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Hi, KIA! Classifying Emotional States from Wake-up Words Using Machine Learning
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Abstract

This study explored users’ emotional states identified from the wake-up words —“Hi, KIA!”—using a machine
learning algorithm considering the user interface of passenger cars’ voice. We targeted four emotional states,
namely, excited, angry, desperate, and neutral, and created a total of 12 emotional scenarios in the context of car
driving. Nine college students participated and recorded sentences as guided in the visualized scenario. The wake-up
words were extracted from whole sentences, resulting in two data sets. We used the soundgen package and
svmRadial method of caret package in open source-based R code to collect acoustic features of the recorded voices
and performed machine learning-based analysis to determine the predictability of the modeled algorithm. We
compared the accuracy of wake-up words (60.19%: 22%~81%) with that of whole sentences (41.51%) for all nine
participants in relation to the four emotional categories. Accuracy and sensitivity performance of individual
differences were noticeable, while the selected features were relatively constant. This study provides empirical
evidence regarding the potential application of the wake-up words in the practice of emotion-driven user experience

in communication between users and the artificial intelligence system.
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Table 1. 14 Emotional user scenarios include situations, recorded sentences, and emotions. Korean sentences that were used
for recording were notated together

ID Situation Specific Situation Recorde;i‘ i():ntences Emotion
. L . . Hi KIA
-1 >
o1 | Epled s ol oy, |l end e et | B
£ : P Aol Asaa)
. Hi KIA
~1 >
E2 Enjoying nice and sunny weather. T}(lsr;vﬁ?tzzfj lzh::;‘rlgﬁl) ’ Open the sunroof~! Excited
£ (AFE Foj)
. Hi KIA
2 ~ >
E3 Going on a trip with friends. Do(n e;fornlloictlmia H;:r;:t \rzvne n%;) ’ Go to Haeundae~! Excited
amusement and exciteme GELhZ 7121
Voice assistant of the car Why doesn’t it understand me? Hi KIA, .
Al does not understand my request (explicit and angry) Call. To. Doctor. Kim. Angry
y q . p zry (7‘:] ;(_]/\ °ﬂ7‘” X%E]-OH)
. . . Hi KIA!!
? 2
A2 Vmc;: a551stzt1nt of tl(lie car Is it brloken. :Vhat hgppened. Hi KIA~ Hi KIA? Angry
oes not respond. (clear and annoying) (3te] 710k~ 3to] 7]ol)
I
Right after leaving the house, reminded of | I do not think I turned off the boiler! Hi KI.A -
A3 foreetting to ¢ ff the boil . dd d Check the boiler status!! Angry
orgetting to turn o e boiler. (panic and depressed) RBERE S
Ride the car in bad weather with rain It is raining too much... Hl. KIA."'
DI ouring and thunder lightnin (panic and fear) When will rain stop... Desperate
pouring under figntning. P (17t A 387
Ride the car to take a rest Ahhh... T am so tired... Hi KIA.
D2 fier finishine hard K tired and relaxed Massage mode. Desperate
after finishing hard work. (tired and relaxed) (P BE)
. I could have done a little better... Hi KIA..
D3 Ride the car on a gloomy day. (melancholy and sorrowful) . failed again... Desperate
Y (L}.. & goiol..)
. , , . Hi KIA,
N1 Brlffg;g At(l)di?ly tshew‘f:::;her What (Sd;?le \;V;;t}rlgrnl;;iet)oday How’s the weather today? Neutral
: Y ! (25 24 ojuf)
Brand new updated voice assistant of K5 [ am gonna say hi, too~ Hi RIA,
N2 h i I d ) Hello? Neutral
is greeting you. (calm and normal) (3h49)
Ride the car to go home with tired but It is finally time to go home~ Hi KIA.
N3 excited emotion (ha and normal) Go to the home. Neutral
: i (el 7
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Table 2. Participant demographics and usage of voice
assistants they used

D fae  @aithn Voice agent he/she have Voice

experienced disabilities
FO1 25 Female Siri, Clova Friends X
F02 27 Female  Bixby, Google Home X
FO03 26 Female Siri, Google Home X
F04 27 Female Bixby X
MO1 24 Male Siri, Google Home X
M02 28 Male Siri X
MO03 23 Male Bixby X
M04 22 Male Siri, Clova X
MO05 22 Male Siri, Clova X
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Fig. 2. The voice amplitudes of the participant, FO3,
recorded for the E2, “(brightly and cheerfully) Hi, KIA,
open the sunroof~!", repeating six times
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Table 3. The average duration of the Wake-up Words, “Hi, KIA”
across the emotion categories. Standard deviations are in
parentheses. Unit: millisecond (ms)

Excited Angry  Desperate  Normal

Average 606.74 544.29 687.09 576.54
duration (SD)  (102.93)  (104.28) (180.16) (115.47)
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Fig. 3. Algorithm modeling and the prediction of representative emotion of each “Hi, KIA!” record
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Fig. 4. The features’ importance scores derived during the
feature selection
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Table 4. Results of wake-up words emotion classification using machine learning. a single recording file divided into every 25
ms, and emotions are predicted for each divided recording file. then, the representative emotion was classified to the highest
frequency among the four categories. entire data are shown in Appendix B. Modeling methods: svmRadial

Expected | Prediction results of the wake-up words emotions using

- emotion machine learning (% shows its sensitivity) Top 5 weights feature calculated from the Boruta
Participant .

based on function.

scenario Excited Angry Desperate Neutral

Excited 13 (72%) 2 0 3

S Rank 1~5: “duration” > “duration_noSilence” >
FO1 Angry 4 6 (33 A)) 1 7 “pitch” > “dom” > “roughness”
@25 Desperate 0 1 12 (71%) 4
Accuracy: 59%
Neutral 5 1 1 11 (61%)

Table 5. Results of wake-up words emotion classification using machine learning. modeling methods: svmRadial

Expected Prediction results of the wake-up words emotions using .
- emotion machine learning (% shows its sensitivity) Top 5 weights feature cal.culated from the Boruta

Participant function.

based on All subi h |

scenario Excited Angry Desperate Neutral subjects show same results.

Excited 107 (65%) 30 3 24 Rank 1~5: “duration”

Angry 35 87 (53%) 10 33 Rank 2: dl‘l‘rz%tlor},_n‘(‘)SIIellce“ .
. Rank 3~5: “pitch”, “dom”, “roughness

All subjects 3 h h subi

Desperate 4 11 112 (71%) 31 (Rank 3~5 changes on each subjects)

Neutral 23 26 28 84 (52%) |Accuracy: 60% (60.19%)
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Sate] B S BRE A9 Ao O WA STT MO 53 Bl o3|t ZuS sopgl
e Al S Qrh T Table 7AAE 7F el whE 1MOE £9F £43 @A 4AH SAL B
A 750l Bge] AvkuEe FUER 7Y W F Utk I 4 Bl /N 24 BRE O
ERAQEE 2okt Yok ARET} 715ole) £ H4TOE AU BF 2

@, 71507 X3 B ARl t@ 2 BF el vske] @43 22 5 Atk AT Do Ulg

Table 6. Results of whole sentences. after learning the scenario recordings except itself, each recording are predicted its emotion.

modeling methods: svmRadial

Expected | Prediction results of the whole sentences emotions using .
. emotion machine learning (% shows its sensitivity) Top 5 weights feature cal.culated from the Boruta
Participant function.
based on All subi h h |
scenario Excited Angry Desperate Neutral subjects show the same results.
M 0,
Excited o7 (59%) 18 2 47 Rank 1~5: “duration_noSilence”, “duration”,
Angry 39 87 (53%) 21 18 “pitch”, “dom”, “roughness”
All subjects
Desperate 14 34 35 (24%) 63
. 0, 0,
Neutral 70 12 34 45 (28 |Accuracy: 42% (41.51%)
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Table 7. Results of sensitivity scores across the four emotion categories and all participants

Results of sensitivity compare expected emotion based on scenarios
using 1 out of N method
Emotion classification using Wake-up Words (Left)
Participant Emotion classiﬁcaFion using Whole Sen.tences (Right)
(Modeling methods: svmRadial)
Excited Angry Desperate Neutral
Wake-up Whole Wake-up Whole Wake-up Whole Wake-up Whole
Word Sentences Word Sentences Word Sentences Word Sentences
FO1 72% 56% 33% 67% 71% 12% 61% 31%
F02 78% 50% 83% 0% 50% 8% 68% 56%
F03 76% 71% 72% 61% 86% 31% 76% 69%
Fo4 81% 71% 76% 29% 84% 7% 37% 0%
MO1 89% 94% 78% 67% 78% 0% 78% 28%
MO02 28% 17% 6% 72% 39% 11% 17% 17%
MO03 83% 83% 56% 56% 94% 33% 50% 17%
Mo04 61% 72% 50% 67% 67% 50% 61% 33%
MO5 17% 17% 17% 61% 72% 61% 33% 6%
Average 65% 59% 53% 53% 71% 25% 52% 27%
& Az ANOE BE =T FAEE Ao ol o]&ate] & 24710 &3 243 AHP AALD HA
3l Fws] AFgel A= vk AR WiE ¢ = F=3 %, Caret 37| A0l E3HE svmRadial 7]7|
Be ARE 2ol A5 Zo] B A FE I 4GS o ste] Eolsh B4 2 Holw Akt 7
ARt Zeto|WAlE HalFehs A4 A RE o A3 ERel 1AE 3 A8 eE 4831t Table 6
o) 4 9lo), AHeA} F4le] 7 Ao B A o AAE ek o] el W A o wueE
T7F A5 AT ol&F A&E dargF ol 2A g E|Fo] 53 /7 AHe] RS VFols &
s Eojof gtk &) A2 vre] vlasiet, AA Baws Vs
S & excited, desperate, neutral oA 7]Fo]E St}
4. =o of F1Fole] AL BRE WAL B4 Sedtel
g0 AL ERG ASR0 FoAAA 2 A0
o B4 2 UEstth Angry®l A$-= 71Eolet £g0] TLT
4 1 T = H = = = E = A=} H = = O
T AARE BAFAh 53] £49 &7 d52
KN Z=3l= mzkhe 7}y 7} [}
B AT A% ) As9E FEe) gis) 4 desperalest neutral & SIS OR RARIR 2 25%2
N - 27% Q¥ 7ol ¥l HAE R HE st of
FHE 15O AHEA 4 JHE T £ 9 e e
el = w7 = o] 9 3 goks)r
Sl istel BAISTA hick A el A Ao VA SEEhS NS wREe] SlfitaL st
o Z==]o A OF3 3 221 Z]o]l =
2 A2AES 325 tokst 74 AUE 02 s oj o] FAo|th wEbA TRkt o$let FF AolE
_ . B5le] A2 EA AL o &=5f= AL H]F
Al TS T excited, angry, desperate, neutral] U] fhastel e £ 85 clSshe Bl M
A HE Z 199 /O 7109 TH4sl &Aoo &
A BRE 59, 7 B koA A g Aele ) IS 065 Sl EE Aol dhedt Sudel
- B 57 7= E S A o E o] 7]1Z=o]o
_ ZFAR S =3l = Ao] ol E AT E 7T 2= 9)
S AN T A AdEHA Z1FelZ AlFs T 0T oﬂ;o}” AL A A= e
7 Alg
= BRS =AT: H0e s prg wHw o MHEEE
— = - 7 k= LA of| & 7R E A}L5 olwm
43k 71 5elrt TRE B Az ppael = V) S A B"r}”ta%j [ sreser A
o] o313t mxl= ¥ xut AeE T 511 o o}y
o &4 HlolE AL THHAT Soundgen N7 AG oo o o= A AR ARSILA LU, T
g5 Zd8 GollA 24579 IA difEo] AAE
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Appendix A. Features Extracted by Soundgen Package of R

Type Feature name Description Unit
Time Time of the middle of each frame ms
. Duration Total duration s
Time
Duration_ Duration from the beginning of the first non-silent STFT frame to the end of the last
noSilence non-silent STFT frame s
Ampl Amplitude. Root mean square of amplitude per frame, calculated as sqrt(mean(frame?)) dB
The amount of energy in upper harmonics, namely the ratio of total spectral mass
HarmEnergy above 1.25 x F, to the total spectral mass below 1.25 x F, (dB) dB
Loudness HarmHeight How high harmonics reach in the spectrum, based on the best guess at a pitch
HNR Harmonics-to-noise ratio dB
Loudness Subjective loudness, in sone, corresponding to the chosen SPL_measured
Roughness The amount of amplitude modulation
Dom Lowest dominant frequency band (Hz)
Weiner entropy of the spectrum of the current frame. Close to 0: pure tone or tonal
Entropy . . . . h 0~1
sound with nearly all energy in harmonics; close to 1: white noise
fl ~ f3_freq
The frequency and bandwidth of each n-th formants per STFT frame
fl ~ f3 width
Pitch . .
PeakFreq The frequency with maximum spectral power Hz
Pitch Post-processed pitch contour based on all Fy estimates
Quartile25,
Quartile50, The 25", 50", and 75™ quantiles of the spectrum of voiced frames Hz
Quartile75
SpecCentroid | The center of gravity of the frame’s spectrum, first spectral moment Hz
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Appendix B. Results of Wake-up Words Emotion Classification Using Machine Learning

Expected | Prediction results of the wake-up words emotions using
Participant emotion machine learning (% shows its sensitivity) Top 5 weights feature calculated from the Boruta
P based on . function.
SEEnaRE Excited Angry Desperate Neutral
Excited 13 (72%) 2 0 3 “duration” > “duration_noSilence” > “pitch” >
“dom” > “roughness”
Fo1 Angry 4 6 (33%) 1 7
(25) Desperate 0 1 12 (71%) 4
Neutral 5 1 1 11 (61%) Accuracy: 59%
Excited 14 (78%) 1 0 3 “duration” > “duration_noSilence” > “pitch” >
“dom” > “roughness”
F02 Angry 1 15 (83%) 1 1
@7 Desperate 0 2 9 (50%) 7
Neutral 2 1 4 10 (59%) Accuracy: 68%
Excited 13 (76%) 2 0 2 “Duration” > “duration_noSilence” > “roughness”
> “dom!’ > “pitch”
FO3 Angry 2 13 (72%) 1 2
(26) Desperate 0 1 12 (86%) 1
Neutral 2 1 1 13 (76%) Accuracy: 77%
Excited 17 (81%) 3 0 1 “duration” > “duration_noSilence” > “roughness” >
) (Lpitch” > “dom”
FO4 Angry 3 16 (76%) 1 1
@7 Desperate 0 2 16 (84%) 1
Neutral 5 3 4 7 (37%) | Accuracy: 70%
Excited 16 (89%) 1 0 1 “duration” > “pitch” > “duration_noSilence” >
MO1 AIlgI'y 0 14 (78%) 0 4 “dom” > “roughness”
(24) Desperate 0 0 14 (78%) 4
Neutral 0 0 4 14 (78%) | Accuracy: 81%
Excited 5 (28%) 9 2 2 “duration” > “duration_noSilence” > “roughness”
> chitch7’ > Ctdom’$
MO2 Angry 10 1 (6%) 2 5
(28) Desperate 1 5 7 (39%) 5
Neutral 2 7 6 3 (17%) Accuracy: 22%
Excited 15 (83%) 2 0 1 “duration” > “duration_noSilence” > “pitch” >
“dom” > “roughness”
MO3 Angry 3 10 (56%) 3 2
(23) Desperate 0 0 17 (94%) 1
Neutral 2 4 3 9 (50%) Accuracy; 71%
Excited 11 (61%) 3 1 3 “duration” > “pitch” > “duration_noSilence” >
N “roughness” > “dom”
Mo04 Angry 5 9 (50A)) 1 3
(22) Desperate 2 0 12 (67%) 4
Neutral 1 3 3 11 (61%) Accuracy; 60%
Excited 3 (17%) 7 0 8 “duration” > “duration_noSilence”>
S “roughnessVoiced > “pitch” > “dom”
MO5 Angry 7 3 (17%) 0 8
22) Desperate 1 0 13 (72%) 4
Neutral 4 6 2 6 (33%) | Accuracy: 35%






