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Abstract and Motivation

> This work analyses the effect of gender, ethnicity, makeup and facial expression as sources of bias to improve apparent age prediction.

~ Following recent works [2, 3] where 1t Is shown that apparent age perception benefits real age estimation, rather than direct real to real age regression, our
main contribution Is the integration, in an end-to-end architecture, of face attributes for apparent age prediction with an additional loss for real age regression.

- Finally, we present preliminary results and discussion of a proof of concept application using the proposed model to regress the apparent age of an
individual based on the gender of an external observer.

Proposed Model

The proposed model combines apparent and real age labels with additional face attributes during training. Note that, once the model Is trained, it uses neither
real nor apparent age labels on the test set.
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Conclusions

- While the network in its first layers uses these face attributes as bias to improve apparent age estimation, the last layers of the network are in charge of
doing the opposite, i.e., benefiting from an improved apparent age estimation and face attributes to unbias apparent predictions to regress the real age.

> Improvements Iin both apparent and real age estimation can be tackled jointly in an end-to-end fashion when combined with specific attributes people use In
everyday life when drawing first impressions about others.

~ Future work will include the extension of both amount of data and number of attributes for a deeper analysis of the bias involved in age perception.
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