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Abstract

Multimodal Emotion Recognition in Conver-
sation aims to identify emotions within a di-
alogue with multimodal data, including au-
dio, visual, and textual features. While exist-
ing methods have made significant improve-
ments, there are two fundamental limitations
to be addressed. From the modality fusion per-
spective, current approaches treat all modali-
ties as functionally equivalent during fusion,
overlooking their distinct communicative roles
and information capacities, in which text con-
veys explicit semantic meaning while audio
provides paralinguistic cues. From the emotion
label perspective, many works ignore the con-
tinuous structure of emotion characterized by
psychological theory and apply uniform penal-
ties regardless of affective proximity. To ad-
dress these limitations, we propose EMART,
EMotion-Wheel-Guided Audio-Referred Text
Representation for ERC, specifically focusing
on audio and text modalities. First, we pro-
pose a modality-aware fusion strategy captur-
ing linguistic features from text as the primary
source and audio as a complementary compo-
nent. Secondly, we propose an emotion-wheel-
guided supervised contrastive loss to encode
emotional proximity based on Russell’s circum-
plex model. Experimental results on IEMO-
CAP and MELD demonstrate outstanding per-
formance. The code is available at: https:
//github.com/DILAB-HYU/EMART.git.

1 Introduction

Emotion is intrinsic to human interaction, establish-
ing emotion recognition as a key element of human-
like artificial intelligence (Poria et al., 2019b; Liu
et al., 2021; Tu et al., 2022; Li et al., 2019). Accord-
ingly, Emotion Recognition in Conversation (ERC)
has emerged as a central task in natural language
processing, aiming to identify the emotion of each
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Figure 1: Main Idea of EMART. (a) Modality-aware
fusion strategy, (b) Emotion-structure-aware representa-
tion learning.

utterance within a dialogue. Traditional ERC ap-
proaches primarily relied on textual features (Ma-
jumder et al., 2019; Ghosal et al., 2019). More
recently, multimodal strategies have been adopted
to capture a broader spectrum of emotional expres-
sions, by incorporating acoustic and visual signals
alongside text (Zhang and Tan, 2025; Hu et al.,
2021, 2022; Chen et al., 2023). While such multi-
modal approaches have demonstrated their superi-
ority by incorporating information from multiple
modalities, there remain two fundamental limita-
tions to be addressed.

First, existing multimodal ERC models typically
treat all modalities as functionally equivalent dur-
ing fusion, overlooking their distinct communica-
tive roles and information capacities. These ap-
proaches integrate modalities using graph neural
networks or bidirectional cross-attention mecha-
nisms (Hu et al., 2021, 2022; Zhang and Tan, 2025),
implicitly assuming that each modality contributes
equally to emotion recognition. However, modali-
ties play fundamentally distinct roles in emotional
communication and differ in the degree of emotion-
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related information they provide. From a linguistic
perspective, text serves as the primary source of
explicit semantic meaning, whereas audio conveys
paralinguistic cues such as prosody, intonation, and
rhythm (Schuller et al., 2013; Ephratt, 2011). Con-
sistent with this distinction, the empirical results in
Figure 1 show that text substantially outperforms
audio in emotion recognition, reflecting their differ-
ent information capacities. This observation sug-
gests that treating modalities equally during fusion
may be suboptimal.

Considering this discrepancy, we propose a
modality-aware fusion mechanism that accounts
for the distinct roles and information capacities
of different modalities. Our work specifically fo-
cuses on two modalities, audio and text, capturing
the linguistic feature from the text as the primary
source of explicit meaning, and integrating paralin-
guistic cues derived from audio as a complementary
component. In detail, we extract audio representa-
tions through an audio encoder and integrate them
into the text encoder via cross-attention layers to
obtain audio-referred text representations. To ad-
dress the modality discrepancy, we introduce an
alignment module before fusion, ensuring coherent
multimodal integration.

Beyond effective modality fusion, a key limita-
tion of existing ERC approaches lies in their failure
to account for the inherent structure of emotion
labels during training. Psychologically, emotion
has been characterized along continuous dimen-
sions of valence, arousal, and dominance, where
semantically similar emotions (e.g., happy and ex-
cited) lie closer in affective space than distant ones
(e.g., happy and sad). However, many studies over-
look this continuous characteristic of emotions and
solve the ERC task as a simple discrete classifica-
tion. While recent work incorporates dimensional
affect by mapping utterances to valence-arousal-
dominance (VAD) space using fixed emotion pro-
totypes (Yang et al., 2023) for emotion structure-
aware representation learning, it applies conven-
tional contrastive loss functions, treating all neg-
ative (i.e., different class) emotions uniformly, re-
gardless of their affective distance. Consequently,
the learned representation fails to reflect the prox-
imity of emotion labels, penalizing misclassifica-
tions between similar emotions identically to mis-
classifications between opposite ones.

In this context, we introduce an emotion-wheel-
guided supervised contrastive objective that ac-
counts for the emotional continuity grounded

in psychological theory. Specifically, we map
emotions onto an emotion wheel represented by
angular positions based on Russell’s circumplex
model (Russell, 1980), so that the distances reflect
psychological proximity. Through an angle-based
supervised contrastive loss, we encourage nearby
emotions to be embedded closer while pushing
distant ones apart proportional to their angular dis-
tances, aligning the representation with psycholog-
ical structure.

To this end, we propose EMART, EMotion-
Wheel-Guided Audio-Referred Text Representa-
tion for multimodal ERC, a framework that intro-
duces an effective representation learning approach
for this task.

Our contributions can be summarized as:

• We propose a modality-aware fusion architec-
ture that treats text as the primary semantic
modality and audio as complementary paralin-
guistic cues.

• We propose an emotion-wheel-guided super-
vised contrastive loss to encode emotional
proximity, aligning learned representations
with the psychological structure of emotions.

2 Related Works

2.1 Multimodal Emotion Recognition in
Conversation

Recent multimodal ERC approaches treat modali-
ties as functionally equivalent and focus on design-
ing fusion mechanisms. MMGCN (Hu et al., 2021)
constructs modality-specific graphs for contextual
modeling, MM-DFN (Hu et al., 2022) employs dy-
namic fusion to reduce redundancy, M3Net (Chen
et al., 2023) uses hypergraph propagation for multi-
frequency relationships, and ECERC (Zhang and
Tan, 2025) integrates emotional evidence with con-
textual causes through attention mechanisms. In
contrast, CTAL (Li et al., 2021a) explicitly con-
siders modality heterogeneity, treating audio as
primary and incorporating text via cross-modal at-
tention in audio-language pretraining. Recognizing
the modality heterogeneity, we adopt a modality-
aware fusion framework but treat text as the pri-
mary modality, integrating audio as complementary
information.

2.2 Continuous Characteristic of Emotions
Most ERC studies formulate emotion recognition
as a discrete classification problem (Hu et al., 2022;
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Chen et al., 2023; Zhang and Tan, 2025), without
accounting for the continuous relationships among
emotion labels. To incorporate emotional continu-
ity, SCCL (Yang et al., 2023) maps emotion clus-
ters into the Valence-Arousal-Dominance (VAD)
space, a dimensional affect model capturing pleas-
antness, activation, and control. They then per-
form cluster-level contrastive learning to incorpo-
rate measurable emotion prototypes. While this
approach introduces emotional continuity into the
representation space, it treats all negative pairs uni-
formly, pushing different emotion categories apart
equally. In contrast, we propose an emotion-wheel-
guided contrastive loss that explicitly aligns learned
representations with emotional proximity

3 Method

Figure 2 illustrates the overall architecture of
EMART for multimodal emotion recognition. This
section is organized as follows: (3.1) Problem
Statement, (3.2) Data Preprocessing, (3.3) Model
Architecture, and (3.4) Training Objectives.

3.1 Problem Statement
Given a conversation consisting of N utter-
ances, we define the set of utterances as U =
{u1, u2, ..., uN} and the emotion labels Y =
{y1, y2, ..., yN}. Each utterance ui = {ai, ti} is
represented by acoustic and textual modalities, ai
referring to the speech segment and ti denoting the
text transcript. The ERC task aims to predict the
emotion label yi of the corresponding utterance ui.

3.2 Data Preprocessing
To capture conversational context, we prepend pre-
ceding utterances to the current one, providing con-
textual information for emotion recognition. In
addition, we introduce two types of special to-
kens to emphasize the target utterance within long
conversational histories: (1) Speaker identifiers:
Since conversational dialogues often involve multi-
ple speakers, we use <SELF> to indicate the current
speaker and <OTHER> to denote other speakers. (2)
Utterance identifier: We insert a [Current] to-
ken to explicitly mark the target utterance, enabling
the model to focus on that utterance being classi-
fied. An example of the input construction process
is illustrated in Table 1.

For the audio modality, we use the corresponding
speech segment aligned with the current target text.
The resulting audio input and text input are denoted
Xa and Xt, respectively.

Utterance Content

ut−1 Hi. Where is everybody?
ut Oh, it’s already closed,

Chris gave me the keys to lock up, what is wrong?

Xt

<OTHER> Hi. Where is everybody? </s></s>
[Current] <SELF> Oh, it’s already closed,
Chris gave me the keys to lock up, what is wrong?

Table 1: Example of input construction for the target
utterance ut. Preceding utterance ut−1 is prepended
with <OTHER> and separated by </s></s>, while the tar-
get utterance ut is marked with [Current] and <SELF>.
Note that </s></s> stands for separator following the
setting of RoBERTa (Liu et al., 2019).

3.3 Model Architecture
As the relative importance of modalities differs by
task (Li et al., 2021a), prior works have demon-
strated that unimodal encoders (e.g., RoBERTa)
have strong potential to be extended into multi-
modal encoders through appropriate fusion mecha-
nisms (Li et al., 2021b).

Motivated by this observation, we extend
RoBERTa (Liu et al., 2019), a widely used encoder-
only text model, into a multimodal encoder to
integrate text and audio modalities. Specifically,
we divide the RoBERTabase model into two parts:
the first six layers serve as a unimodal text en-
coder, while the remaining six layers are used
as a multimodal encoder enhanced with a cross-
modal attention mechanism. The text encoder is
initialized with the first six layers of the pretrained
RoBERTa[:6] model, and the multimodal encoder
is initialized with the last six layers of the pre-
trained RoBERTa[6:12] model. For audio, we use a
pretrained model such as WavLM or Wav2vec to
extract acoustic representations.

3.3.1 Unimodal Encoder
Given audio inputs Xa and text inputs Xt, we ob-
tain their representations from the corresponding
unimodal encoders:

Ha = AudioEncoder(Xa) ∈ RB×M×da ,

Ht = TextEncoder(Xt) ∈ RB×L×dt ,

where L and M denote the text sequence length
and the number of audio frames, respectively, and
dt, da are the hidden dimensions of each modality.

3.3.2 Multimodal Encoder
Following our design choice of a modality-aware
fusion strategy, in which text serves as the primary
semantic modality while audio provides comple-
mentary paralinguistic cues, we regard the textual
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Figure 2: The overview of EMART, which is composed of an audio encoder, a text encoder, and a multimodal
encoder, trained with an audio–text alignment loss and an emotion wheel–guided supervised contrastive loss.

representation as the main stream and incorporate
audio in an auxiliary manner. Specifically, we intro-
duce a cross-modal attention mechanism within the
multimodal encoder. Each block in the multimodal
encoder is computed as:

H̃ℓ
t = SelfAttn(Hℓ−1

t ,Hℓ−1
t ,Hℓ−1

t ),

Ĥℓ
t = CrossAttn(H̃ℓ

t,Ha,Ha),

Hℓ
t = Ĥℓ

t + FFN(Ĥℓ
t),

where ℓ denotes the layer index in the multimodal
encoder, and Ha represents the last hidden states of
the audio encoder. Finally, the multimodal encoder
yields the fused representation H, where linguistic
features are enriched by paralinguistic cues from
the audio stream, reflecting the distinct commu-
nicative roles and information capacities of each
modality in emotion recognition.

3.4 Training Objectives

In this section, we outline the training objective
designed to optimize the proposed model. Beyond
the standard Cross-Entropy Loss for classification,
we incorporate two auxiliary objectives: (1) Audio-
Text Alignment Loss for cross-modal alignment
and (2) Emotion-Wheel-Guided Supervised Con-
trastive Loss for emotion-structure-aware repre-
sentation learning.

3.4.1 Audio-Text Alignment Loss Before
Fusion

To alleviate the discrepancy between the acoustic
embeddings and textual embeddings derived from
each encoding model, we employ an alignment
module to ensure semantic alignment before fusion.
For this purpose, we regard the audio and text em-
beddings from the same utterance as positive pairs
and adopt the Barlow Twins loss (Zbontar et al.,
2021) to maximize the correlation of positive pairs
while reducing redundancy across dimensions.

Given unimodal representations Ha and Ht for
audio and text, we mean pool Ha over the audio
stream and Ht over the target utterance to obtain
utterance-level representations Ha ∈ RB×da and
Ht ∈ RB×dt . We then apply a single linear pro-
jection layer to each modality, fa(·) for acoustic
embeddings and ft(·) for textual embeddings, pro-
jecting them into the same dimensional space with
a size of d, such that

Za = fa(Ha),Zt = ft(Ht),

where Za,Zt ∈ RB×d.
Next, we compute the cross-correlation matrix

C ∈ Rd×d between the acoustic and textual em-
bedding as:

Cjk =

∑B
b=1 Z

j
ab Z

k
tb√∑B

b=1(Z
j
ab)

2
√∑B

b=1(Z
k
tb
)2
, (1)

where b denotes the batch index and j, k correspond
to feature dimensions.
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Algorithm 1: Training Procedure
Input: Audio-Text Paired Input

{Xti , Xai}Ni=1, Emotion labels
Y = {yi}Ni=1, Audio encoder
AudioEnc(·), Text encoder
TextEnc[:6](·), Multimodal encoder
TextEnc[6:12](·), Projectors
fa(·), ft(·), ffuse(·), Classification
head fcls(·)

for epoch = 1, . . . , E do
for mini-batch {Xti , Xai}Bi=1 do

Ha = AudioEnc(Xa)
Ht = TextEnc[:6](Xt)

Ha,Ht = MeanPool(Ha,Ht)
Za = fa(Ha)
Zt = ft(Ht)

{Audio-Text Alignment Loss}

Compute Lal (Eq. 2)
Hfuse = TextEnc[6:12](Ha,Ht)
Zfuse = ffuse(Hfuse)

{Emotion-Wheel-Guided Supervised

Contrastive Loss}

Compute Lemo (Eq. 12)
Compute final objective L (Eq. 13)

Finally, we define the audio-text alignment loss
Lal as:

Lal =
∑

i

(1− Cii)
2 + λ

∑

i

∑

j ̸=i

C2
ij , (2)

where the first term enforces cross-modal invari-
ance and the second term reduces redundancy
across other utterances. Here, a positive constant λ
controls the importance of the two terms.

3.4.2 Emotion-Wheel-Guided Contrastive
Alignment for Cross-Modal Fusion

Motivated by the continuous structure of emotions
in psychological theory, we employ an emotion-
wheel-guided supervised contrastive loss to encode
the proximity among emotion labels.

Positive and Negative Pair Selection. We first
define how we construct the positive and negative
pairs for supervised contrastive learning for emo-
tion recognition. While the selection of positive
and negative pairs is generally straightforward for
most emotions, neutral emotion needs special con-
sideration. In the circumplex model, neutral is
positioned near the origin, weakly related to all

directional emotions. Consequently, we treat the
neutral emotion as a ‘weak positive’ for any other
emotion class. Here, P(i), W(i), and N (i) de-
note positive, weak positive, and negative sets for
anchor i, respectively.

Emotion-Wheel-Guided Supervised Contrastive
Loss. While conventional supervised contrastive
learning (Khosla et al., 2020) is effective to sepa-
rate all negative pairs (i.e., samples with different
labels) uniformly, it fails to account for their un-
derlying semantic similarity. Therefore, inspired
by ACCon (Zhao et al., 2025), we modulate the
strength of separation based on emotional proxim-
ity. This ensures that semantically similar emotions
(e.g., sad and frustrated) are embedded closer to-
gether than dissimilar ones (e.g., sad and excited),
preserving the continuous nature of the emotion
space.

First, we map each emotion onto Russell’s cir-
cumplex model as θ ∈ [0, 2π), where θi denotes
the angular position of the emotion label for the
sample ui on the emotion wheel. For an anchor i
and a negative sample m, the true angular distance
on the emotion wheel is defined as:

θ∗i,m = min
(
|θi − θm|, 2π − |θi − θm|

)
, (3)

Given the fused representation H and a single
linear projection layer ffuse(·), we obtain L2-
normalized features Z = ffuse(H). Let θ̂i,m denote
the angle between Zi and Zm, derived from their
cosine similarity:

cos(θ̂i,m) = Z⊤
i Zm. (4)

In conventional supervised contrastive learning,
negative pairs are uniformly pushed toward an op-
posite direction, i.e., θ̂i,m → π. To align the em-
bedding with the true angular distance θ∗i,m, we
introduce an adjusted angle ϕ as:

θ̃i,m = θ̂i,m + ϕ, ϕ := π − θ∗i,m, (5)

and optimize θ̃i,m → π , ultimately enforcing
θ̂i,m → θ∗i,m.

Based on Eq.5, we derive the adjusted cosine
similarity (see Appendix A) as:

cos(θ̃i,m) = (Z⊤
i Zm) cos(ϕ)

− | sin(ϕ)|
√
1− (Z⊤

i Zm)2 + ϵ,

(6)
where ϵ is a small constant for numerical stability.
The adjusted cosine similarity effectively ensures
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the alignment of negative pairs according to the
semantic relationship in the emotion wheel.

We define three types of similarity scores cor-
responding to the relationships between emotion
labels. For positive pairs sharing identical emo-
tion labels, weak-positive pairs involving neutral,
and negative pairs with the others, we compute
s+(p,q), s

◦
(p,q), and s−(p,q) as:

s+(p,q) = exp(Z⊤
p Zq/τ) (7)

s◦(p,q) = exp(Z⊤
p Zq/τ

′) (8)

s−(p,q) = exp(cos(θ̃p,q)/τ), (9)

where τ and τ ′ are temperature parameters for posi-
tive/negative pairs and weak positives, respectively.

Finally, we derive the emotion-wheel-guided su-
pervised contrastive loss for a sampled batch of
size B, as shown in Eq.12.

ψi =
∑

p∈P(i)
w∈W(i)

log
s+(i,p) + λws

◦
(i,w)(∑

q∈P(i) s
+
(i,q)

+λw
∑

r∈W(i) s
◦
(i,r)

+
∑

m∈N (i) s
−
(i,m)

)

(10)

Lemoi = − ψi

|P(i)|+ λw|W(i)| (11)

Lemo =
1

B

B∑

i=1

Lemoi (12)

Here, λw represents the weak-positive scaling pa-
rameter and | · | indicates set cardinality.

3.5 Final Objective
The fused feature representation H is passed
through a single linear classification head fcls(·) to
predict the emotion label as ŷ = fcls(H). For this
classification task, we use a standard cross-entropy
loss Lcls = − 1

N

∑N
i=1 yilogŷi.

Based on the two auxiliary objectives mentioned
in the previous section, our final objective L is
formulated as:

L =

{
Lcls + λalLal, epoch ≤ t
Lcls + λalLal + λemoLemo, otherwise,

(13)
with a hyperparameter λal controlling the impor-
tance of the audio-text alignment loss and λemo

controlling the emotion-wheel-guided supervised
contrastive loss. In the early stage, the model is
trained with Lcls and Lal to attain alignment, and
after t epochs, Lemo is incorporated.

IEMOCAP MELD
train dev test train dev test

# Dialogues 108 12 31 1038 114 280
# Utterances 5163 647 1623 9989 1109 2610

# Classes 6 classes 7 classes

Table 2: Number of dialogues and utterances of the
IEMOCAP and MELD datasets.

IEMOCAP MELD

Neutral - Neutral -
Sad 9/8π Sad 9/8π
Frustrated 7/8π Anger 6/8π
Angry 6/8π Joy 2/8π
Happy 1/8π Surprise 4/8π
Excited 3/8π Fear 5/8π

Disgust 7/8π

Table 3: Emotion-to-angle mapping on the circumplex
model.

4 Experiments

4.1 Datasets

We evaluate EMART on two representative ERC
datasets: IEMOCAP (Busso et al., 2008) and
MELD (Poria et al., 2019a). The overall statistics
of both datasets are summarized in Table 2. IEMO-
CAP is a multimodal (audio, text, and visual)
dyadic conversation dataset consisting of 7,433 ut-
terances across 151 dialogues from five sessions.
Each utterance is annotated with one of six emo-
tions: happy, sad, neutral, angry, excited, or frus-
trated. We use the first three sessions for training,
the fourth session for validation, and the fifth ses-
sion for testing, following prior works. MELD is
a multimodal (audio, text, and visual) multi-party
conversation dataset, containing 1,432 dialogues
and 13,708 utterances from 304 speakers. Each
utterance is labeled with one of seven emotions:
anger, disgust, sadness, joy, neutral, surprise, or
fear. MELD provides official data splits, including
1,038 dialogues (9,989 utterances) for training, 114
dialogues (1,109 utterances) for validation, and the
remaining dialogues for testing.

Table 3 shows the angular mapping of each
dataset’s emotion categories based on Russell’s cir-
cumplex model (Russell, 1980; Feldman Barrett
and Russell, 1998; Posner et al., 2005). As neutral
is a baseline state rather than a specific emotional
axis, we do not explicitly assign an angle.
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Emotion Categories of IEMOCAP Overall (weighted)
Models

Happy Sad Neutral Angry Excited Frustrated Acc. F1.

DialogueRNN 31.25 63.67 55.21 58.82 74.25 64.30 60.38 60.36
DialogueGCN 28.47 62.45 48.44 50.00 73.91 62.47 56.87 56.63
MMGCN 26.39 74.29 68.49 68.82 75.25 60.37 65.00 64.44
MM-DFN 24.31 75.10 63.54 71.18 73.58 69.29 65.13 64.65
M3Net 68.75 73.06 65.36 68.24 67.89 64.30 67.34 67.88
CTAL-base 35.42 58.78 67.97 55.29 36.45 59.32 54.53 54.44
CTAL-large 40.28 57.55 52.08 64.71 44.48 57.22 52.99 53.36
ECERC 57.64 78.78 66.67 74.12 69.57 62.99 68.15 68.36

EMART (WavLM) 60.42 79.59 83.07 61.17 66.22 64.57 70.79 70.93
EMART (Wav2vec) 52.78 80.41 69.01 62.94 68.23 68.50 68.39 68.61

Emotion Categories of MELD Overall (weighted)

Neutral Surprise Fear Sad Joy Disgust Angry Acc. F1.

DialogueRNN 77.15 42.35 0.00 25.48 51.49 0.00 56.23 59.08 57.55
DialogueGCN 77.55 21.35 0.00 7.69 44.78 0.00 50.72 53.83 51.00
MMGCN 79.38 61.21 0.00 11.54 58.21 0.00 32.17 58.93 56.03
MM-DFN 80.49 51.96 0.00 19.71 50.50 0.00 48.12 59.31 57.24
M3Net 84.24 60.85 8.00 28.37 65.42 23.53 42.32 65.79 64.12
CTAL-base 74.04 50.89 10.00 19.23 39.55 14.71 25.51 52.68 50.87
CTAL-large 77.15 54.80 6.00 23.08 37.81 0.00 22.03 53.72 50.65
ECERC 82.40 60.85 12.00 30.29 62.44 23.53 48.12 65.44 64.26

EMART (WavLM) 88.61 48.04 14.00 27.40 58.71 8.82 51.59 66.36 64.19
EMART (Wav2vec) 87.74 46.62 20.59 27.88 60.45 4.41 52.12 66.70 64.71

Table 4: Performance comparison on IEMOCAP and MELD. We report the best run across three random seeds, with
mean and standard deviation reported in Appendix Table B.2. F1. denotes F1-score, and Acc. denotes Accuracy.
All results are reproduced using the authors’ original implementations. EMART (WavLM) denotes our model
using WavLM as the audio encoder, while EMART (Wav2vec) denotes the variant using Wav2vec. For CTAL,
experiments are conducted with two model sizes: CTAL-base and CTAL-large.

4.2 Baselines

We compare EMART against seven representative
open-source ERC baselines, including: Text-based
models: DialogueRNN and DialogueGCN, Graph-
based multimodal models: MMGCN, MM-DFN,
and M3Net; Transformer-based multimodal
models: CTAL and ECERC. All baselines are
reproduced using their official implementations.
For multimodal baselines that originally utilize
three modalities (audio, text, and visual), including
MMGCN, MM-DFN, M3Net and ECERC, we re-
implement them with the audio and text modalities
for fair comparison.

4.3 Experimental Settings

Our model consists of a RoBERTa-base text en-
coder (125M parameters) and an audio encoder,
which is either WavLM-base or Wav2vec-base
(each with 94.4M parameters). The total number of
parameters in our model is 229.6M. The hyperpa-

rameters of our model are selected via grid search.
The model is trained for 20 epochs on IEMOCAP
and 10 epochs on MELD, with learning rates of
2e-5 and 1e-5, and batch sizes of 64 and 32, respec-
tively, using the Adam optimizer. All experiments
are conducted on a single NVIDIA GeForce H100
GPU, with the average training times being 20 min-
utes for IEMOCAP and 10 minutes for MELD.

4.4 Main Results

Table 4 presents the performance comparison be-
tween our method and baseline models on IEMO-
CAP and MELD. Our approach demonstrates supe-
rior performance across both datasets in terms of
Accuracy and F1-score.

Specifically, on IEMOCAP, EMART surpasses
the previous state-of-the-art baseline (ECERC) by
achieving 2.43% (WavLM) and 0.03% (Wav2vec)
higher accuracy, as well as 2.78% (WavLM) and
0.46% (Wav2vec) higher F1-scores. On MELD,
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our model yields 0.61% (WavLM) and 0.95%
(Wav2vec) improvements in accuracy over ECERC.
These results demonstrate the effectiveness of our
model design.

Moreover, compared with CTAL, which also
adopts a modality-aware fusion strategy but treats
audio as the primary modality and text as a comple-
mentary cue, EMART achieves substantially higher
performance, with gains of 16.01% (WavLM)
and 13.61% (Wav2vec) on accuracy, and 15.93%
(WavLM) and 13.61% (Wav2vec) in F1-scores on
the IEMOCAP dataset. A similar performance
trend is consistently observed on the MELD dataset.
This highlights the advantage of our strategy, prior-
itizing text as the primary modality and integrating
audio as complementary information.

Overall, these results confirm the effectiveness
of EMART in extracting audio-referred text repre-
sentation with an audio-text alignment module and
capturing the emotional proximity via the emotion-
wheel-guided contrastive learning module.

4.5 Analysis

In this section, we conduct analyses to examine the
effectiveness of key components in our framework.
WavLM is utilized for IEMOCAP and Wav2vec
for MELD as the audio encoder, showing the best
performance on their respective datasets.

Effectiveness of Fusion Strategy. In Table 5,
we compare our multimodal fusion strategy with
three representative fusion methods: concatenation
(Concat), dot-product fusion (Dot Product), and
bi-directional cross-modal attention (Attention),
across three text encoders: BERT-base, ELECTRA-
base, and RoBERTa-base.

With unimodal performance as a reference,
RoBERTa consistently outperforms the unimodal
audio baseline on both datasets, whereas BERT
and ELECTRA underperform audio on IEMOCAP
despite competitive results on MELD. This discrep-
ancy reveals differences in information capacity
across text encoders for capturing emotion-related
features, which is reflected in the fusion results.
When textual representations are weaker than audio
(e.g., BERT/ELECTRA on IEMOCAP), bidirec-
tional cross-attention performs best among fusion
methods, as it allows the stronger audio stream to
compensate for the weaker text representation. In
contrast, when the text encoder provides more infor-
mative representations (e.g., RoBERTa on IEMO-
CAP and all encoders on MELD), our modality-

IEMOCAP MELD

Acc. F1. Acc. F1.

Unimodal

Audio 53.85 52.46 48.97 38.05
Text-BERT 44.49▼ 44.45▼ 58.24▲ 53.42▲
Text-ELECTRA 44.98▼ 44.73▼ 57.20▲ 52.79▲
Text-RoBERTa 64.70▲ 64.54▲ 64.75▲ 64.27▲

Multimodal

BERT

Concat 58.16 57.79 56.17 53.67
Dot product 60.26 59.87 57.05 54.44
Attention 68.08 67.72 59.31 58.37
Our strategy 64.70▼ 64.67▼ 61.99▲ 59.64▲

ELECTRA

Concat 57.30 56.90 52.76 48.27
Dot product 58.53 58.61 56.44 52.04
Attention 64.51 64.61 60.42 58.37
Our strategy 64.02▼ 63.88▼ 61.42▲ 59.75▲

RoBERTa

Concat 64.51 64.39 62.61 60.75
Dot product 66.36 66.21 63.87 62.21
Attention 66.24 66.07 62.99 61.70
Our strategy 70.79▲ 70.93▲ 66.70▲ 64.71▲

Table 5: Effect of our fusion strategy. ▼ denotes that
the text-based model performs worse than the corre-
sponding audio-based model, whereas ▲ denotes that
the text-based model performs better than the audio-
based model.

aware fusion strategy consistently achieves the best
performance among all fusion methods. These re-
sults demonstrate the effectiveness of our fusion
strategy, which preserves informative text represen-
tations while selectively integrating complemen-
tary acoustic cues. Given recent advances in pre-
trained language models, our text-centric approach
becomes increasingly effective.

Effectiveness of Emotion-Wheel-Guided Super-
vised Contrastive Loss. We analyze the effec-
tiveness of our emotion-wheel-guided contrastive
loss, designed to capture the psychological proxim-
ity among emotion labels based on their continuous
affective structure. Figure 3 compares contrastive

Figure 3: Effect of emotion-wheel mapping in super-
vised contrastive loss.
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IEMOCAP MELD
Lal Lemo Acc. F1. Acc. F1.

✗ ✗ 64.70 64.58 63.10 62.31
✓ ✗ 68.02 67.06 65.25 63.30
✗ ✓ 68.21 68.21 65.75 63.72
✓ ✓ 70.79 70.93 66.70 64.71

Table 6: Ablation study on IEMOCAP and MELD.

loss variants (ours, SupCon, SCCL) on the text
unimodal model, where ‘Text-only’ denotes the
model without any contrastive loss. While Sup-
Con can lead to performance degradation due to
uniformly separating negative pairs, SCCL yields
performance improvement by leveraging affective
supervision. Our method further improves perfor-
mance by explicitly modeling emotional proximity.

Ablation Study on Loss Terms. Table 6 presents
an ablation study on Lal and Lemo to evaluate the
contribution of each loss component. Compared
to the model that applies neither loss, using either
loss alone improves performance, while combining
both yields the best results, demonstrating the ef-
fectiveness of each loss component. In particular,
the emotion-wheel-guided supervised contrastive
loss Lemo demonstrates a larger performance gain,
underscoring the importance of emotion-structure-
aware representation learning.

Effect of Fusion Start Layer. In Table 7, we
examine the model performance on varying fu-
sion start layers. Early stage fusion (1st and 3rd
layers) disrupts the text encoder before stable lin-
guistic representations are formed, resulting in
the lowest performance. Conversely, late fusion
(9th layer) leaves insufficient layers for meaningful
cross-modal interaction, leading to performance
degradation despite well-formed text representa-
tions. Our configuration (6th layer) achieves the
best performance, with well-formed text representa-
tions and sufficient subsequent layers to effectively
enable multimodal integration.

Layer
IEMOCAP MELD
Acc. F1. Acc. F1.

0 63.59 63.70 59.20 54.33
3 66.97 67.25 62.91 60.31
6 70.79 70.93 66.70 64.71
9 68.21 68.24 65.10 62.97

Table 7: Performance comparison on varying fusion
start layer.

4.6 Hyperparameter Sensitivity
We report the hyperparameter sensitivity of the
loss coefficients λw, λal, and λemo in Tables 8, 10,
and 9, respectively. The results indicate that these
hyperparameters are mutually entangled in learning
feature representations.

IEMOCAP MELD
λw Acc. F1. Acc. F1.

0.1 69.69 69.65 65.02 63.46
0.2 70.73 70.30 66.70 64.71
0.3 70.79 70.93 65.06 63.91
0.4 69.32 68.93 64.79 63.38
0.5 68.70 68.56 64.52 63.14

Table 8: Hyperparameter sensitivity on λw.

IEMOCAP MELD
λemo Acc. F1. Acc. F1.

0.25 69.87 66.92 66.70 64.71
0.5 70.79 70.93 63.75 63.22
0.75 69.81 66.24 64.98 61.77
1.0 67.96 65.52 63.03 62.79

Table 9: Hyperparameter sensitivity on λemo.

λal
IEMOCAP MELD
Acc. F1. Acc. F1.

0.001 68.45 65.01 63.45 63.22
0.005 68.33 64.19 65.40 63.30
0.01 70.28 70.79 66.70 64.71
0.05 68.21 65.11 64.10 62.46

Table 10: Hyperparameter sensitivity on λal.

5 Conclusion

Building upon a pre-trained text encoder
(RoBERTa) and an audio encoder (WavLM
or Wav2vec), we introduce a cross-attention
mechanism within the text encoder to derive
audio-referred text representations, with a modal-
ity alignment module to mitigate cross-modal
discrepancy. Moreover, we propose an emotion-
wheel-guided supervised contrastive loss based on
Russell’s circumplex model, which accounts for
proximity between emotion labels and facilitates
emotion-structure-aware representation learning.
Extensive experiments on IEMOCAP and MELD
demonstrate the superiority of our approach.
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Limitation

Although our proposed framework effectively fuses
audio and text modalities, it does not incorporate
visual modality, which is another effective cue for
emotion recognition. As future work, we aim to
extend our structure to include the visual modality.
Secondly, the performance varies depending on the
selection of audio pre-trained models. This gap
stems from differences in how well each model’s
representations align with emotional categories.
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A Proof of Adjusted Cosine Similarity

Given Eq. 5, we have

cos(θ̃i,m) = cos(θ̂i,m + ϕ). (A.1)

Based on the trigonometric identities, we can

derive:

cos(θ̃i,m) = cos(θ̂i,m) cos(ϕ)− sin(θ̂i,m) sin(ϕ)

= cos(θ̂i,m) cos(ϕ)

− | sin(ϕ)|
√

1− cos2(θ̂i,m) .

(A.2)

As cos(θ̂i,m) is equal to the inner product be-
tween the embeddings:

cos(θ̂i,m) = Z⊤
i Zm, (A.3)

we obtain the adjusted cosine similarity:

cos(θ̃i,m) = (Z⊤
i Zm) cos(ϕ)

− | sin(ϕ)|
√

1− (Z⊤
i Zm)2 + ϵ ,

(A.4)
where ϵ is a small constant added for numerical
stability.

B Modality-wise Analysis

Table B.1 presents a performance comparison be-
tween EMART and ECERC, the previous SOTA
method, across different modality combinations. T,
A, and V represent text, audio, and visual modal-
ities, respectively. EMART achieves superior or
comparable performance to ECERC even when us-
ing only audio and text modalities, while ECERC
relies on additional video information to reach its
best performance. Notably, ECERC suffers from
performance degradation when audio is incorpo-
rated with text on MELD. In contrast, our method
consistently benefits from audio incorporation on
both datasets.

Method Modality
IEMOCAP MELD

Acc. F1. Acc. F1.

ECERC
T 59.70 60.03 66.67 65.47

T+A 68.15 68.36 65.75 64.48
T+A+V 69.87 70.10 66.09 65.15

OURS
T 64.70 64.54 64.75 64.27

T+A 70.79 70.93 66.70 64.71

Table B.1: Modality-wise Performance Comparison

For further analysis, we present modality-wise
case studies in Fig. B.1. These results demon-
strate the effectiveness of our audio-referred text
representation strategy, which treats the text as the
primary modality and utilizes audio as a comple-
mentary reference to mitigate cross-modal interfer-
ence.
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Instance Label

It's becoming a habit with you...

Ground Truth: neutral

ECERC (T): angry ✗

ECERC (T+A): angry ✗

ECERC (T+A+V): neutral ✓

Ours (T): angry ✗

Ours (T+A): neutral ✓

No, I know me either.... 

Ground Truth: sad

ECERC (T): frustrated ✗

ECERC (T+A): neutral ✗

ECERC (T+A+V): sad ✓

Ours (T): frustrated ✗

Ours (T+A): sad ✓

Because she knows what I know - she's faithful 

as a rock and my worst moments I think of 

her waiting...

Ground Truth: frustrated

ECERC (T): ang ✗

ECERC (T+A): ang ✗

ECERC (T+A+V): frustrated ✓

Ours (T): ang ✗

Ours (T+A): frustrated ✓

Figure B.1: Case studies of modality-wise predictions. Our method correctly predicts using T+A only, whereas
ECERC requires video input (T+A+V).

Models
Emotion Categories of IEMOCAP Overall (weighted)

Happy Sad Neutral Angry Excited Frustrated Acc. F1.

DialogueRNN 29.17±1.84 71.97±7.98 57.64±2.62 61.57±2.45 72.35±5.12 62.38±1.69 61.51±0.99 61.31±0.83
DialogueGCN 27.32±2.80 58.50±4.59 53.30±17.45 52.55±3.45 77.70±3.30 61.59±14.20 58.14±1.23 57.47±0.97
MMGCN 28.01±5.40 74.70±1.08 68.23±0.26 68.63±0.90 76.37±1.39 60.81±1.49 65.43±0.55 64.91±0.76
MM-DFN 30.33±10.42 78.50±5.20 65.45±1.96 70.20±1.23 68.68±4.26 69.82±2.40 66.42±1.69 66.05±1.92
M3Net 62.50±7.51 75.37±2.46 71.79±5.62 68.24±1.18 71.01±2.89 59.67±5.72 68.15±0.81 68.36±0.63
CTAL-base 37.27±6.45 60.00±2.48 65.10±3.16 56.47±5.97 44.81±9.97 59.14±0.55 55.82±1.56 55.86±1.53
CTAL-large 34.72±5.56 53.20±3.96 57.20±5.21 62.35±2.70 50.39±5.70 55.67±1.68 53.87±0.78 54.00±0.60
ECERC 59.03±5.68 75.92±2.86 75.09±7.55 69.02±4.75 65.00±4.37 63.43±0.40 68.56±0.51 68.70±0.55

EMART (WavLM) 46.99±11.71 76.73±4.26 76.74±5.56 60.39±3.02 72.80±5.76 70.78±5.39 70.28±0.49 70.29±0.56

Emotion Categories of MELD Overall (weighted)

Neutral Surprise Fear Sad Joy Disgust Angry Acc. F1.

DialogueRNN 79.30±1.86 45.91±3.39 0.00±0.00 24.20±4.00 51.08±1.90 0.00±0.00 49.85±7.21 59.49±0.42 57.63±0.08
DialogueGCN 78.53±1.09 34.28±11.51 0.00±0.00 6.41±1.82 40.63±6.75 0.00±0.00 52.17±1.45 55.15±1.41 52.34±1.43
MMGCN 80.95±4.02 45.67±0.14 0.00±0.00 15.55±6.94 52.82±8.91 0.00±0.00 46.38±15.15 59.37±1.52 56.68±0.73
MM-DFN 80.63±0.69 49.82±3.11 0.00±0.00 20.03±1.47 50.17±1.52 0.00±0.00 46.38±1.90 59.62±0.38 57.41±0.41
M3Net 83.55±0.77 60.14±0.71 12.00±4.00 25.48±3.15 64.34±1.01 21.57±4.73 48.98±5.92 65.89±0.12 64.34±0.23
CTAL-base 76.91±4.63 49.47±1.43 8.00±5.29 16.67±2.65 36.32±4.76 9.80±5.17 30.34±6.69 53.68±1.06 51.23±0.34
CTAL-large 81.5±4.00 49.11±4.94 4.67±4.16 15.71±6.40 35.32±4.09 0.00±0.00 18.65±4.66 53.75±0.44 49.39±1.54
ECERC 82.64±0.42 59.9±1.08 12.00±0.00 30.93±1.11 63.93±1.32 22.06±3.89 46.67±1.81 65.50±0.07 64.28±0.02

EMART (Wav2vec) 86.31±1.9 52.31±5.24 9.33±4.16 28.04±4.57 59.79±0.58 6.37±2.25 56.81±0.29 66.46±0.30 64.56±0.13

Table B.2: Mean and standard deviation over three random seeds on IEMOCAP and MELD.

C Evaluation Across Random Seeds

Table B.2 reports the mean and standard devia-
tion of the main experimental results across three
random seeds, using the best-performing audio
encoder (WavLM for IEMOCAP and Wav2Vec2
for MELD). All experiments are reproduced using
their original implementations.
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