
ATGFB-MFF: Adaptive Text-Guided Fiber Bundle Feature Fusion
with LLMs for Multimodal Sentiment Analysis and Emotion

Recognition in Conversations
Zhaowei Liu∗
lzw@ytu.edu.cn
Yantai University

Yantai, Shandong, China

Sheng Liu
15763803605@s.ytu.edu.cn

Yantai University
Yantai, Shandong, China

Weiqing Yan†
wqyan@tju.edu.cn
Yantai University

Yantai, Shandong, China

Peng Song
pengsongseu@gmail.com

Yantai University
Yantai, Shandong, China

Yongchao Song
ycsong@ytu.edu.cn
Yantai University

Yantai, Shandong, China

Rufei Gao
gaorufei@yitsd.edu.cn

Yantai Institute of Technology
Yantai, Shandong, China

Abstract
Multimodal Sentiment Analysis (MSA) and Emotion Recognition in
Conversations (ERC) have rapidly developed into pivotal tasks in ar-
tificial intelligence. Large Language Models (LLMs) offer powerful
semantic reasoning and computational capabilities, showing great
potential for understanding emotional content. However, when
applied to multimodal sentiment data, LLMs face significant chal-
lenges, including the inability to directly process heterogeneous
data, difficulties in coping with feature misalignment and subopti-
mal cross-modal fusion. To address these challenges, we propose a
novel multimodal sentiment inference framework named ATGFB-
MFF which grounded in fiber bundle theory. This method decom-
poses multimodal features into an adaptive text-guided shared se-
mantic space and fiber offset spaces to achieve structured alignment
and fusion. Then the fused features are converted into structured
pseudo-token sequences for effective inference via frozen LLMs. We
also introduce two loss functions respectively called shared space
consistency loss and fiber offset regularization loss which are used
to improve representation stability. Extensive experiments on four
benchmark datasets demonstrate that ATGFB-MFF consistently
outperforms state-of-the-art baselines. These results highlight the
efficacy of geometric structural modeling in unlocking the potential
of LLMs for multimodal sentiment inference.
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1 Introduction
Multimodal Sentiment Analysis [38, 39] and Emotion Recognition
in Conversations [1, 4] are core tasks for understanding human
behaviors, which widely applied in human-computer interaction,
psychological assessment, and social media analysis [40]. These
tasks requires integrating multimodal information to capture com-
prehensive emotional signal. Significant breakthroughs have been
achieved in recent advancements for unimodal sentiment analysis.
In the field of audio processing, the Transformer model based on
convolutional neural networks [34] extracts local time-frequency
patterns from mel-spectrograms via convolutional modules, then
enhances acoustically prominent emotional regions using spatio-
temporal channel attention mechanisms, which enabling achieve
robust speech emotion recognition. In the visual modality, the
CSTAN [46] cascaded attention framework integrates a ResNet-
based spatial encoder to extract frame-level appearance features,
followed by a bidirectional LSTM to capture the temporal dynamics
of facial expressions. Three attention modules respectively focus on
discriminative feature maps, regions, and temporal steps across the
channel, spatial, and temporal dimensions. Despite these advances,
multimodal fusion faces three major challenges: modal heterogene-
ity, semantic misalignment, and the difficulty in balancing shared
semantics with modality-specific nuances during fusion.

Large Language Models (LLMs) play a pivotal role in nature
language processing due to their exceptional generalization capa-
bilities and rich semantic representation abilities [3, 16, 28]. Their
capacity to encode contextual knowledge enables outstanding per-
formance in text-based sentiment analysis, spurring research to
extend LLMs to multimodal tasks. However, applying LLMs to MSA
and ERC faces significant hurdles. Firstly, LLMs are naturally text-
centric and cannot directly process non-text modalities like audio or
vision. Secondly, multimodal features often suffer from alignment
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issues, degrading representation learning. Thirdly, traditional fu-
sion methods process data within a single flat latent space, reducing
interpretability and limiting the generalization potential of LLMs.

Existing approaches attempt to address these issues via decompo-
sition but remain limited. For instance, ConFEDE [41] employs con-
trastive learning to separate shared and modality-specific features
but struggles to achieve text-guided alignment in complex senti-
ment tasks. MISA [12] decomposes multimodal features into shared
and private subspaces using mutual information, yet lacks the geo-
metric structure required for interpretable alignment. Similarly,
recent graph-based approaches [18, 20, 27, 37] has achieved success
in modeling speaker dependencies via complex topological struc-
tures. However, these methods such as statistical or graph-based
often lack an explicit geometric interpretation of how modality-
specific features deviate from the semantic core. They typically treat
features as vectors in a flat space, overlooking the intrinsic cur-
vature and bundle structure of multimodal data. MiniCPM-V [45]
employs a decoupled vision-language architecture to reduce com-
putational costs but lacks robust mechanisms for heterogeneous
modality alignment in frozen LLM environments.

To address these challenges, we propose the adaptive text-guided
fiber bundle multimodal sentiment inference framework named
ATGFB-MFF. Drawing inspiration from fiber bundle theory in dif-
ferential geometry. we treating the text modality as the Base Space
and non-textual modalities as fiber spaces onto this base. Unlike
traditional residual learning which simply adds features, our ap-
proach enforces strict geometric constraints via the ATGFBFF mod-
ule. This module decomposes features into an adaptive text-guided
shared semantic space and modality-specific fiber offset spaces.
This mechanism ensures robust alignment while preserving the at-
tributes of audio and visual modalities. Crucially, while the feature
fusion operates at the utterance level to ensure precise alignment,
the subsequent frozen LLM effectively models conversational con-
text and inter-speaker dependencies via its inherent self-attention
mechanism. By generating pseudo-tokens compatible with pre-
trained LLMs, ATGFB-MFF integrates non-text modalities with
text prompts without full parameter fine-tuning. Extensive experi-
ments on four benchmark datasets related to MSA and ERC tasks
demonstrate that ATGFB-MFF achieves superior performance and
interpretability compared to existing methods.

The contributions are as follows:

• We propose ATGFB-MFF, a novel multimodal sentiment in-
ference framework for frozen LLMs, enabling efficient MSA
and ERC tasks through pseudo-token generation.
• We introduce a fiber bundle-based feature alignment and
fusion strategy via the ATGFBFF module. It decomposes
multimodal features into an adaptive text-guided shared
semantic space and fiber offset spaces, explicitly modeling
modality-specific deviations.
• We employ multi-scale latent attention fusion to generate
pseudo-tokens, optimizing multimodal feature integration
and enabling the frozen LLM to effectively capture conver-
sational context.
• We validate ATGFB-MFF on multiple benchmark datasets,
demonstrating its superior cross-domain robustness and gen-
eralization capability in MSA and ERC tasks.

2 Related Work
2.1 Multimodal Fusion and Decomposition

Methods
Recent advances in multimodal learning have introduced diverse
strategies for aligning and fusing cross-modal representation. Early
fusion approaches, such as element operations like the Hadamard
product [17], which multiplies corresponding elements of input
vectors to capture nonlinear interactions with linear computational
complexity, have been widely applied in multimodal tasks like vi-
sual question answering. This method combines raw features from
different modalities into a single representation in a straightforward
manner, leveraging element-wise multiplication to emphasize corre-
lated patterns. However, its simplicity limits adaptability to varying
data distributions or complex inter-modal dependencies. Attention-
based fusion mechanisms [36, 50] dynamically compute modality
interactions at the feature level by assigning attention weights
based on relevance, enabling more adaptive and content-aware
alignment across modalities like text and audio. These methods
utilize self-attention or cross-attention mechanisms to prioritize
informative features.

In parallel, contrastive learning frameworks [22, 44] learn a
shared embedding space by maximizing similarity between paired
samples while minimizing dissimilarities with negative samples by
leveraging loss functions like InfoNCE to enforce cross-modal con-
sistency. This approach enhance generalization across datasets but
may overlook modality-specific nuances. Additionally, graph-based
modeling approach [42] represent multimodal data as structured
graphs, where nodes denote features from different modalities and
edges capture high-order dependencies or temporal dynamics in
sequential tasks like video emotion recognition. These methods
employ graph neural networks to propagate information, offering
a robust framework for modeling complex relationship.

Shared and private decomposition methods, such as MISA [12],
which decomposes multimodal feature into modality-invariant and
modality-specific representations using mutual information maxi-
mization to enhance sentiment analysis by aligning shared seman-
tics while preserving unique characteristics, usemutual information
to separate invariant and modality-specific subspaces. Similarly,
ConFEDE [41] employ contrastive decomposition, optimizing a
contrastive loss to align invariant features across modalities while
disentangling specific attributes, thereby improving robustness
against noise. Language-guided methods like ALMT [51] align fea-
tures via adaptive text guidance, using text as a pivot to regularize
cross-modal mappings, particularly effective in vision-language
tasks. However, these approaches often lack geometric structure,
leading to less interpretable alignments and suboptimal preserva-
tion of modality-specific details.

The ATGFB-MFF framework leverages fiber bundle theory [5, 52]
achieving structured separation by constructing multimodal fea-
tures within both a adaptive text-guided shared semantic space
and fiber offset spaces. The shared semantic space represents com-
mon semantic feature, whilst the fiber offset spaces captures modal
specific features. Unlike MISA’s mutual information or ConFEDE’s
contrastive loss, the ATGFBFF module uses adaptive text-guided
weights and regularization losses to ensure text dominance and
offset stability, enhancing interpretability for MSA and ERC tasks.
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Figure 1: The overall architecture of the proposed ATGFB-MFF framework. It primarily consists of five synergistic components:
(1) Modality Encoding formultimodal feature extraction (2) Adaptive Text-Guided Fiber Bundle Feature Fusion for disentangling
and fusing modality-specific and common semantic spaces (3) Multi-scale Latent Attention Fusion to capture high-order
cross-modal correlations (4) LLM-Based Sentiment Inference for generative emotion prediction and (5) Model Learning for
multi-objective optimization. A detailed legend of the symbols used is provided at the bottom.

2.2 Multimodal Integration with Pre-trained
Language Models

Large-scale pre-trained language models (LLMs) have advanced
natural language processing, showing potential for multimodal
tasks [28]. However, enabling LLMs to process acoustic and vi-
sual data remains challenging due to structural difference across
modalities. Early methods, such as CHFN [9], which employs a
cascaded hierarchical fusion network to integrate cross-modal in-
teraction in a stepwise manner for MSA, concatenate non-textual
features before input to BERT [6], requiring costly fine-tuning and
risking generalization loss. Modality translation approaches like
TextMI [11], which converts visual and audio signals into synthetic
text description using pre-trained encoder to bridge the modality
gap for MSA, convert non-text inputs to text-like forms, simplifying
pipelines but losing temporal or prosodic details.

Advanced methods, such as UniMSE [14], which unifies MSA
task into a sequence generation paradigm using an encoder-decoder
LLMwith enhanced attention for cross-modal fusion, andUniSA [21],
which standardizes sub-tasks into sequence generation with con-
trastive pretraining on BART, T5, or GPT2 backbones, modify LLMs
with attention mechanisms and multimodal pretraining, but in-
crease computational complexity. Non-LLM fusion models like
TFN [48], which employs tensor fusion to model unimodal, bimodal,
and trimodal interactions for sentiment analysis, and MulT [36],
which uses directional pairwise cross-modal transformer to en-
able interactions between modalities for efficient fusion, achieve

competitive performance on MOSEI/MELD but require higher com-
putational budgets.

Token-based interfaces for frozen LLMs, such as SPAE’s [47]
semantic pyramid autoencoder, which hierarchically encodes mul-
timodal inputs into tokens for frozen LLMs in generation tasks,
and morph-tokens [29], which learns adaptive morph-tokens to
represent images for both comprehension and generation in multi-
modal LLMs, enable multimodal integration without fine-tuning.
Frozen transformer design [30], which demonstrates that frozen
LLM layers can serve as effective visual encoders when combined
with trainable adapter, treat LLMs as fixed encoder to preserve
pre-trained knowledge.

Unlike SPAE’s pyramid encoding, the ATGFB-MFF framework
generates pseudo-tokens through multi-scale latent attention fu-
sion, integrating non-text modalities with text and prompt tokens
for frozen LLMs. This approach ensures semantic fidelity and sta-
bility while maintaining computational efficiency.

3 Methods
3.1 Overall Architecture
Figure 1 illustrates the proposed framework for MSA and ERC tasks,
which is systematically organized into five primary components:
modality encoding, adaptive text-guided fiber bundle feature fusion
(ATGFBFF), multi-scale latent attention fusion, LLM-based senti-
ment inference, and model learning. The workflow begins with the
modality encoding stage, where temporal dynamics are captured
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from visual and acoustic informations while global semantic con-
texts are extracted from textual inputs to provide a foundation for
cross-modal interaction. These features are then fed into the ATGF-
BFF module, the core of the architecture. Inspired by fiber bundle
theory, this module disentangles multimodal information into a
shared semantic space and modality-specific fiber offset spaces.
By leveraging textual guidance to calibrate non-verbal signals, it
effectively integrates disparate modalities into a unified, semantics-
aware representation.

Subsequently, the multi-scale latent attention fusion component
refines the fused features by employing parallel pathwayswith vary-
ing bottleneck factors to extract representations at multiple gran-
ularities. This stage captures high-order cross-modal correlations
through a latent attention mechanism, projecting the information
into a compact latent form. To bridge the gap between latent fea-
tures and linguistic reasoning, the LLM-based sentiment inference
module transforms these refined representations into pseudo-token
embeddings. These embeddings are concatenated with task-specific
prompts and processed by a frozen LLM for generative sentiment
prediction. Finally, the model learning component ensures effective
optimization by integrating specialized losses to enforce robust
feature alignment and structural integrity across the manifold.

For clarity, we have written the algorithm flow for the ATGFB-
MFF. Detailed information can be found in Appendix C.

3.2 Modality Encoding
To extract foundational representations from multimodal informa-
tion, we first perform modality-specific encoding.

For visual and acoustic modalities, raw signals are processed
via specialized feature extractors to obtain sequence features 𝑉
and 𝐴. To capture the long-range temporal dependencies within
these sequences, we employ sLSTM [23] encoders. For the textual
modality, the input sentence is mapped into a high-dimensional
semantic space via LLM embeddings, followed by a Global Average
Pooling (GAP) layer to condense the word-level tokens into a global
semantic vector.The resulting encoded features are denoted as 𝑉 ∈
R𝐵×𝑑𝑉 , 𝐴 ∈ R𝐵×𝑑𝐴 , and 𝑇 ∈ R𝐵×𝑑𝑇 , where 𝐵 represents the batch
size and 𝑑 denotes the respective feature dimensions.

These representations serve as the inputs for the subsequent
adaptive text-guided fiber bundle feature fusion process.

3.3 Adaptive Text-Guided Fiber Bundle Feature
Fusion

To achieve effective cross-modal alignment and fusion while pre-
serving modality-specific information, we propose the adaptive
text-guided fiber bundle feature fusion (ATGFBFF) module. Inspired
by the fiber bundle theory [5, 52] in differential geometry, this
module decomposes multimodal representations into an adaptive
text-guided shared semantic space, acting as the base manifold, and
modality-specific fiber offset spaces.

Initially, the visual and acoustic features 𝑉 and 𝐴 are projected
into two independent linear layers to disentangle common seman-
tics from specific details. Specifically, 𝑉 is processed by the VCFT
and VSFT modules to generate a shared projection 𝑧𝑉𝑐 and a spe-
cific projection 𝑍𝑉

𝑝 , respectively. Similarly, 𝐴 is transformed into
𝑧𝐴𝑐 and 𝑍𝐴

𝑝 via the ACFT and ASFT modules. In contrast, as textual

information serves as the primary semantic anchor for sentiment
inference, 𝑇 is projected solely into a shared semantic space 𝑧𝑇𝑐
through the TCFT module, formulated as:

𝑧𝑉𝑐 =𝑉𝑊𝑣,𝑠 , 𝑍𝑉
𝑝 =𝑉𝑊𝑣,𝑝

𝑧𝐴𝑐 = 𝐴𝑊𝑎,𝑠 , 𝑍𝐴
𝑝 = 𝐴𝑊𝑎,𝑝 , 𝑧𝑇𝑐 =𝑇𝑊𝑡,𝑠

(1)

where 𝑧 ( ·)𝑐 , 𝑍
( ·)
𝑝 ∈ R𝐵×𝐻 and𝑊 denote trainable weight matrices.

To ensure the dominance of textual semantics during the fusion
process, we introduce a trainable log-likelihood vector 𝛼logits ∈
R3, which is normalized via a Softmax function to yield modality
weights (𝜆𝑇 , 𝜆𝑉 , 𝜆𝐴). By maximizing 𝜆𝑇 during initialization, the
text modality effectively guides the alignment of non-verbal signals.
The unified shared semantic representation 𝑍𝑠 ∈ R𝐵×𝐻 is then
computed by the TGCSF module as a weighted aggregation:

𝑍𝑠 = 𝜆𝑇𝑧
𝑇
𝑐 + 𝜆𝑉 𝑧𝑉𝑐 + 𝜆𝐴𝑧𝐴𝑐 (2)

which represents the core manifold of the multimodal data. This
adaptive weighting mechanism allows the model to dynamically
prioritize the most reliable modality while maintaining a consistent
semantic core across different samples.

Following the establishment of the base manifold 𝑍𝑠 , we define
the fiber offset spaces to explicitly model modality-specific varia-
tions that deviate from this common core. These offsets, Δ𝑉 and Δ𝐴,
are calculated by the VSFG and ASFG modules by measuring the
divergence between the specific projections and the shared space:

Δ𝑉 = 𝑍𝑉
𝑝 − 𝑍𝑠 , Δ𝐴 = 𝑍𝐴

𝑝 − 𝑍𝑠 (3)

where Δ𝑉 ,Δ𝐴 ∈ R𝐵×𝐻 . We theoretically ground this disentangle-
ment strategy in Fiber Bundle geometry. Geometrically, Δ𝑉 and Δ𝐴
act as vertical fibers that capture unique modal characteristics not
present in the textual anchor. For a rigorous mathematical deriva-
tion demonstrating why this linear subtraction is valid under the
condition of local trivialization, please refer to Appendix A.

Finally, the comprehensive multimodal representation𝑀 is con-
structed by concatenating these structured components:

𝑀 = [𝑍𝑠 + Δ𝑉 + Δ𝐴] (4)

where 𝑀 ∈ R𝐵×𝐻 . This disentangled architecture not only facil-
itates robust cross-modal alignment but also isolates modality-
private information, thereby enhancing the framework’s gener-
alization across diverse and potentially noisy environments.

3.4 Multi-Scale Latent Attention Fusion
To further refine the fused multimodal representation 𝑀 ∈ R𝐵×𝐻

and capture high-order correlations across varying semantic granu-
larities, we introduce the multi-scale latent attention fusion [7, 26]
mechanism. Recognizing that emotional cues can manifest at multi-
ple scales that range from subtle micro-expressions to global tonal
shifts. we employ three parallel MLPs with distinct bottleneck fac-
tors 𝑟𝑖 ∈ {8, 16, 32} to extract hierarchical representations.

For each scale 𝑖 ∈ {1, 2, 3}, the multi-scale feature𝑚𝑖 ∈ R𝐵×𝐻 is
defined as:

𝑚𝑖 =𝑊
2
𝑖 𝜎 (𝑊 1

𝑖 𝑀) (5)

where𝑊 1
𝑖 ∈ R𝐻×(𝐻/𝑟𝑖 ) and𝑊 2

𝑖 ∈ R(𝐻/𝑟𝑖 )×𝐻 are trainable weights,
and 𝜎 denotes the GELU activation function.
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To unify thesemulti-scale outputs, the features are passed through
a Low-Rank Latent Projection module to map them into a shared
latent space:

𝑚′𝑖 =𝑊𝑖𝑚𝑖 + 𝑏𝑖 (6)

where𝑊𝑖 ∈ R𝑑𝑙 ×𝐻 projects the features into a unified dimension
𝑑𝑙 . These projected representations are then stabilized via Latent
Normalization (LN) and aggregated through a Multi-Scale KV For-
mation module to construct the key-value pairs:

𝐾𝑉 =
[
LN(𝑚′1); LN(𝑚′2); LN(𝑚′3)

]
(7)

To capture complex inter-dependencies between these scales,
a set of learnable latents 𝐿 ∈ R𝑛𝑙 ×𝑑𝑙 is introduced as queries in a
Cross-Attention module. The interaction is formulated as:

𝑀̄ = softmax
(
𝑄𝐾⊤
√
𝑑𝑘

)
𝑉 , where 𝑄 = 𝐿, 𝐾,𝑉 = 𝐾𝑉 (8)

where the output 𝑀̄ ∈ R𝐵×𝑛𝑙 ×𝑑𝑙 is further processed through a
residual connection (N(·)) and a feed-forward network (𝜓 (·)) to
yield the refined latent state 𝐿′:

𝐿′ = N(𝐿 + 𝑀̄) +𝜓 (N(𝐿 + 𝑀̄)) (9)

This architecture effectively condenses the rich multimodal in-
formation into a compact latent form while preserving the most
salient emotional features across different scales.

3.5 LLM-Based Sentiment Inference
The final stage of the framework bridges the gap between latent
multimodal features and the LLM’s semantic space. The processed
latents 𝐿′ are first projected to match the hidden dimension of the
LLM via a linear transformation:

𝑍𝑀̄ = Linear(𝐿′) (10)

where 𝑍𝑀̄ ∈ R𝐵×𝑑𝑡 encapsulates the integrated non-verbal and
text-guided semantics.

To ensure compatibility with the LLM’s autoregressive attention
mechanism, we expand 𝑍𝑀̄ into a sequence of 𝑛 pseudo-tokens by
applying learned per-token offsets 𝐸 ∈ R𝑛×𝑑𝑡 :

𝑇𝑀̄ [𝑏, 𝑗, :] = 𝑍𝑀̄ [𝑏, :] + 𝐸 [ 𝑗, :] (11)

where 𝑗 ∈ {0, . . . , 𝑛 − 1}. These pseudo-tokens 𝑇𝑀̄ act as a prefix or
specialized embedding sequence that injects condensed multimodal
evidence into the large language model.

To perform sentiment analysis or emotion recognition, we con-
struct the final input sequence by concatenating the task-specific
Prompt Embeddings 𝑇𝑃 with the generated pseudo-tokens 𝑇𝑀̄ :

𝐼 = [𝑇𝑃 ;𝑇𝑀̄ ] (12)

where𝑇𝑃 represents the tokenized instructions designed for specific
datasets. The Frozen Large Language Model then processes this
combined sequence 𝐼 to generate the final prediction.

By leveraging the pre-trained reasoning capabilities of the LLM,
the framework effectively decodes the latent emotional cues embed-
ded within𝑇𝑀̄ into precise sentiment labels or intensity values. This
design ensures that the model remains grounded in the provided
prompt context while being enriched by the aligned multimodal
information.

3.6 Model Learning
To optimize the trainable components of the framework while
keeping the Large Language Model frozen, we employ a multi-
objective learning strategy consisting of three complementary loss
terms.

The primary objective is the autoregressive cross-entropy loss,
which measures the model’s proficiency in generating sentiment
tokens [43]. Given the concatenated input sequence 𝐼 = [𝑇𝑃 ;𝑇𝑀̄ ]
and the ground-truth token sequence 𝑌 = (𝑌1, . . . , 𝑌𝑁 ), the task
loss is formulated as:

Ltask = −
𝑁∑︁
𝑘=1

log Pr(𝑌𝑘 | 𝐼 , 𝑌<𝑘 ;𝜃LLM) (13)

where 𝜃LLM denotes the fixed parameters of the LLM. This objective
drives the ATGFB-MFF module to synthesize pseudo-tokens that
effectively bridge the semantic gap, guiding the LLM toward precise
sentiment intensity regression or emotion classification.

To ensure that the shared-space projections 𝑧𝑇𝑐 , 𝑧𝑉𝑐 , 𝑧𝐴𝑐 are well-
aligned within the text-guided manifold, we introduce the shared
space consistency loss. This term encourages modality alignment
by minimizing the pairwise Euclidean distances between the three
projections:

Lalign =
1
2

∑︁
𝑖, 𝑗∈{𝑇,𝑉 ,𝐴},𝑖≠𝑗

∥𝑧𝑖𝑐 − 𝑧
𝑗
𝑐 ∥22 (14)

By penalizing the divergence between modalities in the common
semantic space, this loss ensures that the text modality can success-
fully act as a semantic anchor to calibrate the non-verbal signals.

Finally, to maintain the structural integrity of the fiber bundle
decomposition, we apply a fiber offset regularization loss. This
term prevents the fiber offsets Δ𝑉 and Δ𝐴 from capturing redun-
dant noise or becoming excessively large, which could otherwise
overwhelm the base manifold:

Lfiber = ∥Δ𝑉 ∥22 + ∥Δ𝐴∥22 (15)

This regularization constrains the magnitude of modality-specific
deviations, ensuring that the final fusion𝑀 remains centered on the
stable semantic core while still preserving essential modal nuances.

The total learning objective of the framework is defined as a
weighted sum of the aforementioned losses:

L = Ltask + 𝛼Lalign + 𝛽Lfiber (16)

where 𝛼 and 𝛽 are hyperparameters used to balance the alignment
and regularization terms against the primary task-specific objective.

4 Experiments
4.1 Datasets
We selected four benchmark datasets related to MSA and ERC
tasks to evaluate the performance of the proposed ATGFB-MFF
framework. These datasets are respectively named: MOSEI [49],
MELD [31], SIMS-V2 [24], and CHERMA [33]. All of them cover
multiple languages, modalities, and sentiments. For more informa-
tion on the datasets, see Appendix B.
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Table 1: Comparative results of MSA on MOSEI and SIMS-V2 datasets. All baselines’ results without MSE on SIMS-V2 are cited
from literature [24]. Results are averaged over three random seeds, with standard deviations reported. Bold indicates the best
performance.

Model MOSEI SIMS-V2

Acc-2 F1 Acc-7 MAE Corr Acc-2 F1 Acc2-weak MAE Corr

TFN 79.66 ± 0.32 78.41 ± 0.35 50.60 ± 0.41 0.567 ± 0.015 0.718 ± 0.012 76.77 ± 0.38 76.31 ± 0.40 66.32 ± 0.45 0.520 ± 0.018 0.616 ± 0.014
LMF 80.82 ± 0.30 80.59 ± 0.33 51.55 ± 0.39 0.561 ± 0.014 0.721 ± 0.011 77.15 ± 0.36 76.93 ± 0.39 68.74 ± 0.43 0.541 ± 0.017 0.644 ± 0.013
MulT 81.35 ± 0.29 81.29 ± 0.31 52.64 ± 0.38 0.552 ± 0.013 0.743 ± 0.010 80.22 ± 0.34 79.61 ± 0.36 71.67 ± 0.41 0.510 ± 0.016 0.715 ± 0.012

MAG-BERT 82.63 ± 0.28 82.44 ± 0.30 51.37 ± 0.40 0.588 ± 0.016 0.738 ± 0.011 80.35 ± 0.33 79.54 ± 0.35 72.09 ± 0.40 0.527 ± 0.015 0.698 ± 0.011
MISA 83.77 ± 0.27 83.85 ± 0.29 52.61 ± 0.37 0.550 ± 0.013 0.764 ± 0.009 - - - - -

ConFEDE 84.20 ± 0.26 84.10 ± 0.28 52.80 ± 0.36 0.548 ± 0.013 0.768 ± 0.009 - - - - -
ALMT 84.50 ± 0.26 84.30 ± 0.28 53.00 ± 0.36 0.545 ± 0.012 0.770 ± 0.009 - - - - -
SPAE 83.90 ± 0.27 83.95 ± 0.29 52.70 ± 0.37 0.549 ± 0.013 0.765 ± 0.009 - - - - -
MMIM 82.56 ± 0.28 82.66 ± 0.30 54.61 ± 0.36 0.537 ± 0.012 0.776 ± 0.009 81.45 ± 0.32 80.94 ± 0.34 72.41 ± 0.39 0.523 ± 0.014 0.714 ± 0.011
CHFN 83.81 ± 0.27 83.69 ± 0.29 54.70 ± 0.36 0.530 ± 0.012 0.778 ± 0.009 - - - - -
UniMSE 85.90 ± 0.25 85.75 ± 0.27 54.49 ± 0.35 0.527 ± 0.011 0.771 ± 0.008 - - - - -

UniSAGPT2 74.60 ± 0.35 - 45.36 ± 0.42 0.803 ± 0.018 - - - - - -
UniSAT5 84.73 ± 0.26 - 52.94 ± 0.37 0.541 ± 0.013 - - - - - -

UniSABART 85.11 ± 0.26 - 50.13 ± 0.39 0.582 ± 0.014 - - - - - -

MSE-Qwen-1.8B 84.88 ± 0.26 84.15 ± 0.28 53.05 ± 0.36 0.563 ± 0.013 0.743 ± 0.010 81.64 ± 0.32 79.41 ± 0.34 73.27 ± 0.39 0.314 ± 0.010 0.660 ± 0.012
ATGFB-Qwen-1.8B 87.75 ± 0.24 87.52 ± 0.26 54.23 ± 0.35 0.531 ± 0.012 0.779 ± 0.011 80.82 ± 0.33 80.67 ± 0.35 74.50 ± 0.38 0.362 ± 0.011 0.692 ± 0.012

MSE-LLaMA2-7B 86.47 ± 0.25 85.71 ± 0.27 55.79 ± 0.34 0.514 ± 0.011 0.766 ± 0.009 75.84 ± 0.36 75.38 ± 0.38 67.91 ± 0.42 0.387 ± 0.013 0.568 ± 0.014
ATGFB-LLaMA2-7B 88.63 ± 0.23 87.84 ± 0.25 57.76 ± 0.33 0.486 ± 0.010 0.798 ± 0.008 77.97 ± 0.35 77.74 ± 0.36 71.59 ± 0.40 0.379 ± 0.012 0.556 ± 0.014

MSE-ChatGLM3-6B 85.78 ± 0.25 85.32 ± 0.27 54.19 ± 0.35 0.541 ± 0.012 0.771 ± 0.009 82.66 ± 0.31 82.34 ± 0.33 75.06 ± 0.38 0.313 ± 0.010 0.708 ± 0.011
ATGFB-ChatGLM3-6B 89.83 ± 0.22 89.49 ± 0.24 58.04 ± 0.32 0.529 ± 0.011 0.803 ± 0.008 86.85 ± 0.30 85.75 ± 0.32 79.43 ± 0.36 0.284 ± 0.009 0.736 ± 0.010

Table 2: Experimental results of ERC onMELD and CHERMA
datasets. All baselines’ results without MSE on CHERMA are
cited from literature [33]. Results are averaged over three
random seeds, with standard deviations reported. Bold indi-
cates the best performance.

Model MELD CHERMA

Acc WF1 Acc WF1

TFN 61.27 ± 0.40 57.89 ± 0.42 - 68.63 ± 0.38
LMF 61.45 ± 0.39 58.55 ± 0.41 - 68.39 ± 0.39
MulT 62.50 ± 0.38 59.20 ± 0.40 - 69.50 ± 0.37

MMGCN 60.92 ± 0.40 58.74 ± 0.41 - -
MM-DFN 62.45 ± 0.38 59.88 ± 0.40 - -
GA2MIF 62.15 ± 0.39 59.34 ± 0.40 - -
ConFEDE 63.80 ± 0.37 60.50 ± 0.39 - -
ALMT 64.00 ± 0.37 61.00 ± 0.39 - -
SPAE 63.90 ± 0.37 60.70 ± 0.39 - -

UniMSE 64.43 ± 0.37 65.51 ± 0.38 - -
UniSAGPT2 48.51 ± 0.45 33.74 ± 0.48 - -
UniSAT5 64.42 ± 0.37 62.58 ± 0.39 - -

UniSABART 63.09 ± 0.38 62.97 ± 0.39 - -

MSE-Qwen-1.8B 62.73 ± 0.38 60.26 ± 0.40 70.41 ± 0.36 70.52 ± 0.35
ATGFB-Qwen-1.8B 65.48 ± 0.36 62.56 ± 0.38 73.99 ± 0.34 73.70 ± 0.33

MSE-LLaMA2-7B 65.28 ± 0.36 63.75 ± 0.37 71.59 ± 0.35 71.33 ± 0.34
ATGFB-LLaMA2-7B 66.68 ± 0.35 63.55 ± 0.37 74.36 ± 0.33 73.58 ± 0.32

MSE-ChatGLM3-6B 66.45 ± 0.35 65.33 ± 0.36 73.26 ± 0.33 72.88 ± 0.32
ATGFB-ChatGLM3-6B 69.91 ± 0.33 68.93 ± 0.34 75.79 ± 0.31 75.42 ± 0.31

4.2 Experimental Settings
We describe the experimental setup used to evaluate the ATGFB-
MFF module. We employ three pre-trained large language models
as base networks: Qwen-1.8B [2], ChatGLM3-6B [8], and LLaMA2-
7B [35], all of which were frozen during training. All experiments
were conducted on six NVIDIA RTX 4090 GPUs, with results aver-
aged across three random seeds [1111, 3333] to ensure statistical
reliability. The number of trainable parameters shown in appendix

varies due to dataset-specific input dimensions and task complexity
(e.g., CHERMA’s multi-turn dialogue task requires larger projection
matrices in ATGFBFF). Detailed hyperparameters and task-specific
configurations are provided in Appendix D.

4.3 Baseline
In order to comprehensively assess the effectiveness of the proposed
ATGFB-MFF framework, we compare its performance with a range
of baselines respectively called TFN [48], LMF [25], MISA [12],
MAG-BERT [32], MMIM [10], CHFN [9], MulT [36], UniMSE [14],
ConFEDE [41], ALMT [51], SPAE [47], UniSABART, UniSAT5,
UniSAGPT2 [21], MMGCN [15], MM-DFN [13], GA2MIF [19], MSE-
Adapter [43]. A description of the contents of the relevant baselines
can be found in Appendix E.

4.4 Metrics
Due to differences in the types and granularity of sentiment labels
across datasets, we adopt customized evaluation metrics tailored to
each dataset. For MOSEI dataset, we report MAE, Corr, Acc-2, Acc-
7, and F1 to be the metrics. For SIMS-V2 dataset, we use MAE, Corr,
Acc-2, Acc2-weak, and F1. For both MELD and CHERMA datasets,
Acc and weighted F1 (WF1) are selected. It should be noted that in
the MOSEI, SIMS-V2, MELD, and CHERMA datasets, the values of
the six indicators Acc-2, Acc2-weak, F1, Acc-7, Acc, and WF1 all
omit the unit of %. For a detailed description of the Metrics, please
refer to Appendix F.

4.5 Results and Analysis
We report the experimental results of ATGFB-MFF on the MOSEI,
SIMS-V2, MELD, and CHERMA datasets in Table 1 and Table 2.
Compared to various baseline methods including TFN, LMF, MulT,
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ChatGLM3-6B LLaMA2-7B Qwen-1.8B

Figure 2: Ablation Analysis of ATGFB-MFF module. Compare the full model with three variants: one without the ATGFBFF, one
without the shared space consistency loss, and another without the fiber offset regularization loss. Experiments are performed
on three different LLMs.

Table 3: The Robustness experiments results on MOSEI and
CHERMA datasets. T, V, and A respectively represents text,
visual, and audio modalities. The ’w/o’ means remove the
corresponding module.

MOSEI CHERMA
Acc-2 F1 Acc WF1

w/o A 85.50 84.80 72.00 71.50
w/o V 84.90 84.20 71.50 71.00
w/o T 80.50 79.98 67.10 66.72
w/o A,V 81.06 80.30 69.42 69.00

w/o ATGFBFF 83.56 83.30 71.00 70.50

ATGFB-MFF 89.83 89.49 75.79 75.42

MAG-BERT, MISA, ConFEDE, ALMT, SPAE, UniMSE and MSE-
Adapter, our method achieves consistently excellent performance
on all major metrics.

On MOSEI, ATGFB-ChatGLM3-6B gets highest Acc-2 and F1
respectively achieves 89.83% and 89.49%, while ATGFB-LaMA2-7B
obtains the lowest MAE (0.486) and the highest Corr (0.798), indi-
cating higher regression accuracy. Similarly, on SIMS-V2, ATGFB-
ChatGLM3-6B again outperforms all baselines with Acc-2 and F1 of
86.85% and 85.75%, respectively, suggesting its strong generalization
ability in multilingual sentiment analysis.

ATGFB-MFF brings continuous improvement compared to the
MSE-Adapter baseline under the same backbone. On MOSEI, the
Acc-2 and F1 of ATGFB-ChatGLM3-6B are 4.05% and 4.17% higher
than MSE-ChatGLM3-6B, respectively. Similar improvements were
observed for other LLMs, confirming the advantages of the adaptive
fiber bundle text-guided structural modeling approach over the
original adapter-based design.

ATGFB-MFF also performs well in MELD and CHERMA, outper-
forming models such as MSE-Adapter and ALMT by an average of
3% in weighted F1. Notably, ATGFB-ChatGLM3-6B achieved the
best results on both datasets, reaching 69.91% Acc and 68.93% WF1

on MELD and 75.79% Acc and 75.42% WF1 on CHERMA. Perfor-
mance outperforms all baseline models in comparison.

Overall, these results highlight the effective and processing
power of ATGFB-MFF. Across multiple LLMs (Qwen-1.8B, LLaMA2-
7B, ChatGLM3-6B), our approach maintains strong compatibility
without the need to fine-tune the LLMs. The performance enhance-
ment stems from the proposed adaptive text-guided fiber bundle
multimodal constructed data structure modeling method, which
structurally decouples shared representations and fiber offset rep-
resentations to achieve robust multimodal fusion.

5 Discussion
5.1 Ablation Studies
To validate the contribution of each component, we performed
ablation studies across all datasets and backbone LLMs, as sum-
marized in Figure 2. The ATGFBFF module proves fundamental;
its removal precipitates the most significant performance decline,
with Acc-2 falling from 89.83% to 86.90% on MOSEI. This confirms
the necessity of structurally decomposing features into base and
fiber spaces. The shared space consistency Loss is also essential
for semantic alignment; eliminating it causes a notable reduction,
decreasing accuracy on SIMS-V2 from 86.85% to 85.32%, indicating
its role in ensuring cross-modal coherence.

Finally, omitting the fiber offset regularization Loss results in
only marginal variations (approximately 0.6% difference), suggest-
ing it functions primarily as a fine-grained stabilizer rather than a
core structural driver. This hierarchy validates our geometric ap-
proach: ATGFBFF establishes the structure, consistency loss ensures
alignment, and regularization loss refines stability.

5.2 The Robustness under Missing Modalities
To evaluate the model’s robustness under missing modalities, we
conducted experiments on the MOSEI and CHERMA datasets, re-
moving the text, visual, or audio modality separately. The exper-
imental results are detailed in Table 3. Removing any non-text
modality, either individually or in combination, resulted in a de-
crease in accuracy, indicating that these modalities are crucial for
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MELD SIMS-V2

Figure 3: Loss function parameter analysis for MELD and
SIMS-V2 datasets.

sentiment inference. Themost significant drop in accuracy occurred
when the text modality was removed, highlighting the core role of
text in capturing sentiment context.

The ATGFB-MFF framework effectively addresses these issues
through its ATGFBFF module. The adaptive text-guided shared se-
mantic space 𝑍𝑠 ensures stable model performance by maintaining
core semantic consistency across the remaining modalities, while
the feature fiber offset spaces Δ𝑉 ,Δ𝐴 filter out modal specific noise.
This decomposition strategy enhances the model’s robustness to
missing modalities, as demonstrated by the results of the ATGFB-
MFF model in various experiments.

5.3 Model Learning Parameter Analysis
To investigate the impact of auxiliary constraints, we conducted
a sensitivity analysis on the shared space consistency weight 𝛼 ∈
[0.5, 1.0] and fiber offset regularization weight 𝛽 ∈ [0.1, 0.3] using
LLaMA2-7B.

As illustrated in Figure 3, optimal performance is achieved at
𝛼 = 0.6 and 𝛽 = 0.1 across both MELD and SIMS-V2 datasets. Devi-
ating from this configuration reveals distinct trends: increasing 𝛼
leads to consistent performance degradation (e.g., SIMS-V2 accu-
racy drops from 77.97% to 75.30% at 𝛼 = 1.0), suggesting that exces-
sive alignment homogenizes features and erodes unique modality-
specific cues. Similarly, higher 𝛽 values impose overly strict con-
straints on fiber offsets, hindering feature adaptability and resulting
in underfitting. These results confirm that moderate auxiliary su-
pervision (𝛼 = 0.6, 𝛽 = 0.2) strikes the necessary balance between
cross-modal semantic consistency and the preservation of diverse
modality attributes.

5.4 Feature Representation Visualization
To demonstrate the superior representational power of ATGFBFF,
we visualize the feature topology via t-SNE in Figure 4. The visual-
ization reveals two critical strengths of our learned representations.
Firstly, the high compactness of the text clusters (shown in red)
confirms that the adaptive Base Space works as a stable semantic
anchor. This stability is crucial because it filters out modal noise
and keeps the sentiment grounding consistent. Secondly, the audio
and visual clusters show a clear dispersion with sharp boundaries
and zero overlap. This pattern is significant as it proves the model’s
ability to strictly separate modality-specific nuances.

(a) MOSEI (b) SIMS-V2

(c) MELD (d) CHERMA

Figure 4: t-SNE visualization of feature representations
on MOSEI, SIMS-V2, MELD, and CHERMA datasets us-
ing ChatGLM3-6B. Red, blue, and green clusters represent
text, audio, and visual modalities, respectively. The non-
overlapping clusters demonstrate effective modality separa-
tion by ATGFBFF.

By isolating these vertical fiber components, the model cap-
tures non-redundant modal variations without interfering with the
shared semantic core. This distinct geometric separation ensures
that ATGFB-MFF learns highly discriminative features. As a result,
it effectively reduces cross-modal ambiguity while preserving the
independent information needed for robust sentiment inference.

6 Conclusion
In this study, we propose ATGFB-MFF, a novel multimodal sen-
timent inference framework based on fiber bundle theory, which
structurally separates shared semantic consensus from modality-
specific information. This is achieved by explicitly modeling the
representation space which consisting of an adaptive text-guided
shared semantic space and fiber offset spaces. In addition, we intro-
duce shared space consistency loss and fiber offset regularization
loss to enhance cross-modal alignment and stabilize representation
learning. The fused features are encoded as structured pseudo-
token sequences and directly fed into a frozen LLM to effectively
process MSA and ERC tasks by leveraging its inherent reasoning
capabilities. Extensive experiments on four benchmark datasets
demonstrate that ATGFB-MFF achieves remarkable performance.
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A Mathematical Formulation of ATGFBFF
In this section, we provide the rigorous geometric justification for
the ATGFBFF module, explicitly deriving how the Local Trivializa-
tion property of fiber bundles supports our feature decomposition
strategy.

Geometric Variable Definition: We align the abstract fiber
bundle tuple (𝐸, 𝐵, 𝜋, 𝐹 ) with our model variables defined in the
main text:
• Base Manifold (𝐵): The adaptive text-guided shared space
𝑍𝑠 forms the base manifold:

𝐵 := {𝑍𝑠 ∈ R𝐻 | 𝑍𝑠 = 𝜆𝑇𝑧𝑇𝑐 + 𝜆𝑉 𝑧𝑉𝑐 + 𝜆𝐴𝑧𝐴𝑐 }

• Total Space (𝐸): The specific projection spaces 𝑍𝑉
𝑝 and 𝑍𝐴

𝑝

reside in the total space 𝐸, representing the entangled obser-
vations.

Proof via Local Trivialization: The fundamental axiom justi-
fying our disentanglement is Local Trivialization. A fiber bundle
requires that for any semantic state 𝑧 ∈ 𝐵, there exists a local
neighborhood 𝑈 ⊂ 𝐵 and a diffeomorphism Φ such that 𝐸 � 𝐵 × 𝐹 .

In the ATGFBFF framework, we enforce the feature space to be
a Trivial Vector Bundle, allowing the total space to be decomposed
as a direct sum (𝐸 � 𝐵 ⊕ 𝐹 ). This geometric property provides the
necessary condition to isolate the fiber component using linear
subtraction. Taking the visual modality as an example:

Δ𝑉 = proj𝐹 (𝑍𝑉
𝑝 ) = 𝑍𝑉

𝑝︸︷︷︸
Total Space

− 𝑍𝑠︸︷︷︸
Base Semantic Space

Similarly, for the audio modality, the extraction holds as Δ𝐴 =

𝑍𝐴
𝑝 − 𝑍𝑠 . Here, the subtraction operation is valid precisely because

the bundle is trivialized and equipped with a linear vector structure.

B Details of Datasets
MOSEI: An English multimodal sentiment analysis dataset con-
taining over 23,000 annotated video clips from YouTube opinion
videos. Each clip includes aligned visual, audio, and text modalities
and is labeled with sentiment intensity ranging from −3 (strongly
negative) to +3 (strongly positive).
MELD: A multi-party dialogue dataset from the TV show Friends,
designed for sentiment recognition tasks. It contains 13,000 sen-
tences from 1,433 dialogues, annotated with seven sentiment cate-
gories. MELD provides aligned audio, video, and text modalities.
SIMS-V2: A Chinese multi-party dialogue (MSA) dataset composed
of short video comments collected from online platforms. The
dataset contains 22,000 annotated samples, each annotated with
a real-valued emotion score (range [0, 2]), and includes text tran-
scripts, facial expressions, and acoustic signals.
CHERMA: A Chinese ERC dataset from real-world onlinemeetings.
It contains multi-turn dialogues with speaker labels and annota-
tions for 9 emotion categories. The dataset provides audio, video,
and text modalities aligned at the sentence level.

C Algorithm flow of the ATGFB-MFF
The following pseudocode describes the overall workflow of the
ATGFB-MFF model framework.

Algorithm 1 Data processing flow of ATGFB-MFF

Input: Encoded features 𝑉 ,𝐴,𝑇 ; Prompt 𝑇𝑝 ; Ground-truth 𝑌 .
Output: Prediction 𝑌 ; Total Loss L𝑡𝑜𝑡𝑎𝑙 .
1: Stage 1: Adaptive Text-Guided Fiber Bundle Fusion
2: 𝑧𝑉𝑐 , 𝑍

𝑉
𝑝 ← Linear𝑣,𝑠 (𝑉 ), Linear𝑣,𝑝 (𝑉 )

3: 𝑧𝐴𝑐 , 𝑍
𝐴
𝑝 ← Linear𝑎,𝑠 (𝐴), Linear𝑎,𝑝 (𝐴)

4: 𝑧𝑇𝑐 ← Linear𝑡,𝑠 (𝑇 )
5: (𝜆𝑇 , 𝜆𝑉 , 𝜆𝐴) ← Softmax(𝛼logits)
6: 𝑍𝑠 ← 𝜆𝑇𝑧

𝑇
𝑐 + 𝜆𝑉 𝑧𝑉𝑐 + 𝜆𝐴𝑧𝐴𝑐

7: Δ𝑉 ← 𝑍𝑉
𝑝 − 𝑍𝑠 , Δ𝐴← 𝑍𝐴

𝑝 − 𝑍𝑠
8: 𝑀 ← [𝑍𝑠 ⊕ Δ𝑉 ⊕ Δ𝐴]
9: Stage 2: Multi-Scale Latent Attention Fusion
10: for 𝑖 = 1 to 3 do
11: 𝑚𝑖 ← MLP𝑖 (𝑀 ; 𝑟𝑖 ∈ {8, 16, 32})
12: 𝑚′𝑖 ← Linear𝑝𝑟𝑜 𝑗 (𝑚𝑖 )
13: end for
14: 𝐾𝑉 ← Stack( [LN(𝑚′1), LN(𝑚′2), LN(𝑚′3)])
15: 𝑀̄ ← MultiHeadAttention(𝑄 = 𝐿, 𝐾 = 𝐾𝑉,𝑉 = 𝐾𝑉 )
16: 𝐿′ ← LayerNorm(𝐿 + 𝑀̄ + FFN(LayerNorm(𝐿 + 𝑀̄)))
17: Stage 3: LLM Inference & Loss Calculation
18: 𝑇𝑀̄ ← PseudoTokenGen(Linear𝑡𝑜𝑘𝑒𝑛 (𝐿′))
19: 𝐼 ← [𝑇𝑝 ;𝑇𝑀̄ ]
20: 𝑌 ← Frozen-LLM(𝐼 )
21: Ltask ← CrossEntropy(𝑌,𝑌 )
22: Lalign ← 1

2
∑

𝑖≠𝑗 ∥𝑧𝑖𝑐 − 𝑧
𝑗
𝑐 ∥22

23: Lfiber ← ∥Δ𝑉 ∥22 + ∥Δ𝐴∥22
24: L𝑡𝑜𝑡𝑎𝑙 ← Ltask + 𝛼Lalign + 𝛽Lfiber
25: return 𝑌,L𝑡𝑜𝑡𝑎𝑙

D Training and Task Details
The audio encoder employs a bidirectional long short-termmemory
(BiLSTM) network to process MFCC features extracted from audio;
the visual encoder utilizes a ResNet-18 network pre-trained on
ImageNet to process video frames. Both encoders are frozen to
preserve pre-trained knowledge.

All models were trained using mini-batches of size 8. To ensure
convergence, the number of training epochs varied across datasets:
30 for MOSEI and CHERMA, 40 for SIMS-V2, and 50 for MELD.
The hidden dimensions of the audio and visual encoders varied by
dataset: MOSEI used 64, 64, 64, 32, SIMS-V2 used 32, 64, 32, 16, while
MELD and CHERMA both adopted this configuration. The shared
semantic space dimension is uniformly set to 𝐻 = 512, with the
number of pseudo-tokens fixed at 𝑛 = 4 for all datasets. To balance
expressiveness and decoding efficiency, the maximum generation
length is set to 4 for MOSEI and SIMS-V2, and to 2 for MELD and
CHERMA.

Training employs the AdamW optimizer with a learning rate
of 5𝑒−4 and a weight decay coefficient of 0.01. Early stopping is
implemented based on validation set loss, with a patience threshold
of 5 epochs.
Task-specific configurations:

• Prompt: For MSA tasks (MOSEI, SIMS-V2), the 𝑇𝑃 uses the
fixed sequence “Emotion Analysis:”. For ERC tasks (MELD,
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Table 4: Trainable parameters (in millions, M) of the ATGFB-
MFF framework.

Model Trainable parameters

MOSEI SIMS-V2 MELD CHERMA

ATGFB-Qwen-1.8B 1.30M 1.17M 1.25M 1.66M
ATGFB-LLaMA2-7B 2.27M 1.95M 2.18M 2.44M
ATGFB-ChatGLM3-6B 2.27M 1.95M 2.18M 2.44M

CHERMA), 𝑇𝑃 encodes “Emotion Recognition:”. Prompts un-
dergo embedding via the LLM’s tokenizer.
• Label Semantization: In classification tasks (MELD, CHERMA),
labels appear as words (e.g., “happy”, “sad”). For regression
tasks (MOSEI, SIMS-V2), sentiment scores are discretized
into 7 intervals (MOSEI: -3 to +3; SIMS-V2: 0 to 2). The fi-
nal numerical prediction corresponds to the interval center
value (e.g., “bin3” corresponds to 0 in MOSEI).
• Decoding Mechanism: Output words are generated via
greedy decoding, selecting the word with the highest proba-
bility at each step.
• Word Layout: The input sequence is 𝐼 = [𝑇𝑝 ;𝑇𝑀̄ ], where𝑇𝑃
is the prompt embedding, 𝑇𝑀̄ contains 𝑛 = 4 pseudo-labels.

Detailed hyperparameter and trainable parameters settings are
summarized in Table 4 and Table 5.

Table 5: ATGFB-MFF training hyperparameters and environ-
ment settings across four datasets.

Training Configuration MOSEI SIMS-V2 MELD CHERMA

Batch size 8 8 8 8
Training epochs 30 40 50 20
Learning rate 5𝑒 − 4 5𝑒 − 4 5𝑒 − 4 5𝑒 − 4

Audio LSTM hidden layer dimension 64 64 64 32
Visual LSTM hidden layer dimension 32 64 32 16

Pseudo-label (𝑛) 4 4 4 4
Maximum new labels 4 4 2 2

E Details of Baselines
TFN: Models unimodal and cross-modal dynamics using tensor
fusion of all modality combinations.
LMF: Uses low-rank approximation to reduce the computational
complexity of multimodal fusion.
MISA: Encodes modality-specific and invariant factors explicitly
using mutual information learning.
ConFEDE: Utilizes contrastive learning to decompose multimodal
features into shared andmodality-specific subspaces for multimodal
sentiment analysis.
ALMT: Employs adaptive hyper-modality learning to achieve language-
guided cross-modal alignment, enhancing sentiment representa-
tions.
SPAE: Leverages a semantic pyramid autoencoder to encode multi-
modal inputs into tokens compatible with frozen LLMs.
MAG-BERT: Aligns modalities by adaptively gating non-textual
features into the BERT encoder.
MMIM: Explores modality interaction via hierarchical memory

fusion and attention mechanisms.
CHFN: Employs a hierarchical fusion network to combine multiple
modality pairs at different semantic levels.
MulT: Multimodal Transformer that introduces cross-modal at-
tention modules to enable direct interactions between modalities,
achieving efficient and fine-grained fusion through temporal atten-
tion flows.
UniMSE: Unifies MSA and ERC tasks into a generation-based for-
mulation using the T5 backbone.
UniSA: A unified framework for multimodal sentiment analysis
that standardizes different sub-tasks into a unified sequence gener-
ation paradigm. It includes three backbone variants—UniSABART,
UniSAT5, and UniSAGPT2—based on BART, T5, and GPT2 respec-
tively. These variants are pretrained with contrastive objectives
and fine-tuned on sentiment datasets.
MMGCN: Introduces multimodal graph convolutional networks
for sentiment representation learning.
MM-DFN: Decomposes features into shared and private parts, and
aligns them using contrastive objectives.
GA2MIF: Enhances multimodal fusion through gated adaptive
alignment and mutual information fusion.
MSE-Adapter: Recently proposed models that combine large lan-
guage models with the MSE-Adapter architecture for text-guided
multimodal generation.

F Evaluation Metrics
To evaluate the performance of our ATGFB-MFF framework across
the MOSEI, SIMS-V2, MELD, and CHERMA datasets, we introduced
each metric used in the experiments:
MAE: MAE measures the average absolute difference between pre-
dicted and ground-truth sentiment scores. Lower MAE indicates
better performance.
Corr: Corr measures the linear correlation between predicted and
ground-truth sentiment scores, defined as

Corr =
∑𝑁
𝑖=1 (𝑦̂𝑖− ¯̂𝑦) (𝑦𝑖−𝑦)√︃∑𝑁

𝑖=1 (𝑦̂𝑖− ¯̂𝑦)2 ∑𝑁
𝑖=1 (𝑦𝑖−𝑦)2

, where ¯̂𝑦 and𝑦 are the means of pre-

dicted and true scores, respectively. Higher Corr indicates stronger
alignment.
Acc-2: Acc-2 measures the accuracy of binary sentiment classifica-
tion, computed as the proportion of correct predictions.
Acc2-weak: Acc2-weak evaluates binary classification accuracy
with a relaxed threshold, accounting for ambiguous or low-confidence
sentiment predictions near the neutral boundary.
Acc-7: Acc-7 measures the accuracy of 7-class sentiment classifica-
tion, where continuous scores (−3 to +3) are discretized into 7 bins,
and the proportion of correct bin predictions is reported.
F1: F1 is the harmonic mean of precision and recall for binary or
multi-class sentiment classification, defined as F1 = 2 · precision·recallprecision+recall .
Higher F1 indicates better balance between precision and recall.
WF1: WF1 is the weighted F1 score, computed as the average F1
score across emotion categories, weighted by the number of samples
in each category. This accounts for class imbalance in multi-class
emotion recognition tasks.

7453


	Abstract
	1 Introduction
	2 Related Work
	2.1 Multimodal Fusion and Decomposition Methods
	2.2 Multimodal Integration with Pre-trained Language Models

	3 Methods
	3.1 Overall Architecture
	3.2 Modality Encoding
	3.3 Adaptive Text-Guided Fiber Bundle Feature Fusion
	3.4 Multi-Scale Latent Attention Fusion
	3.5 LLM-Based Sentiment Inference
	3.6 Model Learning

	4 Experiments
	4.1 Datasets
	4.2 Experimental Settings
	4.3 Baseline
	4.4 Metrics
	4.5 Results and Analysis

	5 Discussion
	5.1 Ablation Studies
	5.2 The Robustness under Missing Modalities
	5.3 Model Learning Parameter Analysis
	5.4 Feature Representation Visualization

	6 Conclusion
	Acknowledgments
	References
	A Mathematical Formulation of ATGFBFF
	B Details of Datasets
	C Algorithm flow of the ATGFB-MFF
	D Training and Task Details
	E Details of Baselines
	F Evaluation Metrics



