 (.005)

llama3.1:70b .223 (.030) .174 (.022) .624 (.017) .233 (.027) .078 (.027) .664 (.016)

phi3:14b .244 (.058) .110 (.072) .538 (.077) .244 (.055) .045 (.068) .561 (.081)

gemma2:9b .135 (.029) .116 (.058) .586 (.021) .164 (.029) .046 (.063) .578 (.024)

llama3.1:8b .208 (.041) .217 (.037) .590 (.019) .242 (.038) .220 (.043) .629 (.037)

qwen2:7b .340 (.041) .292 (.057) .647 (.011) .263 (.054) .216 (.045) .653 (.011)

openchat:7b .237 (.058) .181 (.054) .546 (.106) .214 (.043) .104 (.062) .569 (.107)

gemma:7b .155 (.043) .048 (.063) .504 (.012) .151 (.033) .007 (.061) .508 (.009)

Note: Values show mean correlation (standard deviation) across 5 seeds.
Bold values indicate statistical significance (p < 0.01) in >= 80% of runs.

G Audio Model Comparison

Table 9: Correlation between emotion predictions of the two audio models Wav2Vec2 and WavLM across datasets

Arousal Dominance Valence

MSP Podcast .928 .915 .823
Libriheavy .934 .919 .869
TEDLIUM .935 .931 .868

Table 10: Correlation between audio models on MSP Podcast dataset human annotations

Arousal Dominance Valence

Wav2Vec2 .772 .640 .646
WavLM .765 .677 .577
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