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In the task of emotional classification, misclassifying a certain emotion into one class m
ay be more severe than another, e.g., misclassifying ‘excitement’ as ‘anger’ apparently 1
s more severe than as ‘awe’.

2.Method

2.1 Definition of Emotional Distance

Previous scholarst!l provide a definition between emotional labels based on Mikel’s whe
el, However, this definition of emotion distance neglects the emotional polarity, e.g., the
distance between ‘fear’ and ‘excitement’ being the same as the distance between ‘fear’ a
nd ‘sadness’. We thus define the emotional distance as follows:

Wi . — 1 + dist (62',63')
7 | C 4 dist (e, €5)

ei,e; € Cp

e;,ej & Cp )

2.2 Emotion Confusion Confidence (ECC)

ACC can be re-formulated as the product of the confusion matrix and a modulation facto
r M; ; as:

Neeinr
ACC = N - N

L R Sp M 1 1=y
,Mi,j = , _
0 i#7

we rely on the reciprocal of the emotional distance W; ; defined in Eq. 1 to replace the

(2)

modulation factor M; ; in Eq. 2 for the misclassified samples to obtain ECC in Eq. 3.

ECC =

Zg 121 1S7.7

s _ ACC +

1
i1 Ziczl,z';éj Sij X W,

(a) Mikel’s emotion distance
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(b) Our emotion distance/rank
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2.3 Emotional Misclassification Confidence (EMC)

In order to only consider the cases of misclassifica
tion, one can extract the second term that excludes
ACC from Eq. 3 as an indicator for evaluating mis
classification.

E
—
=
c-_ ic_ i Szx .1._ =
3 EXp eriment (c) Confusion matrix

3.1 Adjustment of Confidence Threshold

we treat the pseudo-labels generated from weakly augmented unlabeled samples as the
ground truth, and use the predicted labels from strongly augmented samples as the mo

del’s predictions to calculate EMC. If EMC is high, we can lower the confidence thres
hold, allowing more pseudo-labeled samples to participate in the training process. We

can realize the above confidence adjustment mechanism by simply setting:

¢ (5)
EMC;

I __
Tt—T'

3.2 Adjustment of Confidence Threshold

The ListMLE!! loss function is designed to constrain the final prediction probability
of the sample to conform to a given rank arrangement. To prove that model with
higher ECC or EMC is better for pesudo labeling, we train the same network with
different loss functions: cross-entropy loss and the combined loss:

(6)

L. = Lcg + aLrisMLE

The Model using combined loss have lower ACC, but the pseudo-labels become closer t
o the ground truth. In such cases, these pseudo labels can still have a positive impact on
the training process and thereby improve the model’s accuracy.

To Err Like Human: Affective Bias-Inspired Measures

3.3 Compare with ACC,

NEURAL INFORMATION
PROCESSING SYSTEMS

y

Dataset FI EmoSet
Backbone | Resnetl8 | Resnet50 |Resnetl01 | Resnetl8 | Resnet50 |Resnet101
Loss function | Lce Lc (Lce Le |Leg Lo |Lee Lo |Lce Lo | L L
ACC 65.8 64.4|67.6 66.2|168.1 65.6 |73.9 72.4|76.2 74.3|76.7 74.5
ACC, 79.0 86.2|83.7 86.0|84.7 86.0 |85.0 85.6|85.3 85.8(85.7 85.8
ECC 76.1 75.8|77.2 76.8|77.9 76.7 |82.6 81.9(84.2 83.2(84.5 83.3
EMC 50.1 54.849.0 53.2|51.9 54.8 |57.0 59.3|57.0 39.9(56.9 60.5
3.4 Validity of Emotional Distance Definitions
Resnet18 Resnet50 Resnet101
Label Rank | ACC ECC EMC|ACC ECC EMC|ACC ECC EMC
RE w/oR1 | 60.6 70.2 404 |63.4 73.1 433 |63.8 73.6 444
RAw/oR1[61.2 71.5 48.6 |63.8 74.1 48.6 |644 74.6 49.5
Our Rank |63.9 75.1 58.4 |65.7 77.0 51.5 |67.9 77.6 52.2
3.5 User study
ACC Indistinct =ECC
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User Chosen Num
—_— sk N
[—] 7] (=]

W

FI EmoSet
label num 80 800 1600 400 4000 8000
Fixmatch [32] |28.2+0.78 37.4+0.51 42.24+0.29|31.1£0.41 42.3+0.65 45.8+1.25
ﬁ Flexmatch [52] | 29.7£0.90 38.2+0.49 40.6+0.55|30.4+0.78 42.8+0.34 44.9+1.24
Ours(14.2.1) [31.2+0.12 40.8+0.34 42.7+0.21 | 31.6+0.56 43.7+0.69 47.6+0.61
Comatch [20] |36.7+0.87 43.5+0.39 47.9+0.26 | 30.3+0.97 44.2+0.41 46.8+0.49
E; Simmatch [58] | 31.4+1.26 41.9+0.57 43.7+0.62 | 36.3+0.22 44.7+0.34 50.2+0.71
§ Freematch [39] | 26.0+£1.66 37.3+0.43 39.9+0.87|31.2+1.63 41.5+0.59 46.3+0.61
g Softmatch [5] |30.7£1.31 37.9+0.78 40.7+0.19 | 30.8+£0.35 44.0+1.28 45.8+0.25
% S%-VER [16] [39.1+0.66 46.9+0.46 51.8+0.21 |44.9+0.35 57.5+0.51 60.2+0.34
Ours(14.2.2) [40.2+1.08 48.9+0.91 52.1+0.33 |47.0+0.18 59.0+0.33 61.5+0.12
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3.6 Combined Loss analysis

® Amusement

Resnetl8 a=0

® Contentment

® Awe

Resnetl8 a=1

® Excitement

® Fear

Image ID
(b)

® Sadness

Resnet50 a=0
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® Disgust

WeChat
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® Anger
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