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● Task: Multimodal Emotion Recognition 

in Conversation (Multimodal ERC)

● Challenges:

● Limited exploration beyond textual 

modality.

● Emotion shift and imbalance.

● Approach: MultiDAG+CL

● Leverages Directed Acyclic Graph (DAG) to integrate textual, acoustic, and visual 

features within a unified framework.

● Augmented by Curriculum Learning (CL) to address challenges related to 

emotional shifts and data imbalance.



MultiDAG model & Curriculum Learning Strategy

4Cam-Van Thi Nguyen et al.



Problem Definition

5Cam-Van Thi Nguyen et al.

● Consider a conversation 𝐶 having utterances {𝑢1, 𝑢2, … , 𝑢𝑁} where 𝑁 is the 

number of utterances. The task of ERC is to predict emotion label of each 

utterance 𝑢𝑖 with predefined emotion label set 𝐸 = {𝑦1, 𝑦2, … , 𝑦𝑟}.

● In multimodal approach, an utterance is represented using 3 modalities—

audio (a), visual (v), and textual (l) — with the feature representation 

denoted as 𝑢𝑖  =  {𝑢𝑖
𝑎 ,

𝑢𝑖
𝑣

, 𝑢𝑖
𝑙

}
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1. Modality Encoder:

● Bidirectional LSTM for textual context: ℎ𝑖
𝑎 = 𝐸𝑛𝑐𝐴(𝑢𝑖

𝑎)

● Fully Connected Network for acoustic and visual: 

ℎ𝑖
𝑣  =  𝐸𝑛𝑐𝑉(𝑢𝑖

𝑣) ;  ℎ𝑖
𝑙  =  𝐸𝑛𝑐𝐿(𝑢𝑖

𝑙)

where 𝐸𝑛𝑐𝐴, 𝐸𝑛𝑐𝑉 , 𝐸𝑛𝑐𝐿 are modality encoder for audio, visual, textual modalities, 

respectively

• The encoders produce context-aware raw feature encodings ℎ𝑖
𝑎, ℎ𝑖

𝑣 , ℎ𝑖
𝑙 , 

contributing to the construction of the multimodal feature vector 𝑢𝑖(𝑚𝑚)

𝐻𝑖 𝑚𝑚
0 = ℎ𝑖

𝑎 ⊕ ℎ𝑖
𝑣 ⊕ ℎ𝑖

𝑙
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2.   MultiDAG Construction:

● Why DAG? Each utterance exclusively receives information from past utterances, 
depicted by a DAG with one-way information flow, allowing it to gather information 
not only from nearby utterances but also from distant ones.

● Step 1: We initialize the DAG-GNN to integrate both -remote and -local information 
similar to the approach in DAG-ERC.

● Step 2:   At each layer 𝑙, utterance hidden states are computed sequentially. Attention 
weights between each utterance 𝑢𝑖 𝑚𝑚  and preceding nodes are calculated using its 
(𝑙 − 1)'s hidden state to attend to the current layer's nodes.

𝑎𝑖𝑗 𝑚𝑚
𝑙  =  𝑆𝑗∈ 𝑁𝑖 𝑚𝑚

(𝑊𝛼
𝑙 𝐻𝑗 𝑚𝑚

𝑙  | 𝐻𝑖 𝑚𝑚
𝑙−1

])

Here, 𝑆 is Softmax; 𝑁𝑖 𝑚𝑚  is the set of preceding nodes to 𝑢𝑖 , 𝑊𝑎
𝑙 is a trainable weight matrix, 𝐻𝑖 𝑚𝑚

𝑙−1  is the hidden 

state of 𝑢𝑖 𝑚𝑚  at layer (𝑙 − 1), and || denotes concatenation.
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● Step 3: 𝑎𝑖𝑗 𝑚𝑚
𝑙 is combined with edge relationships for information aggregation:  

𝑀𝑖 𝑚𝑚
𝑙 = σ𝑗∈ 𝑁𝑖 𝑚𝑚

𝑎𝑖𝑗 𝑚𝑚 𝑊𝑟𝑖𝑗
𝑙  𝐻𝑗 𝑚𝑚

𝑙

 Final hidden  state:  ෩𝐻𝑖 𝑚𝑚
𝑙 =  𝐺𝑅𝑈𝐻

𝑙 𝐻𝑖 𝑚𝑚
𝑙−1 , 𝑀𝑖 𝑚𝑚

𝑙 , 

 where 𝑊𝑟𝑖𝑗
𝑙 ∈  {𝑊0

𝑙 , 𝑊1
𝑙} are trainable parameters

• Step 4: Another GRU serves as the context information unit, modeling the flow of 

information from the historical context through a layer. In this unit, the roles of 

𝐻𝑖
𝑙−1 𝑎𝑛𝑑 𝑀𝑖

𝑙 in the GRU are exchanged: 𝐶𝑖 𝑚𝑚
𝑙  =  𝐺𝑅𝑈𝑀

𝑙 (𝑀𝑖 𝑚𝑚
𝑙 , 𝐻𝑖 𝑚𝑚

𝑙−1 )

• Step 5: The hidden states of 𝑢_𝑖 from all layers are concatenated together:

 𝐻𝑖 𝑚𝑚  =  ||𝑙=0
𝐿 ෩𝐻𝑖 𝑚𝑚

𝑙 + 𝐶𝑖 𝑚𝑚
𝑙
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1. Difficulty Measure Function

● It's crucial to determine what makes a conversation easier or more difficult than 

others        We constructed DMF to calculate the difficulty of a conversation based on 

the frequency of emotional shift

● An emotional shift happens when 𝑒 𝑢𝑖 ≠  𝑒(𝑢𝑘), with 𝑝(𝑢𝑖)  =  𝑝(𝑢𝑘), and no 

intervening utterance by the same speaker expressing the same emotion exists. 

● The difficulty of 𝑖-th conversation 𝑐𝑖 is as follows:

𝐷𝐼𝐹 𝑐𝑖 =
𝑁𝑠ℎ𝑖𝑓𝑡 𝑐𝑖 +  𝑁𝑠𝑝 𝑐𝑖

𝑁𝑢 𝑐𝑖 +  𝑁𝑠𝑝 𝑐𝑖

𝑁𝑠ℎ𝑖𝑓𝑡 𝑐𝑖 denotes the emotional shifts in 𝑐𝑖 , while 𝑁𝑢 𝑐𝑖 represents the total utterances in 𝑐𝑖 .

𝑁𝑠𝑝 𝑐𝑖 indicates the number of speakers in 𝑐𝑖, serves as a smoothing factor.
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1. Training Scheduler

● The training scheduler is used to organize and schedule the training process by 

arranging conversations.

● The dataset 𝐷 is divided into multiple different bins {𝐷1, … , 𝐷𝑘}, where conversation 

with similar difficulty are grouped into the same bin.

● Training starts with the easiest bin, followed by the gradual introduction of 

subsequent bins after a set number of epochs. 

● After all bins have been used, additional training epochs are performed.



● Datasets: IEMOCAP, MELD

● We compare our method against several state-of-the-art (SOTA) baselines, 
including unimodal and multimodal learning approaches.

● We use weight F1-score (w-F1) and Accuracy (Acc.) as evaluation metrics.
● Settings: 

● IEMOCAP dataset, learning rate is 0.0005, dropout rate is 0.4, 30 training 
epochs, and 4 layers of MultiDAG. 

● MELD dataset,  learning rate is 0.00001, dropout rate is 0.1, 60 training 
epochs, and 2 layers of Multi-DAG.

Experiment Setup

11Cam-Van Thi Nguyen et al.



RQ1: Does MutiDAG+CL outperform against baselines

12Cam-Van Thi Nguyen et al.

● We conducted a comprehensive comparison of our proposed approach with 
SOTA multimodal ERC methods

● MultiDAG+CL, which combines the MultiDAG model with a CL strategy, achieves 
SOTA performance on both the IEMOCAP and MELD datasets. MultiDAG+CL 
outperforms previous SOTAs by 1.05% (DAG-ERC on IEMOCAP) and 0.34% (DAG-
ERC on MELD), respectively.



RQ2: Effect of Modality
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● Table 3 compares the performance of MultiDAG and MultiDAG+CL under 
various multimodal settings on both benchmark datasets

● In IEMOCAP, the textual modality performs best among the unimodal settings, 
while the visual modality shows the lowest results due to noise from factors 
like camera position and environmental conditions

● Similar observations are made in the MELD dataset
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● We perform experiments to select the optimal number of buckets in the CL 
training scheduler.

● The results shown in the Table 4, indicate that for the IEMOCAP dataset, the 
optimal number of buckets is 5, while for the MELD dataset, it is 12



RQ4: Performance for Emotion-shift
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• From the confusion matrices of the MultiDAG and 
MultiDAG+CL models (Figure 2), it can be observed 
that the prediction accuracy for the “Happy”, 
“Neutral”, “Sad”, and “Angry” labels is improved 
when CL is incorporated into the model

• The misclassification rate of the “Neutral” label as 
“Disgust” decreases significantly from 19.3% in the 
MultiDAG model to only 12.3% in MultiDAG+CL



Conclusion
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● MultiDAG+CL introduces a novel approach for Multimodal Emotion 

Recognition in Conversation, leveraging Directed Acyclic Graphs to integrate 

diverse modalities effectively.

● Incorporating Curriculum Learning (CL) addresses challenges such as 

emotional shifts and data imbalance, significantly enhancing model 

performance.

● Extensive experiments validate the efficacy of MultiDAG+CL, while future 

research directions include exploring alternative training schedulers and 

incorporating learning-based emotion label similarity modeling.
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