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Abstract—Recognizing emotions from speech using advanced
audio-based Large Language Models (ALMs) has shown promise
due to their zero-shot capabilities, with applications in healthcare,
education, and human—computer interaction. However, fairness
evaluation of ALMs across sensitive groups such as gender,
age, and ethnicity remains largely unexplored. In this work, we
evaluate Qwen2Audio, a competitive ALM for Speech Emotion
Recognition (SER), using metrics including Statistical Parity,
Equal Opportunity, and Overall Accuracy Equality, while ac-
counting for the multiclass nature of emotions. Our results
indicate that Qwen2Audio exhibits unfairness across datasets
and sensitive attributes in terms of OAE, emphasizing the need
for fairness-aware SER models. All the code associated with
this paper is available at: https://github.com/links-ads/FairALM-
Emotion-Recognition,

Index Terms—Audio Language Models, Speech Emotion
Recognition, Fair Machine Learning.

I. INTRODUCTION

Speech Emotion Recognition (SER) extracts emotional in-
formation from spoken audio and plays an essential role in var-
ious Human—AI interaction technologies employed in sectors
like healthcare, security and education [[19]. Recently, Audio-
Language Models (ALMs) [[11] have emerged as multimodal
extensions of Large Language Models, capable of ingesting
input audio and text queries to accomplish speech-related tasks
such as SER in a zero-shot fashion.

Current studies employing ALMs move in several direc-
tions. Some explore their capability to understand the paralin-
guistic aspects of speech [[16]. Others evaluate how prompts
incorporating emotion-specific knowledge from acoustics, lin-
guistics, and psychology can benefit the task [18]]. Additional
work proposes emotion-specific ALMs specialized through
instruction tuning [9]], or enhanced with contextual perception
and chain-of-thought reasoning [32].

However, little attention has been given to assessing the
fairness of ALMs in emotion prediction. Fairness refers to
evaluating whether automated decision-making systems be-
have equitably toward individuals [24]. A common approach
assesses fairness by exploiting sensitive attributes such as
gender in a binary classification setting [12], [[15]. While
available SER datasets often include sensitive attributes such
as gender, age, and ethnicity, fairness assessment presents two
main challenges: (i) Sensitive attributes may have more than
two categories (e.g. age, ethnicity), known as the multigroup
setting, and (ii) SER is inherently a multiclass classification

task, in contrast to the binary setting where most standard
fairness metrics are defined.

In this work, we take a first step toward assessing the fair-
ness of ALMs in SER. We first evaluate distinct open-source
ALMs [11], [14], [20], [29] on SER and find that Qwen2-
Audio achieves the best performance. Motivated by recent
efforts to extend fairness assessment to multigroup—multiclass
scenarios [27], we perform such an evaluation for SER using
Qwen2-Audio on benchmarks including CREMA-D, IEMO-
CAP, EmoV-DB, RAVDESS, and MELD (see Table [I).

The main contributions of this work are:

o We analyze both the performance and fairness of the
Qwen2-Audio ALM in SER, also examining the impact
of generative temperature.

o We adopt a recent approach for multiclass fairness as-
sessment [27]] and apply it to the SER task.

o We show that unfairness in Qwen2-Audio for SER man-
ifests in terms of Overall Accuracy Equality (OAE).

II. RELATED WORK
A. Speech Emotion Recognition

Early SER approaches primarily relied on handcrafted
acoustic features, including prosodic, spectral, and voice qual-
ity cues [19], combined with traditional machine learning
classifiers such as KNN, SVM, and Naive Bayes [30]. The
field progressed with the adoption of deep learning, from Con-
volutional Neural Networks [31] to Transformer-based models
[2]. The emergence of Large Speech Models, pretrained on
massive audio corpora using self-supervised objectives [21]] or
weak audio—text alignment signals [28]], further advanced SER
by providing powerful universal audio representations; many
works build upon these models by training small classifiers
atop frozen LSM features [/13]].

More recently, Audio-Language Models (ALMs) have
emerged as LLM-based architectures capable of processing
audio inputs and performing a broad range of zero-shot audio
tasks, including emotion recognition. Among open-source
ALMs [11], [14], [20], [29], we select Qwen2-Audio as the
best-performing model. Being a generative model, we evaluate
it across various temperature settings [3]] to assess whether it
behaves fairly in SER.

B. Fairness in Machine Learning

As machine learning and automated decision-making sys-
tems became pervasive throughout the 2010s, concerns about
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their equitable behavior emerged as a major research focus
[24]]. A core concept in this area is the sensitive attribute,
which denotes aspects of human-related data that carry social
or ethical significance—such as gender, ethnicity, or age—and
whose misuse can lead to harmful or discriminatory outcomes
[4]]. Evaluating fairness remains a complex problem, and a
wide range of metrics has been proposed. These metrics
are commonly grouped into two paradigms: Group Fairness,
which examines how predictive performance differs across
subsets of the population defined by a protected characteristic
[50, 1121, [115], and Individual Fairness, which instead consid-
ers whether similar individuals receive similar model outputs
[17].

In this work, we focus on Group Fairness in SER, leverag-
ing sensitive attributes commonly available in datasets. Most
fairness metrics are designed for binary tasks, and few studies
consider multiclass settings. Building on recent advances in
this area, we adopt multiclass fairness metrics from [27] to
the SER context, representing the first exploration in this
direction. Such a study is useful because it allows us to
quantify fairness across multiple aspects, including group-level
prediction balance, equality of correct predictions, and overall
performance consistency, offering a more comprehensive view
of potential biases.

III. GROUP FAIRNESS METRICS

In this work, we focus on Group Fairness metrics, which
compare the outcomes of a classification algorithm across
two or more groups. According to recent reviews on machine
learning fairness, Statistical Parity, Equal Opportunity, and
Overall Accuracy Equality are well-defined and widely used
fairness metrics [8]], [25]].

Notation. Let Y € {0,1} denote the true labels and
Y e {0,1} the corresponding predicted labels. The sensitive
attribute A takes values in a finite set {ai,...,a ) }. For
each group a;, we write Pr(- | a;) to denote probabilities
conditioned on membership in group a;.

In the following, we define the metrics in the binary
classification setting for a given pair of groups (a;,a;).

Statistical Parity (SP). Statistical Parity [|12] requires each
group to have the same probability of being classified as
positive. It is defined as the absolute difference in positive
prediction rates between two groups:

: (D

Equal Opportunity (EO). Equal Opportunity [[15] requires
equality of True Positive Rates between groups:

Usp = ‘Pr(ff =1]a)—Pr(Y =1]a;)

Ugo = ‘Pr(f/=1|Y=1,ai)—Pr(?:1\Y:Laj)‘.

(2)
Overall Accuracy Equality (OAE). Overall Accuracy
Equality [5] requires accuracy to be equal across groups:

)

Multigroup Unfairness. All the definitions above naturally
apply to the case |A| = 2, where the sensitive attribute A

Uoag = ‘Pr(ff =Y |a;) - Pr(V =Y | a;)

TABLE I: Selected Speech Emotion Recognition Datasets

Dataset # Speakers Sensitive # Emotion
Attributes
CREMA-D 96 (48M, 48F) Gender, Age, 6
Ethnicity
IEMOCAP 10 (5M, 5F) Gender 4
EmoV-DB 7 speakers Gender 5
RAVDESS 24 (12M, 12F) Gender 8
MELD 6 (3M, 3F) Gender 7

consists of two groups. They can also be extended to the non-
binary case, ie., |A] = m > 2, by averaging the fairness
indices over all pairs of groups. Formally,

9 m—1 m
U(ala-“aam):m; .ZHU(%‘,%‘) “)

The unfairness measures take values in [0, 1]: they equal 0
under perfect fairness and increase as unfairness grows.

Multiclass and Multigroup Unfairness. Since most Emo-
tion Recognition datasets involve multiclass classification with
labels such as Happy, Surprised, and Sad (see Table [I), the
metrics defined above do not directly apply to this setting and
must be further generalized to the non-binary case.

Following [27]], we address the multiclass problem by reduc-
ing it to a set of binary subproblems. Let Y € {0,1,..., K}
be the multiclass label. For each class ¢, we define a corre-
sponding binary task:

1, Y=
)/c _ ) G, (5)
0, Y #ec,

allowing any binary group-fairness metric to be computed
classwise. Let U.(a;, a;) denote the unfairness measure (e.g.,
Statistical Parity) for the binary task Y.. The classwise unfair-
ness Uq(aq, ... ,a,,) is then obtained by applying the pairwise
averaging of Eq. [} yielding a score for each of the K + 1
classes.

An overall multiclass unfairness measure can then be ob-
tained by averaging the classwise values:

K

- i U ©®

c=0

Umulticlass

OAE is reported only at the group level, not classwise.

IV. EMOTION RECOGNITION USING ALM

In this section, we describe the Speech Emotion Recognition
pipeline using Audio-Language Models (ALMs), illustrated in
Figure m We outline the ALM architecture, the Task Prompt,
and the adopted Levenshtein-based post-processing method.

Architecture. An ALM can be abstracted into three mod-
ules: (i) an audio encoder, (ii) a connector, and (iii) an LLM.

The audio encoder (e.g., Whisper [28]]) extracts features
from the input audio z, producing a sequence of audio tokens
ha € R™Xda_ The connector projects and downsamples
these tokens into the LLM embedding space, yielding 1/, €



TABLE II: F1 performance of large models on CREMA-D,
IEMOCAP, EmoV-DB, RAVDESS, and TESS/MELD.

Input Audio g) R (raw
g l|||“||llll|||||l 3 response) Model CREMA-D | IEMOCAP | EmoV-DB | RAVDESS | MELD
i HuBERT large 73.73 67.24 99.37 69.54 99.86
5 WavLM large 74.39 69.29 99.45 71.42 99.78
Task Prompt | Levenshtein data2vec large 63.48 51.71 94.58 58.74 96.89
You are a highly capable hp . post-processing data2vec 2.0 large 69.25 56.70 98.19 70.94 99.54
assistant specialized in Speech o : Whisper large v3 76.60 73.11 99.34 75.19 99.96
Emotion Recognition. Classify 3 H . 76.56 70.42 69.64 67.48 28.11
the speaker's tone in the 2 > ¥ (class label) Qwen2-Audio (*221) | (£675) | (=154) | (£534) |@&2.07)
preceding audio. Options: 0 : Audio-Flami 3 61.00 46.95 83.85 25.94 20.03
{labels}. Answer: ) 7T S udio-Flamingo-3 | ¢ (£238) | (£081) | (+£334) | (+1.22)
] ] » o » ) 7.79 31.33 15.69 3.99 723
Fig. 1: Our Emotion Recognition pipeline exploiting ALMs. Salmonn-7B (£307) | (£612) | (£624) | (£198) | (= 1.73)
Voxtral-Mini 6.02 30.21 10.79 4.71 24.75
(+ 0.64) (+£242) | (£097) | (& 1.78) | (& 3.31)

R™a*dLim with n/; < n4. The audio tokens are concatenated
with the task-prompt tokens h, € R™»*9Lim and passed to
the LLM, which generates a textual response:

R = LLM( [Wy; hy] ) . (7)

Task Prompt. The task prompt instructs the LLM on the
emotion classification task. Since the task is categorical, the
prompt explicitly includes the candidate emotion labels of the
dataset on which the model is evaluated.

Temperature. Text generation proceeds token-by-token:
from logits [ly,...,l,], where v is the vocabulary size, a
probability distribution [p1,...,p,] is obtained. A token is
then sampled according to these probabilities. The distribution
is controlled by the temperature parameter 7: high values yield
a flatter (more uniform) distribution, while low values sharpen
it, making the sampling more deterministic. Following prior
work [3]], we investigate the effect of temperature on SER
performance and fairness.

Post-Processing. Due to the generative nature of ALMs,
responses I? may differ from ground-truth labels Y in form or
length (e.g., adjectives instead of nouns). Following [10], we
apply a Levenshtein-based post-processing step.

If R is not an exact match, it is normalized and tokenized.
We compute the Levenshtein similarity between each token
and each target label:

 LevDist(label, word)
len(label) + len(word)

LevRatio(label, word) = 1 8)
Scores below 0.57 are discarded, and the label with the highest
total similarity is selected [10].

V. EXPERIMENTS

Datasets. We evaluate our approach on five widely used
SER datasets (see Table m): CREMA-D [7], which contains
7,442 recordings from 96 actors spanning diverse ethnic,
racial, and age groups; IEMOCAP [6]], comprising 12 hours
of emotionally annotated speech from ten actors across four
emotion categories; EmoV-DB [1]], which includes 6,887
recordings from four speakers labeled with five emotions;
RAVDESS [22], consisting of 7,356 audio samples produced
by 24 professional actors; and MELD [26] contains roughly
13,000 recordings from 1,433 Friends dialogues covering
seven emotions. We limited our analysis to the six main

TABLE III: F1 results of Qwen2-Audio with and without
Levenshtein post-processing.

Model CREMA-D TEMOCAP EmoV-DB MELD
Wi Lev. | 7656 (£ 2.21) | 70.42 (£ 6.75) | 69.64 (£ 1.54) | 28.11 (& 2.07)
wio Lev | 74.93 (+2.98) | 69.60 (+ 7.65) | 67.53 (+ 1.05) | 26.84 (+ 2.02)

characters, which account for 2,156 of 2,610 test samples,
excluding others due to missing actor information.

Metrics. In our evaluation, we report the macro-F1 score to
assess performance. For fairness analysis, we adopt Statistical
Parity (SP), Equal Opportunity (EO), and Overall Accuracy
Equality (OAE), as defined in Egs. [I] 2] and [3] respectively.

Experimental Detail. For the evaluation of fairness, we
adopt the Qwen2-Audio-7B-Instruct modeﬂ To an-
alyze the impact of the temperature parameter 7, we test
the values {0.0,0.3,0.7,1.0, 1.2, 1.5}. Dataset implementation
follows the fold splits provided by EmoBox [23]]. For each
experimental configuration, we conduct 10 independent runs
and report the mean and standard deviation of the results.

A. Zero-Shot SER Performance of ALMs

Table [ reports the F1 performance of four ALMs—Qwen2-
Audio, Audio-Flamingo-3 [14], SALMONN-7B [29], and
Voxtral-Mini [20]—across five SER datasets, together with the
official EmoBox baselines [23] obtained via fine-tuning.

ALM Comparison. Among the evaluated ALMs, Audio-
Flamingo-3 shows moderate performance but remains be-
low Qwen2-Audio on most datasets (e.g., 61.00 vs. 76.56
on CREMA-D and 46.95 vs. 70.42 on IEMOCAP), with
a stronger result only on EmoV-DB (83.85). Voxtral-Mini
and SALMONN-7B perform substantially worse overall, often
scoring below 32 F1 (e.g., under 8 on CREMA-D and under
5 on RAVDESS). This variability highlights uneven zero-shot
SER capability across ALMs; therefore, we focus on Qwen2-
Audio in the remainder of the paper.

Qwen2-Audio vs. Baselines. Qwen2-Audio shows com-
petitive results on CREMA-D, IEMOCAP, and RAVDESS,
confirming effective zero-shot capture of emotion-relevant
acoustic cues. Performance degrades on EmoV-DB due to
higher speaker variability and subtler emotional expressions,
and on MELD, whose conversational and multi-speaker nature

Uhttps://huggingface.co/Qwen/Qwen2- Audio-7B-Instruct
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Fig. 2: Performance and fairness of Qwen2Audio at different temperatures. Top row: macro F1; remaining rows: fairness
metrics—SP, EO, OAE—across sensitive attributes (Gender, Age, Ethnicity). Results averaged over folds; shaded areas show

standard deviation.

TABLE 1V: Fairness metrics—Statistical Parity (SP),
Equal Opportunity (EO), and Overall Accuracy Equality
(OAE)—across datasets and sensitive attributes.

overall prediction distributions across demographic groups.
For example, SP ranges from 2.30 in RAVDESS to 9.84
in IEMOCAP for gender, indicating minimal overall bias in

Attribute Dataset SP| EO| OAE] predictions. EO values are slightly higher, indicating moderate
CREMA-D 3.12 780 10.18 differences in error rates between groups. Gender disparities
IEMOCAP 9.84 992  14.54 are more noticeable in RAVDESS (EO = 12.39) and IEMO-
Gender EmoV-DB 493 739  36.96 CAP (EO = 9.92), while age shows a lower EO of 5.01
RAVDESS = 230 1239 4658 (CREMA-D) and ethnicity 6.54 (CREMA-D).
MELD 489 993 19.27 The 1 ¢ di i in OAE. indicatine diff
Age CREMAD 192 501 1502 . e largest disparities appear in OAE, indicating differences
Ethnicity  CREMA-D 195  6.54 319 in classwise accuracy. Gender OAE is highest in RAVDESS

is less aligned with the model’s general-purpose audio pre-
training. The larger standard deviations on IEMOCAP (£6.75)
and RAVDESS (£5.34) are mainly due to the higher number
of cross-validation folds, which increase split-dependent vari-
ability. Overall, the results suggest that Qwen2-Audio encodes
emotional information but remains less robust than speech-
specialized models on certain SER benchmarks.

Effect of Postprocessing. Table [[II] shows that the
Levenshtein-based post-processing introduced in Section [[V]
consistently improves F1 performance across datasets, con-
firming its effectiveness in normalizing generative ALM out-
puts for SER.

B. Fairness Results

Table[[V]reports the fairness metrics of Qwen2-Audio across
gender, age, and ethnicity. All metrics range from O to 100,
with lower values indicating more equitable behavior.

Across datasets, SP remains relatively low for all sensi-
tive attributes, suggesting that Qwen2-Audio produces similar

(46.58) and EmoV-DB (36.96), with MELD at 19.27. For
age and ethnicity, OAE is 15.62 and 8.19 (CREMA-D),
respectively, showing that performance varies across datasets
and sensitive attributes. This underscores that zero-shot emo-
tion recognition with Qwen2-Audio remains uneven across
sensitive attributes.

C. Effect of Temperature on Performance and Fairness

Figure [] illustrates how Qwen2-Audio’s macro-F1 and
fairness metrics evolve as the decoding temperature changes.
Across all datasets, increasing the temperature degrades F1
Macro, with the most pronounced drops occurring beyond
7 > 0.7. This behavior reflects the increased randomness
introduced in token generation, which harms the model’s
ability to produce consistent emotion labels. Fairness metrics
exhibit different trends. SP and EO remain largely stable
across all temperatures, suggesting that sampling stochasticity
does not substantially affect output proportions across demo-
graphic groups. In contrast, OAE shows moderate fluctuations,
particularly on CREMA-D, RAVDESS and MELD, indicating
less consistent performance across groups.



Overall, low-to-moderate temperatures (7 < 0.7) achieve
the best balance between accuracy and fairness. As 7 increases
further, the model becomes less reliable in both prediction
quality and equity, reinforcing that controlled generation is
crucial for maintaining fair behavior in zero-shot emotion
recognition.

VI. CONCLUSION

We conducted a group-based fairness evaluation of Qwen2-
Audio for zero-shot Speech Emotion Recognition using multi-
group and multiclass fairness metrics across gender, age, and
ethnicity. While the model achieves competitive performance
and balanced output distributions, our analysis reveals notable
disparities in error rates and classwise accuracy, particularly
in terms of Overall Accuracy Equality, across datasets and
sensitive attributes. We also find that disparities vary with
generation temperature, making it a key hyperparameter for
mitigating unfairness. A limitation of this work is the focus
on English-only datasets; future work will extend the analysis
to additional languages and ALMs.
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