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Abstract

Recent advances in large language models (LLMs) have
demonstrated strong reasoning abilities through chain-of-
thought (CoT) prompting, yet their application in speech emo-
tion recognition (SER) remains underexplored. Moreover, cur-
rent SER models lack explainability based on emotion-related
acoustic features. We propose AECoTD, a method that trans-
fers reasoning abilities from a large LLM to a domain-specific
SER LLM by leveraging fine-grained emotional acoustic fea-
tures and text transcripts. It uses LoRA to distill the reasoning
chain and an emotion-focused loss to preserve correct emotional
attention, thereby enhancing the model’s explainability. Abla-
tion experiments highlight the impact of fine-grained acoustic
information, emotional CoT reasoning, and emotion-focused
loss. Without using pre-trained representations, our method
achieves state-of-the-art performance both in-domain and out-
of-domain, demonstrating strong generalization ability.

Index Terms: speech emotion recognition, chain-of-thought
reasoning

1. Introduction

Human emotion plays a crucial role in communication. Speech
emotion recognition (SER) is an essential tool for enabling in-
telligent systems to understand users’ emotional states [1, 2].
It has become widely applied in various domains, including in-
telligent robots, automated call centers, and distance education
[3,4].

Chain-of-Thought advancements in large language models
(LLMs), such as DeepSeek-R1 [5], have revolutionized NLP
tasks by providing transparent reasoning processes. However,
their potential in speech emotion recognition (SER) remains un-
derexplored. Current SER systems [6, 7] based on one-hot la-
bels often fail to model contextual affective dependencies, sug-
gesting an opportunity to integrate LLMs’ interpretable reason-
ing chains. To address this gap, developing methods that ex-
plicitly map speech signals to structured reasoning steps could
improve both model performance and interpretability, as trans-
parent emotion inference logic may reveal overlooked acoustic-
semantic correlations that are critical for accurate recognition.

Numerous studies have established that acoustic features,
such as pitch and intensity, are closely linked to emotional states
[8, 9, 10]. Research has shown that utterance-level acoustic in-
formation is crucial [11]. However, fine-grained segment-level
acoustic cues within an utterance are equally important. As il-
lustrated in Figure 1, the speech transcript ”’I am going to the
store” appears neutral in text. On the other hand, the fine-
grained acoustic features for pitch and intensity progressively
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Emotion: Happy

Chain-of-Thought:

The neutral content lacks inherent emotional
markers.

Overall, a high pitch and strong intensity
generally indicate happiness.

Locally, pitch and intensity progressively rise
from a lower to a higher level within the
utterance, possibly reflecting enthusiasm about
acquiring a desired item.

Ultimately, the emotion of this speech is
determined to be happy.

-

“I’'m going to the store”

Figure 1: AECoTD leverages fine-grained acoustic features
to derive the emotional chain-of-thought from DeepSeek-R1I,
thereby significantly enhancing the explainability of the model.

rise from a lower to a higher level, possibly indicating excite-
ment about purchasing a desired item. Nevertheless, aligning
implicit temporal acoustic information with text remains a chal-
lenge. Large language models (LLMs) with chain-of-thought
reasoning capabilities offer a promising solution, as they can
model the sequential dependencies between acoustic variations
and textual semantics, providing interpretable reasoning steps
for emotion inference.

Many studies apply the interpretability of large language
models to SER [12, 13, 14, 15]. For instance, SECap [12] uses
LLaMA [16] to generate brief emotional descriptions of audio,
but these descriptions lack detailed reasoning. Additionally, its
descriptions are based on the utterance level, without consider-
ing the intrinsic acoustic variations relevant to emotion. Affect-
GPT [13] leverages multimodal inputs to infer emotions. How-
ever, it employs ImageBind [17] as a pre-processing module for
the audio modality, which indirectly aligns audio with text. This
process prevents AffectGPT from incorporating acoustic infor-
mation in a way that LLMs can effectively understand, particu-
larly fine-grained acoustic variations within an utterance.

To address the above challenges, we propose Acoustic
Emotional Chain-of-Thought Distillation (AECoTD), an inno-
vative two-stage framework.

(1) AECoTD generates interpretable emotion-driven rea-
soning paths by integrating both coarse-grained and fine-
grained acoustic features with text transcripts. Coarse-grained
features capture the overall acoustic characteristics of an utter-
ance, informing the LLM of how the utterance’s global acoustic
properties compare to those of other utterances (e.g., whether
it is generally louder, higher-pitched). Fine-grained features,
on the other hand, represent the acoustic characteristics of in-
dividual segments within the utterance, allowing the LLM to
understand how each segment’s acoustic properties compare to
others within the same utterance (e.g., detecting rising pitch,
sudden intensity shifts). This enables the model to capture in-
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Figure 2: The AECoTD framework. Lemo represents the emotion-focused loss we designed, where the dark-colored token (happy)
indicates the parts that the model should pay more attention to, while the lighter-colored tokens represent the parts that are of secondary

importance to the model.

ternal acoustic dynamics. Leveraging DeepSeek-R1’s reason-
ing ability, AECoTD jointly models textual semantics and dy-
namic acoustic information, constructing an emotional chain-
of-thought based on acoustic cues.

(2) To efficiently transfer the distilled reasoning chain,
we fine-tune Qwen2.5-7B [18] using Low-Rank Adaptation
(LoRA) [19]. Additionally, we introduce a specially designed
emotion-focus loss, which encourages the model to concentrate
on reasoning towards the correct emotion, mitigating the risk of
attention being diluted by excessively long reasoning chains.

In summary, the contributions of this paper are as follows:

* We are the first to apply chain-of-thought reasoning to
acoustic-based emotional inference, thereby significantly en-
hancing the explainability of the model.

* We introduce Acoustic Emotional Chain-of-Thought Distil-
lation (AEC0oTD), which adopts LoRA to distill the reasoning
chain into a domain-specific language model. Additionally,
we incorporate an emotion-focused loss to minimize the dilu-
tion of attention on the correct emotion caused by excessively
long reasoning chains.

* Experimental results highlight the impact of fine-grained
acoustic information, emotional CoT reasoning, and the
emotion-focused loss in ensuring the attention remains on
the correct emotion. Without using pre-trained representa-
tions, our method achieves state-of-the-art performance both
in-domain and out-of-domain, demonstrating strong general-
ization ability.

2. Methodology

The AECoTD framework operates in two phases, as shown in
Figure 2. First, it combines multi-level acoustic features with
text transcripts, leveraging DeepSeek-R1 to construct emotion-
driven chain-of-thought. Second, it distills the reasoning chain
into Qwen2.5-7B through LoRA fine-tuning and employs an
emotion-focus loss to enhance reasoning towards the correct
emotion while preventing attention dilution from overly long
reasoning chains.
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2.1. Coarse-grained Acoustic Features

Coarse-grained features capture the overall acoustic characteris-
tics of an utterance, informing the LLM how its global acoustic
properties compare to those of other utterances. We focus on
four key acoustic features: pitch, intensity, speech rate, and ar-
ticulation rate. These properties capture prosodic and temporal
information that closely correlates with emotional expressions.

To compute pitch, we first perform an STFT on the audio
signal and then extract pitch using the piptrack [20] algorithm.
The average pitch is determined from the non-zero values.

Intensity is measured by calculating the root mean square
(RMS) energy of the audio and converting it to a decibel scale.

For speech rate, the audio is segmented into syllables using
an energy-based method with a 20 dB threshold above back-
ground noise. The speech rate is then obtained by dividing the
number of syllables by the audio duration.

Articulation rate reflects the speed of syllable production
during active speech (excluding pauses) and is calculated by
dividing the number of syllables by the total phonation time.

We propose a dataset-driven thresholding strategy to cap-
ture how each utterance’s acoustic properties compare to oth-
ers. For each acoustic feature (pitch, intensity, speech rate, and
articulation rate), we calculate a threshold based on the train-
ing set by computing the median value across all samples. Let
D = {di,d2,...,dn} represents the training dataset, where
each sample d; contains four acoustic properties: pitch, inten-
sity, speech rate, and articulation rate. For a given acoustic
property f(d), its threshold is calculated as:

Thresholdy = Median({f(d:) | di € D}), €]

where Median(-) denotes the statistical median.
We then compare each sample’s acoustic features to these
thresholds and assign coarse-grained labels (e.g., high/low for

pitch, strong/weak for intensity, and fast/slow for speech rate or
articulation rate).



2.2. Fine-grained Acoustic Features

Global metrics for pitch and intensity can miss important lo-
cal variations over time. Fine-grained features, however, cap-
ture these subtle changes and complement the broader, coarse-
grained measures.

These fine-grained features describe the acoustic properties
of individual segments within an utterance, allowing the LLM
to discern how each segment differs from others. Since speech
transcripts and acoustic features are not strictly aligned, using
frame-level features directly is impractical due to their length
and complexity. To address this, we propose the following ex-
traction framework:

Firstly, divide the audio signal into non-overlapping tempo-
ral segments. For each segment, compute the mean pitch and
intensity (denoted as F;"*" for the i-th segment) as described
previously. This approach preserves local prosodic details that
would be lost in whole-signal averaging.

Secondly, to simplify the LLM’s task, we normalize the fea-
tures within each segment by determining their upper and lower
bounds. A sliding window (0.5s window size, 0.25s step size)
is applied across the entire signal to establish feature bounds,
which are calculated as follows:

Fhax = max (FWindOW(k))
1<k<K

(@)

where K denotes the total number of sliding windows. Finax
represents the upper bound of the acoustic feature values for the
current utterance, while F*™°¥ (k) denotes the mean acoustic
feature value within the k-th sliding window. The calculation of
the lower bound of the feature values Fy;, is similar.

By calculating per-window extremal values, we obtain sta-
ble global maxima and minima that are less affected by brief
irregularities like pulse spikes. For each segment ¢ with mean
acoustic feature F;, we apply min-max normalization as:

mean
fr= L T @
F max F min
where 152 denotes the normalized feature value of the i-th seg-
ment and F;"" representing the mean feature value of the i-th
segment.

This operation linearly projects each feature dimension into
the unit interval [0, 1], with silent segments (identified by inten-
sity thresholds) automatically mapped to zero values.

For each sample, the fine-grained feature values are pre-
sented in a list, showing the normalized mean values for differ-
ent time segments, which can be understood by the LLM. We
only compute the fine-grained feature values for pitch and in-
tensity, as changes in these two features provide more effective
information.

2.3. AECoTD

We leverage DeepSeek-R1°s reasoning ability to jointly model
textual semantics and dynamic acoustic information, construct-
ing an emotional chain-of-thought based on acoustic cues. In
our approach, DeepSeek-R1 receives both coarse-grained and
fine-grained acoustic features along with the corresponding au-
dio transcripts. Using these inputs, we craft a set of instructions
to elucidate emotions. DeepSeek-R1 then generates a chain-of-
thought that captures the dynamic acoustic-based reasoning un-
derlying emotion recognition. This process can be formalized
as follows:

R 2
C= Rpeepseek-R1 <T, {FJ }?:1’ {{F.’i}:‘;l}j:1> @
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where C represents the output chain-of-thought generated by
DeepSeek-R1, Rpeepseek-ri(+) denotes the reasoning function
implemented by DeepSeek-R1, 71" is the text transcript of
the audio sample, {F} }?:1 represents the set of four coarse-
grained acougtic features extracted from the utterance, and
{{Fj,i}?zl} - denotes the collection of fine-grained acous-
tic feature list]s for the two selected features (typically pitch and
intensity), with each { £ ; }7_; being the list of normalized fea-
ture values computed over n temporal segments.

We restructured DeepSeek-R1’s output to better serve
as a label for Qwen2.5-7B in the format: emotion
label<think>chain-of-thought</think>.

However, during distillation, we found that using a conven-
tional cross-entropy loss—which distributes attention evenly
across all tokens—poses a problem when the chain-of-thought
is much longer than the emotion label. This can cause the model
to focus more on the detailed explanation rather than on the cor-
rect emotion.

To overcome this, we designed an emotion-focused loss that
adjusts token weights. This approach preserves the acoustic-
based reasoning while emphasizing correct emotion deduction.
We assign a weight of 1 to the emotion label and 0.01 to all
other tokens. The final loss function is formulated as follows:

L==) wi-y:logge ®)
t

where y; and ¢: represent the ground truth and predicted
probabilities for token ¢, respectively. The token weight w; is
defined as:

1, if ¢ belongs to the emotion label
wy = ) (6)
0.01, otherwise
3. Experiments
3.1. Datasets
IEMOCAP [21] is used as in previous studies [6, 7]. We

merge excitement with happiness and select 5,531 utterances
from the happy, angry, sad, and neutral classes, using a leave-
one-session-out cross-validation strategy.

MELD [22] consists of 13,708 utterances across 7 emotion
classes. Here, we use MELD to evaluate out-of-domain perfor-
mance and select samples from happy, angry, sad, and neutral
categories following Emobox [23].

3.2. Experiment Setup

Using the acoustic emotion chain-of-thought from DeepSeek-
R1, we fine-tuned Qwen2.5-7B with LoRA for 10 epochs.
LoRA was applied to all linear layers in the LLM with a rank
of 8 and alpha of 32, optimizing parameter efficiency while re-
ducing computational cost. Training employed the AdamW op-
timizer with a le-4 learning rate and a cosine annealing sched-
uler (5% warmup), with a batch size of 1. Experiments were
conducted on an NVIDIA A100 GPU with 80GB VRAM.

3.3. Experimental Results and Analysis

3.3.1. Ablation Study

This section presents the ablation study results on the IEMO-
CAP dataset, evaluating the contribution of each component in
AECO0TD. As shown in Table 1, systematically removing key



elements reveals their impact on performance. All audio seg-
ments containing fine-grained acoustic strategies have a seg-
ment count of n = 7.

Model UA
AECoTD 72.21
AECoTD w/o CoT 70.84
AECoTD w/o CoT & F 68.78
AECoTD w/o CoT &« F& C | 65.39
AECoTD w/o Emoloss 64.13

Table 1: Ablation results of the AECoTD’s core components on
the IEMOCAP. F denotes fine-grained acoustic features, while
C represents coarse-grained acoustic features.

The Chain-of-Thought (CoT) mechanism improves perfor-
mance by 1.37% UA, demonstrating its role in explicit emo-
tion reasoning. Fine-grained acoustic features (F) contribute a
2.06% UA gain by capturing temporal variations in pitch and
intensity, while coarse-grained features (C) add 3.39% UA by
establishing a global acoustic context. Notably, removing the
emotion-focused loss (EmoLoss) leads to the most significant
drop (8.08% UA), highlighting its importance in balancing at-
tention between emotion labels and lengthy reasoning chains.
Without emotion-focused loss, the model struggles to prioritize
emotion deduction over explanatory text generation, resulting
in substantial performance degradation.

3.3.2. Comparison Study

In this section, we compare the in-domain and out-of-domain
performance of our model with state-of-the-art SER models.
To the best of our knowledge, existing studies on interpretable
emotion recognition have not conducted experiments on IEMO-
CAP, making direct comparisons impossible. Table 2 presents
the in-domain performance on the IEMOCAP dataset.

Method Year | Text | Audio UA
AECoTD 2025 v 72.21
Vesper [24] 2024 v 70.80
MMRBN [25] 2024 v 70.20
WavLM-Large [26] | 2022 v 69.47
Hubert-Large [27] 2021 v 67.42
LoRA-MER [28] 2024 v 60.94

Table 2: In-Domain Performance Comparison on IEMOCAP.

Our experiments show that AECoTD, which leverages both
text and a small set of precisely extracted acoustic cues (con-
verted to text), performs on par with state-of-the-art SER mod-
els that rely on pre-trained acoustic features. In contrast, LoRA-
MER—when limited to text—lags behind AECoTD by 11.27%
UA, underscoring the benefits of our acoustic emotion rea-
soning chain. By integrating acoustic reasoning with emotion
recognition, AECoTD not only matches state-of-the-art perfor-
mance but also offers superior interpretability.

Out-of-domain tests are essential for assessing SER’s real-
world robustness against varying emotion definitions and distri-
butions. Table 3 shows AECoTD’s out-of-domain performance
(trained on IEMOCAP and tested on MELD) under the Emobox
setting, where MELD is restricted to the four emotion classes
defined in IEMOCAP. Due to the lack of a unified benchmark
and diverse experimental setups, we compare only with publicly
available pre-trained models.
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Method WA
AECoTD 54.59
Whisper-Large-V3 [29] | 51.42
Hubert-Large [27] 44.69
Data2vec 2.0 [30] 41.75
WavLM-Large [26] 39.06

Table 3: Out-of-Domain Performance Comparison on MELD.

AECO0TD significantly outperforms all methods in out-of-
domain experiments, highlighting its exceptional generaliza-
tion ability and real-world applicability. This advantage likely
stems from the compact, domain-specific language model ac-
quiring reasoning skills from DeepSeek-R1, combined with
fine-grained acoustic cues to perform temporally aware emo-
tional inference. Moreover, semantic and acoustic features are
far less affected by domain differences compared to pre-trained
representations, further reinforcing AECoTD’s strong general-
ization capability.

3.3.3. Hyperparameter Study

The ablation study confirms the effectiveness of fine-grained
acoustic features, making it crucial to analyze the impact of
n, which determines their granularity. As shown in Figure 4,
we conducted experiments on IEMOCAP without the chain-of-
thought mechanism to examine how LLMs interpret acoustic
information at different segmentation levels.

n 1 3 5 7 9
UA | 68.78 | 69.59 | 70.00 | 70.84 | 70.51

Table 4: Impact of fine-grained segmentation level on UA per-
formance in IEMOCAP

When n 1, the model receives only utterance-level
acoustic information, leading to a significant performance drop
due to the lack of detailed acoustic cues. As segmentation be-
comes finer, the model captures more subtle acoustic variations
linked to emotional expression, improving performance. How-
ever, excessively fine segmentation may not provide additional
benefits, as acoustic features and text are not strictly aligned,
and complex inputs may hinder the LLM’s ability to generate
coherent reasoning chains. AECoTD achieves the best bal-
ance with n = 7, effectively capturing acoustic trends while
maintaining semantic coherence, leading to the most informa-
tive chain-of-thought.

4. Conclusions

We propose Acoustic Emotional Chain-of-Thought Distilla-
tion (AECoTD), a method that integrates fine-grained acous-
tic features with text to transfer reasoning capabilities from
DeepSeek-R1 into a smaller, domain-specific SER LLM. AE-
CoTD employs LoRA for efficient reasoning distillation and
introduces an emotion-focused loss to ensure attention re-
mains on the correct emotion rather than overly long rea-
soning chains. Ablation studies confirm the effectiveness of
fine-grained acoustic features, emotional CoT reasoning, and
emotion-focused loss. Without relying on pre-trained repre-
sentations, AECoTD achieves state-of-the-art performance both
in-domain and out-of-domain, demonstrating strong generaliza-
tion.
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