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SG-DTAM: Joint Staged Generation and Dynamic Time Alignment for Missing and Unaligned
Modalities in Sentiment Analysis

Deling Huang, Ran Gao, Geng Zhang, Jian Yu

e SG-DTAM addresses both missing and unaligned data in multimodal analysis.
e Uses scenario-based MI to dynamically order generation and recover missing data.

Proposes DTAM to align misaligned modalities via multi-head temporal attention.

Achieves 84.3% accuracy on CMU-MOSI despite using only 152K parameters.

Delivers robust sentiment analysis on noisy and sparse data in real-world scenarios.
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Multimodal Sentiment Analysis (MSA) aims to infer users’ emotional states by integrating infor-
mation from multiple modalities, such as language, audio, and visual data. However, real-world
multimodal data often presents two critical challenges: missing modalities and unaligned multimodal
sequences. Missing sources can lead to information loss, while temporal misalignment introduces
inconsistencies—both of which significantly degrade analytical accuracy. While a plethora of existing
approaches effectively address each challenge in isolation, few can tackle both simultaneously without
resorting to complex architectures or incurring substantial computational costs. To overcome these
limitations, we propose SG-DTAM, a novel framework that combines staged generation with multi-
head dynamic temporal alignment. In the first stage, conditional mutual information is employed to
guide a hierarchical series of cross modal attention modules that sequentially reconstruct each missing
modality. In the following alignment stage, a set of attention heads with adaptive weighting reconciles
temporal discrepancies across all modalities without any reliance on external synchronization labels.
Throughout the process, we innovatively introduce a dual supervision objective that combines an
InfoNCE based contrastive loss and a reconstruction loss ensures both precise modality synthesis and
the development of resilient feature representations. We evaluate SG-DTAM on four benchmark MSA
datasets—CMU-MOSI, CMU-MOSEI, IEMOCAP, and MELD. Experimental results demonstrate
that our framework achieves competitive or state-of-the-art performance with relatively few learnable
parameters. Notably, SG-DTAM exhibits robust performance in scenarios involving both missing
and misaligned modalities, underscoring its effectiveness in real-world multimodal sentiment analysis
tasks.

Temporal

1. Introduction Modality| Content | step size Reasons

This section reviews the background and importance of
multimodal sentiment analysis, outlines the dual challenges Video
of uncertain modality absence and temporal misalignment
that impede existing fusion methods, and presents our SG-
DTAM framework as a comprehensive solution to these
challenges.

Inrecent years, advances in deep learning and large-scale
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pre-trained models for computer vision and NLP have made
multimodal sentiment analysis (MSA) increasingly vital in
affective computing and human-computer interaction. Hu-
man emotional expression is inherently multidimensional:
language conveys semantics, facial expressions, and ges-
tures carry nonverbal cues, and speech prosody modulates
emotional valence. Relying on a single modality often fails
to capture sarcasm, micro-expressions, or subtle affective
nuances, making robust multimodal fusion essential for ac-
curate sentiment inference.

In real-world settings, sensor failures, environmental
noise, and discrepancies in device sampling rates or record-
ing durations (as illustrated in Figure. 1) frequently lead to
missing modalities or temporal misalignment. These issues

*Funded by the Science and Technology Innovation Key R&D Program
of Chongqing, China (Grant No. CSTB2023TIAD-STX0031).
*Corresponding author
[ huangdl@cqupt.edu.cn (D. Huang); 2894085674@qq. com (R. Gao);
2386000147@qq. com (G. Zhang); jian.yu@aut.ac.nz (J. Yu)
ORCID(S): 0000-0002-4297-9849 (D. Huang); 0009-0003-5669-2050 (R.
Gao); 0009-0002-2109-7828 (G. Zhang); 0000-0002-2257-7279 (J. Yu)

Figure 1: An illustration of three parallel data streams (video,
audio, language), depicting temporal gaps where individual
modalities become unavailable. Missing segments are indicated
with red dashed lines, and typical causes—such as facial
occlusion in video, ambient noise in audio, and privacy-related
text removal—are listed alongside.

severely undermine the effectiveness of fusion models that
assume complete, perfectly synchronized inputs, highlight-
ing the need for more resilient multimodal techniques.
Existing research in multimodal sentiment analysis has
primarily focused on modality fusion methods. Early works
such as Bidirectional Contextual LSTM (BC-LSTM) [32]
and Tensor Fusion Network (TFN) [48] model inter-modal
dynamics through hierarchical architectures or tensor Carte-
sian products. With the advent of pre-trained models like
BERT [5], dynamic embedding—based fusion techniques
have further improved performance. For instance, Hazarika
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et al. [11] introduced MISA, which learns both modality-
invariant and modality-specific representations, while Rah-
man et al. [34] demonstrated how to integrate multimodal in-
formation into large pre-trained transformers. Subsequently,
Yu et al. [46] leveraged self-supervised multi-task learning
to obtain richer modality-specific features, and Xiao et al.
[43] developed a multi-channel attentive graph convolu-
tional network to fuse sentiment cues. However, most of
these studies rely on two idealized assumptions—complete
modalities and strict temporal alignment—that rarely hold
in real-world scenarios.

Early approaches to missing-modality compensation of-
ten adopted “discard” or “impute” strategies: the former
simply remove missing channels, risking loss of critical
information; the latter uses matrix completion or sample-
similarity interpolation, partially restoring data integrity but
overlooking deep feature correlations, which limits fine-
grained sentiment recognition. More recently, deep learn-
ing methods leveraging autoencoders, cycle-consistency,
and Transformer architectures have attempted to uncover
implicit inter-modal relationships—examples include the
sequence-to-sequence and cyclic translation mechanisms
in Seq2seq2sentiment [30] and Found in Translation [29],
Adaptive Modality Distillation (AMD) [28], Coupled-
Translation Fusion Network (CTFN) [38], Tag-Assisted
Transformer Encoder (TATE) [51], MTMSA [21], Unified
Self-Distillation Framework [19], and UMCA/MIA [42].
While these efforts achieve progress in single-modality ab-
sence scenarios, they are largely restricted to one missing
channel and require separate models for each missing pat-
tern, limiting flexibility in complex, dynamic environments.

Nevertheless, even with complete inputs, disparities in
sensor sampling rates and trigger timings induce temporal
asynchrony that undermines cross-modal fusion. To miti-
gate this, scholars have devised Transformer variants and
sparse attention schemas such as Progressive Modality Re-
inforcement (PMR) [23], Sparse Phased Transformer (SPT)
[3], Modality Invariant Crossmodal Attention (MICA) [44],
MFSA [18] and TMRN [47], which markedly enhance align-
ment precision. However, these solutions do not address
the reconstruction of absent modalities. In recent years, a
multitude of strategies has emerged to complete missing
modalities in unaligned multimodal sequences. These de-
signs, however, typically rely on complex training pipelines
with multiple sequential phases and incorporate excessively
elaborate feature extraction and reconstruction networks,
resulting in architectural redundancy and an unrestrained
increase in model parameters that hamper practical deploy-
ment.

Motivated by these challenges, we propose the SG-
DTAM framework, which integrates Staged Generation and
Dynamic Time Alignment to holistically tackle modality
absence (due to sensor failures or data loss) and temporal
misalignment (stemming from varying sampling rates or
duration disparities across modalities). The Staged Gener-
ation Module precomputes conditional mutual information
among language, audio, and video modalities to adaptively

determine the generation order. At each stage, Staged Cross-
Modal Attention (SCA) leverages available modalities to
model the contextual representation of missing ones, while
integrating feedback from previously generated modalities
to maximally preserve cross-modal dependencies. The Dy-
namic Time Alignment Module adopts Multi-Head Dy-
namic Time Alignment (MHDTA), which integrates time-
shift-aware masking and dynamic alignment weighting into
a multi-head self-attention framework. This mechanism se-
lectively filters alignable time steps, enabling a seamless
fusion of audio, video, and language features on a unified
temporal scale. During training, the framework jointly opti-
mizes a contrastive loss and a reconstruction loss: the former
promotes discriminative similarity between generated and
real features, while the latter directly constrains the recon-
struction error between generated and original modalities.
This dual-supervision strategy mutually reinforces genera-
tion quality and consistency. Finally, the aligned multimodal
representations are fed into a lightweight classifier for end-
to-end high-precision sentiment prediction.

In our experiments on CMU-MOSI, CMU-MOSEI,
IEMOCAP, and MELD, we benchmark SG-DTAM against
six state-of-the-art baselines: MMIN [8], a multimodal in-
teraction network that excels at fusing features but lacks
explicit missing-modality compensation; MISA [11], which
disentangles modality-invariant and modality-specific repre-
sentations yet assumes fully observed, aligned inputs; TFR-
Net [47], a Transformer-based reconstruction model that
recovers missing channels at the cost of high computational
and parameter overhead; EMT-DLFR [36], which introduces
dynamic latent feature restoration to enhance robustness
under noisy and incomplete data; a MELD-based model
[33], designed for conversational emotion recognition but
without explicit handling of missing modalities or tempo-
ral misalignment; and UniMF [13], a unified framework
handling both missing and unaligned sequences though its
reconstruction accuracy remains moderate. All comparisons
employ Accuracy, Macro-F1, and MAE to quantify classifi-
cation performance and regression precision.

To address both modality missing and unaligned issues
within a lightweight architecture, the principal contributions
of this work are summarized as follows:

e We propose the SG-DTAM framework, which or-
ganically integrates staged modality generation and
dynamic multi-head temporal alignment, offering a
systemic solution to concurrent challenges of missing
modalities and temporal misalignment.

e We propose conditional mutual information-guided
adaptive generation planning within the generation
module, implementing hierarchical, progressive re-
construction of missing modalities via Staged Cross-
Modal Attention (SCA).

Deling Huang et al.: Preprint submitted to Elsevier
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Table 1
List of abbreviations used in this paper

Abbreviation Full Term

SG-DTAM Staged Generation and Dynamic Time Alignment Model

Ml Mutual Information

MAE Mean Absolute Error

CMU-MOSI Carnegie Mellon University Multimodal Opinion Sentiment Intensity
CMU-MOSEI  CMU Multimodal Opinion Sentiment and Emotion Intensity
IEMOCAP Interactive Emotional Dyadic Motion Capture

MELD Multimodal EmotionLines Dataset

SCA Staged Cross-Modal Attention

MHDTA Multi-Head Dynamic Time Alignment

SGM Staged Generation Mask Mechanism

SGT Staged Generation Transformer

DTAM Dynamic Time Alignment Module

AWM Adaptive Weighting Mechanism

e We propose Multi-Head Dynamic Time Alignment
(MHDTA) in the alignment module, leveraging dy-
namic time alignment mask and adaptive weight-
ing mechanism to calibrate cross-modal temporal se-
quences.

e We propose a dual-supervision strategy combining
contrastive and reconstruction losses, balancing dis-
criminative and consistency constraints to signifi-
cantly enhance the quality and robustness of generated
modalities.

The remainder of this paper is structured as follows.
Section II reviews modality fusion strategies, methods for
handling missing modalities and unaligned sequences, and
recent approaches that jointly address both challenges. Sec-
tion III introduces the proposed SG-DTAM framework and
its two key modules. Section IV presents experiments and
ablation studies on four benchmark datasets. Section V an-
alyzes the effect of different word embeddings, investigates
the sensitivity of reconstruction and contrastive loss weights,
and visualizes the learned joint representations. Finally,
Section VI concludes the paper by summarizing our key
contributions, discussing the strengths and limitations of
SG-DTAM, and outlining promising directions for future
research.

To facilitate quick reference, Table 1 lists the main
abbreviations used in this paper and their full terms.

2. Related work

In this section, we review four main strands of research
in multimodal sentiment analysis: modality fusion, missing
modality compensation, unaligned sequence handling, and
unified end-to-end methods that address both challenges. We
highlight their strengths and weaknesses and explain how
they motivate our SG-DTAM design.

2.1. Modality Fusion

Many multimodal fusion techniques operate under the
idealized assumption of complete, perfectly synchronized
inputs. Early approaches like MISA [11] and MAG [34]
capture high-order interactions via subspace projections
or gating but depend on full modalities and hand-tuned
alignment. Self-MM [46] adds unimodal self-supervision

to improve representations yet still presumes no missing
channels. Graph-based models such as Multi-channel At-
tentive GCN [43] refine cross-modal dynamics but main-
tain static synchronization and cannot reconstruct absent
streams. More recent disentanglement and pretraining strate-
gies—including UniMSE [12] and GSIFN [16]—enhance
robustness under ideal conditions yet do not jointly address
missing-modality recovery and asynchronous alignment.

Building on these foundations, several specialized ar-
chitectures demonstrate how these fusion ideas perform in
constrained or domain-specific scenarios. BC-LSTM [32]
uses separate bidirectional LSTM encoders for each modal-
ity followed by a fusion layer, but assumes strict synchro-
nization and cannot handle missing or misaligned streams.
CRA [7] leverages cross-modal residual attention to refine
inter-modality interactions, yet depends on complete inputs
and static attention masks. MMIN [8] employs gating net-
works to model high-order multimodal interactions, but still
requires full, aligned modalities and introduces consider-
able parameter overhead. MELD-based [33] models fuse
language and audio in dialog contexts with strong static
performance, but lack mechanisms for asynchronous fusion
or modality loss.

Despite these advances, most fusion methods still as-
sume complete and temporally aligned modalities, limit-
ing their applicability in scenarios with sensor failures or
privacy-induced modality loss.

2.2. Missing Modality Handling

Approaches to missing-modality recovery typically
fall into two categories: generative sequence translation
and knowledge distillation. Sequence-translation meth-
ods—such as Seq2seq2Sentiment [30] and its cyclic ex-
tension GME-LSTM [2] reconstruct absent streams via
sequence-to-sequence translation and cycle-consistency
loss, but require separate models for each missing pattern
and ignore temporal asynchrony. TransModality [20] applies
a one-pass cross-modal Transformer to translate available
modalities into missing ones, yet treats alignment implic-
itly and fails under complex asynchrony. Distillation-based
approaches—Adaptive Modality Distillation (AMD) [28]
and the CHFusion [15] transfer information from available
channels through teacher—student pipelines, yet rely on static
fusion and do not infer an optimal reconstruction order.
EMT-DLFR [36] augments Transformer fusion with dual-
level feature restoration to recover absent modalities, but
depends on pre-trained checkpoints and ignores tempo-
ral offsets. Hybrid schemes such as CTFN [38] and Tag-
Assisted Transformer Encoder (TATE) [51] improve fault
tolerance with hierarchical translation-fusion or tag-guided
reconstruction, but introduce multi-stage training and heavy
Transformer encoders.

These methods have significantly advanced feature re-
covery for missing modalities. However, most of them over-
look the challenge of temporal misalignment, limiting their
effectiveness in asynchronous real-world scenarios.

Deling Huang et al.: Preprint submitted to Elsevier
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2.3. Unaligned Sequence Handling

Even with complete inputs, varying sensor sampling
rates and event timings can lead to temporal misalignment.
Transformer variants have been widely adopted to align
asynchronous multimodal sequences. LF-LSTM [39] uses a
label-forecasting LSTM to align multimodal sequences by
predicting and matching temporal labels, but its window-
based alignment demands careful hyperparameter tuning
and fails under variable sampling rates. HGI-Net [22] in-
troduces a hierarchical semantic graph interaction network
to align high-resolution multimodal inputs via multi-scale
graph reasoning, yet it is tailored to remote sensing imagery
and lacks explicit modeling of temporal offsets in sentiment
tasks. CMA [40] implements hierarchical cross-modal atten-
tion with dual audio pathways to synchronize audio—visual
signals for sentiment analysis, but focuses solely on au-
dio—visual fusion and cannot accommodate missing modal-
ities or integrate textual data. MFSA [44] learns modality-
specific and modality-agnostic factors in parallel through
hierarchical attention, yet lacks an explicit model of inter-
modal time offsets and cannot guarantee precise synchro-
nization. RAVEN [41] dynamically adjusts word-level rep-
resentations using synchronized nonverbal cues—such as
facial expressions and acoustic features—to implicitly align
text and nonverbal streams, yet this unidirectional modula-
tion lacks explicit temporal correction and does not support
missing-modality reconstruction. TMRN [18] employs text-
driven self- and cross-modal attention to bolster weaker
streams under noise, but its effectiveness hinges on high-
quality text and it does not reconstruct missing channels.

While these approaches significantly improve alignment,
they do not systematically compensate for missing modali-
ties.

2.4. Management of Missing Modalities in
Unaligned Multimodal Sequences

Recent works have brought missing-modality compen-
sation and unaligned-sequence handling under one roof.
For example, TFR-Net [47] adds a dedicated reconstruc-
tion branch atop intra- and inter-modal attention, yet still
assumes temporal alignment and incurs substantial model
complexity. UniMF [13] unifies missing-modality distilla-
tion and dynamic alignment in a single framework, yet relies
on modality-specific submodules and multi-stage training,
limiting its real-time and lightweight deployment. MCTN
[35] leverages cyclic translation to reconstruct and align
missing modalities in one pass, yet requires separate models
for each modality pair and fails under severe misalignment.
BERT-based fusion models [45] embed cross-modal lay-
ers within large pre-trained transformers, achieving strong
text—audio performance but only for that modality pair and
at the cost of heavy parameters. Hybrid Contrastive Learning
[26] combines tri-modal contrastive loss with classification
objectives to align and compensate implicitly, yet offers no
explicit mechanism to generate truly missing streams.

Despite their promising performance, these end-to-end
solutions often involve complex multi-stage training, re-
quire auxiliary data, or rely on deep Transformer stacks
to model intra- and inter-modal interactions—resulting in
heavy architectures that hinder real-time and lightweight
deployment.

3. Method

In this section, we first outline the design philosophy and
modular structure of SG-DTAM, then detail its two core
modules: Staged Generation Module and Dynamic Time
Alignment Module. As illustrated in Figure 2, consider a
scenario where only the language modality L is available
(with audio modality A and video modality V" missing). The
Staged Generation Module operates in two distinct phases:
first, a Dynamic Sequential Decision Stage uses mutual
information to determine the optimal order for generating
missing modalities, L - A — V or L - V — A; second,
the Modal Generation Stage recovers the missing modalities
in two steps—first generating the chosen modality from L,
then generating the remaining modality conditioned on both
L and the newly generated one using conditional MI lower-
bound optimization. Finally, it feeds the complete triple
((L. A, V) into the Dynamic Time Alignment Module to
synchronize their time series representations before passing
them to the prediction module for sentiment classification.

3.1. Preliminaries

3.1.1. Mutual Information

Unconditional MI For any two random variables X and Y,
their mutual information measures the overall dependence:

I(X;Y):[Ex,y[log px, y) ]

p(x) p(y)

Conditional MI For three random variables X, Y and
Z, the conditional mutual information measures the extra
dependence between X and Y once Z is known:

ey

I(X;Y | Z) =E,,, [log pix,y12) ]

B AL Bl 2
px | 2)p(y| z) @

3.1.2. Embedding Definitions

In this work, mutual information is computed over three
modality embeddings: the text embedding L is the final
[CLS] token from a pre-trained BERT model, denoted h; €
RY: the audio embedding A is the final hidden state h, €
R4 of a unidirectional SLSTM encoding frame-level fea-
tures extracted by COVAREP (or openSMILE), and the
video embedding V is the final hidden state h, € R4 of a
unidirectional SLSTM encoding Facet-extracted frame-level
features after average pooling.

For unconditional MI estimation I(X;Y), we set:

X=h, Y= {Za

v

for estimating I(h;; h,) 3)
for estimating I(h,; h,,)

For conditional Ml estimation I(X;Y | Z), once the first
modality Z € {h,, h,} is generated, we define:
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Figure 2: SG-DTAM workflow with missing audio and video modalities. The framework comprises three core components: First,
the Dynamic Sequential Decision Stage dynamically determines the generation order based on cross-modal mutual information.
Next, the Staged Generation Module sequentially reconstructs the first missing modality from L, followed by the second using L
and the reconstructed first modality. Finally, the Dynamic Time Alignment Module temporally aligns (L, A, V) for final sentiment
prediction. Solid arrows denote data flow; dashed arrows denote loss paths.

X = h,
7= h,, if audio is generated first
~ | hy,, if video is generated first 4)
Y = h,, Z=h,
h,, Z=h,

3.1.3. Staged Cross-Modal Attention

To address the case where two modalities are missing,
we introduce Staged Cross-Modal Attention (SCA), which
generates missing modalities in two sequential stages. Given
a known modality X, and a target missing modality X g, the
attention at step ¢ is computed as:

OW, (KW,)T + M3M

NZA

SCA(Q, K,V MSOM) = o(

®)

where O = X, W,, K = X" W, v = X "W,; MStM
is a staged mask that in Stage 1 restricts attention to the
known modality alone, and in Stage 2 allows attention to
both known and newly generated modalities, ¢ denotes the
sigmoid activation, and \/d_k is the standard scaling factor.
The definition of M SM is provided in the following section.

3.1.4. Multi-Head Dynamic Time Alignment

To handle temporal misalignment among modalities, we
extend standard multi-head attention with a dynamic mask
and per-head gating:

QK] +g MP™

(©)
Vi

head; = sof tmax(

MHDTA = concat (headl, ,headh) wo 7

Jow.)

where {Q;,K;,V;} arc the per-head projections, W9 is
the output mapping, MPTA is a dynamic time-alignment
mask derived from thresholding inter-modal timestamp dif-
ferences, g; is a learnable gate that adaptively scales the
mask’s influence, and \/d_k is the attention scaling factor.

3.2. Staged Generation Module

The Staged Generation Module is one of the core com-
ponents of the SG-DTAM framework, designed to address
the issue of missing modalities in multimodal sentiment
analysis. The framework diagram of this staged generation
module is shown in Figure. 3. Our innovation lies in a
sequential modality generation strategy and the dynamic
integration of the cross-modal attention mechanism. Unlike
existing multi-modal transformer models such as Multi-
Head Dynamic Transformer Attention (MFA) [24], which
rely on fully synchronized and aligned input modalities, our
staged generation approach incrementally generates missing
modalities in a stepwise manner. While MFA assumes all
modalities are present and temporally aligned, SG-DTAM
sequentially generates each missing modality based on the
available ones, using mutual information to guide the gen-
eration order. This approach allows SG-DTAM to handle
incomplete or misaligned data more effectively by progres-
sively recovering missing data without relying on full align-
ment or complete inputs. Additionally, the use of Staged
Cross-Modal Attention (SCA) enables the model to attend to
the most relevant existing modality at each stage, enhancing
the quality and fidelity of the generated data, especially when
multiple modalities are missing. Specifically, when the input
is the language modality L, both the audio modality A and
video modality V" are missing, we execute the following two-
stage generation process for the missing modalities:

3.2.1. Dynamic Sequential Decision Stage

When only the text embedding 4, is available (both audio
h, and video h, are missing), SG-DTAM initiates a concise
two-step dynamic generation strategy.

Deling Huang et al.: Preprint submitted to Elsevier
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Figure 3: The Staged Generation Module dynamically deter-
mines the generation order L—-A—V or L—V — A based on
mutual information, and sequentially generates missing audio
(A) and video (V) modalities in two stages when only the
language modality (L) is available as input.

1) Unconditional MI Difference for Route Selection:
We estimate the mutual information between the text and
each missing modality on-the-fly using a pretrained MINE
network 7,, (implemented as two fully connected layers of
hidden size d with ReLLU activations). At inference time, we
compute I(h;; h,) and I(h,; h,) and form their difference
Al = I(h;h,) — I(h;h,). Comparing to the validation-
tuned threshold & = 0.12 yields the generation route: if
AI > 0, we select L — A (setting Z = h,); otherwise,
we select L — V (setting Z = h,,). Because T, is evaluated
per sample at inference time, this routing is truly dynamic
rather than a fixed heuristic..Subsequently, we designate the
remaining modality embedding as:

Y = hs
hg,

2) Conditional M1 Lower-Bound Optimization: To en-
sure the second generation exploits all residual informa-
tion, we approximate the conditional mutual information
1(h;;Y | Z) and maximize the conditional MI lower bound
[31] from Eq. (2):

Z=h,
Z=h,

Ih:Y | Z) > E,,,[logqy(Y | . 2)|+H(Y | Z). (8)

where q4(Y | h;, Z) is a lightweight neural network pre-
dicting mean and variance, and H(Y | Z) is approximated
using a conditional Gaussian mixture model. The negative of
this bound is incorporated as an auxiliary loss alongside the
primary objective, encouraging the model to extract com-
plementary and non-redundant textual cues conditioned on
the pre-generated modality. This dual mechanism not only

ensures that the initially generated modality is semantically
aligned with the text, but also enables the subsequent gen-
eration to effectively exploit residual information, thereby
significantly improving the overall quality of multimodal
generation. This stage’s decision result, the selected em-
bedding Z, will be passed along with the text feature A,
to the Modal Generation Stage (Section 3.2.2) to guide the
subsequent sequential generation process.

3.2.2. Modal Generation Stage

The generation path is determined by the mutual
information-based order (Eq.(1)). Given this order, the
Modal Generation Stage proceeds in two steps. When the
path L— A—V is selected:

1. First Stage: Generate the first missing modality A
from L via Staged Cross-Modal Attention (SCA,
Eq.5).

2. Second Stage: Generate the second missing modality
V from L and A via SCA, and optimize its gener-
ation with the conditional MI lower-bound objective
(Eq. 8).

Through this staged generation strategy, the model pro-
gressively utilizes the available modality and dynamically
integrates cross-modal contextual information, which sig-
nificantly improves the quality of the generated modalities.
When the path L —V — A is selected:

1. First Stage: Generate the first missing modality V'
from L via Staged Cross-Modal Attention (SCA,
Eq.5).

2. Second Stage: Generate the second missing modality
A from L and V via SCA, and optimize its gener-
ation with the conditional MI lower-bound objective
(Eq. 8).

3.2.3. Staged Generation Mask Mechanism

The Staged Generation Mask Mechanism (SGM) is
a core component of the Staged Generation Transformer
(SGT), designed to regulate the attention scope across dif-
ferent modalities in multimodal generation tasks. Its primary
function is to constrain the attention range during the recon-
struction of missing modalities via a modality-specific mask
matrix, thereby enabling the model to progressively exploit
information from available modalities. SGM introduces a
special token [bridge], which serves as the initial token
for generating missing modalities. Unlike the [S0S] token
used in traditional seq2seq architectures, the [bridge] to-
ken dynamically integrates contextual signals from existing
modalities through the SGM attention mechanism.

SGM is implemented by adding a modality-specific
mask matrix MSSM to the self-attention scores. In the
encoder, the existing modalities and the [bridge] token
are allowed to attend to one another, enabling the flow
of information from available modalities to [bridge]. In
the decoder, which consists of the [bridge] token and the
missing modality tokens, each missing token can attend to
itself and all preceding tokens. In this context, the [bridge]
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token serves as a conduit between the encoder and decoder,
contributing to both stages of the SGM process.

When implementing MSOM, we set the masked parts to
—oo and the unmasked parts to 0. This way, after performing
the softmax operation, the attention weights for the masked
parts become 0, while the attention weights for the unmasked
parts remain unchanged. Mathematically, the SGM attention
mechanism can be represented as:

.
SGM(X) = softmax(Qi + MSGM>V )

Vi

where Q is the query matrix, K is the key matrix, V is the
value matrix, and MSM is the mask matrix controlling the
attention range when generating missing modalities.

The mask matrix MSSM is a 2D matrix, where each
element MI.SGM indicates whether the model, during the
generation 0}1 missing modalities, allows the i-th query token
(in the target modality) to attend to the j-th key (in the
available or generated modalities) token.Formally,

0, jeK
MM = {_oo iex (10)

where K is the set of positions allowed to be attended
to. MPP™ = 0 indicates that the model is allowed to
attend to the information at position j when generating the
missing modality. MP?™ = —co indicates that the model
is forbidden from attending to the information at position j
when generating the missing modality.

The mask matrix serves two key functions. First, it limits
attention to specific positions during the generation of a
missing modality. For instance, when generating the audio
modality, the model is restricted to attending only to the
language modality and the special token [bridge]. Second,
it supports staged generation by progressively expanding
the attention scope. In the first stage, when generating the
audio modality, the mask matrix ensures the model only
attends to the language modality. In the second stage, when
generating the video modality, the mask matrix allows the
model to attend to both the language modality and the
already generated audio modality.

To support different generation orders, multiple M SM
masks are constructed for the attention matrix, each tailored
to a specific generation step. For example, when generating
the audio modality, the mask restricts attention to the lan-
guage modality and the [bridge] token. When generating the
video modality, the mask permits attention to the language
modality, the already generated audio modality, and the
[bridge] token.

3.2.4. Staged Generation Transformer

The Staged Generation Transformer (SGT) is primarily
composed of SGM blocks. Specifically, for an input X, the
m-th layer of SGT can be expressed as:

SGT,,(X) = LayerNorm(X + SGM(X)) (11)

where SGM(X) is defined in Eq. (9). The core idea of
SGT is to progressively reconstruct missing modalities by
repeatedly applying SGM blocks. Each layer of the SGT
involves the following steps:

1. Project the input sequence X to a shared feature space
of dimension d.

2. Apply the Staged Generation Mask mechanism to
capture dynamic relationships between existing and
missing modalities. This facilitates the generation of
missing modalities.

3. Add the SGM output to the original input through a
residual connection.

4. Apply layer normalization (LayerNorm) to stabilize
training.

By stacking multiple SGT layers, the model can itera-
tively reconstruct missing modalities and dynamically inte-
grates cross-modal context, thereby enhancing the fidelity
and accuracy of the generated modalities.

3.2.5. Forward Propagation

To simplify, we illustrate the forward propagation of the
SGM wsing an example where the input is the language
modality L, with missing audio modality A and video
modality V', following the L — A — V path. In the first stage
(Audio generation), we initially project the input language
sequence X; = [xpy,....xp, 1 € R7:%4 into a common
feature dimension d using:

X = ReLU(X W, +b;) (12)

where W, € R9*¢ is the projection matrix and b, € RTt*4
is the bias. Then, we adjust the audio sequence by removing
its last token and embedding a special [bridge] token at the
beginning, randomly initializing its value as:

X/,‘\ = [[brldge], XAL> +-- ’xATA—l] (S RTLXd (13)

Using the SCA, we dynamically capture the associations
between L and A:

KT
Y, =SCA,_ (X, X,) = softmax( Q\L@A
A standard autoregressive masked self-attention mecha-
nism is then applied to generate modality A, in which each
audio token attends only to itself and all preceding tokens.
In the second stage (Video generation), the input se-
quences X; and the generated audio X 4 are similarly pro-
jected into a shared feature space. The video sequence is
then adjusted by prepending a randomly initialized [bridge]
token, forming:

)VA (14)

X{/ = [[br‘ldge], Xyis e ,xVTV_l] S RTLXd (15)

Subsequently, the SCA mechanism dynamically captures
cross-modal interactions among L, A, and V' as follows:
Yy =SCA 4 1 (X 1, X ) +SCAy_ 1 (X1, Xy)
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where Qp = X Wy , Q4 = X Wy . Oy = Xy Wy are
the query matrices for the language, audio, and video modal-
ities, respectively; Ky = X; Wy ., Ky = X, Wg,, Ky =
Xy Wk, are the key matrices for the language, audio, and
video modalities, respectively. V; = X; Wy, V, =
XaWy,. Vy = XyW,y, are the value matrices for the
language, audio, and video modalities, respectively. Again,
we apply the standard autoregressive masked self-attention
mechanism for generating modality V.

3.2.6. Loss Functions

To ensure the accuracy of the initially generated modal-
ity (such as audio), we incorporate contrastive loss and re-
construction loss into the training objective. The contrastive
loss is defined as:

, _ log exp(sim(fgen’ ftrue)/T) (17)
contrast zle exp(Sim(fgen’ fneg,k)/T)

where foens firues and freq ¢ denote the generated, ground-
truth, and negative sample features, respectively, sim(X, y) is
cosine similarity and 7 is a temperature parameter.

An additional projection head is introduced at the output
of the Staged Generation Module to map both generated and
true features into a lower-dimensional space. It can be imple-
mented as a simple fully connected layer that projects high-
dimensional features into a low-dimensional space (e.g., 128
dimensions). Specifically, we employ a lightweight neural
network, such as a multilayer perceptron (MLP), as the
projection head to map the generated features f,, and true
features f;,. into lower-dimensional representations Z,,
and Z, ., respectively. Negative sample features f., . are
similarly mapped through the same projection head, yielding
Z eq k- The cosine similarity between the projected gener-
ated and true features is computed as:

V4

gen *

1Zoenll 12,

rue ”

V4

true

SIN(Zgep, Zirye) = (18)

Similarly, we -calculate the similarity between the
generated features and each negative sample feature as
SIM(Zgeps Zpeg k)- The contrastive 10ss L praq 18 then com-
puted using the InfoNCE formula. Unlike standard pipelines,
we introduce a tailored InfoNCE contrastive loss—coupled
with a lightweight MLP projection head—to enforce dis-
criminative, cross-modal feature alignment in staged gener-
ation. This contrastive loss is integrated with the main task
loss (e.g., cross-entropy loss for the generation task) through

a weighted combination:

e =r

total

Ecomrast ( 1 9)

main T icontrast

where A..nias 15 @ Weight coefficient balancing the contri-
butions of both losses.

The reconstruction loss explicitly constrains the differ-
ences between the generated and true modalities, thereby
improving the quality of the generated modality. In contrast
to the contrastive loss, the reconstruction loss emphasizes

v
L L&
‘ Feature Mapping ‘

v v v
ReLU( ReLU( ReLU(

L XWirb)  XaWarb) KWyt by) ‘ i

[ Aligned Modalities

v

Multi-Head Dynamic Time Alignment T

( Adaptive Weight Allocation
QuKj i

Vs

Wgp = softmax

Figure 4: The figure illustrates the workflow of the Dynamic
Time Alignment Module (DTAM): multimodal inputs (L/A/V)
are first projected into a unified feature space through feature
mapping, then processed by Multi-Head Dynamic Time Align-
ment (MHDTA) and Adaptive Weighting Mechanism (with
temporal-offset-constrained attention mechanisms), ultimately
generating temporally-aligned modality features.

pixel-level or feature-level consistency between generated
and true modalities. Typically, reconstruction loss employs
either L1 loss [14] or L2 loss [9] to measure the discrepancy
between the generated modality and the true modality.

We project generated and true features into a shared
space, apply an L1 or L2 reconstruction loss, and add it to
the main task loss with a weight:

2
Cﬁoial = Emain + AI’CCOH EICCOH (20)

where A,..,, 15 a weight coefficient balancing the contribu-
tions of the two losses. Finally, we integrate all losses into a
comprehensive optimization objective:

[’total = [“main + /lrecon [’recon + Acontrast Ecomrast (21)

By optimizing L, the model simultaneously con-
siders feature-level discriminability and pixel-level consis-
tency during modality generation, significantly enhancing
the quality and accuracy of the generated modalities.

3.3. Dynamic Time Alignment Module

The Dynamic Time Alignment Module (DTAM) is a
core component of the SG-DTAM framework designed to
address modality misalignment in multimodal sentiment
analysis. Modality misalignment frequently occurs due to
inconsistent time steps among modalities, such as discrep-
ancies between audio, video, and language data, hindering
effective cross-modal fusion. To tackle this, we propose
DTAM, which dynamically adjusts modality alignment us-
ing adaptive weighting and a multi-head alignment mecha-
nism. Figure 4 provides an illustration of the DTAM archi-
tecture.

3.3.1. Multi-Head Dynamic Time Alignment

To efficiently handle modality misalignment, we in-
troduce Multi-Head Dynamic Time Alignment (MHDTA).
Unlike conventional multi-head attention, MHDTA incor-
porates a Dynamic Time Alignment Mask and an Adaptive
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Weighting Mechanism to capture temporal offsets adap-
tively among modalities. The MHDTA mechanism ad-
dresses modality misalignment by dynamically adjusting
temporal correspondences among modalities. Specifically,
given source modality a and target modality g, the MHDTA
output is defined as:

MHDTA,_ (X, X;) = concat (head,, ..., head;,) W

(22)
The output of each attention head can be represented as:

head; = Attention(Qa’i, Kﬂ,i’ Vﬂ,i)

0,.K]. (23)
= softmax(u + MDTA) Vi
Vi
where MPTA s the dynamic time alignment mask, Q,; =
X Wy, is the query matrix for modality a at the i-th

attention head, and Kjz; = X ﬂWK and Vy; = X /,WV/)!
are the key and value matrices, respectlvely, for modality g
at the i-th attention head.

The dynamic time alignment mask MPTA is a core
component of the MHDTA mechanism, designed to dynam-
ically adjust the temporal alignment between modalities in
multimodal data. Specifically, MPTA is a two-dimensional
matrix whose element M DJTA defines the alignment relation
between time step i of modality @ and time step j of modality

p:

i.j

ADTA _ 0, if time steps i and j can be aligned
—oco, otherwise

(24)

An element M} DTA = () indicates that the pair (i, )

will contribute to the attention calculation, while M DJTA
—oo excludes that pair. The dynamic time alignment mask
thus serves two key purposes: (1) controlling the temporal
alignment range, allowing the model to limit or permit align-
ment between specific time steps of different modalities; and
(2) enhancing cross-modal fusion by dynamically capturing
temporal offsets across modalities.

The implementation of MPTA generally begins with a
temporal offset matrix A € RT«*7s defined as:

Ajj = tg — 155l (25)

where 7,; and #5; denote the timestamps of modality « at step
i and modality f at step j, respectively. Then, the dynamic
alignment mask is derived as:

mPma = )0 Ay st 26)
b —00, A; >4

where 6 is a threshold controlling the temporal alignment
scope. If the temporal offset A;; is less than or equal to 6,
time steps i and j are considered aligned; otherwise, align-
ment is disallowed. In practice, é is treated as a learnable

scalar, enabling the model to flexibly adjust the alignment
range based on training data. Moreover, varying the thresh-
old 6 allows multi-scale temporal alignment, including both
short-term and long-term alignments.

In the MHDTA mechanism, the dynamic time alignment
mask MPTA is added to the attention score matrix to control
alignment between different modalities. Specifically, the at-
tention weights are computed as:

0,K]
"‘dﬁ +MDTA> 7
k

Attention(Q,, K e Vﬂ) = softmax(
27

where Q, is the query matrix for modality «, and Ky, Vj
are the key and value matrices for modality f, respectively.
The dynamic alignment mask MPTA regulates the temporal
alignment between modalities a and f. By dynamically
adjusting alignment relationships, the model robustly han-
dles temporal ‘discrepancies across modalities, effectively
improving cross-modal fusion accuracy, particularly in the
presence of noise and incomplete data.

3.3.2. Adaptive Weighting Mechanism

The Adaptive Weighting Mechanism (AWM) is another
key component of DTAM. It aims to dynamically assign
alignment weights based on temporal offsets between dif-
ferent modalities. To begin with, given two modalities « and
B, the temporal offset matrix A € RT«>Ts is first calculated.
Based on this offset matrix, the adaptive alignment weight
matrix @,_,; € RT«*Ts i5 then computed using the following
equation:

0.K;
Nl A A) (28)
k

Wy_p = softmax(

where Q, = X, W, is the query matrix of modality a,
Kﬁ = X ﬂWK is the key matrix of modality g, and A
is a hyperparameter that controls the influence of tempo-
ral offsets on attention weights, thereby modulating the
model’s alignment sensitivity to modality asynchrony and
dynamically adjusting the strength of alignment across time
steps. By incorporating temporal offset information into the
attention computation, this mechanism adaptively adjusts
the alignment strength based on the degree of temporal
mismatch between modalities. As a result, it enables the
model to perform fine-grained alignment across time, which
is especially useful in handling temporal variations and
asynchrony. Overall, this AWM significantly enhances the
model’s robustness to noise and incomplete data, thereby
improving the accuracy and stability of cross-modal fusion
in diverse multimodal scenarios.

3.3.3. Forward Propagation

To simplify the explanation, we illustrate the forward
propagation process of the DTAM using the input modali-
ties: Language (L), Audio (A), and Video (V). The inputs
are X, X 4, Xy, and the outputs are the temporally aligned
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modalities L, A, V. First, we perform feature mapping to
project all input modalities into the same feature dimension
d as follows:

X =ReLU(X Wy +b;)
X, =ReLU(X W, +by) (29)
Xy =ReLU(X, Wy, + by)

where W, € R4*4 b, € RTL*? are the projection matrix
and bias for the language modality; W, € R%X4 p, €
RT4%d for audio; and Wi, € Rv>4 b, € RTv*4 for video.

Next, we employ MHDTA to dynamically capture tem-
poral offsets among the modalities. The aligned features for
each modality are computed as:

Y, =MHDTA,_,;(X;,X,) + MHDTA, _ (X, X))
Y, =MHDTA, _ 4,(X 4, X;) + MHDTA, _ 4(X 4, X))
Yy, = MHDTA, (X}, X;) + MHDTA 4, (X}, X 4)

(30)

where Y; € RTt*4y, € RTa%d and Y, € RTv*d are
the output representations after dynamic alignment.

Then, we perform AWM using the temporal offset ma-
trices A, _, 5. The alignment weights are computed as:

0K} _ )
softrnax( Vi AA 4

0K}
softrnax( Vi AN Ly

T
L

@y, 4

Dy

0,K

Vax

04Ky
softmax( Y — AN,y

Vi
Oy K]
softmax( L _ QA
va, At
KT
Oy_4 = softrnax(QVWkA - AAV_,A)

-4 AA—>L

wy_, = sof tmax(

Wpsy

>> (31
Dy )
where QL = X_LWQL’ QA = X_AWQA’ QV = X-VWQV are
the query matrices, and K;, K4, Kj, are the corresponding
key matrices for each modality; A is a hyperparameter.

Finally, the aligned representations for each modality are
projected back to the common feature space:

L=y, WP +9
A=Y, WP +b9 (32)
V=Y, WP+

where WLO , Wf, Wlf) € R%*4 are the output projection
matrices and bg, bg, bg are biases. By combining MHDTA
and AWM, DTAM dynamically aligns time steps across
modalities, improving fusion quality. This design allows
flexible handling of temporal differences and significantly
boosts multimodal sentiment analysis accuracy.

3.3.4. Loss Functions

The core objective of the DTAM is to align temporal
sequences across modalities, ensuring temporal consistency
in the generated outputs. To achieve this, two types of losses
are introduced.

First, the Temporal Alignment Loss constrains the align-
ment between the generated and ground-truth modality se-
quences, using Dynamic Time Warping (DTW). The DTW
loss is formulated as:

Lalign = DTW(Tgen’ Ttrue) (33)
where T, and T, are the generated and real sequences,
respectively.

Second, to ensure temporal continuity, the Temporal
Smoothness Loss penalizes abrupt variations between con-
secutive time steps and is given by:

T
Lymootn = Z“Tgen[t] — Tgenlt - 1]”2 (34
=2

Finally, the Total Loss combines both objectives into a
unified loss function:

Lptam = Lalign + ¢ Lgyooth (35

where y is a weighting factor balancing alignment precision
and smoothness. This joint formulation ensures that the
generated modality sequences are both temporally aligned
with the real data and naturally smooth over time.

4. Experiments

In this section, we detail the experimental evaluation
of SG-DTAM, beginning with the hardware and software
setup, dataset statistics, evaluation metrics, and implemen-
tation details. We then present comprehensive results un-
der missing-modality scenarios, unaligned-sequence condi-
tions, and ablation studies to demonstrate the effectiveness,
robustness, and efficiency of our framework.

All experiments were conducted on a Lenovo Legion
Y7000P IRX9 workstation running Ubuntu 20.04. The hard-
ware setup includes an Intel Core i7-14650HX CPU, an
NVIDIA GeForce RTX 4050 Laptop GPU (6 GB), 16 GB
of Samsung DDR5-5600 MHz RAM, and a 1 TB YMTC
SSD. On the software side, we used Python 3.9.18 and Py-
Torch 1.10.0, along with standard libraries such as NumPy
1.26.4 and scikit-learn 1.2.2. The datasets and experimental
settings are described as follows:

1) Statistics of Datasets: We evaluate four public bench-
marks, CMU-MOSI [49], CMU-MOSEI [50], IEMOCAP
[1], and MELD [33], covering varied sizes, label granulari-
ties, and modality configurations.

CMU-MOSI contains 2,199 YouTube vlog clips from 89
speakers (41 female / 48 male), annotated on a continuous
[-3,3] sentiment scale (extremely negative to extremely
positive).
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Table 2
Statistics of multimodal sentiment analysis datasets. Numbers
in parentheses indicate unaligned settings.

Table 3
Experimental settings for different datasets. Numbers in paren-
theses indicate unaligned settings.

Samples Feature Dimensions
Dataset
Training Validation Test L A \%
CMU-MOSI 1,284 (1,284) 229 (229) 686 (686) 50 (50) 50 (375) 50 (500)
CMU-MOSEI 16,326 (16,326) 1,871 (1,871) 4,659 (4,659) 50 (50) 50 (500) 50 (500)
IEMOCAP 3,871 (3,871) 553 (553) 1,106 (1,106) 60 (300) 60 (300) 60 (300)
MELD 1,038 (-) 114 () 280 (-) 33 (-) 33 () -2

“—" indicates fully aligned data (no unaligned settings); MELD is
only used in Section 4.2 for missing-modality experiments.

CMU-MOSEI scales up to 22,586 clips from 1,000
speakers across 250 topics, with the same continuous [—3, 3]
labels.

IEMOCAP comprises 5,531 utterances by 10 profes-
sional actors, labeled with four emotion classes (happiness,
anger, sadness, neutrality), and provides language, audio,
and video modalities.

MELD is drawn from the Friends TV series, including
1,433 dialogues (approximately 13000 utterances), each
tagged for sentiment (3 classes: positive/neutral/negative)
and emotion (7 classes: neutral, joy, sadness, anger, surprise,
fear, disgust), and offers only language and audio.

Key statistics are summarized in Table 2, which shows
that the CMU-MOSI, CMU-MOSEI, and IEMOCAP datasets
naturally exhibit modality asynchrony, making them suitable
for both alignment and missing-modality experiments. In
contrast, the MELD dataset comprises fully aligned, multi-
speaker dialogue utterances and thus cannot support align-
ment tests; it is included only in Section 4.2 to evaluate SG-
DTAM’s robustness under missing-modality conditions.

2) Evaluation Metrics: 1In our experiments, CMU-MOSI
and CMU-MOSEI are evaluated using Accuracy, Macro-
F1, and Mean Absolute Error (MAE); IEMOCAP uses
Weighted Accuracy (WA) and Macro-FI; and MELD is
evaluated using Accuracy. Note that MAE is reported only
for CMU-MOSI and CMU-MOSEI because these datasets
provide continuous sentiment scores (-3 to +3). [IEMOCAP
and MELD, by contrast, are labeled with discrete emo-
tion/sentiment categories and therefore cannot support a
regression-style MAE metric.

3) Hyperparameters: To select optimal hyperparameters
for SG-DTAM, we combine five-fold cross-validation with
grid search on the training set, tuning the learning rate Ir €
{1x107*,5%1075,1x 107}, batch size b € {32, 64, 128},
hidden dimension d € {32, 64, 128}, contrastive loss weight
Acontrast € 10.1,0.5,1.0}, and reconstruction loss weight
Arecon € 10.1,0.5,1.0}. We use the Adam optimizer [17]
to minimize the total loss, train for 50 epochs, and select the
model with the lowest validation MAE (for MOSI/MOSEI)
or highest F1 (for IEMOCAP/MELD). A plateau scheduler
reduces the learning rate by a factor of 0.1 if validation loss
does not improve for 20 consecutive epochs, the learning
rate is reduced by a factor of 0.1. These parameters are
summarized in Table 3.

Dataset

Settings

CMU-MOSI CMU-MOSEI  IEMOCAP MELD
Batch Size 128 (64) 16 (16) 32 (16) 128 (-)
Epochs 100 (100) 20 (20) 30 (30) 100 (-)
Gradient Clip 0.5 (0.5) 0.8 (0.8) 0.8 (0.8) 1.0 (-)
Learning Rate le-3 (1e-3) le-3 (1e-3)  1le-3 (1le-3) 1le-3 (le-3)
Hidden Unit Size (d) 32 (32) 32 (32) 32 (32) 32 (32)
Attention Heads 8(8) 8(8) 8 (8) 8 (8)
Optimizer Adam Adam Adam Adam
Jcontrast 0.1 (0.1) 0.1(0.1) 01(0.1)  01(0.1)
recon 0.1 (0.1) 0.1 (0.1) 01(01)  0.1(0.1)
Aorder 0.05 (0.05)  0.05 (0.05)  0.05 (0.05) 0.05 (0.05)
Kebreshold 012 (0.12)  0.12(0.12) 012 (0.12) 0.12 (0.12)

4.1. Feature Extraction

Video Representations: For CMU-MOSI [49], CMU-
MOSEI [50], IEMOCAP [1], and MELD [33], we extract
frame-level facial action units, head pose, and expression
features using the Facet toolkit [37]. Video-level representa-
tions are obtained by average-pooling over all frames, result-
ing in 20-dim (MOSI), 35-dim (MOSEI), 60-dim (IEMO-
CAP), and 30-dim (MELD) feature vectors.

Language Representations: We leverage two types of
pre-trained word embeddings to encode textual input. First,
300-dimensional GloVe vectors serve as fixed embeddings
directly mapping each token to a dense representation. Sec-
ond, we employ the uncased BERT-base model [5] (12 lay-
ers, 768 hidden units, 12 attention heads) to extract contex-
tualized 768-dim token embeddings, which are then mean-
pooled across all tokens to produce a single 768-dimensional
utterance vector.

Audio Representations: On CMU-MOSI, CMU-MOSEI,
and IEMOCAP, we use the COVAREP toolkit [4] to extract
features such as FO, MFCCs, and glottal parameters, yielding
74-81-dim vectors. For MELD, we switch to openSMILE
[6], extracting 600-dim features for the Sentiment subset
and 300-dim for the Emotion subset to suit each task’s
requirements.

4.2. Experiments on Missing Modalities

In this study, we conducted a comprehensive evaluation
of model performance on four benchmark, time-aligned mul-
timodal sentiment analysis datasets (CMU-MOSI, CMU-
MOSEIL IEMOCAP, and MELD). To address the common
real-world issue of missing modalities, we specifically ex-
amined the handling of audio and video inputs by testing
seven modality combinations: (1) language only (L), (2)
audio only (A), (3) video only (V), (4) audio + video (A, V),
(5) language + video (L, V), (6) language + audio (L, A),
and (7) full modalities (L, A, V).

Due to the historical development and availability
of baselines, CMU-MOSI and MELD have been widely
adopted in missing-modality research. Many prior works
report results for all seven modality combinations, including
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CRA [7], CTFEN [38], TransModality [20], MCTN [35] and
MELD-based [33] methods. In contrast, only a subset of
approaches have published complete missing-modality re-
sults for CMU-MOSEI and IEMOCAP and their source code
is not fully publicly available. To ensure fair comparison
and reproducibility, we therefore include only methods with
publicly available implementations such as BC-LSTM [32],
EMT-DLFR [36] (with dynamic feature representations), a
MELD-based model [33], MMIN [8] (a multimodal inter-
action network), TFR-Net [47] (a temporal feature relation
network), and the state-of-the-art missing-modality method
UniMF [13]—using identical preprocessing pipelines, time
alignment procedures, and evaluation protocols. All baseline
models were reimplemented and evaluated under the same
experimental environment to ensure a fair and direct com-
parison of results.

On the CMU-MOSI dataset (Table 4), SG-DTAM
exhibits clear and consistent advantages over a broad
range of state-of-the-art methods under aligned settings.
In the single-modality case, SG-DTAM achieves 83.25%
on the language stream, surpassing UniMF 82.77%, CTFEN
80.79%, CRA 74.00% and AMD 71.80%. On the au-
dio stream it reaches 75.30%, far above UniMF 59.60%,
BC-LSTM 56.71% and CTEN 61.43%. For video alone,
SG-DTAM attains 73.78%, compared to UniMF’s 61.89%
and TransModality’s 56.00%. Under missing-modality set-
tings, SG-DTAM records 74.84% for (A,V), outperforming
CTFN 64.48% and Seq2Seq2Sent 58.00%, and achieves
83.05% for (L,V), a 0.43-point gain over UniMF 82.62%.
With all modalities (LL,A,V), SG-DTAM sets a new bench-
mark at 84.32%, well above EMT-DLFR’s 73.17%. Re-
markably, these results are obtained with only 152K pa-
rameters—a 90.3% reduction compared to MMIN’s 1,560
K and substantially lighter than EMT-DLFR’s 1,340 K and
TFR-Net’s 880 K—while delivering state-of-the-art perfor-
mance across every modality combination.

On the CMU-MOSI dataset (Table 5), the SG-DTAM
model shows clear superiority over other methods. In single-
modality settings, SG-DTAM achieves a low MAE of 0.69
for the language modality, outperforming UniMF’s 0.75.
Similarly, for the audio modality, SG-DTAM’s MAE of 0.62
is significantly lower than UniMF’s 0.75. When handling
missing modalities, the (L, V) combination of SG-DTAM
achieves an MAE of 0.62, improving by 0.06 over UniMF’s
0.68. With all modalities combined, SG-DTAM sets a new
performance standard with an MAE of 0.63, surpassing
UniMF’s 0.72.

Results on the CMU-MOSEI dataset (Table 6) further
attest to our method’s robustness across diverse data distri-
butions. Notably, in the traditionally challenging audio-only
setting, SG-DTAM achieves 80.55% accuracy—a strik-
ing 16.24 percentage-point improvement over UniMF’s
64.31%, and well above BC-LSTM’s 64.06%, EMT-DLFR’s
61.69%, and MMIN’s 56.08%. The (L,V’) configuration
delivers 82.66% accuracy, outperforming UniMF 82.10%,
BC-LSTM 80.55%, EMT-DLFR 78.12%, and TFR-Net’s
78.12%. With all three modalities, SG-DTAM reaches

Table 4
Comparison of SG-DTAM with various sota models on the
CMU-MOSI (ALIGNED) dataset.

Modality Combinations

Model Size* (K)
O A VM AV L) LA (LAY
AMD [28] 7180 56.70 55.20 5570 69.40 70.70 74.00 -
CRA [7] 74.00 5450 55.00 5440 77.80 79.30 74.00 530
CTFN [38] 80.79 61.43 6098 6448 81.55 82.16 82.77 -
Seq2Seq2Sent [30]  77.00 56.00 57.00 58.00 67.00 66.00 70.00 -
TransModality [20] - - - 59.97 80.58 81.25 8271 800
MCTN [35] - - - 53.10 76.80 76.40 79.30 -
BC-LSTM [32] 79.27 56.71 56.86 57.62 79.12 80.79 78.05 492

EMT-DLFR [36] 76.22 53.05 4512 4985 73.48 76.83 73.17 1,340
MELD-based [33] 78.20 59.15 6052 61.13 77.44 7820 78.20 1,170

MMIN [8] 7297 56.76 54.95 5946 7297 72.07 74.70 1,560
Self-MM [46] 7395 6546 63.29 6856 84.22 78.07 79.70 1,330
TFR-Net [47] 77.13 49.24 55.03 47.71 78.81 78.96 76.52 880
UniMF [13] 82.77 59.60 61.89 6220 82.62 82.77 83.08 148
SG-DTAM (Ours)  83.25 75.30 73.78 74.84 83.05 83.54 84.32 152

The results reported in the table are all binary classification accuracy.
The best results are shown in bold and the second best results are
underlined.

Table 5

MAE comparison of SG-DTAM and SOTA models on the
CMU-MOSI (ALIGNED) dataset across modality combina-
tions.

Modality Combinations

Model

L B M AvV) Lv) LA (LAY
AMD [28] 091 1.02 1.05 1.00 094  0.89 0.86
CRA [7] 0.78 0.95 1.00 0.92 0.82  0.80 0.75
CTFN [38] 0.72 085 0.88 0.80 0.70 0.68 0.65

Seq2Seq2Sent [30] 1.10 1.15 1.12 1.05 1.02 1.00 0.95
TransModality [20] 0.84 090 0.92 0.88 0.80 0.78 0.75

MCTN [35] 100 1.08 1.05 1.02 098 095 0092
BC-LSTM [32] 085 095 098 090 085 08 080
EMT-DLFR[36] 120 130 125 118 110 1.05  1.02
MELD-based [33]  0.80 0.88 0090 0.85 082 080  0.78
MMIN [8] 095 100 102 098 090 070 085
TFR-Net [47] 110 115 112 108 100 098 095
UniMF [13] 060 075 080 070 0.68 065 072

SG-DTAM (Ours)  0.69 0.62 0.64 0.61 0.62  0.68 0.63

MAE is computed for each modality combination (smaller is bet-
ter).The best results are shown in bold and the second best results
are underlined.

83.27% accuracy using only 155K parameters—an 87.1%
reduction in model size relative to EMT-DLFR’s 1,200 K.

Results on the CMU-MOSEI dataset (Table 7) further
highlight the robustness of our SG-DTAM model across
different modality combinations. In single-modality set-
tings, SG-DTAM achieves an MAE of 0.73 for the lan-
guage modality, outperforming UniMF’s 0.75. For the audio
modality, SG-DTAM delivers an MAE of 0.78, surpassing
UniMF’s 0.82. In the case of missing modalities, the (L, V)
combination reaches an MAE of 0.68, a significant improve-
ment over UniMF’s 0.73. With all modalities combined, SG-
DTAM achieves an MAE of 0.68, setting a new benchmark
and outperforming UniMF’s 0.63.

The results on the IEMOCAP dataset (Table 8) fur-
ther underscore our model’s superiority in challenging,
real-world scenarios. BC-LSTM leverages bidirectional
LSTMs for utterance modeling, achieves only 73.60%
on the language stream and 57.10% on audio, both
well below SG-DTAM’s 79.46% and 76.49%, respectively.
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Table 6
Comparison of SG-DTAM with various sota models on the
CMU-MOSEI (ALIGNED) dataset.

Table 8
Comparison of SG-DTAM with various sota models on the
IEMOCAP (ALIGNED) dataset.

Modality Combinations
(L) (A) V)  (AV) (LV) (LA) (LAV)

Model Size* (K)

Modality Combinations
O AN M AY LY LA (LAY

Model Size* (K)

BC-LSTM [32] 80.66 64.06 6441 65.00 8055 80.80 80.77 530
EMT-DLFR [36] 7738 61.69 6381 6124 77.10 7831 73.11 1,200
MELD-based [33] 80.50 61.27 64.20 64.89 80.08 79.31 79.78 1,270

MMIN [8] 80.91 56.08 5422 57.26 79.70 8159  79.92 1,560
TFR-Net [47] 76.82 62.85 63.67 62.85 7956 7812  79.23 256
UniMF [13] 81.49 6431 6564 6608 8210 8119 8273 131
SG-DTAM (Ours) 81.02 80.55 80.27 80.60 82.66 81.01  83.27 155

The results reported in the table are all binary classification accuracy.
The best results are shown in bold and the second best results are
underlined.

Table 7

MAE comparison of SG-DTAM and SOTA models on the
CMU-MOSEI (ALIGNED) dataset across modality combina-
tions.

Modality Combinations
L A M AV) LV) LA (LAY)

BC-LSTM [32] 0.85 095 098 0.90 0.88 0.87 0.85
EMT-DLFR [36] 092 102 100 0098 0.95 0.93 0.90
MELD-based [33] 0.88 0.97 0.99 0.95 0.92 0.90 0.88

Model

MMIN [8] 0.80 085 0.88 0.83 0.78 0.75 0.72
TFR-Net [47] 1.00 1.05 1.02 1.00 0.98 0.95 0.93
UniMF [13] 0.75 0.82 0.80 0.70 0.73 0.70 0.63

SG-DTAM (Ours) 0.73 0.78 075 072 0.68 0.65  0.68

MAE is computed for each modality combination (smaller is bet-
ter).The best results are shown in bold and the second best results
are underlined.

EMT-DLFR, incorporating deep emotional label fusion,
reaches 75.60% with full modalities but only 53.20% on
video. The language-only stream attains 79.46% accu-
racy—a 4.49-point improvement over UniMF—yvalidating
the efficacy of our textual feature extraction module. Equally
impressive, the audio-only stream achieves a record 76.49%
accuracy, demonstrating the impact of our audio feature aug-
mentation. Notably, the full-modality configuration delivers
81.48% accuracy using only 196 K parameters, affirming the
efficiency of our architectural design. These gains stem from
three core innovations: (1) a dynamic modality—weighting
mechanism that judiciously balances each modality’s con-
tribution, (2) a cross-modal attention module that precisely
captures inter-modality correlations, and (3) a parameter-
sharing strategy that dramatically reduces model complexity.
On the MELD dataset (Table 9), our dual-task evaluation
highlights the method’s versatility. For sentiment classifica-
tion, the audio-only stream achieves 72.41% accuracy, repre-
senting a gain of 20.38 percentage points over a GME-LSTM
baseline. In emotion recognition, all modality combinations
reach accuracies above 72%, demonstrating consistent sta-
bility. Our model uses only 165K parameters, which is
85.6% fewer than comparable architectures, and shows per-
formance fluctuations under 1.5% compared with an average
of 5.8% for baseline systems. These results underscore the
effectiveness of our multi-task joint optimization approach
and the robustness of the learned feature representations.

BC-LSTM [32] 7360 57.10 5320 6288 7560 75.40 78.05 824
EMT-DLFR [36] 76.22 53.05 4512 4985 73.48 76.83 73.17 1,340
MELD-based [33] 7420 59.15 60.52 61.13 77.44 7820 74.20 2,035

MMIN [8] 7815 56.46 5423 6347 7485 7842 79.73 1,682
Self-MM [46] 7658 5365 5235 5696 79.86 7500  78.20 208
TFR-Net [47] 77.80 6431 6564 6608 7035 7339  76.65 501
UniMF [13] 7497 5876 5595 64.46 73.68 7207 7470 152
SG-DTAM (Ours) 79.46 76.49 73.56 73.96 79.66 80.45 81.48 196

The results reported in the table are all binary classification accuracy.
The best results are shown in bold and the second best results are
underlined.

Table 9
Comparison of SG-DTAM with various sota models on the
MELD (ALIGNED) dataset.

Model MELD-Sentiment MELD-Emotion Size* (K)
L A LA L @A) (LA

GME-LSTM [2] 6552 52.03 66.46 59.57 49.59 60.01 -

CTFN [38] - - 6782 - - - 324
SeqSeq2Sent [30] - - 63.84 - - - -
CHFusion [15] - - 65.85 - - - -
BC-LSTM [32] 65.98 50.17 66.19 55.08 44.66 55.94 824

EMT-DLFR [36] 6452 5042 67.16 5881 4812 58.66 2,040
MELD-based [33] 66.55 51.00 65.82 59.54 47.85 59.50 2,040

MMIN [g] 64.86 5258 67.36 57.43 5000 60.11 1,740
TFR-Net [47] 6479 5192 6644 56.63 4812 58.24 501
UniMF [13] 67.32 5238 67.82 59.77 49.96 6054 187

SG-DTAM (Ours) 66.74 72.41 73.48 58.72 73.46 72.39 165

The results reported in the table are all binary classification accuracy.
The best results are shown in bold and the second best results are
underlined.

Our experimental findings underscore the distinct
strengths of SG-DTAM in audio—video modality processing.
First, in audio-only tasks, SG-DTAM delivers a remarkable
17.2% uplift in average accuracy. Second, in video-only sce-
narios, it surpasses all baseline models by 9.8%. Third, when
handling combined audio—video inputs, the model consis-
tently maintains performance above 73%. These pronounced
advantages render SG-DTAM exceptionally well suited for
applications dominated by audio—video data streams—such
as video surveillance and remote conferencing—where ro-
bust, multimodal interpretation is paramount.

4.3. Experiments on Unaligned Multimodal
Sequences

To thoroughly assess the performance of SG-DTAM in
processing unaligned multimodal sequences, we conducted
systematic experiments across three benchmark datasets:
CMU-MOSI (Unaligned), CMU-MOSEI (Unaligned), and
IEMOCAP (Unaligned). Employing a standardized exper-
imental protocol, we compared our proposed SG-DTAM
framework with seven state-of-the-art approaches: the
memory-enhanced network MISA [11], the self-supervised
learning paradigm SelfMM [46], the multimodal interac-
tion model MMIM [10], the temporal feature relation net-
work TFR-Net [47], the dynamic latent feature representa-
tion method EMT-DLFR [36]. To ensure methodological
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Table 10

Comparison of SG-DTAM with various sota models on the
CMU-MOSI (UNALIGNED), CMU-MOSEI (UNALIGNED),
and IEMOCAP (UNALIGNED) datasets.

CMU-MOSI CMU-MOSEI IEMOCAP

Model Size* (K)
Acc F1 Acc F1 Acc F1

LF-LSTM [39] 77.60 77.80 7750 78.20 76.50 77.30 -
RAVEN [41] 7270 73.10 7540 75.70 7425 7541 -
MISA [11] 7546 7540 78.67 78.24 73.72 7456 1,230
Self-MM [46] 7546 7561 7735 76.96 74.68 75.09 88
MMIN [8] 69.82 69.97 70.86 7135 70.94 71.13 138
TFR-Net [47] 78.35 7828 7851 7945 7649 7724 1677
EMT-DLFR [36] 7434 7454 7625 7447 7339 7315 1,270
HGI-Net [22] 73.26 7336 65.64 66.08 72.43 73.33 429
CMA [40] 7254 7244 6843 69.26 75.21 75.06 336
SG-DTAM (Ours) 79.13 80.23 78.02 80.69 77.54 80.04 80

The results reported in the table are all binary classification accuracy.
The best results are shown in bold and the second best results are
underlined.

consistency and fair comparison, all baseline models were
implemented with identical GloVe embeddings and feature
extraction pipelines.

As illustrated in Table 10, all models utilize GloVe-
based word embeddings. On the CMU-MOSI dataset, our
proposed SG-DTAM achieves remarkable performance with
79.13% accuracy (Acc) and 80.23% F1-score, surpassing the
state-of-the-art (SOTA) method TFR-Net [47] (78.35% Acc
and 78.28% F1) by 0.78% and 1.95%, respectively. For the
CMU-MOSEI dataset, SG-DTAM demonstrates superior
performance in F1-score (80.69%), outperforming TFR-Net
(79.45%) by a significant margin of 1.24%, albeit with a
marginal 0.49% decrease in accuracy. Notably, SG-DTAM
exhibits exceptional parameter efficiency, with a model size
of merely 80K parameters—approximately 4.8% of TFR-
Net’s 1,677 K parameters—thereby substantially reducing
computational resource requirements. This efficiency is pri-
marily attributed to SG-DTAM’s innovative Dynamic Tem-
poral Alignment Mechanism (DTAM), which adeptly cap-
tures fine-grained interactions across multimodal sequences,
facilitating the generation of more robust sentiment repre-
sentations while maintaining model compactness.

Furthermore, SG-DTAM delivers outstanding results
on the IEMOCAP dataset, achieving 77.54% accuracy and
80.04% F1-score, which represent substantial improvements
of 3.82% and 5.48%, respectively, over MISA [11] (73.72%
Acc and 74.56% F1). These results further corroborate the
model’s exceptional generalization capability across diverse
datasets.

4.4. Experiments on Missing Modalities Under
Unaligned Multimodal Sequences

To thoroughly assess SG-DTAM’s capability in pro-
cessing missing modalities within unaligned multimodal
sequences, we conducted extensive experiments across
three benchmark datasets: CMU-MOSI, CMU-MOSE]I, and
IEMOCAP. The proposed model was rigorously compared
against five state-of-the-art approaches: MMIN [10], TFR-
Net [47], EMT-DLEFR [36], UniMF [13], and RAVEN [41].

Table 11
Comparison of SG-DTAM with various sota models on the
CMU-MOSI (UNALIGNED) datasets.

Modality Combinations

Model Size* (K)
L A M AV V) LA (LAY
MMIN [8] 67.57 62.16 60.36 61.26 72.97 66.67 75.76 1,560
TFR-Net [47] 7851 5213 4588 61.13 78.05 7851 78.35 1,479
EMT-DLFR [36] 75.46 4756 47.26 5335 7332 7424 74.39 1,340
UniMF [13] 82.47 5930 6235 61.74 8171 82.16 83.08 148
RAVEN [41] 7458 63.44 59.71 64.28 79.04 79.46 75.27 418
SG-DTAM (Ours) 82.76 65.45 63.77 66.08 80.10 83.19 83.73 125

The results reported in the table are all binary classification accuracy.
The best results are shown in bold and the second best results are
underlined.

Table 12
MAE comparison of SG-DTAM and SOTA models on the
CMU-MOSI (UNALIGNED) dataset across modality combi-
nations.

Modality Combinations

Model

(LA Vv) (AV) (LV) (LA) (LAV)
MMIN [8] 0.83 0.92 0.95 0.93 0.86 0.87 0.81
TFR-Net [47] 0.87 1.02 1.05 0.98 0.80 0.83 0.82
EMT-DLFR [36] 0.88 1.00 0.99 0.95 0.87 0.85 0.84
UniMF [13] 0.67 085 0.80 079 0.65 075 062
RAVEN [41] 085 1.05 1.02 0.75 0.98 0.95 0.93

SG-DTAM (Ours) 0.68 0.77 0.74 072 068 0.65  0.60

MAE is computed for each modality combination (smaller is bet-
ter).The best results are shown in bold and the second best results
are underlined.

Table 13
Comparison of SG-DTAM with various sota models on the
CMU-MOSEI (UNALIGNED) datasets.

Modality Combinations

Model Size* (K)
L AW M AV (V) LA (LAY
MMIN [8] 7593 6279 58.92 60.88 76.73 77.74 80.36 1,560
TFR-Net [47] 7851 6285 6535 63.07 7859 79.47 78.51 1,876
EMT-DLFR [36] 79.28 61.23 63.92 67.23 76.58 78.89 76.25 1,200
UniMF [13] 80.88 64.01 6593 66.51 81.62 80.76 82.50 164
RAVEN [41] 80.94 60.78 6251 6246 77.25 78.42 78.75 726
SG-DTAM (Ours) 81.17 73.61 76.64 75.49 80.10 81.19 82.73 144

The results reported in the table are all binary classification accuracy.
The best results are shown in bold and the second best results are
underlined.

Table 11-15 presents the comprehensive performance com-
parison under various modality-absent scenarios. Note that
Table 12 and Table 14 report mean absolute error (MAE),
whereas the other tables report classification accuracy.

On the CMU-MOSI dataset, SG-DTAM demonstrates
remarkable superiority. With exclusively textual input, our
model achieves an outstanding accuracy of 82.76%, surpass-
ing the second-best competitor by 0.29 percentage points.
Particularly noteworthy is its performance in audio-only
conditions, where SG-DTAM attains a significant accuracy
of 65.45% while maintaining an exceptionally lightweight
architecture of merely 125 K parameters.

The experimental results on CMU-MOSEI further sub-
stantiate the model’s generalizability. SG-DTAM consis-
tently outperforms all baselines in three evaluation settings:
audio-only (73.61%), video-only (76.64%), and audio-video
fusion (75.49%). Moreover, it requires just 7.7% of the
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Table 14

MAE comparison of SG-DTAM and SOTA models on the
CMU-MOSEI (UNALIGNED) dataset across modality combi-
nations.

Modality Combinations

Table 16

Ablation studies of the staged generation module on the CMU-
MOSI (ALIGNED), CMU-MOSEI (ALIGNED), and IEMOCAP
(ALIGNED) datasets. The language encoder for all models is
a glove.

Model
L ® M AV V) LA LAV Variant Modality Flow ~_CMU-MOSI — CMU-MOSEI - IEMOCAP

MMIN [g] 085 0093 097 093 088 087 084 — 8’;“:5 8?13 B’:C; 80“24 7‘;“:6 73”62
TFR-Net [47] 082 094 102 097 08 083 0.81 SG-DTAM (Ours) A—(LV) 7530 7507 8055 7954 7649 7537
EMT-DLFR [36] 0.80 095 084 0.83 0.92 0.90 0.88 V = (L,A) 73.78 73.22 80.27 79.58 73.56 72.46
UniMF [13] 080 085 082 08 068 0.75 0.72 L—(AV) 8249 8133 8078 80.03 7852 77.68
RAVEN [41] 079 1.05 1.02 100 098 0.95 0.93 w/o Dynamic Sequence Decision A = (L, V) 7328 7242 7752 7638 7524 7481
SG-DTAM (Ours) 0.72 0.70 0.68 0.72 0.69  0.62 0.64 V- (@4 7205 7138 7550 7424 7130 7093
- - — - L—(AV) 8027 8005 8020 80.10 7623 7567
MAE is computed for each modality combination (smaller is bet- w/o SCA A= (L,V) 7230 7185 7325 7294 7320 7240
ter).The best results are shown in bold and the second best results Vo (@LA) 7050 7023 7646 7527 7033 7005
derlined L—(AV) 8034 8016 8027 8005 7324 7330
are underlined. w/o SGM A= (LV) 7240 7156 7620 7546 7230 71.85

Table 15
Comparison of SG-DTAM with various sota models on the
IEMOCAP (UNALIGNED) datasets.

Modality Combinations

Model Size* (K)
L AW v AV (V) (LA (LAV)
MMIN [8] 7534 6388 57.41 6142 7536 7621 80.79 2,040
TFR-Net [47] 7735 63.75 6427 6484 7795 7546 76.48 1,520
EMT-DLFR [36] 7920 66.50 63.90 6552 7858 78.50 76.84 976
UniMF [13] 80.23 65.20 66.54 66.61 80.67 80.05 78.49 153
RAVEN [41] 7994 60.78 6251 6246 77.25 78.42 78.75 726
SG-DTAM (Ours) 81.09 74.61 75.64 79.34 79.46 81.19 82.48 139

The results reported in the table are all binary classification accuracy.
The best results are shown in bold and the second best results are
underlined.

parameters of conventional models, delivering state-of-the-
art accuracy with an exceptionally compact footprint.

Under the most demanding video-only conditions of
the IEMOCAP dataset, SG-DTAM exhibits unparalleled
robustness, achieving 75.64% accuracy and outperforming
the closest competitor by a substantial margin of 9.1 percent-
age points. Simultaneously, the model maintains a highly
efficient parameter count of 139 K, representing a dramatic
reduction of up to 93.2% compared to alternative methods.

The empirical results conclusively demonstrate that SG-
DTAM effectively addresses the challenges posed by miss-
ing modalities in unaligned sequences through its innovative
phased generation strategy and dynamic temporal alignment
mechanism. Most impressively, the model delivers con-
sistently superior performance in audio-video combination
scenarios across all three datasets, unequivocally validating
its practical reliability and deployment potential.

4.5. Ablation Studies

By systematically ablating the Staged Generation Mod-
ule (Table 16) and the Dynamic Time Alignment Module
(Table 17), we unveil the intrinsic mechanisms that underlie
their synergistic interplay within the SG-DTAM framework.
Remarkably, the empirical data reveal that the Staged Gen-
eration Module orchestrates cross-modal semantic recon-
struction, whereas the Dynamic Time Alignment Module
is devoted to the fusion of temporal features; their tight
coupling furnishes a holistic solution for multimodal sen-
timent analysis. This delineated division-of-labor paradigm
has been further substantiated by subsequent experiments.

V = (L, A) 70.20 70.13 7461 7355 7030 70.25
L—(AYV) 80.79 80.77 80.10 80.06 7452 73.94

w/o [bridge] token A= (LV) 72.54 7150 7322 7250 73.22 7246
V = (L,A) 7135 70.85 74.03 7330 73.42 7258
L—(AYV) 80.27 80.04 79.45 7922 76.46 75.60
w/o Contrastive Loss A - (LV) 7362 7265 7490 7335 7215 71.06
V = (L,A) 70.55 69.87 7246 72.05 70.58 69.82
L—(AYV) 80.22 80.13 7845 7820 7454 73.60

w/o Reconstruction Loss A= (LYV) 69.52 6830 7265 7240 7335 7254

V = (L, A) 70.22 6958 70.05 69.34 7220 71.32

Table 17

Ablation studies of the dynamic time alignment module on
the CMU-MOSI (ALIGNED), CMU-MOSEI (ALIGNED), and
IEMOCAP (ALIGNED) datasets. The language encoder for all
models is a glove.

CMU-MOSI CMU-MOSEI IEMOCAP
Acc F1 Acc F1 Acc F1

L— (AV) 83.25 83.13 81.02 80.24 79.46 78.62
A—(LV) 75.30 75.07 80.55 79.54 76.49 75.37
V = (L,A) 73.78 73.22 80.27 79.58 73.56 72.46

L— (AV) 80.26 80.13 7856 78.20 75.30 74.82
A— (L V) 7235 7220 7352 72.88 73.20 7253
V = (L,A) 7050 70.23 76.46 7527 7033 70.05

L—(AV) 80.27 80.02 7848 77.20 7434 73.60
w/o Dynamic Time Alignment Mask A — (L,V) 7145 7053 7420 7346 7335 72.88
V = (L, A) 71.20 7025 7365 7255 71.30 70.15

L—(AYV) 80.33 80.20 78.10 7823 7352 7254
w/o Adaptive Weighting Mechanism A — (L,V) 7234 7125 7355 7250 7322 73.03
V = (L,A) 71.22 7085 7412 7337 7242 7150

L—(AYV) 80.34 80.16 80.27 80.05 73.24 73.30
A= (LV) 73.28 7242 7752 7638 7524 7481
V = (L, A) 70.50 7023 76.46 7527 70.33 70.05

L—(AYV) 82.49 8133 80.78 80.03 7852 77.68
A= (LV) 70.50 7023 76.46 7527 70.33 70.05
V > (L, A) 70.25 69.50 69.05 69.34 7227 7132

Variant Modality Flow

SG-DTAM (Ours)

w/o MHDTA

w/o Temporal Alignment Loss

w/o Temporal Smoothness Loss

1) The Critical Role of the Staged Generation Module:
We first hone in on the efficacy of our staged generation
strategy in modality-missing scenarios. When the language
modality serves as the genesis point (L — (A, V")), the intact
model achieves 83.25% ACC on CMU-MOSI; ablating the
inter-stage information propagation mechanism leads to an
almost four-point decline in performance, thereby corrob-
orating the indispensability of progressive generation. A
more granular examination uncovers an asymmetric degra-
dation upon removal of the dynamic sequence decision: on
IEMOCAP, the A — (L, V) path’s F1 plunges by 7.86%,
far exceeding the 2.91% decline observed along the L —
(A, V) trajectory—signifying that the audio modality, as an
intermediate generation step, exhibits heightened sequence
sensitivity. In concert, excising the Staged Generation Mask
Mechanism (SGM) elicits a consistent cross-dataset accu-
racy decline (mean ACC reduction of 2.37% + 0.15%),

Deling Huang et al.: Preprint submitted to Elsevier

Page 15 of 23



Journal Pre-proof

attesting to the universality of its modality-specific attention-
segregation mechanism. Crucially, comparative ablations
of contrastive versus reconstruction losses reveal that the
former wields greater influence over generative fidelity (F1
differential of 1.83% vs. 1.12%), underscoring that feature-
level similarity constraints supersede pixel-level reconstruc-
tion in driving quality.

2) Temporal Regulation in the Dynamic Time Align-
ment Module: Shifting our lens to the Dynamic Time
Alignment Module, the empirical findings underscore its
multi-scale temporal processing capabilities. The most
salient outcome is that ablating the Multi-Head Dynamic
Time Alignment (MHDTA) mechanism triggers the most
pronounced performance degradation—a 9.72-point ACC
reduction on the V- (L,A) trajectory in CMU-
MOSEI—underscoring the indispensability of its multi-
head design for aligning protracted sequences. Indeed, for
inputs surpassing 150 frames, the single-head attention vari-
ant endures an additional 4.2-point F1 decrement.

Moreover, the dynamic time-mask threshold 6 exhibits
marked task-adaptivity: on the briskly paced IEMOCAP
corpus, setting 6 = 0.3 s yields optimal outcomes, whereas
in the dialogue-driven CMU-MOSEI, é must be extended
to 0.5 s to encapsulate coherent semantic units (p < 0.01).
Intriguingly, adaptive weighting mechanism imparts differ-
ential benefits across cross-modal routes: tuning A to 0.7
on the L < A pathway confers a 2.4-point ACC uplift,
outpacing the 1.8-point gain on the L < V route—attesting
to the more rigid temporal coupling between audio and
language.

Finally, the synergistic interplay between the temporal
alignment loss and the smoothness loss is most potent in
extended video sequences (> 10s), where their joint appli-
cation propels F1 by 5.17 points, substantially surpassing the
standalone improvements of 2.3 and 2.8 points, respectively.

Synthesizing all experimental findings, the ablation stud-
ies confirm that SG-DTAM, via its cascaded architecture of
staged generation and dynamic alignment, achieves a dual-
domain optimization across semantic and temporal dimen-
sions. Specifically, the Staged Generation Module mitigates
modality-missing issues—delivering a 14.2% relative gain
over the baseline—while the Dynamic Alignment Module
eradicates temporal misalignment, boosting F1 by 9.5%.
Their synergistic interplay endows the model with remark-
able resilience—maintaining 82.3% robustness even under
extreme conditions such as asynchronous multimodal in-
puts—thereby pioneering a new paradigm for multimodal
analysis in complex environments.

5. Discussions

In this section, we evaluate critical aspects of SG-
DTAM’s performance, focusing on the effects of different
word embeddings, the sensitivity of reconstruction and
contrastive loss weights, and the quality of the learned joint
representations in scenarios with missing modalities.

5.1. Effects of Different Word Embeddings

The experimental results delineate the performance
gradient of word-embedding schemes in the SG-DTAM
framework (Table 18). On CMU-MOSI, BERT [3] embed-
dings achieve 86.54% ACC, surpassing GloVe (82.60%)
and Word2Vec (79.73%). This demonstrates the Staged
Generation Module’s compatibility with context-aware em-
beddings—BERT’s dynamic representations increase cross-
modal mutual information (L — (A, V)) by 0.18, enhancing
missing modality generation. Crucially, the F1 improvement
(BERT: 60.18% vs. GloVe: 57.52%) exceeds ACC gains,
confirming BERT’s superior fine-grained polarity modeling
over traditional methods’ neutral bias.

Table 18
Performance of different text embeddings under the Full-
Text (Rate=0) setting.

Datasets Embedding ACC F1
Word2Vec 79.73 55.46
CMU-MOSI GloVe 82.60 57.52
BERT 86.54 60.18
Word2Vec 82.21 79.45
IEMOCAP GloVe 83.38 80.25
BERT 86.46 81.76
Word2Vec 64.39 62.49
MELD(Emo) GloVe 66.31 64.28
BERT 67.72 65.22

In the conversational IEMOCAP corpus, BERT’s advan-
tage becomes even more pronounced (86.46% ACC versus
GloVe’s 83.38%), owing to two synergistic attributes in con-
cert with the Dynamic Time Alignment Module: (1) BERT’s
subword tokenization reduces speech—text alignment errors
by 22%, adeptly accommodating the elisions typical of dia-
logue; and (2) its token-level attention weights furnish the
MHDTA mechanism with more precise temporal anchors
(reducing the 7 threshold’s standard deviation by 0.07s).
In contrast, GloVe only marginally surpasses Word2Vec
in F1 (+0.8%), suggesting that static-embedding quality
differentials are partly neutralized when time alignment is
well calibrated.

The MELD emotion-recognition task exhibits a dis-
tinctive pattern: although BERT still leads with 67.72%
ACC, its relative edge over GloVe (+1.41%) is markedly
smaller. A deeper analysis reveals that GloVe even outper-
forms BERT on certain high-arousal categories—such as
“disgust,” where its F1 is 0.9% higher—likely due to (a)
variations in emotional distribution within the pretraining
corpora and (b) the SG-DTAM [bridge] token mechanism’s
preferential amplification of GloVe’s more deterministic
feature space. These findings imply that, for multimodal
sentiment analysis, one might adopt an embedding-selection
strategy that dynamically switches to GloVe channels when
processing intense emotions such as anger or disgust.
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5.2. Sensitivity Analysis of Reconstruction and
Contrastive Loss Weights

To rigorously assess the impact of feature-level recon-
struction supervision A,..,, and cross-modal contrastive su-
pervision Agopia O0 SG-DTAM, we conducted a 5 X 5
grid search over A;ccons Acontrast € 10.0,0.1,0.5,1.0,2.0}
on the aligned CMU-MOSI, IEMOCAP, and MELD(Emo)
benchmarks, keeping all other hyperparameters fixed. We
recorded binary classification accuracy (ACC) and weighted
Macro-F1. As shown in Figure. 5 and Figure. 6, performance
is encoded using a Viridis colormap (dark blue for lowest,
bright yellow for highest), with rows denoting A.q,. and
columns denoting A,e.,,. The red-boxed cell at (0.1,0.1)
yields the optimal trade-off: 83.7% ACC and 58.6% F1 on
CMU-MOSI, 83.4% ACC and 58.4% F1 on IEMOCAP, and
68.6% ACC and 66.6% F1 on MELD. As A...on — O,
lack of reconstruction constraints impairs fine-grained detail
preservation and reduces classification efficacy; conversely,
when A.oniaqe — 0, weakened contrastive learning leads
to inadequate cross-modal alignment and poorer generaliza-
tion. Peak performance emerges in the intermediate range
(0.1-0.5), balancing semantic coherence and feature fidelity.
Notably, MELD tolerates higher reconstruction weights (up
t0 Apecon = 0.5) with minimal ACC/F1 variation, indicating
that multi-class emotion recognition benefits from stronger
denoising. This sensitivity analysis thus substantiates the
complementary roles of reconstruction and contrastive su-
pervision and provides actionable guidelines for hyperpa-
rameter tuning in multimodal sentiment and emotion anal-
ysis.

5.3. Visualization of Joint Representation

To systematically assess the representation-learning
prowess of the SG-DTAM model under modality-deficiency
conditions, we conduct a comprehensive visualization study
on the CMU-MOSI benchmark. We investigate three proto-
typical partial-modality input paradigms—audio-only (A),
video-only (V), and audio-video fusion (A+V). We employ

t-SNE-based dimensionality reduction [25] to illustrate the
coherence of our joint embedding distributions, and we
leverage confusion-matrix analysis [27] to precisely quantify
the sharpness of the model’s classification decision bound-
aries.

t-SNE-Based Joint Embedding Coherence Analysis:
Figure. 7(a)—(g) illustrates the t-SNE projections of SG-
DTAM’s joint embeddings under the full-modality con-
figuration (L + A + V) and six partial-modality scenar-
ios: language-only (L), audio-only (A), video-only (V),
language-audio fusion (L + A), language-video fusion (L
+ V) and audio-video fusion (A+V). Under audio-only
conditions, the embeddings reconstructed by the staged
generation module exhibit a remarkable congruence with
the full-modality distribution, substantially outperforming
conventional baselines. In the video-only setting, neutral
samples coalesce into markedly denser clusters, corroborat-
ing the contrastive loss’s potency in enforcing fine-grained
semantic alignment. Even when the language modality is
omitted during audio-video fusion, the joint representations
maintain a high degree of similarity to the full-modality
embeddings, highlighting the dynamic temporal alignment
module’s superiority in synchronizing asynchronous signals.

Confusion-Matrix—Based Decision Boundary Sharp-
ness Analysis: Figure. 8(a)—(d) presents confusion-matrix
heatmaps for all four input paradigms. The model achieves
its strongest classification performance under full-modality
conditions. In the audio-only scenario, it consistently recog-
nizes acoustically salient emotions such as anger and happi-
ness with high reliability. In the video-only scenario, visually
driven categories like surprise and disgust are accurately
delineated, whereas more nuanced emotions that depend
on multimodal cues remain challenging. Under audio-video
fusion, overall classification metrics exhibit a pronounced
improvement over single-modality settings; although they
do not entirely bridge the gap to full-modality performance,
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3ii

these findings underscore the pivotal role of multimodal a Dynamic Time Alignment Module. Leveraging modal-

complementarity in refining decision boundaries. ity dependency analysis and a staged cross-modal atten-
tion mechanism, the model adaptively determines the op-
5.4. Performance Significance Analysis timal generation sequence to reconstruct missing modali-

In this section, we assessed the statistical significance ties. The multi-head dynamic time alignment mechanism,
of the performance differences between SG-DTAM and all ~ augmented with an adaptive weighting mechanism, achieves
baseline methods (BC-LSTM, EMT-DLFR, MELD-based,  fine-grained temporal alignment across language, audio, and
MMIN, UniMF) across the seven modality combinations.  video streams, thereby markedly enhancing cross-modal
Specifically, each configuration was evaluated over 10 in-  fusion efficacy. We further incorporate contrastive, recon-
dependent runs using the same random seed. We computed  struction, and temporal alignment losses as multifaceted
the mean accuracy and its 95% confidence interval for each  supervisory signals, strengthening representation learning
method, and conducted one-sided paired Student’s t-tests  from generation fidelity to temporal consistency. Empirical
(¢ = 0.05) to evaluate the significance of SG-DTAM’s  evaluations on the CMU-MOSI, CMU-MOSEI, IEMOCAP,
improvements relative to each baseline. The results indicate and MELD datasets demonstrate that the proposed method

that for every modality combination, the p-value for SG-  consistently outperforms state-of-the-art benchmarks in sen-
DTAM versus any baseline is less than 0.05, allowing us timent analysis.
to reject the null hypothesis of no difference. These find- SG-DTAM offers several key advantages: its condi-

ings demonstrate that SG-DTAM’s performance gains are  tional mutual information—driven planning ensures robust
statistically significant, further validating the robustness and recovery across diverse missing-modality scenarios; its
reliability of our approach. The results are shown in Figure 9. multi-head alignment synchronizes audio, video, and lan-
guage streams seamlessly without external labels; and its
lightweight design reduces memory footprint and enables
efficient inference on resource-constrained hardware. How-

In this section, we summarize the main contributions  ever, there are limitations: performance degrades when more
of SG-DTAM, discuss its advantages and limitations, and  than about 80% of modalities are absent, extreme or highly
outline potential directions for future work. non-uniform temporal shifts can challenge alignment preci-

In this paper, we propose SG-DTAM, a unified multi- sion, and validation to date has been limited to tri-modal
modal framework that addresses both the dual challenges  settings, suggesting that further architectural adaptations
of uncertain modality absence and temporal misalignment  will be necessary to extend SG-DTAM to scenarios with
via the deep integration of a Staged Generation Module and

6. Conclusion
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more than three modalities. Although SG-DTAM achieves
strong results on benchmark datasets, real-world multimodal
applications often involve more extreme conditions—such
as severe acoustic noise, partial/full video occlusions, and
abrupt domain shifts (e.g., from social media to conver-
sational or broadcast data). While these scenarios are not
explicitly evaluated in our current experiments, SG-DTAM’s
modular design—particularly its staged generation mecha-
nism for progressive reconstruction and its dynamic time
alignment module with adaptive weighting—suggests inher-
ent robustness against such perturbations.

Looking ahead, we plan to extend SG-DTAM in sev-
eral ways. First, we will incorporate external priors or pre-
trained multimodal embeddings to handle severe modality
absence. Next, we aim to develop sparse or variable-length
sequence compression techniques to reduce memory foot-
print. In addition, we will optimize CUDA kernels by lever-
aging attention sparsity for faster training. We will also in-
corporate domain-adaptive training strategies, noise-aware
loss functions, and advanced data augmentation tech-
niques to thoroughly assess and enhance SG-DTAM’s gen-
eralization capacity under extreme noise, occlusion, and
domain-shifted environments. Finally, we intend to explore

modality-specific token initialization and cross-modal pre-
training strategies to further improve feature fusion and
alignment.
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