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Abstract

Emotion recognition from speech is a challenging task that requires capturing both
linguistic and paralinguistic cues, with critical applications in human-computer
interaction and mental health monitoring. Recent works have highlighted the ability
of Large Language Models (LLMs) to perform tasks outside of the sole natural
language area. In particular, recent approaches have investigated coupling LLMs
with other data modalities by using pre-trained backbones and different fusion
mechanisms. This work proposes a novel approach that fine-tunes an LLM with
audio and text representations for emotion prediction. Our method first extracts
audio features using an audio feature extractor, which are then mapped into the
LLM’s representation space via a learnable interfacing module. The LLM takes
as input (1) the transformed audio features, (2) additional features in the form
of natural language (e.g., the transcript), and (3) a textual prompt describing the
emotion prediction task. To efficiently adapt the LLM to this multimodal task, we
employ Low-Rank Adaptation (LoRA), enabling parameter-efficient fine-tuning.
Experimental results on standard emotion recognition benchmarks demonstrate
that our model outperforms all but one existing Speech-Text LLMs in the literature,
while requiring less than half the parameters of competing approaches.

1 Introduction

Predicting the emotion conveyed in audio is a critical task with many healthcare applications. For
instance, tracking a patient’s emotional fluctuations throughout the day can offer psychiatrists valuable
insights into conditions such as depression—a disorder characterized by persistent sadness, irritability,
and apathy [1]. As a result, continuous and non-invasive emotion monitoring could significantly
improve diagnostic accuracy and treatment personalization.

The widespread adoption of smartphones among both minors and adults [11, 25] has enabled scalable,
real-time monitoring of behavioral and emotional health. Among the modalities accessible through
smartphones, speech is particularly informative due to its rich linguistic and paralinguistic content
[29, 10]. These cues have been linked to various mental health conditions, and numerous studies
have explored speech emotion recognition (SER) as a proxy for psychological well-being [37, 12].

SER has been addressed lately by leveraging feature representations coming from models trained for
different tasks [8, 20, 21, 2, 5, 3, 13]. For instance, [33] fine-tune HuBERT [13] and Wav2Vec2.0
[3] for the task of SER [32]. Other approaches consider the use of frozen self-supervised models as
feature extractors to train a supervised classifier [28, 17] by solely adding a linear layer on top of the
self-supervised model. While promising, these approaches often rely exclusively on speech-related
information.
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Given the recent discoveries on the strong capacities of LLMs for multimodal tasks, research has
been oriented towards leveraging LLMs for other modalities, including audio. In particular, different
overlapping lines of works have been considered: LLMs that speak, LLMs that listen, and LLMs that
can do both. Relevant to the present work is LLMs that /isten, which describe LLMs that can take as
input both natural language and audio features [34, 16, 18, 9, 30, 7, 27].

Current state-of-the-art LLM-based approaches for Speech Emotion Recognition, such as SIFT-LLM
[27] and SALOMONN [30], demonstrate impressive performance but rely on models with over 7
billion parameters. This makes them impractical for privacy-sensitive, on-device deployment—an
essential consideration when handling highly personal data like a user’s emotional state over time.

In the present work, we propose a parameter-efficient approach LLM-based approach for speech
emotion recognition. We build on [31] and use as a downsampling module QPMapper, as it is
lightweight and has shown strong performance for visual and audio data inclusion in LLMs. We
rely on WavLM [4] as the audio feature extractors and experiment using Llama3.2-3B-Instruct [24].
We train our model using a 3-step learning curriculum. In the first phase, we treat automatic speech
recognition (ASR) as a proxy task to align the audio representations with the LLM embedding space.
During this phase, the audio encoder and LLM are frozen, and only the QPMapper is updated. In the
second phase, we continue training on the ASR task but enable fine-tuning of the LLM via Low-Rank
Adaptation (LoRA) [15]. Finally, in the third phase, we introduce the SER task to specialize the
model for emotion recognition, further fine-tuning the LLM with LoRA while continuing to update
the weights of the downsampling module.

We compare our model, coined Emotion Speech Large Language Model, to existing text-audio
language models for the task of speech emotion recognition. EmoSLLM achieves competitive SER
performance, outperforming all but one existing text-audio model while maintaining a substantially
smaller parameter footprint. This demonstrates its potential for privacy-preserving, on-device emotion
recognition. In addition, we carefully design prompts to guide the language model’s reasoning over
the audio representations, which we find to be essential for improving emotion recognition accuracy
in low-resource settings.

2 Method

2.1 Architecture

Audio encoder To extract semantically useful features from an audio signal, we rely on a pretrained
audio feature extractor. Let x denote an audio signal, and f 4 denote the audio feature extractor.

hap = fap(x;04p) € R"4AE (1

where d 4 g is the hidden dimension of the audio encoder, and n the sequence length of the model’s
output.

Downsampling module We adopt a Query Pooling Mapper (QPMapper) module, previously
shown to perform well on image modalities [31]. In a nutshell, this module adds 7, learnable queries,
q € R"a*445 o the original sequence h 4. This concatenated sequence is then passed through
a transformer encoder, and the output queries’ representations are kept as the downsampled audio
representation. Additionally, this downsampling module g serves to project the audio features into
the dimensional space of the language model’s representations. Thus,

hgs = g(hAE; eds) € RnQXdLL]\/I’

where n, is a hyperparameter.

Large language model Let f; ;) denote the large language model that will serve for the causal
generation. It inputs a concatenated sequence comprised of: (i) the output of the downsampling
module, hy, € R™*%LM | (ii) an embedded vectorized text prompt describing the task p €
R™»*drem and (iii) possibly some textual information extracted from the audio signal also embedded
and vectorized, e.g. a transcript, z € R™=*%2M Thus, the probability distribution over the output
from EmoSLLM can be expressed as:

EmoSLLM(x, p,z) = frra ([(has, P, 25 0r.0ar) - @)
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Figure 1: EmoSLLM Pipeline. In step (a), the audio signal is fed to a pretrained audio encoder to
obtain a vectorized embedded representation h 4z of dimension R"* 4% In step (b) a text prompt
is fed to the embedding module of an LLM to output a vectorized embedded representation p of
dimension R"»*?2LM In step (c) hy g is fed to a downsampling module and the obtained sequence
hg; is of dimension R™e*drLa  Ip step (d) hys and p are concatenated and fed to the LLM, fr s
that predicts the target given a task (ASR or SER).

2.2 Optimization objective

For each task, we provide a set of 10 prompts, selected randomly for each sample in a batch. We
display in sections B.2 and B.3 examples of each prompt for both SER and ASR. For each task
t € [ASR, SER], we train the LLM for next-token prediction in an auto-regressive manner as in
standard LLM training schedules. Formally, let p* denote a prompt for task ¢ uniformly sampled
on P? the set of prompts for task ¢, and D! the set of datasets used for task ¢. Each sample can be
represented as a tuple (x!, p¥, z?, y*), where x’ is the audio waveform, p’ the sampled prompt for the
corresponding task, z‘ some additional information relevant for task ¢ and y* the label to be predicted.
The probability of predicting the label y* is modeled as

p(y" | x',p',2";©) = EmoSLLM(x", p', z"), A3)

where © = {04p, 045,000} The LLM can attend to all tokens in the concatenated sequence
[x¢, pt,z!] and is trained to leverage the audio tokens to minimize the negative likelihood given the
probability modeled in Eq. (3).

3 Experiments

3.1 Experimental settings

Dataset For ASR training, we rely on the Librispeech dataset [26] as well as MSP-Podcast [23]
since the transcript is also provided. Regarding SER, we only rely on the MSP-Podcast dataset for
training. We evaluate the ability of EmoSLLM on the SER task on the test1 share of MSP-Podcast.

Training settings We use AdamW [22] as the optimizer with learning rate 5 - 10~* and weight
decay 0.01. We also rely on linear scheduling with a warm-up on 10% of the phase’s training steps.
We use WavLM [4] as the audio feature extractor and Llama 3.2-3B-Instruct [24] as the foundation
language model. The LoRA adapters are added to the attention and FFN layers of the LLM while
contrary to [9] we do not add LoRA adapters to the audio encoder and keep it frozen. LoRA adapter’s
rank is set to 8 o equal to 16. For the downsampling module, implemented as a QPMapper, we use
32 learnable queries, 2 transformer layers with § attention heads each, and an embedding dimension
of 768. The output of the downsampling module is then mapped to the dimension of the LLM using
a learned linear layer. We set the effective batch size to 512 for all three phases.

Benchmark To ensure a rigorous evaluation, we benchmark our approach against existing Speech-
Text LLMs that incorporate SER capabilities. For instance, we compare to SALMONN-7B [30],
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Figure 2: Performance Comparison. Performance comparison with existing Audio-Language
Models that perform speech emotion recognition, Qwen2-Audio-Instruct [6] (Qwen2-A), OASQA-
LLM [27] (OASQAL), and SIFT-LLM [27].

Qwen2-Audio-7B-Instruct [6], OASQA-LLM [27] and SIFT-LLM [27] using the testl share of
MSP-Podcast and the unweighted accuracy metric following previous work [6, 27, 30, 27].

3.2 Results

Figure 2 (left) illustrates the performance of EmoSLLM in relation to existing methods, plotted
against their respective parameter counts. Our results demonstrate that EmoSLLM achieves no-
table performance despite its smaller number of parameters. EmoSLLM significantly outperforms
SALMONN [30], Qwen2-Audio-Instruct [6], and OASQAL [27], while having less than half (3.2B)
the number of parameters than competing methods (7B+). While SIFT-LLM exhibits superior
performance in emotion prediction, this advantage comes with substantially higher computational
requirements. We attribute the performance gap between EmoSLLM and SIFT-LLM to two primary
factors. First, the backbone LLM used in their approach, Qwen2.5-7B-instruct [36], has a significantly
larger number of parameters than ours. Second, SIFT-LLM’s multi-task training regime exposes it to
significantly more diverse data, enabling better cross-modal feature learning and more generalizable
representations. This multi-task approach may create synergy where emotion recognition benefits
from related speech understanding tasks. Despite these advantages of SIFT-LLM, it is noteworthy that
EmoSLLM achieves competitive performance while maintaining a significantly smaller parameter
footprint, suggesting greater computational efficiency as shown on Figure 2 (right). See Appendix A
for ablation studies motivating the overall EmoSLLM approach.

4 Conclusion

This paper introduced EmoSLLM, a novel and computationally efficient approach for speech emotion
recognition (SER) that effectively integrates audio and text modalities using LLMs. Our experimental
results on standard SER benchmarks demonstrate that EmoSLLM outperforms most existing Speech-
Text LLMs in the literature while requiring significantly fewer parameters and less training time. This
highlights EmoSLLM’s effectiveness and paves the way for more efficient and privacy-preserving
applications in areas like human-computer interaction and mental health monitoring.

Limitations and future work While EmoSLLM shows strong performance and efficiency, it is
still surpassed by SIFT-LLM. This is likely due to SIFT-LLM benefiting from a larger backbone
LLM and exposure to a significantly greater volume of multi-task training data. This suggests that
even with parameter efficiency, the scale of the base LLM and training data diversity remain crucial.
Furthermore, achieving true on-device deployment for multimodal LLMs still requires substantially
reducing the overall parameter count. Future work could explore the integration of smaller backbone
LLMs, model compression techniques such as quantization, or extending EmoSLLM to handle a
broader range of multimodal inputs.
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A Discussion

A.1 Large Language Model

To investigate the impact of both the LLM’s architecture and training strategy, as well as parameter
count, we compare the performance obtained by EmoLLM when using Qwen3-4B [35] and Llama
3.2-3B-Instruct [24] as frra-

A.2 Training curriculum

We rely on a three-stage curriculum learning framework. First, we train the model only on the ASR
task following previous work [16, 9]. In this first phase ("), the audio feature extractor and LLM are
frozen, while the downsampling module’s weights are the only components updated. This phase aims
to learn an effective mapping from the audio representation space to the LLM’s embedding space,
allowing the model to leverage the LLM’s semantic capabilities [9, 27]. In the second phase (1'2),
we introduce Low-Rank Adaptation (LoRA) adapters to the LLM and continue training on the ASR
task. Here, both the downsampling module and the LLM (via LoRA) are fine-tuned jointly, enabling
the model to begin adapting to audio-conditioned language tasks. Finally, in the last phase (/")
we introduce the SER objective and train the model to perform both ASR and emotion recognition
simultaneously.

A.3 Additional features

Previous work [19] has demonstrated that adding paralinguistic audio features may boost
emotion recognition using text-only LLMs. [19] only rely on the audio transcript and
curated prompts for emotion recognition, in which case including additional paralinguis-
tic information in the audio logically boosts the performance for emotion recognition. In
our case, some paralinguistic information is likely already contained in the audio tokens.
Nevertheless, we investigate whether adding this in-

formation in the form of textual tokens in z might Taple 1: Performance comparison be-
enhance our model’s performance. We include the tween performance with and without par-
following paralinguistic features: loudness, average glinguistic features in natural languages
pitch, pitch range, jitter and shimmer. Also, follow- o test] from MSP-Podcast [23].

ing [19] we include in z the gender of the speaker.
Rather than directly providing the value of the features, Add. features  Accuracy (1)
we provide the binned paralinguistic features in three

classes [’low’, ’medium’, ’high’] that each rep- X 0.458
resent a third of the values based on the training set. v 0.469
We include those tokens by sampling among 5 introductory
sentences and randomizing the order in which the paralinguistic features are provided. We display
in table 1, the performance of EmoLLM-base when trained with z including the additional features
and with an empty z. We observe that including paralinguistic features in natural language inputs
improves the performance of emotion prediction, increasing accuracy from 45.8% to 46.9%, a gain
of 1.1 percentage points.

Table 2: Performance compari- Few-shot format hinting We also investigate whether providing
son between n-shot hinting on  during phase ", n examples of the expected output structure in
test]l from MSP-Podcast [23]. the user prompt, might help enhance the performance of EmoLLM-
base. See appendix B.6 for an example of such prompt strategy. We

Hint  Accuracy (1) provide in table 2 the performance of EmoLLM-base trained with z
including n examples in the user prompt for n € [0, 1, 2]. We chose

0-shot 0.458 ; . ;
1-shot 0.473 to keep n small as we expect the marginal gain to be quite small for
9-shot 0.474 higher values while increasing the computational cost. We observe

a significant difference between EmoLLM-base without any hint
(0-shot) and its performance when enhanced with the 1-shot and
2-shot hinting strategies as they display a respective gain of 1.5 and 1.6 percentage points over the
0-shot approach. Since 1-shot and 2-shot hinting provide similar performance, we chose to keep
1-shot hinting in our main approach as it involves a lower computational cost.




A.4 Joint prediction

Training During phase "~ training, when the emotion is available for a sample, we provide a
prompt that asks for joint prediction. In other words, the model is asked to perform simultaneously
the ASR and SER task. We believe that this could only be beneficial as it ensures that the model uses
both semantic, linguistic and paralinguistic features to form its emotion prediction. See appendix B.4
for an illustrative example.

Inference The first approach, referred to as SER-only, involves prompting the LLM exclusively
for the SER task without any auxiliary information. To assess the utility of providing transcript
information as contextual hints, we explore two additional approaches. First, we consider providing
the transcript in the user prompt, introduced by ["Use the following transcript to help you|

[predict the emotion: "}, we refer to this approach as Prompt-hint. Note that this approach was
never used during the training phase. Second, we consider providing the same user prompt as the ones
seen during training, but we provide the beginning of the answer to the LLM and ask it to complete it.

In other words, we ask the LLM to perform auto-regressive
Table 3: Prompt Strategies. Perfor- generation where its context contains the user prompt
mance comparison of different prompt- followed by the beginning of the assistant’s answer,
ing strategies during inference on the |"| ASR: <transcript> | Emotion:"| We refer to this
test1 split of MSP-Podcast [23]. last approach as EmoLLM. See section B.7 for examples
of such prompts. Comparison of the performance between

Prompt Strategy ~ Accuracy (1) these approaches is displayed in Table 3.

SER-only 0.417 Overall, we find that incorporating the transcript into the
Prompt-hint 0.431 LLM’s input significantly enhances SER accuracy. Both
EmoLLM 0.497 Prompt-hint and EmoLLM outperform the SER-only

baseline. However, providing the transcript within the
assistant’s response, as done in EmoLLM, proves more
effective than embedding it in the user prompt. Specifically, EmoLLM achieves an accuracy of
0.497, compared to 0.431 for Prompt-hint. The LLM’s unfamiliarity with user prompts containing
transcripts, since it was not exposed to such prompts during training, likely contributes to this
performance gap.

A.5 Audio Encoder

We assess the impact of the choice of backbone audio en- Table 4: Audio Encoder. Perfor-
coder by replacing WavLM [4] with Robust wav2vec 2.0 mance Comparison between pretrained
[14]. The alternative model is trained using the same hy- audio encoders in EmoLLM on test1
perparameters, training curriculum, and prompting strategy  from MSP-Podcast [23].

as the original configuration. Table 4 compares the per-
formance of EmoLLLM when using WavLM versus Robust Audio Encoder  Accuracy (1)
wav2vec 2.0 as the pretrained audio encoder. While both

encoders yield strong results, WavLM consistently outper- ~ Wav2vec 2.0 0.471
forms Robust wav2vec 2.0 in this setup. However, it is wavLM 0.497
important to note that the hyperparameters were optimized
for WavLLM and may not be ideal for wav2vec 2.0, potentially limiting the latter’s performance.




B Prompts

We provide in this section a more comprehensive description of the prompt structures used to train
EmoLLM.

B.1 System prompt

We carefully design a system that details to the LLM the task at hand, while providing useful
information about the expected input and output structures. We provide hereafter a snippet of the
curated system prompt.

System prompt

"role'":
"system",

""content'":
"You are a highly capable assistant specialized in audio processing tasks.
You receive inputs containing audio token representations followed by text
instructions, and return structured answer.

You may be asked to perform:
1. **Automatic Speech Recognition (ASR)** — transcribe the spoken content.
2. **Speech Emotion Recognition (SER)** — identify the emotion expressed
in the audio.

Follow one of the two output formats:

- For ASR-only tasks:
’| ASR: <transcription> I’

- For SER-only tasks:
’| Emotion: <emotion code> I’

For tasks involving both ASR and SER, use the following format:
’l ASR: <transcription> | Emotion: <emotion code> I’

Emotion must be provided as a single letter chosen from the following emotion
codes:

- A: Angry

- S: Sad

- H: Happy

- U: Surprise

- F: Fear

- D: Disgust

- C: Contempt

- N: Neutral

- O: Other
..o

B.2 Automatic Speech Recognition (ASR) prompt

As previously discussed in the main section of the paper, for each sample we select a prompt among
a curated selection of prompts detailing the expected task at hand. We provide hereafter an example
an ASR prompt used during training.
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ASR prompt

"role'":
"user",

""content'":
"You will now perform the following audio-based task.
Task: **Automatic Speech Recognition (ASR)**.
Transcribe the preceding audio into written text."

}

B.3 Speech Emotion Recognition (SER) prompt

We provide hereafter an example of a vanilla SER prompt used during training.
SER prompt

"role'":
"user",
""content'':
"You will now perform the following audio-based task.
Task: **Speech Emotion Recognition**.
Classify the tone of the speaker in the preceding audio."

}

B.4 Joint decoding prompt

We provide hereafter an example of a vanilla joint decoding prompt used during training.
Joint decoding prompt

"role'":
"user",
""content'":
"Perform the following audio-based tasks in the order as described.
1. Task: ** Automatic Speech Recognition (ASR)**.
Identify and write down the words spoken in the preceding audio.
2. Task: **Speech Emotion Recognition**.
Analyze the audio and determine the emotional state of the speaker."

B.5 Supplementary features hinting

We provide a variety of supplementary features to guide the LLM in its prediction. We include
features ranging from the gender of the person speaking, to some paralinguistic features. Supple-
mentary feature can be combined or taken in isolation. We hereafter provide an example of how the
supplementary features are included in the prompts as shown in sections B.2, B.3 and B .4.
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Supplementary feature prompt

"role'":
"user",
""content'":
"))
The speaker in this audio is $gender.
Here’s a breakdown of paralinguistic cues in the audio:
- loudness: ’low’
- pitch: “medium’
- pitch range: high’
- jitter: ’low’
- shimmer: "high’

..o

B.6 Example hinting

We also include the possibility of including n examples of answers in the format we are expecting.
We include hereafter an example for example hinting in the case of joint decoding. Note that we also
include this for SER-only and ASR-only prompts.

Few shot example prompt

"role"":
"user",
""content'":
"(..)
Here are some examples of the expected output:
-’ ASR: You’re such a disappointment. | Emotion: C I’
-’ ASR: I’'m speechless... didn’t expect that. | Emotion: U I’,
-’ ASR: I can’t shake this feeling of dread. | Emotion: F I'"
..o

B.7 Transcript hinting

As mentioned in section A.4, in inference we consider two alternatives to include the transcript as a
hint to guide the LLM to make its prediction on the emotion class.

Prompt-hint First, we consider including the transcript in the user prompt with an introductory
sentence. This approach is never used in training.

Prompt-hint prompt

"role''":
"uSer",
"content'':

(..
Use the following transcript to help you classify the emotion:
<transcript>

...
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EmoLLM For our main pipeline, we consider an alternative that most resembles the task that the
LLM performs in the training phase. We use as a user prompt the joint-decoding prompt as detailed
in section B.4, and ask the LLM to auto-regressively generate tokens given the first part of the answer
that contains the true transcript.

EmoSLLM prompt

Hroleﬂ.

nusern’
"content'":

<Joint decoding prompt>
)

"role'":

"assistant",
"content'':

"I ASR: <transcript> | Emotion:"
}

C Compute

We display in table 5 the compute hours required to train the different models to which we compare
our method. The displayed hours are directly extracted from the original papers.

Table 5: Comparison of the total training hours and training hours specific to SER.

Model Total training hours ~ SER training hours
SALMONN [30] ~ 4400 5
Qwen2-Audio-7B-Instruct [6] ~ 146500 ~ 1000
SIFT-LLM [27] 173483 237
EmoLLM (Ours) ~ 320 ~ 180
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