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Abstract. Multimodal Sentiment Analysis (MSA) aims to integrate text, audio, 

and visual modalities to achieve accurate sentiment modeling. Existing methods 

often rely on shallow interaction structures, making it difficult to jointly capture 

fine-grained local dynamics and high-level semantic dependencies. In addition, 

dominant modalities may suppress the learning of weaker modalities, leading to 

insufficient cross-modal semantic alignment. To address these issues, we propose 

a Hierarchical Global-Local Interaction and Refinement framework for Multi-

modal Sentiment Analysis (HGLIR). Specifically, a Modality Dropout strategy 

is first introduced at the input stage to alleviate over-reliance on a single modality 

and improve robustness. Based on this, a Hierarchical Local Interaction (HLI) 

module models multimodal sequences through a multi-layer progressive struc-

ture to capture local dynamic features at different semantic levels. Within the HLI 

module, a Cross-Modal Synergistic Learning (CMSL) mechanism explicitly 

models cross-modal semantic consistency and gradually aligns information dur-

ing interaction. Furthermore, a Global Representation Refinement (GRR) module 

introduces learnable global representations and iteratively updates them in a 

multi-layer structure to aggregate long-range semantic dependencies and form 

stable high-level semantic representations. Experimental results on CMU-MOSI 

and CMU-MOSEI demonstrate the effectiveness of the proposed framework 

across multiple evaluation metrics. 
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1 Introduction 

Multimodal Sentiment Analysis (MSA) has emerged as an important research topic in 

computer vision and natural language processing [1][2]. In real-world scenarios, human 

emotions are usually expressed through multiple signals, including text, audio, and vis-

ual information. Effectively integrating information from different modalities and ex-

ploiting their complementarity have become key challenges in MSA [3]. 

Recent research has increasingly emphasized the development of more effective rep-

resentation learning methods for MSA. Early methods mainly relied on feature concat-

enation or simple fusion strategies, which were insufficient for modeling cross-modal 

dependencies effectively [1]. Subsequently, a series of methods based on attention 



mechanisms and Transformer architectures were proposed. These methods employed 

cross-modal attention to achieve information interaction and significantly improved 

model performance. Additionally, some studies further introduced multi-layer interac-

tion or graph-based modeling to capture more complex semantic relationships. How-

ever, most existing approaches primarily focus on modeling information at a single 

semantic level. They either emphasize local temporal dynamics while ignoring global 

semantic dependencies, or rely heavily on global representations without sufficiently 

modeling fine-grained interactions.  

To  address these issues, this paper proposes a hierarchical global-local interaction 

and refinement framework for multimodal sentiment analysis.  

The main contributions of this paper are summarized as follows:  

(1)  We propose a Hierarchical Local Interaction (HLI) module and introduce a 

Cross-Modal Synergistic Learning (CMSL) mechanism into the multi-layer interaction 

process, which achieves gradual alignment and fusion of multimodal sequences, 

thereby enhancing local dynamic representation learning. 

(2)  We design a Global Representation Refinement (GRR) module. By introducing 

learnable global representations and combining them with cross-modal attention, the 

module performs iterative updates in a multi-layer structure, thereby effectively captur-

ing long-range dependencies and high-level semantic structures. 

(3)  Extensive experiments and ablation analyses are performed on the CMU-MOSI 

and CMU-MOSEI datasets. The results indicate that HGLIR outperforms existing ap-

proaches across multiple evaluation metrics, validating the effectiveness of the pro-

posed framework for multi-level semantic modeling and cross-modal interaction. 

2 Related Work  

2.1  Multimodal Sentiment Analysis 

Early MSA approaches primarily concentrated on multimodal fusion strategies. TFN 

[4] models high-order interactions through tensor fusion, while LMF [5] reduces com-

putational complexity via low-rank factorization. Later studies shifted toward represen-

tation learning and semantic alignment. MISA [6] disentangles shared and private rep-

resentations to reduce modality discrepancy, and Self-MM [7] introduces self-super-

vised multi-task learning for cross-modal consistency modeling. Transformer-based 

methods, such as MulT [3] and MAG-BERT [8], further improve cross-modal interac-

tion through attention mechanisms. However, most existing approaches still depend on 

shallow or single-level fusion architectures, making it difficult to jointly capture local 

dynamics and global semantic information. In addition, dominant text features often 

suppress non-linguistic modalities, limiting adaptive multimodal fusion and model gen-

eralization [1][2]. 

2.2 Cross-Modal Hierarchical Representation Learning 

To better capture cross-modal semantic relationships, recent studies have gradually 

evolved from information-constrained fusion methods to structured hierarchical 



modeling, and further explore collaborative representation learning between global and 

local information. Early work such as MMIM [9] introduces mutual information maxi-

mization constraints at different levels from an information-theoretic perspective, en-

hancing information sharing among modalities and improving the preservation of task-

relevant information in fused representations. 

On this basis, later studies began to introduce explicit structures for modeling multi-

level semantic relationships. For example, HGCL-LG [10] constructs local and global 

structures and applies a hierarchical learning to model cross-modal relationships at dif-

ferent granularities. Furthermore, GloMo [11] separates modality representations into 

local and global components and integrates them through a global guidance mechanism, 

thereby improving fine-grained sentiment modeling capability. 

Inspired by these studies, we argue that an effective multimodal sentiment analysis 

model should simultaneously capture local semantic details and global semantics, and 

enable adaptive information integration across different semantic levels. However, ex-

isting methods often fail to achieve this balance. Therefore, we propose a hierarchical 

global-local interaction and refinement model, which progressively models cross-

modal dynamics through multi-layer local interaction and captures high-level semantic 

dependencies via an iterative global representation refinement mechanism. Further-

more, adaptive fusion is introduced to achieve unified modeling of multi-scale infor-

mation. 

3 Method 

3.1 Overview 

As shown in Fig.1, the proposed HGLIR framework first obtains aligned multimodal 

representations through modality-specific encoders and modality dropout. The repre-

sentations are then input into the Hierarchical Local Interaction (HLI) module and the 

Global Representation Refinement (GRR) to capture local dynamics and global seman-

tic dependencies, respectively. Finally, global and local representations are adaptively 

fused for sentiment prediction. 

 

Fig. 1. HGLIR framework architecture 



3.2 Unimodal Feature Representation 

In multimodal sentiment analysis tasks, each video clip typically consists of signals 

from three different modalities: text 𝑡, audio 𝑎, and visual 𝑣. Following common prac-

tices in existing research, feature extraction is first performed on the data of each mo-

dality. Specifically, the textual modality is encoded by BERT [12] to obtain contextual 

semantic representations. The audio and visual modalities are processed using 

COVAREP [13] and OpenFace [14], respectively, to extract the corresponding low-level 

features. 

After obtaining these features, the input sequences of the three modalities are uni-

formly represented as (𝑋𝑡 , 𝑋𝑎 , 𝑋𝑣), where 𝑋𝑚 ∈ ℝ𝑇𝑚×𝑑𝑚 , 𝑚 ∈ {𝑡, 𝑎, 𝑣}. Here, 𝑇𝑚  de-

notes the sequence length of each modality 𝑚, and 𝑑𝑚 represents the corresponding 

feature dimension. To facilitate subsequent cross-modal interaction modeling, a modal-

ity-specific linear projection is further applied to project the features into multimodal 

representations of the same dimension 𝐻𝑚 ∈ ℝ𝑇𝑚×𝑑. 

3.3 Modality Dropout 

The quality and availability of multimodal signals are often uneven, causing certain 

modalities to dominate the learning process. This imbalance may lead the model to rely 

excessively on a single modality, thereby weakening its generalization capability in 

scenarios with missing or noisy modalities [15]. Consequently, we introduce Modality 

Dropout, a modality-level random dropout mechanism designed to improve model ro-

bustness and generalization capability. During training, a random mask is applied to 

each modality feature 𝐻𝑚  to randomly discard the entire modality for each sample, 

which can be formally defined as follows: 

𝐻𝑚 =
𝑀𝑚

1 − 𝑝𝑚

⋅ 𝐻𝑚, 𝑚 ∈ {𝑡, 𝑎, 𝑣} (1) 

where 𝑀𝑚 ∼ Bernoulli(1 − 𝑝𝑚) denotes the sample-level random mask. When 𝑀𝑚 =
0, the corresponding modality is completely discarded. When 𝑀𝑚 = 1, the feature is 

scaled to maintain expectation consistency. 

Different dropout probabilities (𝑝𝑡 , 𝑝𝑎 , 𝑝𝑣) are assigned to different modalities. To 

alleviate over-reliance on the text modality, a higher dropout probability is applied to 

text, while lower probabilities are used for audio and visual modalities. 

3.4 Hierarchical Local Interaction 

Effective multimodal understanding requires progressively modeling semantic interac-

tions at different representation levels. However, existing methods usually rely on shal-

low interaction structures, hindering the ability to jointly model local dynamics and 

high-level semantic relationships, thereby limiting multi-scale semantic modeling ca-

pability [16]. 

To tackle this issue, we propose a Hierarchical Local Interaction (HLI) module with 

multi-layer cross-modal interaction. Meanwhile, a Cross-Modal Synergistic Learning 



(CMSL) mechanism is introduced at each layer to progressively align cross-modal se-

mantics. The interaction process is shown in Fig. 2. 

 

Fig. 2. Framework of the HLI module  

Specifically, the multimodal representation of the 𝑙-th layer is updated layer by layer 

from the output of the previous layer: 

(𝐻𝑡
(𝑙)

, 𝐻𝑎
(𝑙)

, 𝐻𝑣
(𝑙)

) = HLI(𝐻𝑡
(𝑙−1)

, 𝐻𝑎
(𝑙−1)

, 𝐻𝑣
(𝑙−1)

) , 𝑙 = 1, 2, . . . , 𝐿 (2) 

where 𝐻𝑚
(𝑙)

∈ ℝ𝑇𝑚×𝑑  denotes the sequence representation of modality 𝑚  at the 𝑙 -th 

layer. 𝐿 is set to 3 by default. The initial representation is obtained from the modality 

dropout process, i.e., Hm
(0)

= 𝐻𝑚. 

At each layer, temporal modeling is first performed independently for each modality 

to capture intra-modal dynamic dependencies. Specifically, we apply a Multi-Head At-

tention (MHA) mechanism [17], followed by a residual connection to obtain the updated 

representation: 

𝐻̂𝑚
(𝑙)

= 𝐻𝑚
(𝑙−1)

+ 𝑀𝐻𝐴𝑚(𝐻𝑚
(𝑙−1)

) (3) 

Relying solely on attention mechanisms for implicit alignment often fails to effec-

tively constrain semantic consistency across modalities. This can easily lead to an un-

stable cross-modal interaction process. To address this, a Cross-Modal Synergistic 

Learning (CMSL) mechanism is designed to optimize the cross-modal interaction. 



Specifically, an average pooling (AvgPool) is first performed on the updated sequences 

of each modality: 

𝑓𝑚
(𝑙)

= 𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐻̂𝑚
(𝑙)

) (4) 

Cosine similarity is adopted to measure semantic consistency across modalities: 

𝑆𝑖𝑗
(𝑙)

= 𝜎(cos(𝑓𝑖
(𝑙)

, 𝑓𝑗
(𝑙)

)), 𝑖 ≠ 𝑗 (5) 

where 𝜎(⋅) denotes the Sigmoid function. 

Leveraging these similarity weights, we dynamically fuse cross-modal information 

and subsequently apply a residual connection to yield the final representation: 

𝐻𝑚
(𝑙)

= 𝐻̂𝑚
(𝑙)

+ 𝛼 ∑ 𝑆𝑚𝑛
(𝑙)

⋅ 𝐻̂𝑛
(𝑙)

,  𝑛 ≠ 𝑚 (6) 

where α is a learnable parameter, and 𝑆𝑚𝑛
(𝑙)

 represents the semantic similarity weight 

between modality m and n. 

After generating the final local representation for each modality through multi-layer 

progressive modeling, we fuse these multimodal features to extract the local semantic 

features: 

𝐹𝑙𝑜𝑐𝑎𝑙 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐻𝑡
(𝐿)

, 𝐻̃𝑎
(𝐿)

, 𝐻𝑣
(𝐿)

) 𝑊𝑓 (7) 

where 𝑊𝑓 is a learnable linear projection, and 𝐿 is the last layer of the hierarchical in-

teraction (i.e., the final hierarchical representation obtained after multi-layer progres-

sive modeling). 

3.5 Global Representation Refinement 

Although the HLI module can effectively capture cross-modal dynamic information, 

its modeling process is still limited to a local temporal range. This makes it difficult to 

fully characterize global semantic dependencies. To this end, we introduce a Global 

Representation Refinement (GRR) module. By introducing learnable global represen-

tations and continuously aggregating information from different modalities and hierar-

chical layers throughout the multi-layer interaction process, the model progressively 

captures and refines global semantics. The refinement process is shown in Fig. 3. 



 

Fig. 3. Framework of the GRR module 

Specifically, we first introduce a set of randomly initialized learnable global repre-

sentations as the initial representation for semantic aggregation, denoted as 𝐻𝑔
(0)

∈

ℝ𝑇×𝑑 , where 𝑇 represents the global sequence length and 𝑑 is the feature dimension. 

In the update, we construct the query vector by applying a linear projection to the global 

representation from the previous layer, and introduce an additional learnable query vec-

tor to enhance the representation capability: 

𝑄(𝑙) = (𝐻𝑔
(𝑙−1)

+ 𝑞𝑙) 𝑊𝑞 (8) 

where 𝑊𝑞 ∈ ℝ𝑑×𝑑𝑞 represents the learnable query projection matrix, and 𝑞𝑙 is a learn-

able parameter used to enhance query expressiveness. 

For the construction of keys and values, we utilize the representations of each mo-

dality to generate the corresponding keys and values: 

𝐾𝑚 = 𝐻𝑚𝑊𝑘
𝑚, 𝑉𝑚 = 𝐻𝑚𝑊𝑣

𝑚, 𝑚 ∈ {𝑡, 𝑎, 𝑣} (9) 

where 𝑊𝑘
𝑚 and 𝑊𝑣

𝑚 are learnable linear transformation parameters. 𝐻𝑚 denotes the fi-

nal modality representation obtained after the multi-layer modeling of the Hierarchical 

Local Interaction (HLI) module, i.e., 𝐻𝑚 = 𝐻𝑚
(𝐿)

. 



Subsequently, the attention mechanism is employed to extract globally relevant in-

formation from each modality. 

𝑍𝑚
(𝑙)

= Softmax (
𝑄(𝑙)𝐾𝑚

𝑇

√𝑑
) 𝑉𝑚 , 𝑚 ∈ {𝑡, 𝑎, 𝑣} (10) 

The attention outputs from different modalities are then fused to obtain the updated 

global representation through a linear projection: 

𝐻̂𝑔
(𝑙)

= (𝑍𝑡
(𝑙)

+ 𝑍𝑣
(𝑙)

+ 𝑍𝑎
(𝑙)

) 𝑊𝑜 (11) 

where 𝑊𝑜 represents the learnable linear projection parameter. 

Finally, the update is completed via a residual connection: 

𝐻𝑔
(𝑙)

= 𝐻𝑔
(𝑙−1)

+ 𝐻̂𝑔
(𝑙) (12) 

This process executes iteratively across multiple levels. Through layer-by-layer up-

dates, the global representation can progressively integrate multimodal information to 

form a stable and consistent high-level semantic representation, ultimately obtaining 

the final global representation 𝐹global = 𝐻𝑔
(𝐿)

. 

3.6 Global-Local Fusion Module 

Local representations focus on depicting fine-grained semantic information formed 

during the multi-layer interaction process, whereas global representations aggregate 

multimodal information at a macro level. The two are complementary in semantic gran-

ularity. Since the relative importance of local and global information varies across dif-

ferent samples, introducing a gating mechanism enables adaptive information fusion.  

Specifically, a gating mechanism is applied to the local and global representations 

to adaptively regulate the contribution of information from different sources based on 

the input content. The process is defined as:  

𝑔𝑙 = 𝜎(𝐹local 𝑊𝑙), 𝑔𝑔 = 𝜎(𝐹global 𝑊𝑔) (13) 

𝐹 = 𝑔𝑙 ⊙ Flocal + 𝑔𝑔 ⊙ Fglobal (14) 

where 𝑊𝑙  and 𝑊𝑔 are learnable linear transformation parameters. 𝑔𝑙  and 𝑔𝑔 represent 

the gating weights for the local and global branches, respectively. 

Through the above process, the model can simultaneously integrate multi-layer local 

semantics, global semantics, and modality-level importance information within a uni-

fied representation space. This results in a more comprehensive and discriminative mul-

timodal representation.  



3.7 Prediction and Training Objective 

Prediction. After obtaining the global-local fused representation 𝐹, it is input into the 

prediction layer to complete the final prediction task. Specifically, we use a Multi-Layer 

Perceptron (MLP) as the prediction function to map the fused representation: 

𝑦̂ = MLP(𝐹; θMLP) (15) 

where 𝑦̂ denotes the sentiment result predicted by the model. MLP(⋅) denotes a multi-

layer prediction network composed of two linear transformation layers with a ReLU 

activation function, and 𝜃MLP represents its set of learnable parameters.  

 

Training Objective. For the MSA task, the Mean Squared Error (MSE) loss is adopted 

as the optimization objective: 

ℒ𝓉𝒶𝓈𝓀 =
1

𝑁
∑(𝑦𝑖 − 𝑦𝑖̂)

2

𝑁

𝑖=1

(16) 

4 Experiments 

4.1 Datasets 

The proposed method is evaluated on two benchmark datasets, CMU-MOSI [18] and 

CMU-MOSEI [19]. CMU-MOSI contains 2,199 video clips from 93 speakers, while 

CMU-MOSEI is a larger-scale dataset with over 23,000 sentence-level clips collected 

from more than 1,000 speakers across 250 topics. Both datasets provide aligned text, 

audio, and visual modalities.  

4.2 Evaluation Metrics 

We refer to existing studies and adopt five general evaluation metrics to comprehen-

sively evaluate the overall performance of the model. These metrics include Mean Ab-

solute Error (MAE), Pearson Correlation Coefficient (Corr), binary classification accu-

racy (Acc2), 7-class Accuracy (Acc7), and F1-score (F1). Higher values indicate better 

performance for all metrics except MAE. 

4.3 Experimental Settings 

The experiments are conducted on the Ubuntu 18.04 operating system environment. 

We implement and train the model using PyTorch 2.6 and Python 3.11. The hardware 

consists of an NVIDIA GeForce RTX 4090 GPU. The hyperparameters used in the 

experiments are shown in Table 1. 



Table 1. Experimental Settings 

Parameter CMU-MOSI CMU-MOSEI 

learning rate 1e-4 1e-4 

batch size 64 64 

Optimizer Adam Adam 

Epochs 100 100 

Multi-head attention heads 8 8 

𝑝𝑡 

𝑝𝑎 

𝑝𝑣 

Local layers 

0.15 

0.10 

0.10 

3 

0.15 

0.10 

0.10 

3 

Global layers 3 3 

4.4 Baseline Models 

To comprehensively evaluate the proposed model, we adopt the following classic and 

cutting-edge models as baselines for MSA.  

Early methods mainly centered on feature fusion and cross-modal interaction mod-

eling. Representative approaches include TFN [4] and LMF [5], which model multi-

modal feature interactions through tensor fusion and low-rank decomposition, respec-

tively. Attention-based and pre-trained architecture methods, such as MulT [3] and 

MAG-BERT [8], further improved cross-modal alignment and interaction capabilities 

by introducing directional cross-modal attention and multimodal adaptation mecha-

nisms. To enhance representation quality, methods including MISA [6] and Self-MM 

[7] adopted disentanglement learning and self-supervised strategies to learn robust mul-

timodal representations. More recent studies, such as MMIM  [9], HGCL-LG [10], 

GLoMo [11], TMBL [20], DLF [21], and EMOE [22], further explored hierarchical se-

mantic modeling, modality balancing, language-focused fusion, and dynamic expert 

mechanisms, leading to stronger multimodal representation and sentiment prediction 

performance. 

4.5 Experimental Results 

On two public benchmark datasets, we systematically compare the proposed model 

with various multimodal sentiment analysis baselines to evaluate the effectiveness of 

the proposed model. The results are shown in Table 2 and Table 3. 

 

 

 

 

 



Table 2. Experimental Results on CMU-MOSI 

Model Corr MAE Acc7 Acc2 F1 

TFN1 0.673 0.947 34.4 77.9/79.0 77.9/79.1 

LMF1 0.651 0.950 33.8 77.9/79.1 77.8/79.1 

MulT1 0.725 0.846 40.4 79.71/83.4 79.6/83.5 

MISA1 0.778 0.776 41.3 81.8/83.5 81.8/83.5 

MAG-BERT3 0.789 0.731 - 82.5/84.3 82.6/84.3 

Self-MM1 0.796 0.708 46.6 83.4/85.4 83.3/85.4 

MMIM2 0.800 0.700 46.6 84.1/86.0 84.0/85.9 

HGCL-LG2 0.788 0.725 41.7 -/84.0 -/83.9 

GLoMo2 0.782 0.718 48.3 84.1/86.7 83.9/86.6 

TMBL2 0.762 0.867 36.3 81.7/83.8 82.4/84.2 

DLF2 0.781 0.731 47.0 –/85.0 –/85.0 

EMOE2 - 0.710 47.8 -/85.4 -/85.3 

OURS 0.802 0.687 48.2 84.4/86.7 84.2/86.5 

Note. The best results are indicated in bold. 1 indicates that the data is obtained from 

THUIAR's GitHub page, 2 indicates that the data is from the original paper, and 3 indicates 

that the data is from [9]. The dash (“-”) represents missing results for the corresponding 

metric in the original paper. For the F1 and Acc2 metrics, the left side of “/” indicates 

negative/positive results, while the right side indicates negative/non-negative results. 

Table 3. Experimental Results on CMU-MOSEI 

Model Corr MAE Acc7 Acc2 F1 

TFN1 0.714 0.572 51.6 78.5/81.8 78.9/81.7 

LMF1 0.716 0.575 51.5 80.5/83.4 80.9/83.3 

MulT1 0.733 0.559 52.8 81.1/84.6 81.5/83.6 

MISA1 0.751 0.557 52.0 80.6/84.6 81.1/84.6 

MAG-BERT3 0.753 0.539 - 83.8/85.2 83.7/85.1 

Self-MM1 0.764 0.530 45.8 83.7/85.1 83.8/84.9 

MMIM2 0.772 0.526 54.2 82.2/85.9 82.6/85.9 

HGCL-LG2 0.769 0.545 49.3 -/84.2 -/84.3 

GLoMo2 0.771 0.539 55.0 83.7/86.5 84.0/86.4 

TMBL2 0.766 0.545 52.4 84.2/85.8 84.8/85.9 

DLF2 0.764 0.536 53.9 –/85.4 –/85.2 

EMOE2 - 0.536 54.1 -/85.3 -/85.3 

OURS 0.775 0.537 55.3 83.9/86.2 83.7/86.1 

 

On the CMU-MOSI dataset, our method performs well in the regression task, achiev-

ing current competitive results with Corr = 0.802 and MAE = 0.687. Compared to the 

strong baseline MMIM (Corr = 0.800, MAE = 0.700), the correlation coefficient in-

creases by 0.002, and the MAE decreases by 0.013. Meanwhile, compared to Self-MM 

(MAE = 0.708), the error is further reduced by 0.021, which demonstrates that the 

model possesses a stronger fitting capability in sentiment intensity modeling. In the 

fine-grained sentiment classification task (Acc7), our method achieves a score of 

https://github.com/thuiar/MMSA/blob/master/results/result-stat.md


48.2%, which is on par with the current top-performing method GLoMo (48.3%) and 

outperforms EMOE (47.8%) by approximately 0.4%, showing strong multi-class dis-

criminative ability. In the binary classification task, the model achieves an Acc2 of 

84.4% / 86.7% and an F1-score of 84.2% / 86.5%. These results remain consistent with 

existing methods, reflecting good classification stability. 

On the CMU-MOSEI dataset, our method achieves a score of 55.3% in the fine-

grained sentiment classification task (Acc7). This result outperforms the current top-

performing method GLoMo (55.0%) by 0.3% and EMOE (54.1%) by 1.2%, reaching 

the competitive level and further verifying the effectiveness of the model in fine-

grained sentiment modeling. Regarding the regression metrics, the model achieves 

MAE = 0.537 and Corr = 0.775, showing comparable performance with advanced 

methods such as MMIM (MAE = 0.526) and Self-MM (MAE = 0.530).  

Compared with hierarchical methods such as MMIM, HGCL-LG, and GLoMo, our 

model achieves competitive and balanced performance across multiple evaluation met-

rics. In particular, it shows stronger regression capability while maintaining favorable 

classification performance, demonstrating the effectiveness of hierarchical global-local 

modeling for multimodal sentiment analysis.  

4.6 Ablation Study 

Ablation Analysis of Key Components. To comprehensively evaluate the contribu-

tion of each key module to the model's performance, we design a series of ablation 

experiments. Specifically, we remove core components from the model one at a time, 

including the Modality Dropout mechanism, the Hierarchical Local Interaction (HLI) 

module, and the Global Representation Refinement (GRR) module. We also consider 

removing both HLI and GRR simultaneously to analyze the synergistic effect between 

local and global modeling. When a module is removed, the model architecture is ap-

propriately simplified to ensure computational correctness. The results are shown in 

Table 4. 

Table 4. Ablation Results on CMU-MOSI 

Model Corr MAE Acc7 Acc2 F1 

Base 0.802 0.687 48.2 86.7 86.5 

w/o Modality Dropout 0.787 0.711 47.0 86.4 86.3 

w/o HLI 0.772 0.736 43.8 84.4 84.2 

w/o GRR 0.780 0.732 46.5 85.9 85.8 

w/o HLI&GRR 0.751 0.747 43.1 83.8 83.7 

 

The removal of any component leads to performance degradation. Removing HLI 

causes the largest drop, indicating the importance of hierarchical local interaction for 

modeling multimodal dynamics. Removing GRR also reduces performance, validating 

the effectiveness of global semantic refinement. The worst performance is observed 

when both HLI and GRR are removed, demonstrating their complementarity. In addi-

tion, Modality Dropout further improves model robustness. 



 

Analysis of Layer Settings. To verify the rationality of the layer configurations within 

the hierarchical architecture, we conduct comparative experiments on the number of 

layers for both the local interaction module (Local Layers) and the global representation 

refinement (Global Layers), evaluating the performance variations on the CMU-MOSI. 

The results of the experiments are illustrated in Fig. 4. 

(a) Local Layers. (b) Global Layers. 

Fig. 4. Global and Local Layer number analysis on CMU-MOSI. For ease of presentation and 

comparison, only three metrics—Corr, MAE, and Acc2—are selected in the figure, and the val-

ues of Acc2 are divided by 100 for normalization. 

Experimental results show that both the local interaction layers (Local Layers) and 

the global representation refinement layers (Global Layers) exhibit a similar trend, 

where the model performance first improves and then declines when the number of 

layers increases. Specifically, the performance consistently improves when the number 

of layers increases from 1 to 3, indicating that multi-layer local interactions and global 

updates can effectively capture richer cross-modal dynamics and aggregate long-range 

semantic information. However, further increasing the number of layers to 4 or 5 leads 

to performance fluctuations or degradation, which may be caused by redundant infor-

mation, optimization difficulties, or over-smoothing effects introduced by excessively 

deep structures. Therefore, both the local interaction and global representation refine-

ment are set to 3 layers. 

5 Conclusion 

This paper proposes HGLIR for multimodal sentiment analysis, which jointly models 

hierarchical local interaction and global semantic refinement to capture multi-scale se-

mantic information. Specifically, the proposed framework progressively learns cross-

modal dynamics through the Hierarchical Local Interaction (HLI) module and enhances 

semantic consistency via the Cross-Modal Synergistic Learning (CMSL) mechanism. 

Meanwhile, the Global Representation Refinement (GRR) module iteratively aggre-

gates long-range semantic dependencies through learnable global representations. 



Experimental results on the CMU-MOSI and CMU-MOSEI datasets demonstrate that 

the proposed method achieves competitive performance across multiple metrics, further 

validating the effectiveness of hierarchical global-local modeling for multimodal sen-

timent analysis. 
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