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Abstract

Multimodal emotion recognition (MER), particularly using
speech and text, is promising for enhancing human-computer
interaction. However, the efficacy of such systems is often
compromised by inaccuracies introduced during the automatic
speech recognition (ASR) process. Addressing this, we present
a comprehensive MER system that incorporates ways to make
up for errors in ASR-generated text. Our system capitalizes on
the strengths of speech signals and ASR-generated text, em-
ploying a cross-modal transformer (CMT) to blend these modal-
ities effectively. We introduce a novel error compensation tech-
nique to counteract the detrimental effects of ASR inaccuracies
and employ preference learning to fine-tune a large language
model (LLM), thus improving its ability to distinguish slight
emotional nuances in text. Performance of our proposed MER
system is evaluated on the IEMOCAP dataset, demonstrating
significant advancements in emotion recognition accuracy over
conventional methods.

Index Terms: multimodal emotion recognition, automatic
speech recognition (ASR), large language model, cross-modal
transformer, ASR error compensation

1. Introduction

Multimodal emotion recognition (MER) is crucial in enhancing
human-computer interaction, with applications spanning from
personalized recommendations to mental health assessment
[1-3]. In recent years, integrating multimodal data sources, such
as speech, text, and video, has significantly advanced the accu-
racy and reliability of emotion recognition systems [4, 5]. In
particular, the fusion of speech and automatic speech recogni-
tion (ASR)-generated text has shown promise in the realm of
MER [6,7]. Speech and text offer rich and complementary cues
that are essential in understanding emotional states. Neverthe-
less, converting speech to text through ASR often introduces
errors, adversely affecting the overall performance of the sys-
tem [8]. This paper presents a novel MER system that effec-
tively leverages both speech and ASR-generated text. Our sys-
tem incorporates error compensation mechanisms to mitigate
the impact of ASR inaccuracies and employs preference learn-
ing [9] to fine-tune large language models (LLM), thereby cap-
turing emotional nuances more effectively.

The study of emotion recognition has been extensive, ex-
ploring both speech and text modalities individually. Systems
based on speech analyze acoustic features, such as pitch, en-
ergy, and rate, which convey emotional states [10]. Conversely,
text-based approaches examine linguistic cues, including word
choice and sentence structure, to infer emotions [11]. Recent ad-
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vances have underscored the value of integrating these modal-
ities, demonstrating that a synergistic approach to speech and
text analysis can enhance emotion detection robustness. De-
spite the promising potential of ASR to bridge the gap be-
tween these two modalities, its application in emotion recog-
nition is not without challenges [8]. The inaccuracies inherent
in ASR-generated text, often resulting from homophones and
background noise, can obscure the emotional cues derived from
speech. The emergence of pre-trained LLM, such as BERT [12]
and GPT [13], has marked a transformative phase in natural
language processing, extending to emotion detection from text.
These models, capable of capturing deep semantic relationships
and contextual nuances, facilitate a more sophisticated under-
standing of emotional expressions in text [14]. Nonetheless, the
endeavor to fine-tune these models for improved sensitivity to
emotional nuances remains an ongoing field of exploration.

The primary contribution begins with a comprehensive sys-
tem integrating speech and ASR-generated text for emotion
recognition. A novel error compensation mechanism is intro-
duced for the system to minimize the negative impact of ASR
inaccuracies on the emotion recognition process. To achieve
this, we utilize Kullback-Leibler divergence (KLD) loss to align
ASR-derived text embeddings more closely with ground truth
text embeddings, thereby reducing the distributional differ-
ences between the ASR-generated and ground truth text embed-
dings. This approach mitigates the impact of ASR inaccuracies
and lays a foundational layer for further refinements in emo-
tion recognition. Furthermore, we integrate preference learn-
ing within the RankNet framework [15] to fine-tune an LLM,
significantly enhancing its ability to distinguish emotional con-
tent more clearly in text. We thoroughly evaluate our system on
the IEMOCAP dataset [16], achieving notable enhancements in
emotion recognition accuracy over existing methodologies.

2. Related works

Integration of preference learning into emotion recognition
tasks brings a novel dimension to the field. One approach that
is especially noteworthy is talked about in the work by Naini
et al. [9]. They presented a multi-task learning (MTL) frame-
work that combined preference learning with regression formu-
lations, using a RankNet framework [15] to predict emotional
attributes from speech. This study demonstrated that these for-
mulations were not mutually exclusive but that their combina-
tion could lead to more flexible and accurate models. The MTL
approach allowed the models to simultaneously predict an emo-
tional attribute score and establish preferences between speech
samples, offering a robust tool for emotion analysis in speech.

Utilization of pre-trained LLM for emotion detection in text
has improved the field of natural language processing [17]. The
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Figure 1: Architecture of the proposed multimodal emotion
recognition system incorporating a pre-trained ASR model, a
preference-learned LLM, and a cross-modal transformer. The
system utilizes both the ASR-generated text and speech sig-
nals to compute latent embeddings, which are then processed
through the cross-modal transformer for emotion prediction.
KLD loss is applied during training to minimize the discrep-
ancy between ASR-derived and ground truth text embeddings.

appearance of models like BERT and GPT has provided deep
insights into semantic relationships and contextual understand-
ing, which are crucial for detecting nuanced emotional expres-
sions in the text. Fine-tuning these models to promote their
emotional sensitivity remains a significant area of exploration.
The preference learning methods discussed above offer promis-
ing instruments to enhance the ability of LLM to discriminate
emotional content, leading to more sophisticated and accurate
emotion recognition systems.

Our work builds upon these foundations, proposing an
MER system that not only corrects ASR text errors but also em-
ploys a preference learning strategy to fine-tune LLM, drawn
from the methodology inspired by Naini et al. [9]. This combi-
nation addresses the dual challenge of error-ridden ASR text
and the need for nuanced emotional understanding in LLM,
making it easier to advance in affective computing and human-
computer interaction.

3. Proposed method
3.1. Speech and text data processing

Figure 1 shows the overall framework of our proposed MER
system with the pre-trained ASR model and the preference-
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Figure 2: Schematic of the RankNet-based preference learning
framework utilizing a pre-trained LLM. Emotional (emo) and
non-emotional (non) text pairs are processed through shared-
parameter LLMs to generate embeddings, which are compared
by the shared feed-forward network f(-) to calculate the prefer-
ence probability PL*™"°™)  The system is optimized using the
RankNet loss L r to enhance the ability of the LLM to discrimi-
nate emotional content in text.

learned LLM model. Our approach begins with the processing
of speech signals, denoted as X, through the pre-trained ASR
model. This process yields two outputs: the text corresponding
to the speech signal, X, and the latent embedding of the speech
signal, Z,. The extracted text X; is further processed through
the pre-trained LLM to obtain its latent embedding, Z;. Sim-
ilarly, the ground truth text, Y%, is also subjected to the same
Language model to produce the latent embedding of the accu-
rate text, Z1 ¢,

3.2. Error compensation for text modality

To align the ASR-derived text embeddings Z; closer to the
ground truth text embedding Z;**, we use Kullback-Leibler di-
vergence (KLD) loss to minimize the distributional differences
between Z{e“l and Z;. The KLD loss, Lk 1.p, is defined as fol-

lows:
Ztreal
Zy
where this loss function acts as a corrective measure, aiming to
align the ASR-extracted text embedding Z; closer to its ground
truth text Z;** and thus mitigate the effects of ASR-induced er-
rors. This process is only demanded during training and is omit-
ted during the inference process. The 1D convolution (Conv1D)
block, which follows LLM, is trained to alleviate errors in ASR
text.

Lxip(Zi || Z{*) = Z{*"log €]

3.3. Preference learning for enhanced LLM

To further refine the text embedding Z;, we employ a preference
learning [9] strategy on the pre-trained LLM. Using a RankNet
framework [15] for preference learning, we fine-tune the LLM
to distinguish between emotional and non-emotional content.
This approach adapts the LLM to be more sensitive to emo-
tional nuances in speech-related text. The pre-trained LLM is
trained separately, as shown in Figure 2, and then merged into
the overall system as preference-learned LLM, as shown in Fig-
ure 1.



Table 1: Comparative analysis of emotion recognition accuracies for different methods and modality combinations. The table demon-
strates the improvement trajectory from the baseline method to the proposed system, highlighting enhancements achieved through ASR
text error compensation and preference learning in LLM. The results underscore the superior performance of the proposed method,

which integrates speech and ASR-generated text for emotion detection.

Method Modality Accuracy (%)
Dev WA  DevUA Test WA  Test UA

Speech 69.24 69.48 66.62 68.21
Baseline ASR text 66.84 67.18 66.10 66.88
Speech + ASR text 73.13 74.26 74.21 74.52
+ ASR text error compensation ~ Speech + ASR text 73.33 74.39 75.10 76.44
+ Preference-learned LLM Speech + ASR text 74.20 75.72 75.44 75.92
Proposed Speech + ASR text 75.28 75.48 76.11 77.16

To fine-tune the LLM with the preference learning method
using the RankNet framework, emotional text, Yt(emo), and

non-emotional text, Y;"*"™, are given as pairs. The pair of data
is given as the input to LLMs that share weights, respectively,
and the process of extracting the latent embeddings is as fol-
lows:

(I)gemo) _ LLM(Y;<em0>),
q)inon) _ LLM(Y;(non))7

(@)
3)

where ®{°™* and ®{"°™) denote the latent embeddings of
emotional and non-emotional texts, respectively. To model the
probability that a given text is more emotional than other text,
RankNet uses a sigmoid function as follows:

1
14 e—o(F@)=f(@f"™))’

Pt(emo,non) _

“

where P{“™"™°™) g the probability of preferring one sample
(Y, ™)) over the other (Y, ™) and f(-) is a feed-forward
network (FFN) with shared weights. The loss function used to
optimize the parameters of LLM and f(-) is as follows:

LR = _F_,t(emo,non) log Pt(emo,non)_

(1 _ Pt(emo,non)) log(l _ ‘Pt(emo,non))7 (5)

where P{°"*™°™) and are the expected and actual
probability, respectively. LLM and f(-) functions are trained to
distinguish between emotional and non-emotional text.

Pt(emo,non)

3.4. Cross-modal transformer model

Further processing involves the integration of Zs; and Z;
through a cross-modal transformer (CMT) model, which gen-
erates Hs and H:, the transformed embeddings of speech and
text, respectively.

(H,, Hy) = CMT(Zs, Z1), ()

where CMT(+,-) denotes corss-modal transformer model.
These embeddings are concatenated to form H;, which is then
passed through a feed-forward layer (FFN) and a softmax func-
tion to predict the emotion probabilities, denoted as Y..

Y. = Softmax(FFN(Hs)), )

where Hy, is obtained by the concatenation operation of H; and
H, and FFN(-) denotes feed-forward layer.
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To optimize the network of the entire model structure ex-
cept for pre-trained ASR and LLM in Figure 1, we design a
cross-entropy loss that minimizes the discrepancy between the
predicted emotion Y, and the ground truth emotion label Ye.
The cross-entropy loss is defined as follows:

L NC N
Lop=—7D > Y log(¥o"),

i=1 c=1

(®)

where N and C' denote the total number of data points and
classes, respectively, and ¢ and c denote the indices over all data
points and possible classes, respectively. The overall training
objective is defined by the total loss function, Lst41, as below:

©)

where )\ serves as a balancing factor between the cross-entropy
loss and the KLD loss.

Liotat = Lce + ALk LD,

4. Experiments setup
4.1. Dataset and preparation

All experiments were conducted on the IEMOCAP [16] dataset,
which is widely used in emotion recognition recipes [18-20].
The IEMOCAP dataset consists of 12 hours of audio, text, and
video recordings with nine emotion labels. The dataset consists
of 10 sessions, each containing two actors (five male and five
female) having a natural conversation in English. We chose ut-
terances with happy, sad, angry, and neutral emotion labels for
the four-class emotion classification. To make a fair comparison
with previous studies, we merged the excited emotion label with
the happy emotion label. There were a total of 5,531 utterances
in the sessions used in all experiments.

4.2. Training and inference procedure

Similar to the experimental setup in the previous study [18,21],
we applied five-fold cross-validation on the IEMOCAP dataset,
using three sessions for training, one for validation, and one
for testing. We used the Adam optimizer [22] with a learning
rate of 1.5e-4 to train the proposed MER model and fine-tune
the LLM. We trained the MER and fine-tuned the LLM model
for up to 100 epochs using an early-stop strategy based on the
evaluation we performed on the validation set. We used a batch
size 32 to train the MER model and 16 to fine-tune the LLM
model. We set the hyperparameter to A = 0.4 in Eq. (9). The pro-
posed method was implemented using PyTorch [23], and four
NVIDIA GeForce RTX 3090 GPUs with 24 GB memories were
used for the experiments.



Table 2: Evaluation of emotion recognition performance us-
ing different ASR models, comparing the baseline and proposed
methods. The table illustrates the relationship between the Word
Error Rate (WER) of the ASR model and the respective accura-
cies, emphasizing the enhanced capability of the proposed sys-
tem in handling inaccuracies in ASR to improve emotion detec-
tion.

Accuracy (%)
Model # Parameters WER (%) Method ———
Dev WA Test WA
Baseline 61.45 60.28
HuBERT [29] 3™ 8T proposed 6798 6727
Baseline 67.82 67.94
W2v2[30] 31TM 39.65 Proposed 70.47 71.49
Baseline 69.27 70.11
WavLM [31] 316M 285 proposed 7208 7344
. Baseline 73.13 74.21
Whisper [24] 1.5B 14.57 Proposed 75.28 76.11

4.3. Model specifications

The speech signals sampled at 16 kHz were converted to the 80-
dimensional log-mel spectrogram using the 25 ms Hann win-
dow with a hop size of 10 ms. Accordingly, the log-mel spec-
trogram was used as the input feature for the ASR model.

For the ASR model, we adopted the pre-trained Whisper
large-v3 model [24] from the OpenAl downloaded from Hug-
ging Face'. The Whisper large-v3 consists of a transformer-
based encoder-decoder model, also referred to as a sequence-to-
sequence model. The Whisper large-v3 model was pre-trained
on one million hours of weakly labeled audio and four million
hours of pseudo-labeled speech [24]. The hidden dimensional-
ity of the latent embedding of the speech extracted by the en-
coder was 1280. To align the hidden dimensionality with the
latent embedding of the text to 768, the following consisted
of a ConvlD block with kernel size three and stride one. For
the LLM model, we also applied the BERT large model [12]
from the Google downloaded from Hugging Face'. BERT large
model is a transformer model pre-trained on a large corpus of
English data in a self-supervised fashion [25]. It consisted of
24 layers, 16 attention heads, and 768 hidden dimensions. Sim-
ilarly, the Conv1D block with kernel size three and stride one
follows to align the hidden dimension of the latent embedding
to 768. For the CMT architecture, we applied a cross-modal
attention-based transformer model [26] consisting of four lay-
ers (N = 4), eight attention heads, and 768 hidden dimensions.
Each layer has a multi-head attention and feed-forward network
followed by layer normalization [27] and dropout [28] layers.

4.4. Evaluation metrics

We evaluated the accuracy of our proposed MER system. Since
the IEMOCAP dataset suffers from emotion class imbalance
[18], we used weighted accuracy (WA) and unweighted accu-
racy (UA) as evaluation metrics: weighted accuracy represents
the accuracy for all classes, and unweighted accuracy is the av-
erage value of the accuracy for each class.

5. Results and analysis

5.1. Overall performance analysis

In our experimental evaluation, the proposed MER system, inte-
grating speech and text data through a cross-modal transformer
model, significantly improved emotion recognition accuracy.
As summarized in Table 1, the proposed system achieved a
weighted accuracy for the test dataset (Test WA) of 76.11%
and an unweighted accuracy for the test dataset (Test UA) of

Uhttps://github.com/huggingface/transformers.
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77.16%. These results outperform the performance of baseline
systems, highlighting the effectiveness of our method in lever-
aging the complementary strengths of speech and text modali-
ties.

5.2. Comparison with baseline systems

The comparative analysis, shown in Table 1, illustrates the in-
cremental benefits of each component of our proposed method.
Adding ASR text error compensation method and preference-
learned LLM progressively enhanced emotion recognition ac-
curacy, starting with a baseline that uses either speech or ASR
text modality. Notably, the integration of speech and ASR
text modalities, coupled with error compensation method and
preference-learned LLM, topped in the highest accuracy, under-
scoring the value of our comprehensive approach to multimodal
emotion recognition.

5.3. Impact of ASR model accuracy

In Table 2, we present a comparative analysis of the perfor-
mance of the proposed method in situations where different
ASR models are used. The results clearly show that the choice
of ASR model has a significant impact on the overall accuracy
of the system. The Whisper model outperforms the other mod-
els by a large margin, which emphasizes the importance of ac-
curate speech-to-text conversion in multimodal emotion recog-
nition. In particular, a notable phenomenon is that when using
ASR models with high word error rate (WER), i.e., in situa-
tions where the ASR text is error-prone, the accuracy ratio of
the proposed method over the baseline system is significantly
higher. This phenomenon suggests that the proposed ASR text
error correction method is particularly effective in error-prone
text. The effectiveness of the error correction on error-rich ASR
text is further evident by the larger percentage of performance
improvement for models with higher WERs. This provides an
important insight that the proposed system is robust to errors
in ASR, and that its effectiveness is particularly increased for
error-rich text. These results highlight the important role that
ASR text error correction plays in improving emotion recogni-
tion accuracy, and suggest that it is an important consideration
in the design and optimization of multimodal emotion recogni-
tion systems.

6. Conclusions

This study introduced a novel multimodal emotion recognition
system leveraging integrated speech and text modalities, en-
hanced by ASR text error compensation and preference learn-
ing for LLMs. Our comprehensive evaluation on the IEMOCAP
dataset demonstrated the superior performance of our proposed
method, achieving significant improvements in both weighted
and unweighted accuracy metrics compared to baseline sys-
tems. Notably, our approach excelled in environments with high
ASR error rates, showcasing the effectiveness of our error com-
pensation mechanism in mitigating the detrimental effects of in-
accurate speech-to-text conversion on emotion recognition ac-
curacy. Our research contributes a significant step forward in
the field of emotion recognition, providing a robust framework
for effective multimodal analysis.
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