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Motivation

. : Multimodal Emotion Recognition e oot o oot
- . - ) vesmerees 3 }Jv;'h';;'"""""sfv@h'?'t{h}h'th' """""" ey |
in Conversation (Multimodal ERC) T = "

e Challenges:

Dialogue
'

o Limited exploration beyond textual
. E 2) Oh, yeah! 4)The whole thing 8)Don trg I
modality. A gW'dWP
(Sentiment): (Postive Neutra (Negative) ==

o« Emotion shift and imbalance.

o Approach:
o Leverages Directed Acyclic Graph (DAG) to integrate textual, acoustic, and visual

features within a unified framework.

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

emotional shifts and data imbalance.
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Algorithm 1 CL Training with DMF
Input: D - training dataset; M - training model

model & Strategy k - number of buckets in baby step scheduler
DIF - difficulty measure function

t - number of epochs; n - number of utterances

e - the emotion label of the utterances

plu;) - the speaker's corresponding utterance w;

S - Set containing the emotion sequence of
speakers; S|p|[i| represents the emotion in the
i-th utterance of speaker p

Output: M* - the optimal model

S=0,N.. =10
L 1 aes
/ ayer \ - fori — 1to n do

N utterances from a L x MultiDAG
conversation ’ 0 layers

'

e e o o m o om owmowm P

5 : HG ) . e
1 : 1{mm) Information aggregating i S[pli]] « S[pli]] U {eli]}
: using attention mechanism Mf(mm) end for
: and edge relation N.p = length(5)
; | forp € S do
— > Hé}(m.m] Hgl(mm for i = 1 to length(S[p|) — 1 do
Modali : if S[pli]] # S[p[i + 1] then
odali ' 1 (i1 I 77l : , N N
Encode:; : GRU g (H(mm)> Mimm)) Hi(inmy N - enﬁﬁilil‘m o et
! ! end for
: i(mm end for . .
' DLF = Nt er
: : GRUi{(Mf(mmJ’H;(”im))]' Cf(mm] / : Yi Dr = .ﬁcm'({'f_;. Di’-f}_ )
) : il : ' Dr = [D'.D? ..,D"} where DIF(d,) <
e V[T N(mm) [ / HL Predicted DIF(dy).d, € D'.dy € D! Vi < j
./ ] ' i(mm label irain
' : Direin = )
R ’ fori=1tot do

if : < k then
-IJIT'-I'L.'H — Ijh'am LJ UI:
end if
TRAIN(M, D7)
end for
return M=
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Problem Definition

« Consider a conversation C having utterances {uq,u,, ...,uy} where N 1s the
number of utterances. The task of ERC is to predict emotion label of each
utterance u; with predefined emotion label set E = {y, y,, ..., ¥-1.

« In multimodal approach, an utterance is represented using 3 modalities—
audio (a), visual (v), and textual (1) — with the feature representation

denoted as u; = {u!™u!”, ulty
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Multimodal ERC with Directed Acyclic Graph -

1. Modality Encoder:
o Bidirectional LSTM for textual context: hi! = Ency(uf')
e Fully Connected Network for acoustic and visual:
h{ = Ency(uf); hi = Enc(u)
where Ency, Ency, Enc; are modality encoder for audio, visual, textual modalities,
respectively

* The encoders produce context-aware raw feature encodings h% hY,h!,

contributing to the construction of the multimodal feature vector u; ,m)

H? = h? D h! ® h

i(mm)
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Multimodal ERC with Directed Acyclic Graph -

2. MultiDAG Construction:

. 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.

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

o« Step 2. Ateach layer [, utterance hidden states are computed sequentially. Attention

weights between each utterance u;,,,) and preceding nodes are calculated using its
(I — 1)'s hidden state to attend to the current layer's nodes.

l _ l {1 1}
Aij(mm) = °je Nitmm) (W [H (mm) ||Hl(mm) )

Here, S is Softmax; N;,m) is the set of preceding nodes to u;, W, is a trainable weight matrix, Hf(lm}?}l) is the hidden

state of u;.,,,) atlayer (I — 1), and || denotes concatenation.
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Multimodal ERC with Directed Acyclic Graph -
. Step3:a; i(mm)1s combined with edge relationships for information aggregation:

Mitmm) = L je Nyommy i mm)We; Hjmmy

Final hidden state: Hpm = GRUL(H

i(mm) — i(mm)’ i(mm) )'

where W), € (W, W/} 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

H!™! and M} in the GRU are exchanged:  C; = GRU,(M;

i(mm) — i(mm)’ L(mm))

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

7l
Hl(mm) — Hl OHl(mm) +Cl(mm)
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CL training with Difficult '/ easure unction

1. Difficulty Measure Function
e It's crucial to determine what makes a conversation easier or more difficult than

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

« An emotional shift happens when e(u;) # e(uy), withp(u;) = p(u,), and no
intervening utterance by the same speaker expressing the same emotion exists.

o The difficulty of i-th conversation c; is as follows:

Nepire(ci) + Ngp(c;)
N, (c;) + Nsp(ci)

Ngpift(c;) denotes the emotional shifts in ¢;, while N,(c;) represents the total utterances in c;.

DIF(¢;) =

N, (c;) indicates the number of speakers in ¢;, serves as a smoothing factor.
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CL training with Difficult '/ easure unction

1. Training Scheduler

o« The training scheduler 1s used to organize and schedule the training process by
arranging conversations.

o« The dataset D i1s divided into multiple different bins {D,, ..., D;}, where conversation
with similar difficulty are grouped into the same bin.

o Training starts with the easiest bin, followed by the gradual introduction of
subsequent bins after a set number of epochs.

o After all bins have been used, additional training epochs are performed.
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Experiment Setup

Datasets: IEMOCAP, MELD

Datasets Conversation Utterances Avg.
Train | Valid | Test | Train | Valid | Test | utterances

IEMOCAP 120 31 5810 1623 66.8

MELD 1038 | 114 280 | 9989 | 1109 | 2610 9.57

« We compare our method against several state-of-the-art (SOTA) baselines,
including unimodal and multimodal learning approaches.
o« We use weight Fl-score (w-F1) and Accuracy (Acc.) as evaluation metrics.
o Settings:
« IEMOCAP dataset, learning rate 1s 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.
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RQl: Does outperform against baselines

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

e 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.

Model IEMOCAP MELD
Happy | Sad | Neutral | Angry | Excited | Frustrated | Acc. (%) | w-F1 (35) || Acc. (55) | w-F1 (3G)

bc-LSTM (Poria et al., 2017) 33.82 | 78.76 56.75 64.35 60.25 60.75 60.51 60.42 59.62 57.29
MFM (Zadeh et al., 2018) 48.19 | 7341 26.28 63.04 64.11 61.82 61.24 61.60 60.80 a7.80
ICON (Hazarika et al., 2018) 32.80 | 7440 60.60 68.20 68.40 66.20 64.00 63.50 58.20 56.30
DialogueRNN (Majumder et al., 2019) | 32.20 | B0.26 27.89 62.82 73.87 29.76 63.52 62.89 60.31 o7.66
DialogueGCHN (Ghosal et al., 2019) 21.57 | 8048 | 5/7.69 23.90 f2.81 a7.33 63.22 62.89 28.62 26.36
DAG-ERC (Shen et al., 2021) 47.59 | 79.83 69.36 | 66.67 66.79 68.66 67.53 68.03 61.04 63.66
MMGCHN (Hu et al., 2021) 45.14 | 776 64.36 65.82 4.1 61.40 66.36 66.26 60.42 28.31
CTNet (Lian et al., 2021) 21.3 79.9 65.8 67.2 78.7 58.8 68.0 67.5 62.0 60.5
DAG-ERC+HCL (Yang et al., 2022) - - - - - - - 68.73 - 63.89

COGMEN (Joshi et al., 2022) . - . - - - 68.2 67.6 - -
MultiDAG (Ours) 49.65 | 79.83 66.40 6/7.09 {1.78 6/7.90 68.30 68.42 54.29 63.87
MultiDAG+CL (Ours) 4526 | 81.40 69.53 70.33 71.61 66.94 69.11 69.08 64.41 64.00

Table 1: Performance of approaches on IEMOCAP and MELD datasets. Bold indicates the highest perfor-
mance, and underlining denotes the second-highest. “-" represents missing values due to unavailability
in original papers.
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RQ2: Effect of

e Table 3 compares the performance of MultiDAG and MultiDAG+CL under
various multimodal settings on both benchmark datasets

o 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

o Similar observations are made in the MELD dataset

) MUltiDAG MUltiDAG+CL
Modality ' —epscAP T MELD [ TEMOCAP | MELD
T B8.17 | 63.66 5712 | 63.47

A 4937 | 40.27 5058 | 4017

v 3379 | 31.27 3669 | 31.27
T+A 68.42 | 63.61 68.45 | 63.56
T+V 8756 | 63.69 57.40 | 63.62
AtV 52.40 | 40.54 51.86 | 39.99

[T+V+A| 6845 | 63.87 | 69.08 | 64.00 |

Table 3: Results of MultiDAG and MultiDAG+CL
under different modality settings. T, A, V represent
the text, audio, visual modality, resepectively.
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RQ3: Effect of

o« We perform experiments to select the optimal number of buckets in the CL

training scheduler.
e 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

Table 4: Results of MultiDAG+CL for different num-

IEMOCAP MELD

Number of buckets | w-F1 | Number of buckets | w-F1
&4 68.05 ] 63.94
2 69.08 8 63.83
Fi 68.84 10 63.89
10 68.38 12 64.00
12 68.36 14 63.96

ber of buckets in CL training scheduler.
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« From the confusion matrices of the MultiDAG and ey S N S I S
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that the prediction accuracy for the “Happy’, §:3
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Predicted Label

(b) MultiDAG+CL

Figure 2: The confusion matrices on the IEMOCAP.
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Conclusion

. introduces a novel approach for Multimodal Emotion
Recognition in Conversation, leveraging Directed Acyclic Graphs to integrate
diverse modalities effectively.

e Incorporating Curriculum Learning (CL) addresses challenges such as
emotional shifts and data 1imbalance, significantly enhancing model
performance.

o 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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