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Unsupervised Multimodal Emotion Recognition (UMER) aims to infer affective states by integrating unannotated
multimodal data, such as text, speech, and images. A key challenge is the substantial semantic gaps between
modalities, spanning both global cross-modal emotion cues and local fine-grained emotion changes within each
modality. Without annotation, existing methods struggle to effectively align and fuse cross-modal emotional
semantics, resulting in suboptimal UMER performance. To address this challenge, we propose DLCEA, a Dual-
level Language-Driven Cross-Modal Emotion Alignment framework for robust unsupervised multimodal emotion
representation learning. DLCEA leverages intrinsic emotion semantics in text to guide cross-modal alignment
and introduces a dual-level semantic alignment scheme: Text-guided Cross-modal Global Emotion Alignment
(TGEA) and Text-guided Cross-modal Local Emotion Alignment (TLEA). Specifically, the TGEA module treats
text as an alignment anchor and applies text-guided contrastive learning to align the global emotional features
of audio and visual modalities with those of the text, achieving global emotion-level consistency across all three
modalities. In parallel, TLEA incorporates an emotion-aware text masking strategy and text-guided audio/video
reconstruction, enabling the model to capture subtle emotional cues and reinforce local-level cross-modal consis-
tency, thereby further addressing fine-grained emotional alignment. By jointly modeling global and local emo-
tional alignment, DLCEA learns unified and robust multimodal emotion representations in a fully unsupervised
manner. Extensive experiments on multimodal datasets such as MAFW, MOSEI, and IEMOCAP demonstrate that
DLCEA outperforms existing methods by a significant margin, achieving state-of-the-art performance. These re-
sults confirm the critical role of language-driven cross-modal emotional alignment in UMER. Code is available
on https://github.com/Tank9971/DLCEA.

1. Introduction as a promising alternative. UMER leverages unsupervised learning tech-

niques to integrate unlabeled multimodal data, automatically uncover

Multimodal Emotion Recognition aims to automatically identify hu-
man emotional states by integrating information from multiple modal-
ities, such as video, audio, and text, and plays a vital role in natu-
ral human-computer interaction, digital humans, and embodied intel-
ligence [1]. Recent advances in deep learning, particularly large-scale
pre-trained multimodal models [2], have significantly improved emo-
tion recognition performance. These approaches typically rely on large
amounts of high-quality labeled data. However, emotional annotation
across modalities is inherently subjective and complex, being influenced
by cultural, contextual, and individual variability, which makes data col-
lection time-consuming, costly, and difficult to scale [3]. As a result, Un-
supervised Multimodal Emotion Recognition (UMER) has emerged
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latent emotional patterns, and learn unified emotion representations,
thereby enabling emotion recognition without the need for manual an-
notations.

Recently, UMER has gained increasing attention due to its potential
for scalable deployment in real-world applications [4,5]. For instance,
Riccardo et al. [6] focus on discrete emotion classification by incorporat-
ing text, audio, and visual modalities within a framework based on con-
trastive learning between modality pairs. MulT [7], a Transformer-based
architecture, is introduced to handle unaligned multimodal sequences
while capturing long-range dependencies across modalities. Khare et al.
[8] further explore large-scale unlabeled multimodal datasets to pre-
train cross-modal Transformer models. They remove the decoder after
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Fig. 1. Motivation of our proposed method for UMER. (a) illustrates the traditional UMER framework, which struggles to effectively align emotional cues across
different modalities, often resulting in sub-optimal performance. (b) our proposed approach, which introduces two novel modules, TLEA and TGEA, to facilitate
both global and local cross-modal emotional semantic feature alignment. This enables more accurate emotion recognition by bridging semantic gaps and enhancing

emotion-unified multimodal representation.

pretraining and employ average pooling followed by a fully connected
layer for fine-tuning on downstream emotion recognition tasks.

Despite recent progress in UMER, most existing methods primarily
focus on multimodal emotion fusion while overlooking intrinsic seman-
tic discrepancies across modalities, which often leads to suboptimal and
incoherent multimodal emotion representations. Two key challenges re-
main. First, achieving globally consistent emotion semantics is difficult
due to the substantial heterogeneity among modalities (text, audio, and
video) in terms of structure, representation, and expressiveness; Sec-
ond, emotional cues in each modality are often subtle, ambiguous, and
highly context-dependent, making it challenging to capture fine-grained
emotional signals both within and across modalities. As illustrated in
Fig. 1(a), current approaches tend to neglect cross-modal semantic in-
consistencies, e.g., pairing the word “nice” with a “neutral” facial expres-
sion, which can lead to misleading fused representations and compro-
mise the robustness of UMER.

To address the two major challenges of the global cross-modal af-
fective semantic gap and the inconsistent fine-grained emotional dy-
namics within modalities, we propose a novel unsupervised multi-
modal emotion-unified representation learning approach with Dual-
level Language-Driven Cross-Modal Emotion Alignment (DLCEA) for ro-
bust UMER. DLCEA leverages the fact that the textual modality (lan-
guage) typically carries richer emotional semantic information than
other modalities in real-world affective interactions. As illustrated in
Fig. 1(b), our DLCEA method innovatively introduces two key emotional
semantic alignment modules: Text-guided Cross-modal Global Emotion
Alignment (TGEA) and Text-guided Cross-modal Local Emotion Align-
ment (TLEA). To ensure global emotional semantic consistency across
modalities, the TGEA module introduces a text-guided cross-modal con-

trastive learning strategy that aligns audio and visual features with
textual semantics, respectively, achieving unsupervised global emotion
alignment. To further achieve local emotional semantic consistency,
the TLEA module devises an emotion-aware masking strategy and text-
guided audio/video reconstruction for fine-gained emotion cue inter-
action and local-level cross-modal alignment. By leveraging the syn-
ergy between these two modules, our DLCEA effectively exploits the
rich emotional information in the textual modality and addresses cross-
modal sentiment alignment challenges at both global and local levels,
resulting in unified and robust unsupervised multimodal emotion rep-
resentations. In summary, the main contributions of this paper are as
follows:

(1) We propose a novel unsupervised multimodal emotion recogni-
tion framework, termed DLCEA, to tackle two challenges: the global
cross-modal affective semantic gap and the inconsistent fine-grained
emotional dynamics within modalities, enabling accurate emotional
representation and recognition without any manual annotations.

(2) In DLCEA, we design two complementary emotional seman-
tic alignment modules: TGEA and TLEA. The TGEA module aligns
global emotional cues across modalities via text-guided cross-modal con-
trastive learning, ensuring emotional consistency between audio/video
and text while mitigating the global affective semantic gap. Meanwhile,
the TLEA module focuses on fine-grained local alignment by recon-
structing masked visual/audio features under the guidance of emotion-
aware textual cues, capturing subtle emotional variations. The two mod-
ules collaborate closely, effectively improving unsupervised multimodal
emotion-unified representations for UMER.

(3) Compared to existing UMER methods, our proposed DLCEA
achieves state-of-the-art performance on three popular multimodal
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emotion datasets: MAFW, CMU-MOSEI, and IEMOCAP. Specifically,
DLCEA demonstrates improvements of 1.19% in Weighted Average
Recall (WAR) and 1.29% in Fl-score on the CMU-MOSEI dataset, a
1.04% WAR enhancement on MAFW, and respective increases of 1.5%
WAR and 3.4% F1-score on IEMOCAP. These results clearly demonstrate
the model’s effectiveness in handling emotional semantic discrepancy
and enhancing unsupervised emotion recognition.

With these contributions, our study provides valuable insights and
advances in unsupervised multimodal emotion recognition, which con-
tributes to the dual-level emotional semantic alignment between dif-
ferent modalities. The rest of this paper is as follows. Section 2 presents
related work. Section 3 presents the details of our proposed DLCEA. Sec-
tion 4 discusses our experimental results on publicly available datasets.
Section 5 summarises the research in this paper.

2. Related work
2.1. Multimodal emotion recognition

Multimodal emotion recognition (MER) has attracted increasing re-
search interest in recent years, with a wide range of methodologies pro-
posed to integrate and model emotional cues from multiple modalities,
such as text, visual, and acoustic signals.

Existing MER methodologies can be broadly classified into three
main categories based on their core approaches: traditional methods,
deep learning-based approaches, and advanced fusion strategies. Tradi-
tional methods encompass early systems that primarily relied on clas-
sifiers such as Support Vector Machines (SVMs) and Logistic Regres-
sion, combined with handcrafted features extracted from each modality.
While foundational, these methods often suffered from limited gener-
alization capabilities [9,10]. Deep learning-based approaches emerged
with the advent of deep learning. Convolutional Neural Networks
(CNNs) became the standard for processing spatial data, while Recur-
rent Neural Networks (RNNSs), particularly Long Short-Term Memory
networks (LSTMs) , were widely adopted for modeling temporal se-
quences. Subsequently, Transformer architectures further enhanced the
modeling of complex cross-modal interactions and long-range depen-
dencies. Advanced fusion strategies, representing the focus of recent
research, center on developing sophisticated techniques to better inte-
grate information across modalities [11]. Ghaleb et al. [12] proposed
a model that combines deep metric learning with LSTM components
to effectively capture temporal variations in emotional states. Unlike
traditional late fusion strategies , which typically concatenate modality-
specific features either directly or in a pairwise fashion, their approach
focuses on modeling emotion transitions over time. To improve mul-
timodal fusion strategies, various alternatives have been explored. For
instance, the M3ER framework [13] introduces a multiplicative data-
driven fusion technique that dynamically accentuates more informative
modalities while suppressing less reliable ones. Furthermore, attention-
based mechanisms [14], particularly sparse cross-modal attention, have
proven highly effective in dynamically focusing on salient emotional
cues within and across modalities, thereby enhancing alignment and
representation learning.

While most existing approaches rely heavily on supervised learning
paradigms requiring large amounts of labeled data, our work explores an
alternative direction by addressing the MER task in a fully unsupervised
setting [15].

2.2. Unsupervised emotion representation and recognition

Unsupervised emotion representation and recognition seeks to in-
fer emotional states from multimodal data without labeled supervision.
Existing methods in this field can be broadly categorized into several
representative directions. Clustering-based methods. Early efforts pre-
dominantly relied on clustering techniques, grouping hand-engineered
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features, such as Mel-frequency cepstral coefficients in speech or fa-
cial landmarks in images, into clusters representing potential emo-
tional states [16]. While foundational, these clustering-based methods
were fundamentally limited by their reliance on shallow, often hand-
engineered features, hindering robust semantic understanding of com-
plex emotions. Cross-modal alignment-based methods. Subsequent
research shifted towards leveraging cross-modal alignment as a source
of self-supervision. Recognizing the inherent co-occurrence of emotional
cues across modalities [17], these methods aim to learn joint representa-
tions by maximizing agreement or minimizing discrepancy between cor-
responding segments of different modalities, such as aligning prosodic
speech features with facial expressions or textual sentiment with vocal
tone [7,18]. Although this approach implicitly captures complementary
emotional information, it often struggles to achieve precise semantic
consistency both at the global level and the local level [19]. Generative
modeling approaches. Another important line of work employs gener-
ative models, including Variational Autoencoders (VAEs) and Genera-
tive Adversarial Networks (GANs). These models learn latent emotion
representations through reconstruction objectives or data generation,
aiming to disentangle underlying emotional factors and yielding inter-
pretable embeddings useful for downstream tasks like clustering or zero-
shot classification. However, effectively isolating emotion-specific fac-
tors from confounding variables within the latent space remains a persis-
tent challenge. Masked modeling methods. More recently, inspired by
the success of BERT and GPT, transformer-based masked modeling has
been adapted for multimodal emotion data. By predicting masked parts
within input sequences, these models learn contextual representations
capturing dependencies within and potentially across modalities. While
powerful for context modeling, achieving optimal cross-modal semantic
alignment, particularly encompassing both global sentiment consistency
and local cue correspondence, through masking alone proves difficult.

Despite these varied methodological advances, significant challenges
persist in unsupervised MER. A core limitation lies in effectively es-
tablishing consistent semantic alignment across modalities, addressing
both global emotional coherence and local emotional cue interactions.
Furthermore, disentangling emotion-related features from confounding
factors and the scarcity of large-scale, high-quality unlabeled affective
datasets pose substantial hurdles. To bridge this gap and tackle the crit-
ical challenge of achieving comprehensive cross-modal emotional align-
ment at multiple granularities, our work proposes a novel unsupervised
framework centered on deep text guidance.

3. Method
3.1. Overview

To tackle the challenges of cross-modal emotion alignment and
generate unified, robust emotion representations, we propose a novel
unsupervised framework—Dual-level Language-Driven Cross-Modal
Emotion Alignment (DLCEA). The overall training pipeline is illus-
trated in Fig. 2, which consists of three main components: Multimodal
Feature Extraction, Text-guided Cross-modal Global Emotion Alignment
(TGEA) and Text-guided Cross-modal Local Emotion Alignment (TLEA).
Specifically, we first utilize large-scale pre-trained foundation models
to extract different modal features in multimodal feature extraction
module. Then, to enhance global emotional consistency across differ-
ent modality features, TGEA introduces text-guided cross-modal con-
trastive learning that aligns the global emotional semantics of audio
and visual modalities with those of the text, respectively, thus achiev-
ing global emotion semantic alignment across all modalities. Further-
more, to further address fine-grained emotion inconsistencies, TLEA in-
troduces emotion-aware masking and text-guided cross-modal recon-
struction, enabling local-level emotion alignment for each modality. To-
gether, TGEA and TLEA enhance the unified representation of multi-
modal emotional semantics at both global and local levels, significantly
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Fig. 2. The proposed DLCEA framework consists of three components: Multimodal Feature Extraction, Text-guided Cross-modal Global Emotion Alignment (TGEA),
and Text-guided Cross-modal Local Emotion Alignment (TLEA). TGEA employs text-guided contrastive learning to align global emotional semantics across modalities,
while TLEA enhances local emotional alignment through emotion-aware masking and text-guided reconstruction in each modality stream.

improving the robustness of the proposed UMER framework. In the fol-
lowing sections, we will elaborate on these three components in detail.

3.2. Multimodal feature extraction

To capture rich multimodal features, we leverage pre-trained foun-
dation models whose representational power is derived from large-scale,
diverse datasets. Specifically, we use the pre-trained CLIP [1] to encode
visual and textual modalities, and Wav2Vec 2.0 [2] for audio modal-
ity embedding. For detailed explanation, we compare different modal
encoders for multimodal feature extraction in Table 6 of Section 4.3.3.
In our framework, we use these encoders to generate two different sets
of features through parallel extraction paths: (1) Normal Feature Ex-
traction. It is used to obtain standard feature representations; (2) Noise-
masked Feature Extraction. It is used to generate emotion-sensitive fea-
tures for masked emotions. The implementation details of these two
paths will be discussed below.

3.2.1. Normal feature extraction

For each modality, the feature extraction pipeline comprises a
modality-specific pre-trained encoder and a multi-layer nonlinear pro-
jection head. The projection heads share the same architecture across
modalities, while their parameters are not shared.

Text Encoder for Textual Feature Extraction. The text encoder em-
ploys a pre-trained CLIP text encoder followed by a multi-layer non-
linear projection head. Inspired by SimCLR [20], the projection head
is used to enhance the quality of unimodal representations. Formally,
given an input text sequence T}, the encoder extracts the normal text
feature F, € R3512

Fr. = fp(ferip—r(T)), (€]

where feo;;p_r(-) and fp(-) denote the pre-trained CLIP text encoder
and nonlinear projection head.

Video Encoder for Visual Feature Extraction. The video encoder archi-
tecture utilizes the visual encoder of CLIP [1] followed by a multi-layer
projection head to extract visual features. Given an input video V;, the
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encoder produces the video features Fy, € R32*312;
Fy. = fp(Fcrrp-v (Vi) 2

where fo;;p_y(-) and fp(-) denote the pre-trained CLIP visual encoder
and the projection head, respectively.

Audio Encoder for Audio Feature Extraction. The audio encoder con-
sists of a pre-trained Wav2Vec2.0 [2] model followed by a multi-layer
projection head for feature extraction. Given an input audio signal 4;,
the encoder extracts the audio features F, € R3!2:

FAI» = fP(me)ZVecZ.O(Ai))’ (3)

where fiaovec20(:) and fp(-) denote the pre-trained Wav2Vec2.0 en-
coder and the projection head, respectively.

3.2.2. Noise-masked feature extraction

For the textual modality 7}, we introduce the emotion-aware masking
strategy to generate noise-masked textual features F» which is highly
sensitive to emotion information. In practice, we first mask emotion-
related words in the textual modality to obtain the emotion-masked text
input as 7/, as shown in Fig. 2. With the 7} as input, we use the shared
process described in Section 3.2.1 to extract the noise-masked textual
features Fy € R32%512 | The process is given by

Fp = Fe(ferrp—r(T))). (©))

In addition, for the video/audio modalities, we extract video/au-
dio features using pre-trained CLIP [1] and Wav2Vec2.0 [2], respec-
tively. We use the V(, o) to represent the process that explicitly adds the
random masked noisy information o to the video and audio features.
Thus, the noise-masked video features Fy € R32%512 and audio features

Fp € R32%12 are formulated respectively as:
Fp = eV crrp-y (V). 0)), Fp = FrVUwavavecr0(4)), 0)). (5)

Notably, our proposed emotion-aware masking strategy is fully im-
plemented in an unsupervised manner, without relying on any human-
annotated emotion labels or emotion classifiers. Specifically, we first
use a generic face detector to locate the facial region in each video
frame (which contains no emotion-related information), and then ap-
ply random local masking only within the detected facial area. This de-
sign keeps the process entirely unsupervised while making the masked
regions more likely to correspond to emotion-relevant cues.

3.3. Text-guided cross-modal global emotion alignment

To mitigate inter-modal emotion gap for cross-modal emotional se-
mantic alignment, we propose Text-guided Cross-modal Global Emo-
tion Alignment (TGEA) module, which leverages text-guided cross-
modal contrastive learning to align the global emotional semantics of au-
dio and video with those of text, enabling high-quality multimodal emo-
tion representations without relying on supervised annotations. Specifi-
cally, TGEA consists of two contrastive learning streams: (1) Video-Text
Contrastive Learning (VTCL), which aligns global emotional semantics
between video and text with a focus on affective cues; (2) Audio-Text
Contrastive Learning (ATCL), which captures global emotional correla-
tions between audio and text. Implementation details of VTCL and ATCL
are provided in the following sections.

Video-Text Contrastive Learning (VTCL). VTCL aims to align text and
video features in a shared embedding space by introducing video-text
contrastive learning loss Ly, yielding globally consistent video-text
emotion representations. Specifically, for the ith multimodal sample, we
treat the text and video features (Fr,, Fy,) as a positive sample pair, while
features from all other instances j serve as negative samples, where i #
Jj. The learning objective of VTCL is to maximize the cosine similarity
between (Fr,, Fy), and minimize it between Fr, and ij- Based on this,
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the video-text contrastive learning loss L, ;- can be expressed as:

Fy, Fr,
B R B
L =—-= 0 +lo 5
VTC N & g N 7, g ~ r,
. Yjiexp | Fro=- jmexp | By, - =

(6)

where N and 7 are the batch size and temperature parameters, respec-
tively.

Audio-Text Contrastive Learning (ATCL). ATCL employs an audio-
text contrastive learning loss L 4 to align audio and text features in
a shared embedding space, capturing global audio-text representations
with consistent emotional semantics. Specifically, for the ith multimodal
sample, the text and audio features (Fr,, F, ) first produce a positive
sample pair, while all other instances j are treated as negatives. The
learning objective of ATCL is to maximize the cosine similarity between
Fy, and F, , and minimize it between F;, and Fy, for all i # j. Mathe-
matically, the L ;¢ is formulated as:

Fy,
exp (FA,_ : T)

S
(7)

N Pt
exp (- 22
1 v T
LATC=—N2 log - + log
i=

N Aj
oo (- 2)

Overall, in TGEA, VTCL and ATCL enable direct global emotion
alignment between text and video, and text and audio modalities, re-
spectively. By using text as a bridge, these mechanisms also induce in-
direct alignment between audio and video modalities, thus improving
global multimodal feature alignment for unsupervised multimodal emo-
tion representation.

3.4. Text-guided cross-modal local emotion alignment

To further achieve fine-grained local emotional semantic alignment
and reduce intra-modal emotion gap for each modality, we propose
Text-guided Cross-modal Local Emotion Alignment (TLEA) module.
TLEA introduces an emotion-aware masking strategy combined with
dual text-guided cross-modal reconstruction streams, enabling nuanced
affective understanding both across and within modalities in an unsu-
pervised manner for finer emotion representation.

TLEA consists of three learning streams: (1) Emotion-aware text
reconstruction, which adopts an emotion-aware masking strategy ap-
plied to text features, encouraging the model to learn robust, emotion-
sensitive textual representations; (2) Text-guided audio reconstruction,
using the textual representations to guide the reconstruction of masked
audio segments, improving fine-grained and local emotional alignment
between textual and audio modalities; (3) Text-guided video recon-
struction, where textual context aids in reconstructing masked local
regions in video frames, enhancing local visual emotion modeling for
fine-grained text-video emotion alignment. Details of each module are
elaborated in the following.

Emotion-aware Text Reconstruction. To help the model more effec-
tively capture the fine-gained emotion semantic information in the text
modality, we introduce the emotion-aware masking strategy for facili-
tating the text-masked noise reconstruction. With the emotion-masked
text feature Fﬁ. , we employ a text decoder Decoder(-) with an emotion-

masked text reconstruction loss to generate the reconstructed emotion-
sensitive text feature Fy, € R32x512,

FT,_ = Decoder(k/q/v = F’f, ), (€3]

where Decoder(-) consists of three self-attention blocks. F» serves as
the Query (¢), Key (k), Value (v) in this decoder, simultaneously. The
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emotion-masked text reconstruction loss L,,,, is defined as:

mlm

N
1 -
Lyim = ~ 2, I(Fr,. Fr). ©

where /(-) is the L, loss. By minimizing L,,,,, the model reconstructs the
textual features masked with emotion to learn finer emotion-sensitive
text representation, providing higher quality guidance for the audio and
video noise-masked reconstruction.

Text-guided Audio Reconstruction. With the finer, emotion-sensitive
textual representations, we design the text-guided audio reconstruction
stream, aiming to enhance fine-grained, local emotion semantic align-
ment between audio and text features, as illustrated in Fig. 3. Concretely,
using the noise-masked audio feature Fz and normal text feature Fr,
mentioned as in Section 3.2.1 are Jomtly input into a cross-modal de-
coder DE,,,(-). We can obtain a joint text-to-audio emotion represen-
tation Fp_,, € R32%12 that captures the cross-modal emotional seman-
tics, which is formulated as:

F(T*A),» = DEcras_v ((] = FT,.’ k/U = F;{’ )’ (10)

where DE,,,(-) consists of three blocks of cross-attention. F serves as
the key and value, while Fp, provides the query in this cross-decoder.
This design allows the model to condition the reconstruction pro-
cess on fine-grained textual cues, thereby enhancing the local emotion
alignment between text and audio modalities. The joint representation
Fp_y), is then passed through an audio decoder Decoder(-) to generate

the reconstructed emotion-sensitive audio features F, & R3>!2;
FA, = Decoder(q/k/u: F(T_A),>. an

To enforce emotional consistency, we introduce an audio reconstruction
loss L,,,, that aligns the reconstructed audio features with the original
ones under text guidance, enhancing fine-grained audio-text emotion
alignment. Formally, L,,,, is defined as:

m=%i§1[(7§/{pFAi>' (12)

Text-guided Video Reconstruction. Similar to the audio reconstruction
stream, we adopt a parallel text-guided video reconstruction stream to
facilitate fine emotion alignment between video and text, as illustrated
in Fig. 3. First, the noise-masked video feature F;, and the corresponding
text feature Fy, are jointly fed into the cross- modal decoder DE,,,(-) to
generate a joint text-to-video emotion representation Fr_y, € R332
as:

F(T—V), =DEcross(q=FT,7k/U=Ff/\l>~ (13)

Then, the joint representation is fed into the video decoder Decoder(-)
to facilitate fine-grained local emotion alignment by reconstructing oc-
cluded video features fyi under the guidance of textual contextual in-
formation. The joint representation is then fed into the video decoder
Decoder(-) to produce the reconstructed emotion-sensitive video fea-
tures fV[ € R3¥512 guided by textual context, enabling fine-grained lo-
cal emotion alignment. Formally, the process can be written as:

FV’, = Decoder(q/k/u = F(T—V), ) 14

To achieve this, we employ the video reconstruction loss L,,,,,, which is
defined as:

N
Ly = % Zl(?K,FV’) (15)

In sumrr’1=alry, TLEA achieves fine-grained cross-modal local emotion
alignment by leveraging emotion-aware textual masking scheme and
more finer textural cues to guide the reconstruction of masked segments
within audio and video modalities, thereby enhancing local emotional
consistency for each modality.
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3.5. Overdll learning objectives

Finally, the overall optimization objective of DLCEA consists of five
loss functions, namely, the video-text contrastive learning loss Ly 7,
the audio-text contrastive learning loss L ¢, the text reconstruction
loss L,,,,, the audio reconstruction loss L,,,,, and the video reconstruc-
tion loss L,,,,,. Specifically, L, ;¢ and L 4r perform inter-modal global
alignment between text and visual/audio modalities via contrastive
learning, aligning the global emotional semantics across modalities. In
contrast, L,,u> Lyam> and L,,,, focus on intra-modal local alignment,
enhancing the fine-grained emotional consistency within each modality
through masked reconstruction. To balance the contributions of global
inter-modal alignment and fine-grained intra-modal consistency, the fi-
nal training objective is formulated as:

L =4Lyrc + Larc) + 2o Lyym + Liyam + Lyom)- (16)

where 1, and 1, are hyperparameters controlling the weights of the
TGEA and TLEA modules, respectively. In our experiments, we explicitly
set 4, = 1, =1.0, as our sensitivity analysis (see Table 5) demonstrates
that the model is robust to weight variations and achieves optimal per-
formance with equal contribution from both modules.

3.6. Inference for UMER

Following the conventional practice [20], we design the inference
pipeline shown in Fig. 4 for the final emotion recognition. Given the
Jj —th prediction sample {T},V}, A;} as input, we first extract the mul-
timodal features (FT/, Fy, and F Aj) from the trained projection head of
each modality. Then, we concatenate them into a 3 x 512-dimensional
combined vector, forming a unified representation denoted as F; €
R3*512_ The process can be formulated as:

Fy= Concat(FTj,FVj Fy, ) 17

This vector is then fed into a linear classifier with the structure of
fe+RELU+ fc to output the final emotion category. fc is a fully-
connected layer.

4. Experiments

In this section, we provide a comprehensive overview of the exper-
imental settings, overall performance, and the analysis of the ablation
experiments.

4.1. Experimental settings

4.1.1. Datasets

To thoroughly evaluate our approach, we used three common multi-
modal sentiment datasets CMU-MOSEI [21], MAFW [22], and IEMOCAP
[23].

CMU-MOSEI [21]: is the largest multimodal dataset in the MER do-
main. It consists of over 23K discourses with more than 1000 speakers,
collected from YouTube videos. Each discourse is labelled with six emo-
tions: happiness, sadness, anger, fear, disgust and surprise, and each
emotion is represented on a [0,3] Likert scale. Following the disserta-
tion, emotions were treated as either present or absent (i.e., binary cat-
egorisation), whereas multiple emotions could be present at the same
time, making the task a multi-label problem. The dataset contains ap-
proximately 3000 incorrectly aligned sequences. Since our approach
does not require strict data alignment, we used all sequences provided in
the CMU-MOSEI SDK. In other words, we did not apply any data clean-
ing. We also used the recommended metric for dataset segmentation and
evaluation, weighted accuracy (WAR).

MAFW [22]: is the first large, multimodal, multilabel emotion
dataset containing 11 single emotion categories, 32 multiple emotion
categories, and descriptive emotion texts. The database contains 10,045
video-audio clips from natural scenes, providing bilingual descriptive
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Fig. 3. Text-guided video and audio reconstruction pipeline in TLEA.
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Fig. 4. The inference pipeline for DLCEA framework. The multimodal features of video, text, and audio are fused through concatenation and then input into a linear

classifier for emotion recognition.

texts about facial expressions and emotions for videos. We selected its
11 single emotion categories and divided the training and test sets ac-
cording to 4:1, with 4088 videos in the training set and 1022 videos in
the test set.

IEMOCAP [23]: is a multimodal and multispeaker dataset that was
collected at the SAIL lab at the University of Southern California (USC).
It is designed to facilitate the study and modeling of multimodal and ex-
pressive human communication, particularly in the context of emotional
expressions.

4.1.2. Experimental details

All models were trained using the SGD optimizer with a momentum
of 0.9 and a weight decay of 0.001. The batch size was set to 32 for all
experiments. The initial learning rate was 0.001, and a linear learning
rate scheduler was employed to adjust the learning rate during training.
We do not apply any “spatial” data enhancements (random crops, blur-
ring, or colour distortion), but the data samples can all be trained using
random sequences but the same video judgments. For example, video
clips from [t,t+10] and video clips from [t+5,t+15] can be used for
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Table 1
Compared with other methods on the CMU-MOSEI dataset. The best results for unsupervised methods are in bold.
Methods Happy  Sad Anger  Surprise  Disgust  Fear WAR F1
FE2E [25] 62.70 54.40 59.60 50.60 66.00 52.90 57.70 76.70
Supervised MESM [14] 64.10 63.00 66.80 65.70 75.60 65.80 66.80 68.80
CIA [26] 51.90 61.80 67.40 58.20 74.10 63.90 62.88 79.08
MulT [27] 67.20 64.00 64.90 61.40 71.60 62.90 65.40 70.20
CAE-LR [28] 64.70 53.20 61.80 57.10 69.00 60.40 61.03 65.52
CMCR [29] 66.84 55.34 61.94 59.24 71.14 62.54 62.85 66.06
MM-DEN [30] - - - - - - 63.77 67.13
MPUC [6] 65.44 57.55 62.53 67.55 69.53 62.11 64.12 68.21
Unsupervised MKIN-MCL [31] 45.03 70.40 74.62 61.64 63.70 62.14 63.23 66.92
Qwen2.5-Omni [32] - - - - - - 61.47 65.61
Qwen3 [33] 71.45 22.65 16.17 25.94 49.50 24.53 51.02 53.49
Gemma3 [34] 36.98 29.76 25.92 23.96 37.59 33.95 32.73 38.40
MGATFR [24] 76.25 1.62 16.87 5.15 55.07 2.59 50.62 48.04
Ours 65.58 58.83 63.92 64.21 70.01 69.31 65.31 69.50

the same training. This is referred to as temporal dimension augmenta-
tion. We set the number of epochs to 400, taking the temperature scalar
to be 0.07.

For fair reproduction of MGAFR [24], we applied only minimal ad-
justments: the continuous emotion scores in the three datasets were con-
verted into discrete emotion labels, and a classification head was added
to MGAFR’s output to enable categorical prediction and metric compu-
tation.

4.2. Overall performance

4.2.1. Evaluation on CMU-MOSEI

We evaluated the proposed DLCEA framework on the CMU-MOSEIL
dataset and compared it with both supervised and unsupervised state-
of-the-art methods.

As shown in Table 1, DLCEA achieves the best performance among
all unsupervised approaches in the key emotion category of Fear, with
improvements of 1.28% and 6.77% in Sad and Fear, respectively, over
the second-best methods. While the scores for Surprise and Disgust were
slightly lower than the best-performing models, DLCEA still maintained
competitive performance. Furthermore, we significantly outperform the
recently proposed method, MGAFR[24]. Compared to supervised meth-
ods, while DLCEA did not comprehensively outperform them in both
WAR and F1, its overall performance was close. Notably, DLCEA sur-
passed FE2E [25] by 7.61% in WAR and MESM [14] by 0.7% in F1,
demonstrating its competitiveness. Overall, DLCEA attained the highest
WAR (65.31%) and F1-score (69.5%) among all unsupervised methods,
showing better generalization and robustness across emotion categories.

We also included three large pre-trained multimodal models,
Qwen2.5-Omni [32] , Qwen3 [33] and Gemma3 [34], in the compari-
son. Despite its scale, it underperformed compared to DLCEA in this task.
This result indicated that general-purpose models may not be optimal
for fine-grained emotion recognition without task-specific adaptation,
whereas DLCEA was better suited for capturing emotional cues through
targeted multimodal representation learning.

4.2.2. Evaluation on MAFW

We evaluated the proposed DLCEA framework on the MAFW dataset
and compare it with recent state-of-the-art supervised and unsupervised
multimodal emotion recognition methods.

As shown in Table 2, our method achieved the best overall perfor-
mance among unsupervised approaches, with a WAR of 54.19% and
an F1 score of 57.43%, surpassing MPUC [6] by 1.04% and 0.12%, re-
spectively. Similarly, we significantly outperform the existing method
MAGFR [24]. Compared with the supervised method, although there is
still a gap in the overall performance of DLCEA, it is significantly close.
For example, its WAR metric is 0.34% higher than that of the supervised
method FE2E [25], although its F1 is slightly lower than the latter. This

demonstrates the competitiveness and effectiveness of DLCEA. Notably,
DLCEA also outperformed the large model Qwen2.5-Omni [32] , Qwen3
[33] and Gemma3 [34], demonstrating the advantage of targeted mul-
timodal alignment over general large-scale pretraining.

Our method achieved the highest accuracy on the “Anger” category,
which often involve distinctive multimodal signals. This suggested that
the dual-level alignment strategy in DLCEA effectively captures subtle
emotional cues, enhancing robustness and generalization in unsuper-
vised settings.

4.2.3. Evaluation on IEMOCAP

We evaluated the proposed DLCEA framework on the IEMOCAP
dataset against both supervised and unsupervised baselines as shown
in Table 3. Our method achieved a WAR of 71.3% and an F1 score
of 76.6%, outperforming the strongest unsupervised competitor MPUC
[6], which obtained 69.8% WAR and 73.2% F1, by 1.5% and 3.4% re-
spectively, and still surpassing the recent MGAFR [24] method by a no-
table margin. DLCEA outperforms the supervised method TGIM [36] by
4.51% in F1, while its WAR performance is very close to that of TGIM
[36] (only 0.28% lower), fully demonstrating its superior performance
over supervised methods.Furthermore, DLCEA outperforms large foun-
dation models such as Qwen2.5-Omni [32], Qwen3 [33] and Gemma3
[34], highlighting the advantage of task-specific multimodal alignment
over general-purpose pretraining.

Notably, DLCEA attained the highest recognition rates on the “Ex-
cited” category with 80.5% accuracy and the “Frustrated” category with
81.7% accuracy, matching or even exceeding some supervised methods.
This was attributed to its effective disentanglement of distinctive audio-
visual cues such as prosodic shifts and facial muscle movements through
a dual-level alignment strategy. These results indicated that DLCEA sig-
nificantly narrowed the performance gap with supervised methods while
maintaining robust generalization in unsupervised multimodal emotion
recognition.

4.3. Ablation experiments and analysis

4.3.1. Impact of different modules in DLCEA

Table 4 presents the impact of progressively incorporating the TGEA
module and the TLEA module into the baseline model (using only the
pre-trained foundation models and Concatenation fusion). Specifically,
TGEA comprised Ly ¢ and L 47, while TLEA included L,,,,, L,om> and
Lmvm'

The experimental results demonstrated a consistent improvement in
both WAR and F1 scores as additional modules were introduced. For in-
stance, the baseline model alone achieved WAR and F1 scores of 48.47%
and 52.17%, respectively. With the incorporation of the L, ;. loss from
TGEA, these metrics improved to 50.13% and 52.94%. Further enhance-
ments were observed when adding the L, loss and the L,,,, loss, re-
sulting in WAR and F1 scores of 50.79% and 53.07%, respectively.
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Table 2
Compared with other methods on the MAFW dataset. The best results for unsupervised methods are in bold.
Methods Happy Sad Anger Surprise Disgust Fear WAR F1
MulT [27] 57.25 5430 54.84  51.31 61.55 52.76  55.33  63.20
Supervised FE2E [25] 53.40  52.80 5830  49.50 60.40 48.70  53.85  60.21
P MESM [14] 55.13  57.82  61.33 5851 70.21 61.29 60.71  63.11
EmoEmbs [35] 52.11 63.38 4871  56.12 55.38 51.36 5451  59.80
CAE-LR [28] 5470 4320 51.80  47.10 59.00 50.40 51.03  54.72
CMCR [29] 54.30  49.41 5253  54.39 56.39 50.91 5286  57.11
MM-DEN [30] - - - - - - 53.15  57.31
MPUC [6] 5478  50.11 53.63 5291 57.32 53.12 5315 57.31
Unsupervised  MKIN-MCL [31] 4409 5250 57.26  49.45 62.95 5429 53.42  57.04
P Qwen2.5-Omni [32] - - - - - - 4532 49.72
Qwen3 [33] 87.85  90.33 57.59  68.57 6.11 59.36 53.25  48.80
Gemma3 [34] 52.85 8517 46.11  59.25 5.95 37.76  52.06  48.23
MGAFR [24] 28.91 1.32 24.27 1231 58.94 3.16 30.83  27.47
Ours 54.67 51.48 60.12 5179 54.53 55.33 5419 57.43
Table 3
Compared with other methods on the IEMOCAP dataset. The best results for unsupervised methods are in bold.
Methods Happy Sad Anger Excited Disgust Frustrated WAR F1
MESM [14] 67.92 7281  68.47  63.29 77.11 67.90 69.58  79.08
Supervised SLCT [8] 6810 6430 67.30  65.10 73.60 63.00 66.90  78.68
P TGIM [36] 61.00  65.00 6830  80.50 73.00 81.70 71.58  72.09
Joyful [37] 60.94  84.42 69.95 73.54 68.24 67.55 70.77  71.03
CAE-LR [28] 63.44 5755 6253  57.55 67.53 59.11 61.31  67.77
CMCR [29] 63.50  62.40 66.20  65.10 75.00 65.87 66.35  70.10
MM-DFN [30] - - - - - - 68.21  68.18
MPUC [6] 67.10 66.00 69.80  68.70 78.60 68.80 69.80  73.20
Unsupervised  MKIN-MCL [31] 50.00 78.17 82.85 68.44 70.73 69.00 70.21  72.59
P Qwen2.5-Omni [32] - - - - - - 64.31  69.29
Qwen3 [33] 53.11 15.96  2.08 16.52 56.32 52.57 35.47  31.44
Gemma3 [34] 14.02 3223 9.44 37.08 42.58 64.30 38.47  36.10
MGAFR [24] 2077 7030 59.51  61.73 55.60 56.84 57.30  56.95
Ours 61.00 6500 6830  80.50 71.20 81.70 71.30  76.60
Table 4 dom masking with varying proportions across modalities, while the blue
Effects of different modules in our method. indicates the emotion-aware masking strategy (e.g., masking emotional
TGEA TLEA words or facial expressions). We also examined the effect of different
Baseline WAR F1 . L. . .
B B B B B masking ratios in this figure. Results show that emotion-relevant mask-
L L — L — ing consistently yields the best performance, highlighting the impor-
4 48.47  52.17 tance of reconstructing emotional components to enhance model capa-
v/ v 50.13  52.94 bilit
v v v 5079  53.07 ¥
v/ v v v 52.17  54.69 . . . . .
v v v v v 53.34  55.19 4.3.3. Comparative analysis of various foundation models for multimodal
v v v v v v 54.19  57.43 feature extraction
To evaluate the impact of different foundation models on our unsu-
Table 5 pervised multimodal emotion representation learning method with text-
Sensitivity ~analysis of loss driven modality-hierarchical alignment, we compare the performance
weights on MAFW. of four CLIP improved models (including Vanilla CLIP [1], ViFi-CLIP
A I WAR - [38], Open-VCLIP [39], and ActionCLIP [40]) on the emotion recogni-
1
tion task. The results are shown in Table 6. Among them, ActionCLIP
g'é 1‘8 gigg :2‘28 [40] performs best, leading in weighted accuracy (WAR) and F1 scores
1.0 1.0 5419 57.43 on the three datasets, especially on IEMOCAP, where it achieves 71.83%
1.0 05 5295 56.39 WAR and 76.89% F1, highlighting its excellent cross-modal association
1.0 01 5210 56.11

In addition, as shown in Table 5, we conducted a sensitivity analysis
of loss weights on MAFW. The results indicate that the balanced config-
uration achieves optimal performance. Reducing any weight value (e.g.,
to 0.5 or 0.1) degrades overall performance, whereas weights approach-
ing 1.0 better demonstrate the model’s robustness.

4.3.2. Effects of varied masking strategies in noise-masked feature
extraction

We evaluated the impact of different masking strategies in noise-
masked feature extraction, as shown in Fig. 5. The orange denotes ran-

ability. Open-VCLIP [39] also achieved 65.77% WAR and 69.83% F1 on
CMU-MOSE]I, slightly outperforming other models. Experiments show
that our method can effectively improve the performance of various
foundation models and show good robustness and generalization.

4.3.4. Impact of feature guidance from different modalities in TGEA and
TLEA

To fully validate our text-guided hypothesis, we analyzed the impact
of different guidance modalities on the global alignment of the TGEA
module. As shown in Table 7, the text-guided approach consistently
outperforms the video-guided and audio-guided counterparts across the
three benchmark datasets. Specifically, it improves the WAR metric by
1.99% and 0.84% on CMU-MOSEI, 2.67% and 0.38% on MAFW, and
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Fig. 5. Different masking strategies in TLEA. The orange denotes random masking with varying proportions across modalities, while the blue indicates emotion-aware
masking. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 6

Comparison of various foundation model for feature extraction.

These findings align with prior work, confirming that text typi-
cally encodes richer emotional cues. The strong performance of the text
modality highlights its superior capability in complex emotion recogni-
tion. In contrast, video and audio modalities show weaker performance
on certain datasets, likely due to challenges in capturing subtle emo-

Various CLIPs CMU-MOSEI MAFW IEMOCAP
WAR  F1 WAR  F1 WAR  F1
CLIP [1] 6531 695 5419 5743 7130  76.60 tional variations.
ViFi-CLIP [38] 6542  68.4 5492 57.66 7154  76.83
Open-VCLIP [39] 6577  69.83 5423 57.52 7132  76.31
ActionCLIP [40] ~ 65.93 6958 5543 5773 71.83 76.89

Table 7

Compare the influence of using different modalities for guidance in TGEA.

4.4. Qualitative analysis and visualization of modal alignment

4.4.1. Visualization of cross-modal global emotion alignment
Fig. 6 presents the t-SNE visualizations of the learned feature distri-
butions from video, text, and audio modalities, using samples labeled as

In Fig. 6(a), the baseline model shows dispersed and weakly aligned
features across the three modalities under both emotion categories. This

Different modalities  CMU"MOSEI MAFW IEMOCAP
Anger and Happy from the MAFW dataset.
WAR F1 WAR F1 WAR F1
Video-guided 63.32 67.82 5152 5494 7037  74.83
Audio-guided 6447 6751 5381 5573  68.93  73.86
Text-guided 65.31 69.50 54.19 57.43 71.30 76.60

Table 8

Compare the influence of using different modalities for guidance in TLEA.

suggests that relying solely on the pre-trained foundation models is in-
sufficient for effective cross-modal alignment. Fig. 6(b) incorporates the
Text-guided Cross-modal Global Emotion Alignment (TGEA) module, re-
sulting in more compact and cohesive feature distributions. This indi-
cates that TGEA contributes positively to enhancing global emotional
alignment across modalities. In Fig. 6(c), the further integration of the
Text-guided Cross-modal Local Emotion Alignment (TLEA) module leads
to even tighter clustering of features. This demonstrates that TLEA fur-
ther strengthens intra-modal consistency and helps the model distin-

Overall, the DLCEA framework, which integrates both TGEA and

. os CMU-MOSEI MAFW IEMOCAP
Different modalities
WAR F1 WAR F1 WAR F1
NO modality 61.54 63.79 52.97 54.02 69.31 73.20
Video-guided 64.61 65.75 52.91 53.91 71.32 75.93 guish emotional states more effectively.
Audio-guided 62.97 65.26 52.33 54.18 70.31 75.72
Text-guided 65.31 69.50 54.19 57.43 71.30 76.60

0.93% and 2.37% on IEMOCAP, respectively. This confirms that text is
the most effective anchor for establishing global cross-modal emotional
consistency.

We further evaluate the influence of different guidance modalities
within the TLEA module for fine-grained local alignment, with the re-
sults summarized in Table 8. Consistent with the global alignment re-
sults, text-guided reconstruction achieves superior performance in terms
of both WAR and F1 scores across all datasets. Notably, on CMU-MOSETI,
text-guided TLEA achieves a significant improvement (e.g., 69.50% F1
vs. 65.75% for video-guided and 65.26% for audio-guided). This trend
holds on MAFW and IEMOCAP as well, underscoring the advantage of
leveraging the richer and more explicit emotional cues embedded in the
textual modality. These results validate the effectiveness of using text as
a guiding signal for fine-grained intra-modal emotional alignment.
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TLEA, significantly improves cross-modal alignment, resulting in clearer
and more concentrated emotion-specific feature distributions. These re-
sults highlight the effectiveness of the proposed method in enhancing
the performance of unsupervised multimodal emotion recognition.

4.4.2. Visualization of cross-modal local emotion alignment

To intuitively validate the effectiveness of cross-modal local emotion
alignment, we analyzed the cross-modal attention map on the MAFW
dataset, as illustrated in Fig. 7. The model accurately aligns emotion-
related words (e.g., “frown”) with the corresponding video frames.
Specifically, lower attention is assigned to the first two frames with lim-
ited emotional relevance, while significantly higher attention is focused
on the final frames depicting the frowning expression. These results in-
dicate that our method enables fine-grained alignment between text and
video modalities, facilitating unified cross-modal emotional representa-
tion and contributing to improved UMER performance.
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Fig. 6. t-SNE visualizations of video, text, and audio features for “Anger” and “Happy” emotions on the MAFW dataset. Better cross-modal alignment is shown by
tighter, overlapping clusters of different modalities. (a) The baseline shows poor alignment with separated modality clusters. (b) The addition of the TGEA module
improves alignment, resulting in more compact cross-modal clusters. (c) Our full model, DLCEA (Baseline + TGEA + TLEA), demonstrates the best performance, with
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Fig. 7. Cross-model attention map visualization for local emotion alignment on MAFW. Bluer regions indicate higher model focus, while greener regions indicate

lower attention.

4.4.3. Visualization of emotion-unified multimodal representation

In Fig. 8, we employed t-SNE visualization to illustrate the fused mul-
timodal feature distributions of CAE-LR [28], CMCR [29], MPUC [6],
and our proposed method, on the MAFW dataset. The results revealed
that the proposed method achieved more distinct clustering among dif-
ferent emotion categories compared to the other approaches, demon-
strating its capability to extract more robust emotional features for
UMER.
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4.4.4. Visualization of emotion recognition results

Fig. 9 shows a visualization of the results of different representa-
tion learning methods in an emotion recognition task. Each sample con-
tained a series of consecutive image frames and the emotion recognition
results of the different methods for these image frames. The figure listed
three different emotion recognition methods: the method of this paper,
MPUC [6], and CMCR [29], and compared the recognition results of
each method.
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Fig. 8. Comparative visualization of emotional feature distributions across different methods: (a) CAE-LR, (b) CMCR, (c) MPUC, and (d) our proposed method. Each
color represents a distinct emotion category, including Happiness, Anger, Disgust, Sadness, Fear, and Surprise. Greater separation between emotion classes indicates

better discriminative performance.

Video

A man talks loudly. The tight frown and a downward
pull on the right lip corner.

True Label: Anger
MPUC: Disgust X CMCR: Disgust X

Text

Ours: Anger
(a)

A girl confides in his friend, with tears in her eyes,
shaking her head constantly. The marked frown
and the deflated mouth.

True Label: Sad

Text

MPUC: Sad., CMCR: Happy x

Ours: Sad

(c)

Text A soldier looks ahead with wide eyes and dodges
quickly when he hears the gunshot. The turning

eyeballs.

True Label:

Fear
MPUC: Anger X CMCR: Surprise X

Ours: Fear

(b)

Video

A man tilts his head and keeps sending questions
to the other. The half-narrowed eyes.

True Label: Disgust

Text

MPUC: Angry X CMCR: Disgust«/

Ours: Angry X
(d)

Fig. 9. Comparison of emotion recognition results using different methods. Each example includes video, text, and audio inputs, with ground-truth emotion labels.
Predictions from MPUC, CMCR, and the proposed method are shown. The proposed method demonstrates higher prediction accuracy across multiple cases.

In Fig. 9(a), the methods in this paper correctly identified the emo-
tion as “anger”, while both MPUC [6] and CMCR [29] incorrectly iden-
tified it as “disgust”. In Fig. 9(b), the methods in this paper correctly
identified the emotion as “fear”, but MPUC [6] incorrectly identified
it as “anger” and CMCR [29] incorrectly identified it as “surprise”. In
Fig. 9(c), both the methods in this paper and MPUC [6] correctly iden-
tified the emotion as “sadness”, while CMCR [29] incorrectly identi-
fied it as “happiness”. In Fig. 9(d), the method in this paper incorrectly
identified the emotion as “anger”, but CMCR [29] correctly identified
the emotion as “disgust”, and MPUC [6] also incorrectly identified the
emotion as “anger”.

These results indicated that the method proposed in this paper could
accurately recognize emotions in most cases, especially in recogniz-
ing the emotions “anger” and “fear”. However, in some cases, such as
Fig. 9(d), the method in this paper misrecognized the emotion, whereas
the CMCR [29] method was able to recognize it correctly. This suggested
that different representation learning methods might have their own
strengths and limitations when dealing with specific emotions. Through
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this visual analysis, we gained a deeper understanding of the perfor-
mance of different methods in emotion recognition tasks and provided
references for further optimization and improvement.

5. Conclusion

This paper presents an unsupervised multimodal emotion recog-
nition framework that tackles the challenge of unaligned emotional
representations across modalities. The proposed framework introduces
a dual-level emotion semantic alignment scheme: Text-guided Cross-
modal Global Emotion Alignment (TGEA) and Text-guided Cross-modal
Local Emotion Alignment (TLEA), which collaboratively achieve emo-
tional alignment at complementary global and local levels. Specifically,
TGEA leverages the rich semantics of the textual modality as a cross-
modal anchor and employs contrastive learning to align global affective
features of audio and visual modalities with those of text, ensuring se-
mantic consistency across modalities. In parallel, TLEA enhances fine-
grained, local emotional understanding by reconstructing masked seg-
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ments within text, audio, and video, using emotion-aware masking strat-
egy and textual cues to guide local emotion semantic refinement. This
two-tiered alignment strategy enables the model to capture an effective
emotion-unified representation with both coarse and subtle emotional
cues in a fully unsupervised manner.

Extensive experiments on benchmark datasets demonstrate that
our method consistently outperforms existing unsupervised approaches
and recent large-scale pre-trained multimodal models, highlighting its
effectiveness and robustness for cross-modal emotion alignment and rep-
resentation. However, the method may still be limited by its reliance on
text as the primary semantic anchor, which can introduce biases or re-
duced effectiveness in scenarios where textual cues are sparse or noisy.
In future work, we will explore adaptive or modality-agnostic anchoring
strategies that dynamically adjust the reliance on text and better handle
cases with sparse or unreliable textual cues.
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