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the sudden? [ neutral ]

Q- She's been in New York three and a half years. Why all of

Why does that bother you? [ neutral] — &

L

Maybe he just wanted to see her again? [neutral] — g

He lived next door to the girl all his life, why - g
wouldn’t he want to see her again? [ neutral ]

How do you know he is even thinking about _ @

£ —  What's going on here Joe? [frustrated]

it? [frustrated]

l——z '€ speaker |

i{ listener |

Figure 1: In this dialogue, P4’s emotion changes are influ-
enced by the behavior of Pg.
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Problem Definition

3.1 Problem Definition

Let there be |M parties/participants py,po, ..., pa|(M = 2
for the datasets we used) in a conversation. The task 1s t
ired.

happy, sad, neutral, angry, exc

and frustrated) ot the constituent utterances i, us, ..., UnN,
where utterance u; 1s uttered by party p,,. s while s being
the mapping bet ce and index of its correspond-
ing party. Also, ‘ut e RPm ‘is the utterance representation,

obtained using feature extractors described below.




ERC Description with Graph

S. Poria et al. Emotion Recognition in Conversation: Research Challenges, Datasets, and Recent
Advances. IEEE Access, 20109.
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Base Model: DialogueRNN Architecture

Speaker-state modeling
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Figure 2: (a) DialogueRNN architecture. (b) Update schemes for global, speaker, listener, and emotion states for
in a dialogue. Here, Person 7 is the speaker and Persons j € [1, M ] and j # i are the listeners.
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3 Updates of DialogueRNN

1) Global State: Overall Emotional flows of conversation.
9t @ 1
2) Party State: Emotion behind utterance that each party have. Emotional changes among conversation

flows. qS(ut)?t

3) Emotion Recognition: Based on global state history, current party sate, and just before recognition

result. J
€t Q.



Simplified Architecture Figure

N. Majumder and S. Poria et al. DialogueRNN: An Attentive RNN for Emotion Detection in
Conversations. In AAAI, 2019.
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DialogueGCN Architecture

1. Sequential 2. Speaker-Level
Context Encoding Context Encoding

3. Classification
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Figure 3: Overview of DialogueGCN, congruent to the illustration in Table 1.
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Feature Extraction with CNN

CNN with 50 CNN output

filters, size 3*300 (n_w-2)*50
Utterance CNN with 50 CNN output
n_word*300 filters, size 4*300 (n_w-3)*50

CNN with 50 CNN output
filters, size 5*300 (n_w-4)*50

According to n-gram extraction algorithm...

Max-pooling &
Concatenate

Vector with
size 150

l

FCN with 150*100

l

Final feature
vector with size
100



Part @. Sequential Context Encoding

1. Sequential
Coniext Encoding

.-
< > B@——Iﬁﬂ»@]—@

gd; — GRUS(Q&(-I—,—)].?H-*J) E-.f’f@ GRLJ’_.;}—*@ E
B-@—my-@ |

So, DO NOT consider speaker information at M@

global state calculation. We'll consider it at next Features
step.




Graph Initialization
G=WV,E,R,W)

Vertices: Each utterance 1n the conversation 1s
represented as a vertex v; € V in G. Each vertex v;
1s 1nitialized with the corresponding sequentially
encoded feature vector g;, forall i € [1,2,..., N|.



Graph Initialization

D. Ghosal et al. DialogueGCN: A Graph Convolutional Neural Network for Emotion Recognition in
Conversation. In EMNLP, 2019.

) EAQ[@ 71"040— {vﬁhy c;;;@eefp;p;, = e(N%) ol
w\wz\, H% %eed?y G 8| window HE A+ 4) |
Y edge oAl o) Relaton b)) Weight LTIl %02

o Redoklon (fixed)
S Nodes ©| speaker 2F %2 A\ 22| (U7 U; Yo
Mtz 3 M7 LRk Sl B ML relati
ZrF TH
L L L 7. 1 11 TR
o) U/elm v ey :
n '5°$*""“(@'We[9'.4.,’ @109]) J’Orj =10~ tlo

Qij = SOftmax(gz We[gz Py gt+f])7

=) Athention module {hat Q % . forj=i—p,....i+f.
V K — g’ -t (9';'Ho

)% Wrkey Viod| DUSH , inoming edge el 33 |
| L.
. p‘f,’n‘N N2t Porey Stule fP - & (SchLchtirwf 2013)

"
-




Graph Initialization (Relations)

(o - e - e - - - - - - - - - - -

Node Types:

|
() Speaker1 (p,) :
() Speaker2 (p,) |
|
l

Edge Types:
— l’l = l’l

= = » Towards past
— I’l—‘ e Towarda future

I”"PI

Relation  ps(ui), ps(uj) i<y (7,7)
1 P1, P1 Yes (1,3), (1,5), (3.,5)
(1,1), (3,1), (3.3)
2 P1: P1 No (5.1), (5.3). (5.5)
3 P2, P2 Yes (2.4)
4 P2, P2 No (2,2),(4,2), (4, 4)
5 P1. P2 Yes (1,2), (1.4), 3.4)
6 P1, P2 No (3,2),(5,2), (5.4)
7 P2, P1 Yes (2,3), (2,5), (4.5)
8 P2, P1 No (2,1), (4,1), (4,3)




Relational Graph Convolutional Network

In class... (Spatial View of Shebnet)

Hence,
Foli,i] = Xy enwyutwy CLLJIF U, 110

With different notation... To apply on relational graph...
1
by =0 (Y —hy) WO T =a |3 L wOr® + wOpO
i rER jENT BT



Part 2. Speaker-Level Context Encoding

D. Ghosal et al. DialogueGCN: A Graph Convolutional Neural Network for Emotion Recognition in
Conversation. In EMNLP, 2019.

2. Speaker-Level
Context Enceding

*» R-GCN

'Of*ij
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reR jeNT Ciyr
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Part 3. Emotional Recognition

D. Ghosal et al. DialogueGCN: A Graph Convolutional Neural Network for Emotion Recognition in
Conversation. In EMNLP, 2019.

3. Classification

- h'z = [gza hz(g)]a
Bi = softmax(h; Walhi, hy ... hy]),| Atentor
hi = Bi[h1,ha, ... . hN] .

Labels lfz, = ReLU(I/VZEi + bl):
‘Prjr = SOftmﬂX(Wsmﬂrml@; + bsma,;g), FCN

y; = argmax(P;[k]).
k




Results

IEMOCAP
Methods Happy Sad Neutral Angry Excited Frustrated | Average(w)
Acc. FlI Acc. Fl Acc. FlI Acc. FlI Acc. Fl Acc. Fl Acc. Fl
CNN 27.77 29.86 | 57.14 53.83 | 34.33 40.14 | 61.17 52.44 | 46.15 50.09 | 62.99 55.75 | 48.92 48.18
Memnet 25.72 33.53 | 55.53 61.77 | 58.12 52.84 | 59.32 55.39 | 51.50 58.30 | 67.20 59.00 | 55.72 55.10
bec-LSTM 29.17 34.43 | 57.14 60.87 | 54.17 51.81 | 57.06 56.73 | 51.17 5795 | 67.19 58.92 | 55.21 54.95
be-LSTM+Att || 30.56 35.63 | 56.73 62.90 | 57.55 53.00 | 59.41 59.24 | 52.84 58.85 | 65.88 59.41 | 56.32 56.19
CMN 25.00 30.38 | 5592 62.41 | 52.86 52.39 | 61.76 59.83 | 55.52 60.25 | 71.13 60.69 | 56.56 56.13
ICON 22.22 2991 | 58.78 64.57 | 62.76 57.38 | 64.71 63.04 | 58.86 63.42 | 67.19 60.81 | 59.09 58.54
DialogueRNN || 25.69 33.18 | 75.10 78.80 | 58.59 59.21 | 64.71 65.28 | 80.27 71.86 | 61.15 58.91 | 63.40 62.75
DialogueGCN || 40.62 42.75 | 89.14 84.54 | 61.92 63.54 | 67.53 64.19 | 65.46 63.08 | 64.18 66.99 | 65.25 64.18




Comments

* Graph may contain much more fruitful model.

« Overfitting when code reproducing.
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END OF PRESENTATION



DialogueRNN Code Result

lakeking@8e39d57dedBc: /conv-emotion/DialogueRNNS python train_IEMOCAR.py

Namespace(active listener=False, attention='general', batch_size=30, class_weight=True, dropout=0.1, epochs=60, 12=1e-05, 1r=0.0801, no_cuda=False, rec_dropout=0.1, tensorboard=False)
Running on GPU
epoch 1 train_loss
epoch 2 train_loss

1.7815 train_acc .B1 train_fscorel5.37 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.7774 test_acc 22.43 test_fscore 16.26 time 6.18
1.7423 train_acc 33.17 train_fscore26.44 valid_loss nan valid_acc nan val_fscorenan test_loss 1.7558 test_acc 30.62 test_fscore 22.06 time 5.87
epoch 3 train_loss 1 train_acc 44.2 train_fscored0.03 valid_less nan valid_acc nan val_fscorenan test_loss 1.7336 test_acc 38.63 test_fscore 31.19 time 5.91
epoch 4 train_loss 1 train_acc .93 train_fscored6.97 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.709 test_acc 42.82 test_fscore 37.86 time 5.89
epoch 5 train_loss 1. train_acc .53 train_fscore51.%4 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.6816 test_acc 48.92 test_fscore 46.15 time 5.64
epoch & train_loss 1 train_acc .68 train_fscore55.25 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.5497 test_acc 51.94 test _fscore 49.26 time 5.92
epoch 7 train_loss 1 train_acc .98 train_fscore56.8 valid_less nan valid_acc nan val_fscorenan test_loss 1.6135 test_acc 52.87 test_fscore 58.5 time 6.23
epoch 8 train_loss 1 train_acc 59.76 train_fscoreS6.58 valid_loss nan valid_acc nan val_fscorenan test_loss 1.5724 test_acc 55.33 test_fscore 53.43 time 5.91
epoch 9 train_loss 1 train_acc 61.14 train_fscoreS8.18 valid_loss nan valid_acc nan val_fscorenan test_loss 1.5271 test_acc 57.86 test_fscore 55.68 time 5.69
epoch train_loss 1.3598 train_acc 62.01 train_fscoreS8.58 valid_loss nan valid_acc nan val_fscorenan test_loss 1.4791 test acc 58.47 test_fscore 56.07 time 5.93
epoch train_loss 1.3884 train_acc 62.82 train_fscore59.81 valid_loss nan valid_acc nan val_fscorenan test_loss 1.4294 test_acc 60.2 test fscore 57.41 time 5.8
epoch train_loss 1.2361 train_acc 63.22 train_fscore59.95 valid_loss nan valid_acc nan wval_fscorenan test_loss 1.3801 test acc 60.94 test_fscore 58.15 time 5.88
epoch train_loss 1.1745 train_acc 64.22 train_fscore6l.11 valid_loss nan valid_acc nan val_fscorenan test_loss 1.3322 test_acc 60.87 test_fscore 58.05 time 6.04
epoch train_loss 1.121 train_acc 65.96 train_fscore63.27 valid loss nan valid_acc nan val_fscorenan test loss 1.2874 test_acc 60.81 test_fscore 58.2 time 6.04
epoch train_loss 1. train_acc 65.96 train_fscore63.53 valid_loss nan valid_acc nan val_fscorenan test_loss 1.2466 test_acc 61.31 test_fscore 59.0 time 6.85
epoch train_loss 1. train_acc .63 train_fscore64.7 valid_loss nan valid_acc nan val_fscorenan test_loss 1.2085 test_acc 61.06 test_fscore 58.94 time 6.01
epoch train_loss 0. train_acc .9 train_fscore67.34 valid_loss nan valid_acc nan val_fscorenan test_loss 1.1763 test_acc 61.12 test_fscore 59.22 time 5.88
epoch train_loss O. train_acc .36 train_fscore69.43 valid_loss nan wvalid_acc nan wal_fscorenan test_loss 1.1492 test_acc 61.12 test_fscore 58.41 time 5.9
epoch train_loss O. train_acc .33 train_fscore70.43 valid_loss nan wvalid_acc nan wal_fscorenan test_loss 1.1271 test_acc 61.68 test_fscore 60.21 time 5.79
epoch train_loss ©. train_acc 72.05 train_fscore?1.36 valid_loss nan valid_acc nan wval_fscorenan test loss 1.1091 test_acc 61.8 test_fscore 60.54 time 6.07

epoch train_loss 0. train_acc .23 train_fscore74.79 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.8826 test_acc 62.17 test_fscore 61.29 time 5.74
epoch train_loss 0. train_acc .97 train_fscore76.68 valid_loss nan valid_acc nan val_fscorenan test_loss 1.872 test_acc 62.05 test_fscore 61.26 time 5.91

epoch train_loss O. train_acc .4 train_fscore77.16 valid_loss nan valid_acc nan val_fscorenan test_loss 1.0617 test_acc 61.8 test_fscore 61.14 time 5.92

epoch train_loss O. train_acc .17 train_fscore79.0 valid_loss nan valid_acc nan val_fscorenan test_loss 1.056 test_acc 61.892 test_fscore 61.32 time 5.87

epoch train_loss O. train_acc .B4 train_fscoreB80.75 valid_loss nan wvalid_acc nan wal_fscorenan test_loss 1.0487 test_acc 61.61 test_fscore 61.13 time 5.69
epoch train_loss ©. train_acc 82.15 train_fscore82.06 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.0428 test_acc 61.49 test_fscore 61.05 time 6.05
epoch train_loss @. train_acc 82.77 train_fscore82.71 valid_loss nan valid_acc nan val_fscorenan test_loss 1.836 test_acc 61.55 test_fscore 61.13 time 5.91

epoch train_loss 0. train_acc .32 train_fscore84.24 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.8336 test_acc 61.55 test_fscore 61.22 time 6.14
epoch train_loss O. train_acc .97 train_fscoreB4.9 valid_loss nan valid_acc nan val_fscorenan test_loss 1.0333 test_acc 61.68 test_fscore 61.39 time 5.95
epoch train_loss O. train_acc .71 train_fscoreB85.65 valid_loss nan walid_acc nan wal_fscorenan test_loss 1.8367 test_acc 61.55 test_fscore 61.33 time 5.99
epoch train_loss O. train_acc .64 train_fscoreB86.61 valid_loss nan wvalid_acc nan wal_fscorenan test_loss 1.8382 test_acc 61.18 test_fscore 60.99 time 5.99
epoch train_loss ©.447 train_acc 87.9 train_fscore87.86 valid_loss nan valid_acc nan val_fscorenan test_loss 1.0401 test_acc 61.12 test_fscore 60.99 time 6.33

epoch train_loss 0.425 train_acc 88.36 train_fscore88.34 valid_loss nan valid_acc nan val_fscorenan test_loss 1.0415 test_acc 61.18 test_fscore 61.12 time 6.03
epoch train_loss 0.4126 train_acc B8.5 train_fscoreB8.46 valid_loss nan valid_acc nan val_fscorenan test_loss 1.9432 test_acc 61.31 test_fscore 61.28 time 6.19
epoch train_loss 0.3841 train_acc B9.69 train_fscore89.67 valid_loss nan valid_acc nan val_fscorenan test_loss 1.8514 test acc 61.18 test_fscore 61.23 time 5.76
epoch train_loss 0.3777 train_acc B9.69 train_fscore89.68 valid_loss nan valid_acc nan val_fscorenan test_loss 1.0631 test_acc 60.81 test_fscore 60.94 time 6.03
epoch train_loss 0.3644 train_acc B9.79 train_fscore89.77 valid_loss nan valid_acc nan val_fscorenan test_loss 1.0744 test acc 60.94 test_fscore 61.07 time 5.84
epoch train_loss ©.3475 train_acc 90.52 train_fscore9e.5 valid_loss nan valid_acc nan val_fscorenan test_loss 1.088 test_acc 60.69 test_fscore 60.83 time 5.89

epoch train_loss ©.337 train_acc 90.86 train_fscore90.85 valid_less nan valid_acc nan val_fscorenan test_loss 1.1022 test_acc 60.57 test_fscore 60.76 time 5.69
epoch train_loss 0.3244 train_acc .33 train_fscore9l.31 valid_loss nan valid_acc nan val_fscorenan test_loss 1.1111 test_acc 60.75 test_fscore 60.94 time 6.2

epoch train_loss 0. train_acc .29 train_fscore9l.28 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.1176 test_acc 61.0 test_fscore 61.16 time 6.19
epoch train_loss O. train_acc .51 train_fscore9l.5 valid_loss nan valid_acc nan val_fscorenan test_loss 1.1259 test_acc 61.06 test_fscore 61.25 time 6.85
epoch train_loss O. train_acc .58 train_fscore91.57 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.1302 test_acc 61.86 test_fscore 61.26 time 6.1

epoch train_loss 0. train_acc 92.08 train_fscore92.08 valid_loss nan wvalid_acc nan wval_fscorenan test_loss 1.1324 test_acc 60.75 test_fscore 60.93 time 5.89
epoch train_loss ©. train_acc 92.27 train_fscore92.27 valid_loss nan valid_acc nan val_fscorenan test_loss 1.1412 test_acc 60.87 test_fscore 61.05 time 6.06
epoch train_loss 0. train_acc .82 train_fscore92.81 valid_loss nan wvalid_acc nan wval_fscorenan test_loss 1.1515 test_acc 61.0 test_fscore 61.17 time 5.38
epoch train_loss 0. train_acc .7 train_fscore92.69 valid_loss nan valid_acc nan val_fscorenan test_loss 1.1614 test_acc 61.06 test_fscore 61.19 time 5.55
epoch train_loss O. train_acc .69 train_fscore92.67 valid_loss nan wvalid_acc nan wal_fscorenan test_loss 1.1698 test_acc 60.81 test_fscore 60.98 time 6.07
epoch train_loss O. train_acc .03 train_fscore93.02 valid_loss nan wvalid_acc nan wal_fscorenan test_loss 1.1738 test_acc 61.24 test_fscore 61.36 time 6.36

1
1
1
epoch train_loss ©. train_acc 73.43 train_fscore?2.92 valid_loss nan wvalid_acc nan val_fscorenan test_loss 1.0945 test_acc 62.29 test_fscore 61.19 time 6.11
1
1




DialogueRNN Code Result

epoch 5 in_ . 2614 in_ 32.79 train_fscore92.78 valid an valid acc nan val fscorenan test lo i _

epoch 5 in_ . .83 train_fscoreS2.92 valid loss nman valid acc nan wval fscorenan test lo . 61.06 test fs 61.14
epoch in_ . train_acc 7 train_fscore 6 valid_lo valid acc nan wval_fscorenan test lo . 60.94 test fs 60.58
epoch 54 in_ train_acc train_fscore83.19 valid_leoss nan valid_acc nan wval_fscorenan test_1 i j

epoch in_ - ain_a }.15 train_fscoreS83.14 valid loss nan valid acc nan val_fscorenan test lo

epoch in_ g train_acc train_fscoreS3.31 valid loss nan valid _acc nan val fscorenan test lo

epoch 5 in_ train_acc train_fscoreS3.72 valid loss nan valid _acc nan val fscorenan test lo

epoch 58 in_ train_acc 9 train_fscore93.49 valid_loss nan valid_acc nan val_fscorenan test_lo

epoch in_ train_acc 6 train_fscores alid loss nan valid_acc nan wval_fscorenan test 1 . _

epoch 60 in_loss 17 train_acc 24 train_fscored valid loss nan valid_acc nan val_fscorenan test_loss 1.247: st 60.94 test fscore 60.596 time 6.09
Test performance..

Loss 1.6333 accuracy 61.6




DialogueGCN Code Result

lakeking@Be39d57ded0c : /conv-emotion/DialogueGCNs python train_IEMOCAP.py --base-model 'LSTM' --graph-model --nodal-attention --dropout 0.4 --1r ©.0003 --batch-size 32 --class-weight --12 0.0

Namespace(active listener=False, attention='general', base model='LSTM', batch_size=32, class_welght=True, dropout=0.4, epochs=60, graph_model=True, 12=0.8, 1r=0.8003, no_cuda=False, nodal_attention=True, rec_dropout=0.1, tensorboard=False,

windowf=18, windowp=18}
Running on GPU
Graph NN with LSTM as base model.
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89,
29,
67,
29,
o1,
49,
13,
73,
93,
651,
.64,

train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_acc: 67.
train_fscore:

69.26, train_fscore:
69.45, train_fscore:
69.85, train_fscore:

70.34, train_fscore:

70
71
72
72
73
74.
75
76.
76.

76.
77.
78.
78.
79.
80.
80.
81.
81.33, train_fscore:

7,
.62,
.27,
.82,
.24,
17,

.52,
33,

11,

83,
8,

04,
61,
a3,
14,
28,
19,

train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:
train_fscore:

80.65, train_fscore:

81.2, train_fscore:

81.55, train_fscore:

29,
34,
36.
42,
43,
52.
54,
55.

49, valid_loss:
48, valid_loss:
8, valid_loss:
44, valid_loss:
71, valid_loss:
92, valid_loss:
01, valid_loss:
67, valid_loss:
58.
59.
59.
60.
62.
62.
62.
63.
64.
64.
65.
66.27,
66.32,
42, train_fscore:

3, valid_loss:
o1,
55,
92,
49,
31,
79,
61,

67.28, valid_loss:
68.03, valid_loss:
68.76, valid_loss:
68.94, valid_loss:
69.57, valid_loss:

70.
71.
72.
72.
72.

75.4, valid_loss:

76.21, valid_loss:
75.95, valid_loss:
76.68, valid_loss:
77.74, valid_loss:
.94, valid_loss:
.52, valid_loss:
valid_loss:
valid_loss:
valid_loss:
valid_loss:
81.35, valid_loss:
80.57, valid_loss:
81.21, wvalid_loss:
81.53, valid_loss:

77
78
79
80
=)
a1

.73,
.11,
.24,
.21,

22, valid_loss:
18, valid_loss:
42, valid_loss:

valid_loss:
valid_loss:
valid_loss:
valid_loss:
valid_loss:
valid_loss:
valid_loss:
valid_loss:
valid_loss:

38, valid_loss:
23, valid_loss:
15, valid_loss:
66, valid_loss:
94, valid_loss:
73.93, valid_loss:

nan, valid_acc:
nan, valid_acc:
nan, valid_acc:
nan, valid_acc:
nan, valid_acc:
nan, valid_acc:
nan, valid_acc:
nan, valid_acc:

nan, valid_acc:
nan,
nan,
nan,
nan,
nan,
nan,
nan,
nan,
nan,

nan, valld_acc:
nan, wvalid_acc:
nan, valid_acc:

valid_acc:
valid_acc:
valid_acc:
valid_acc:
valid_acc:
valid_acc:
valid_acc:
valid_acc:
valid_acc:

nan, valid_fscore:
nan, valid_fscore:
nan, valid_fscore:
nan, valid_fscore:
nan, valid_fscore:
nan, valid_fscore:
nan, valid_fscore:
nan, valid_fscore:

nan, valid_fscore:
nan,
nan,
nan,
nan,
nan,
nan,
nan,
nan,
nan,

66.84, valid_less: nan, valid_acc:

nan, valid_acc
nan, valid_acc:
nan, valid_acc
nan, valid_acc
nan, valid_acc

nanm,
nan,
nanm,
nanm,
nan,
nan, valid_acc:
nan, valid_acc:
nan, valid_acc:
nan, valid_acc:

nan,
nan,
nan,
nan,
nan,
nan,
nan,

nan, valid_acc:

valid_acc:

nan, valid_acc:

valid_acc:
valid_acc:
valid_acc:
valid_acc:
valid_acc:

nan, wvalid_acc:

valid_acc:
valid_acc:
valid_acc:
valid_acc:
valid_acc:
valid_acc:

nan, wvalid_acc:

nan, valid_acc:

: nan, valid_fscore:

nan, valid_fscore:

: nan, valid_fscore:
: nan, valid_fscore:
+ nan, wvalid_fscore:
70.0, valid_loss: nan, valid_acc: nan, valid_fscore: nan, test_loss: ©.9659, test_acc: 62.35, test_fscore: 61.8, time: 34.16 sec
0.9594, test_acc:
0.59725, test_acc:
0.5671, test_acc:

nan,
nan,
nan,
nan,
nan,
nan, valid_fscore:
nan, valid_fscore:
nan, valid_fscore:
nan, valid_fscore:

nan, valid_fscore:
nan,
nan,
nan,
nan,
nan,
nan,
nan, valid_fscore:

nan, valid_fscore:

nan, valld_fscore:
nan, valid_fscore:
nan, valid_fscore:

valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:

valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:

nan, valid_fscore:

valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:
valid_fscore:

nan, valid_fscore:

nan, valld_fscore:

nan, test_loss:
nan, test_loss:
nan, test_loss:
nan, test_loss:
nan, test_loss:
nan, test_loss:
nan, test_loss:
nan, test_loss:

nan, test_loss:
nan,
nan,
nan,
nan,
nan,
nan,
nan,
nan,
nan,

nan, test_loss:

nan,
nan,
nan,
nan,
nan,
nan,
nan,
nan,
nan,

test_loss:
test_loss:
test_loss:
test_loss:

nan, test_loss:
nan,
nan,
nan,
nan,
nan,
nan,
nan, test_loss:

nan, test_loss:

nan, test_loss:
nan, test_loss:
nan, test_loss:

test_loss:
test_loss:
test_loss:
test_loss:
test_loss:
test_loss:
test_loss:
test_loss:
test_loss:
nan, valid_fscore:

nan, test_loss:

nan, test_loss:
nan, test_loss:
nan, test_loss:

test_loss:
test_loss:
test_loss:
test_loss:
test_loss:

nan, test_loss:

test_loss:
test_loss:
test_loss:
test_loss:
test_loss:
test_loss:

nan, test_loss:

nan, test_loss:

1.6944, test_acc:
1.5806, test_acc:

1.4159, test_acc:

1.243, test_acc:
1.1419, test_acc:
1.1294, test_acc:
1.1297, test_acc:
1.1273, test_acc:

1.1102, test_acc:
1.0772, test_acc:
1.0558, test_acc:

1.0461, test_acc:
L0343,
0187,
0109,
.004, test_acc:
9979,
9858,
9796,
9785,
.9809,

DO DO D e e e

a.
0.9726, test_acc:

0.9607, test_acc:
0.5611, test_acc:
0.9736, test_acc:

0.855, test_acc:

0.9602, test_acc:

0.9675, test_acc:
0.9791, test_acc:
0.9676, test_acc:
0.9743, test_acc:

0.5841, test_acc:

0.9908, test_acc:
.96, test_acc:

.9992,
.0139,
.B331,
1.0631, test_acc:

0
8
1
0
1
1

1.0347, test_acc:

1.0344, test_acc:

1.0758, test_acc:

test_acc:
test_acc:
test_acc:

test_acc:
test_acc:
test_acc:
test_acc:
test_acc:
nan, test_loss:
9774, test_acc:

9901, test_acc:

.0253, test_acc:
test_acc:
test_acc:
test_acc:

773, train_acc: 24.96, train_fscore: 13.84, valid_less: nan, valid_acc: nan, valid_fscore: nan, test_loss: 1.7592, test_acc: 20.39%, test_fscore: 8.59, time: 34.82 sec
6881,
. 3605,
.3841,
L2274,
L1441,
.0916,
0449,
0148,

24,21, time: 33.72 sec
26.1, time: 34.07 sec
29.44, time: 34.36 sec
45.84, time: 34.19 sec
55.24, time: 33.64 sec
55.21, test_fscore: 55.37, time: 33.97 sec
57.49, test_fscore: 57.64, time: 34.21 sec
61.8, test_fscore: 61.75, time: 34.27 sec
61.49, test_fscore: 61.14, time: 34.52 sec
62.11, test_fscore: 61.75, time: 33.76 sec
62.11, test_fscore: 61.56, time: 33.51 sec
62.11, test_fscore: 61.75, time: 33.65 sec
62.78, test_fscore: 62.48, time: 33.97 sec
62.42, test_fscore: 61.92, time: 33.86 sec
62.78, test_fscore: 62.36, time: 33.71 sec
62.35, test_fscore: 62.16, time: 33.57 sec
62.29, test_fscore: 61.92, time: 33.38 sec
63.22, test_fscore: 62.78, time: 34.12 sec
62.91, test_fscore: 62.59, time: 33.78 sec
63.03, test_fscore: 62.67, time: 33.98 sec
63.09, test_fscore: 62.52, time: 34.46 sec
0.973, test_acc: 63.09, test_fscore: 62.63, time: 34.29 sec
63.52, test_fscore: 63.17, time: 34.0 sec
62.72, test_fscore: 62.21, time: 33.33 sec
63.03, test_fscore: 62.54, time: 33.61 sec
63.34, test_fscore: 62.96, time: 33.89 sec
63.59, test_fscore: 63.1, time: 34.2 sec

33.83, test_fscore:
36.35, test_fscore:
37.58, test_fscore:
53.42, test_fscore:
57.05, test_fscore:

62.78, test_fscore: 62.07, time: 33.91 sec
62.6, test_fscore: 62.12, time: 33.81 sec
63.22, test_fscore: 62.78, time: 34.0 sec
63.15, test_fscore: 62.56, time: 33.33 sec
63.15, test_fscore: 62.58, time: 33.68 sec
64.33, test_fscore: 63.72, time: 34.5 sec
63.89, test_fscore: 63.29, time: 33.68 sec
63.71, test_fscore: 63.24, time: 34.23 sec
63.34, test_fscore: 62.73, time: 34.24 sec
63.4, test_fscore: 62.74, time: 33.77 sec
63.46, test_fscore: 62.86, time: 34.12 sec
63.4, test_fscore: 62.89, time: 34.36 sec
63.34, test_fscore: 62.83, time: 33.59 sec
63.03, test_fscore: 62.58, time: 33.42 sec
62.97, test_fscore: 62.5, time: 34.18 sec
63.28, test_fscore: 62.7, time: 33.59 sec
62.35, test_fscore: 61.99, time: 33.94 sec
62.66, test_fscore: 61.03, time: 34.81 sec
63.34, test_fscore: 63.0, time: 34.18 sec
63.03, test_fscore: 62.68, time: 34.4 sec
61.12, test_fscore: 59.89, time: 33.73 sec




DialogueGCN Code Result

epoch: 51, train 1 0.4 train_acc: . train_f : 83.6 i an, valid_acc: nan, valid_fscore: nan,
epoch: train_loss: .4 train_acc: & train_ : ) 1d_loss: na 1d_acc: nan, 1 ore: nan,
epoch ), train_ 1 ),4248, train_acc: 8 train_f : 84, i 3 id acc: nan, 1 : nan,
epach train_1 train_acc: .65, train_ : 83, i a i : nan, id_f : nan,
epoch: 55, train_loss: ©.41F train_acc: .35, train_ : 85.38 1 S5: N3 1 i nan, 1 : nan,
epach train_1 412 train_acc: 84.48, train_ : . i a i : nan, valid_fscore: nan,

epoch train_ 1 train_acc: 7, train : a lid acc: nan, 1 ore: nan, tes .
epach train_los . . train_acc: train_ : . id : na alid_acc: nan, w fscore: nan, _ . : B2.11
epoch train_1 . train_acc: train_f 6. ali a lid_acc: nan, wvalid_fscore: nan, test_ .10 : B1.8,

epoch: B0, train loss: B.37, train_acc: B87.62 S + B7.65, wvalid a id fscore: nan, it L1573 st_acc: BO.
Test performance.
F-Score: 63.72




How to use

pytorch/pytorch:1.5-cudal@.1-cudnn7-devel

apt-get update
pip install pandas
pip install torch-scatter==latest+cul®l -f https://pytorch-geometric.com/whl/torch-1.5.8.html
pip imstall torch-sparse==latest+cul®l -+ https://pytorch-geometric.com/whl/torch-1.5.8.html
pip install torch-cluster==latest+cul®l -f https://pytorch-geometric.com/whl/torch-1.5.8.html
pip install torch-spline-conv==latest+cul®l -f https://pytorch-geometric.com/whl/torch-1.5.8.html
pip install torch-geometric
pip install -U scikit-learn
USER_ID
GROUP_ID
addgroup --gid $GROUP_ID lakeking
adduser --disabled-password --gecos "' --uid $USER_ID --gid $GROUP_ID lakeking

lakeking

Code Link:
https://drive.google.com/drive/folders/IMAYTK5hPHXWS8tTweSKzoDbiTuUupH

Source from authors: https://github.com/declare-lab/conv-emotion



https://drive.google.com/drive/folders/1MAYTK5hPHXW8tTweSKzoDbiTuUupHyeO?usp=sharing
https://github.com/declare-lab/conv-emotion

Code Review: Main Function (1) (train_IEMOCAP.py)

“YG . ~~~" : My own annotation on code.

'./saved/IEMOCAP/"
parser = argparse.ArgumentParser()
parser.add_argument(’--no-cuda’, action='store_true’, default= » help="does not use GPU")
parser.add_argument(’--base-model’, default="LSTM', help="base recurrent model, must be one of DialogRNN/LSTM/GRU')
parser.add_argument(’--graph-model’, action="store_true’', default= » help="whether to rraph mod fter recurrent encoding'’)

parser.add_argument( ' --nodal-attention’, action="store_true’, default= » help="whether to use nodal attention in graph model: Egquation 4,5,6 in Paper’)

parser.add_argument(’--windowp', type=int, default=18, help="context window size for constructing edges in graph model for past utterances')
parser.add_argument (' --windowf', type=int, default=1@, help="context window size for constructing edges in graph model for future utterances’)
parser.add_argument('--1r", type=float, default=8.8e@1, metavar='LR’', help="learning rate’

parser.add_argument('--12", type=float, default=8.808881, metavar='L2", help="L2 regularization weight"')

parser.add_argument(’--rec-dropout’, type=float, default=8.1, metavar='rec_dropout’, help="rec_dropout rate’)

parser.add_argument( " --dropout’, type=float, default=8.5, metavar="dropout', help="dropout rate’}

parser.add_argument(’--batch-size’, type=int, default=32, metavar="B5', help="batch size')

parser.add_argument('--epochs’, type=int, default=68, metavar='E', help="number of epochs")

parser.add_argument(’--class-weight', action="store true', default= » help="use class weights")

parser.add_argument(’--active-listener’, action="store_true’, default= » help="acti listener')

parser.add_argument('--attention’, default='general®, help='Attention type in DialogRNN model")

parser.add_argument(’-- oard”, action="store_true’, default= , help="Enables tensorboard log")

args = parser.parse_args()
print(args)




Code Review: Main Function (2) (train_IEMOCAP.py)

ed everything(seed=seed):
random. seed(seed)
1t args.graph_model: np.random.seed(seed)
seed_everything() torch.manual_seed(seed)
torch.cuda.manual seed(seed)
model = DialogueGCNModel(args.base model, torch.cuda.manual_seed all(seed)
Dm, D g, D p, D e, D_h, D_a, graph_h, torch.backends.cudnn.benchmark =
n_speakers=2, torch.backends. cudnn.deterministic
max_seq len=118,
window past=args.windowp,
window_future=args.windowf,
n_classes=n_classes,
listener state=args.active listener,
context attention=args.attention,
dropout=args.dropout,
nodal attention=args.nodal_ attention,

no_cuda=args.no_cuda)

print {'Graph NN with®, args.base_model,

name = ‘Graph




Code Review: Main Function (3) (train_IEMOCAP.py)

if args.class_weight:
if args.graph_model:
loss_function = nn.NLLLoss(loss_weights.cuda(} if cuda else loss_weights)
loss function MaskedNLLLoss(loss_weights.cuda() if cuda else loss_weights)

if args.graph_model:
loss function = nn.NLLLoss()

loss_function = MaskedNLLLoss()

optimizer = optim.Adam(model.parameters(), lr=args.lr, weight_decay=args.12)

train_loader, valid_loader, test_loader = get IEMOCAP_loaders(valid=8
batch_s batch_size,
num_workers=a)

best fscore, best loss, best label, best pred, best mask =
all fscore, all acc, all loss = [], [1, []

e))
int(valid*size)
n SubsetRandomSampler(idx[split:]), SubsetRandomSampler(idx[:split])

get TEMOCAP loaders(batch size=32, valid=8.1, num_workers=8, pin_memory=
trainset = IEMOCAPDataset()
train_sampler, valid sampler = get train_valid sampler(trainset, wvalid)

train_loader = Dataloader(trainset,
batch_size=batch size,
sampler=train_sampler,
collate fn=trainset.collate fn,
num_workers=num_workers,
pin_memory=pin_memory}

valid_loader = Dataloader(trainset,
batch_size=batch_size,
sampler=valid sampler,
collate_fn=trainset.collate_fn,
num_workers=num_workers,
pin_memory=pin_memory }

stset = IEMOCAPDataset(train=
test_loader = Dataloader(testset
batch atch size,
collate_fn=testset.collate fn,
num_workers=num_workers,
pin_memory=pin_memory)

urn train_loader, valid loader, test loader




Code Review: Main Function (4) (train_IEMOCAP.py)

for e in range(n_epochs):
start time = time.time()

if args.graph_model:

train loss, train acc, , , train fscore, , , , , = train_or eval graph model({model, loss function, train loader, e, cuda, optimizer, True}
valid loss, valid acc, , , valid fscore, , , , , = train_or _eval graph model(model, loss function, valid loader, e, cuda)
test loss, test acc, test label, test pred, test fscore, , , , , = train_or eval graph model{model, loss function, test loader, e, cuda)
all fscore.append(test fscore)
if args.tensorboard:
writer.add scalar( test: accuracy/loss’, test_acc/test_loss, e)
writer.add scalar(’'train: accuracy/loss', train_acc/train_loss, e)
print(’epoch: {}, train loss: {}, train_acc: {}, train_fscore: {}, valid loss: {}, valid acc: {}, valid fscore: {}, test loss: {}, test_acc: {}, test fscore:

format(e+l, train_loss, train_acc, train_fscore, valid loss, wvalid acc, valid fscore, test loss, test acc, test fscore, round(time.time()-start_time, 2)))

if args.tensorboard:
writer.close()

print('Test performance..')
print ('F-Score

', max{all fscore))




Code Review: Train/Eval Function (1) (train _IEMOCAP.py)

train_or _eval graph model(model, loss function, dataloader, epoch, cuda, optimizer= s train=
losses, preds, labels = [], []., []
scores, vids = [], []

en, el = torch.empty(@).type(torch.LongTensor), torch.empty(®).type(torch.LongTensor),

torch.empty(8), []

et, en i.cuda(), et.cuda(), en.cuda()

train optimizer!=
if train:
model . train()

else:

model . eval()

seed everything()




Code Review: Train/Eval Function (2) (train _IEMOCAP.py)

Ffor data dataloader:
if train:
optimizer.zero_grad()

textf, wvisuf, acouf, gmask, umask, label = [d.cuda() for d data[:-1]] if cuda else data[:-1]

lengths = [(umask[j] == 1).nonzero().tolist()[-1][@] + 1 for j range(len{umask}}]

log prob, e i, e n, e t, e 1 = model(textf, gmask, umask, lengths)
label = torch.cat([label[j][:1lengths[j]] for j range(len(label))])

loss = loss_function{log prob, label)

=

= torch.cat([ei, e_i], dim=1)
= torch.cat([et, e_t])

= torch.cat([en, e_n])

+=e 1

= rt

e
e
e
e

=

preds . append (torch.argmax(log_prob, 1).cpu().numpy())
labels.append(label.cpu().numpy())
losses.append{loss.item())

if train:

loss.backward()

if args.tensorboard:
for param model .named parameters():

writer.add histogram{param[@], param[1].grad, epoch)
optimizer.step()




Code Review: Train/Eval Function (3) (train _IEMOCAP.py)

if preds!=[]:
preds = np.concatenate(preds)
labels = np.concatenate(labels)

else:

return float({'nan'), float('nan’), [], []. float{'nan’}, [1, [1- [1- [1, [1

data[-1]
ei.data.cpu().numpy()
et.data.cpu().numpy()
en.data.cpu().numpy()
np.array(el)
labels = np.array(labels)
preds = np.array(preds)
vids = np.array(vids)

avg loss = round({np.sum{losses)/len(losses), 4)
avg_accuracy = round(accuracy score(labels, preds)*18e, 2)
avg_fscore = round(fl_score(labels,preds, average='weighted’)*188, 2)

return avg_loss, avg_accuracy, labels, preds, avg fscore, vids, ei, et, en, el



Code Review: Dataset (dataloader.py)

s TEMOCAPDataset(Dataset):

def init (self, train=Trueg):
self.videolIDs, self.videoSpeakers, self.videolLabels, self.videoText,)
self.videcfudio, self.videoVisual, self.videoSentence, self.trainVid,\
self.testVid = pickle.load{open(’./IEMOCAF features/IEMOCAP_ features.pkl®, 'rb'), encoding="latinil’}

Qe T

label index mapping = {"hap':@, 'sad’:1, . g": Xxc':4,
self.keys = [x for x in (self.trainVid if train else self.testVid)]
self.len = len(self.keys)

- petitem (self, index):
vid = self.keys[index]

return torch.FloatTensor(self.videoText[vid]),\
.FloatTensor(self.videoVisual[vid]),\
.FloatTensor(self.videoAudio[vid]),\
.FloatTensor([[1,8] if x=="M" else [8,1] for x in\
self.videoSpeakers[vid]]},\
.FloatTensor([1]*1len(self.videolLabels[vid])},\
.LongTensor(self.videolLabels[vid]),\

__len_ (self):
return self.len

- collate fn{self, data):
dat = pd.DataFrame(data)
return [pad_sequence(dat[i]} if i<4 else pad_sequence(dat[i], True)} if i<6 else dat[i].tolist() for i in dat]




Code Review: Model (1) (model.py)

Dialog 1(nn

__init_ (self, base_model, D m, D g, D p,

n_class
(DialogueGCNModel,
.base_model = base_model

.avec = avec
.no_cuda = no_cuda

.base_model ==
.dialog_rnn_f

.base_model == "LSTM":
tm = nn.LSTM{input_si

.base_model == 'GRU':
.gru = nn.GRU(input_size

.base_model

listener_state=

y-__init_ ()

DialogueRNN(D m, D g, D p, D
.dialog_rnn_r = DialogueRNN(D_m, D_g, D_p, D

=D_m, hidden_si

' m, hidden_siz

.base_linear = nn.Linear(D_m,

nt (

D_a, graph_hidden_size, n_speal

attention , dropout_rec=8.5, dropout

listener_state,

=D_e, num_lay bidirectional= , dropo

bidirectior , dropout

len, window_past, window_future

=8.5, nodal_attention= s @

context_attention, D_a, dropout_rec)
listener_state, context_attention, D_a, dropout_rec)

ut=dropout}

=dropout)

forward(self, U, gmask, umask, seq_lengths):

.base_model ==

.avec:

emotions, _ =

emotions_f, alpha f =

rev U =
rev_gmask =
emotions_b,
emotions_b =

.dialog_rnn_f(U, qmask)

.dialog_rnn_f(U, gmask)
._reverse_seq(U, umask)
._reverse_seq(gmask, umask)
pha_b = .dialog_rnn_r{rev_U, rev_gmask)
._reverse_seq(emotions_b, umask)

emotions = torch.cat([emotions_f,emotions_b],dim=-1)

elif -base_model
emotions, hidden

elif -base_model =

emotions, hidden

-base_model
emotions =

.1stm(U)

"GRU" :

.gru(u)

.base_linear(U)

1. Sequential
Context Encoding

e
)

N

O T2 D)
GR U.;]—@
(15)—GRU}~(@)
?Rﬁ{gjﬂ@

TN N
(Us)—{GRUJ—~(85)

Features

>



Code Review: Model (2) (model.py)

n_relations = 2 * n_speakers ** 2

.window past = window past g = (V, 5, R, W)

-window_future = window_future Vertices: Each utterance in the conversation is

represented as a vertex v; € V in G. Each vertex v;
is initialized with the corresponding sequentially
encoded feature vector g;, for all i € [1,2,...,N].

.att model = MaskedEdge.&ttentinntZE:*D_EI, max_seq_len, .no_cudal)
.nodal_attention = nodal_attention
edge type mapping = {}
i range({n_speakers):
for k range(n_speakers):
edge type mapping[str{j) + str(k) len(edge type mapping) ) Redoklon (fized )
edge_type_mapping[str(j) + str(k) ' len(edge_type mapping) G Nodes 2| speaker 2 %2 Al 22| (U7 U Yek
AMrbzaez Y7 L2k ol @ MIPH2 ) relatia,

= Ch *
A P —y0)%ed @; ’Aitr—,l“,‘ ¢
b)) Weight 5
Ay = Sofkmex (§' Wel .., it 1) qor Jzi-loxtio
~ ) A{t ehton  module 4hat G- ¢
VK= &, ~ Fitio
i) vertey 4\ WSH , incomipg edge el EFe |

pu\f\l;l Porty Stake % S

A Gehl'htirw] 2013)

)y Ed 3¢ 2V M o5 fylly Connected graph =2 ¢
Al A % {
’)

~N

TRES

B ¥ 17 & 3| wWinhdow RS2 (4 )

Q)

L‘L\g’c oAl o) V'«Qd{mh b) weght 3L TS| ?n]‘,

.edge type mapping = edge type mapping

features, edge_index, edge norm, edge_type, edge_index_lengths = _graphify|emotions, gmask, seq_lengths, .window_past, | window future, .edge_type mappi .att_model, .no_cudal)

Q= soflmax(yfvﬂr’y[g,,,,...A.yH,])A
forj=i-p,....i+f.

utte



Code Review: Model (3) (model.py)

.graph_net = GraphNetwork(2*D e, n_classes, n_relations, max_seq len, graph_hidden size, dropout, .no_cuda)

log prob = .graph_net(features, edge index, edge norm, edge type, seq lengths, umask, .nodal attention,

GraphN ¢(torch.nn.Module):

__init__ (self, num_features, num_classes, num_relations, max_seq_len, hidden_size=64, dropout=8.5, no_cuda=

R-GCN

1 Qj o 1
hz( ) = a(d > —p_” W,U)gj +a,-z-W(§ )gi),
r(GraphNetwork, Y. init () reR jeN7 “uT

fori=1,2,...,N,

.convl = RGCNConv(num_features, hidden_size, num_relations, num_bases=38)

.conv2 = GraphConv(hidden_size, hidden_size)

.matchatt = MatchingAttention(num_features+hidden_size, num_features+hidden_size, att_type='g 2) 2, (1) @, 1)
.linear = nn.lLinear{num_features+hidden size, hidden size) h’i = U( E W( )h’j +VVU hi ),
.dropout = nn.Dropout(dropout) JeNT

.smax_fc = nn.Linear(hidden size, num classes) fori = 1,2,..., N,

.no_cuda = no_cuda
forward(self, x, edge_index, edge norm, edge type, seq_lengths, umask, nodal_attn, avec):

out = .convl(x, edge index, edge_ type, edge norm)

out = .conv2{out, edge index)

emotions = torch.cat([x, out], dim=-1)

log prob = classify node features(emotions, seq lengths, umask, .matchatt, .linear, .dropout, .smax_fc, nodal attn, avec, .no_cuda)
return log prab



Code Review: Model (4) (model.py)

classify node_features(emotions, seq_lengths, umask, matchatt_layer, linear_ layer, dropout_layer, smax_fc_layer, nodal_attn, avec, no_cuda):

as in Equat 7 . in the pape

if nodal attn:

= [gl hfz)]a
softmax(h;Wﬁ[hl, hy....hn]), gtt:t:rn:ion
JBi[hl, hQ, “ee ,h,N]T,

emotions = attentive node features{emotions, seq lengths, umask, matchatt layer, no_cuda)
hidden = F.relu(linear layer(emotions))

hidden = dropout_layer(hidden) )6’5
hidden = smax fc_layer(hidden)

if awvec:
return torch.cat([hidden[:, j, :][:seq_lengths[j]] for j range(len(seq_lengths)}])

log_prob = F.log_softmax(hidden, 2)
log prob = torch.cat([log prob[:, j, :][:seq_lengths[j]] for j range(len{seq lengths))])
return log prab

hidden = F.relu{linear_layer(emotions}) l’t = ReLU(I/I/}FL% + bl)’

hidden = dropout layer(hidden)
hidden = smax fc_layer(hidden) P’.z = SOftmax(Wsmamli + bsmaﬂ:)a

return hidden

if avec: yA’é = argmaX(Pi[k])‘
k

log prob = F.log softmax{hidden, 1)

return log prab



