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RECOMMENDATIONS
2019 RINOW

December 2019 1. Regulators should ban the use of affect recognition in important decisions that impact

Report people’s lives and access to opportunities. Until then, Al companies should stop
deploying it. Given the contested scientific foundations of affect recognition

technology—which claims to detect things such as personality, emotions, mental health,
and other interior states based on physiological measurements such as facial expression,
voice and gait—it should not be allowed to play a role in important decisions about human
lives, such as who is interviewed or hired for a job, the price of insurance, patient pain
assessments, or student performance in school. Building on last year's recommendation
for stringent regulation, governments should specifically prohibit use of affect recognition
in high-stakes decision-making processes.

B ROO K l N G S CUMATE Al CITIES & REGIONS GLOBALDEV INTLAFFAIRS U.S.ECC

SERIES: Al Governance

TECHTANK

Why President Biden should ban
affective computing in federal law
enforcement

Alex Engler - Wednesday, Augus'
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Fig. 1. Tllustration of the four stakehglders involved in an interaction with an
affectively-aware Al. Solid arrows indicateflow of information. The Developer
trains and produces an Al and delivers it to @ erator. The Operator then
deploys the Al to collect and process data from the ter. The Operator may
also collect other data directly from the Emoter. The das ines from Al to
Emoter, or Operator to Emoter, indicate that, in general, the Emoter may not
be aware of the Al or the Operator. The Regulator is also a stakeho but
does not participate directly in interactions.
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Cohn JF (2010) Advances in behavioral science using automated facial image
analysis and synthesis. IEEE Signal Process Mag 27(6):128—-133.
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Scowl
Yell
BP increase
Hit
[Barrett 2016]
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(Paulhus 1991, Baumgartner & Steenkamp 2001, Wetzel et al. 2016)
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[Perusquia-Hernandez et al. CHI 2019]
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acoustic features
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61.2 67.8 75.3 75.3 73.1 70.5
linguistic features
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Fig. 1. Examples of stimuli exhibiting four levels of perceptual similarity between the target face and the facial ex-
pression typically associated with the context. In Experiment 1, identical disgusted faces appeared in contexts of (a)
disgust (full similarity), (b) anger (high similarity), (¢) sadness (medinm similarity), and (d) fear (low similarity). All
facial expressions are reproduced with permission from the Paul Ekman Group.

[Aviezer et al. 2008]

[Ishii et al. 2017]
Originally developed in [Masuda et al. 2008]
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HEXRDI SRAINS ALK LD
[Poria et al. 2019]

TABLE 1. Label distribution statistics in different emotion recognition datasets.

Label DailyDialog MELD EmotionLines IEMOCAP EmoContext
Neutral 85572 6436 6530 1708 -
Happiness/Joy 12885 2308 1710 648 4669
Surprise 1823 1636 1658 - -
Sadness 1150 1002 498 1084 5838
Anger 1022 1607 442 1103 5954
Disgust 353 361 338 - -
Fear 74 358 255 - -
Frustrated - - - 1849 -
Excited - - - 1041 -
Other - - - - 21960
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Trade-off [Arrieta et al. 2020]
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Person A Person B

FIGURE 1. Interaction among different controlling variables during a
dyadic conversation between persons A and B. Grey and white circles
represent hidden and observed variables, respectively. P represents

personality,
represents i
topic of the

U represents utterance, S represents interlocutor state, /
nterlocutor intent, E represents emotion and Topic represents
conversation. This can easily be extended to multi-party

conversations.
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