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Abstract. We construct an individual convolutional neural network architecture for each of the four
stellar parameters effective temperature (Teff), surface gravity (log g), metallicity [M/H], and
rotational velocity (v sin /). The networks are trained on synthetic PHOENIX-ACES spectra, showing
small training and validation errors. We apply the trained networks to the observed spectra of 283 M
dwarfs observed with CARMENES. Although the network models do very well on synthetic spectra,
we find large deviations from literature values especially for metallicity, due to the synthetic gap.

Method. A detailed description is provided in [1].

Incorporating synthetic PHOENIX-ACES spectra [2] allows 15- U2
us to construct a sufficiently large training set. We build
~400 different convolutional neural network models from 10- 0.1

~70 different architectures (i.e. number and arrangement
of layers) to answer the following questions:
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h /{eriur Results. All network models show very small
training/validation errors < 10-4. However, applying the

neural network to observed CARMENES spectra reveals the
significant influence of the synthetic gap (difference In
feature distribution between synthetic and observed spectra,

Fully connected See F|92a) Summarizing, we found:
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*Great accuracy and precision of the network during
training (see Fig. 2b).

*No influence on results regarding different A-ranges.

*Deriving parameters individually gives slighty smaller errors.

*Due to the synthetic gap, [M/H] deviates significantly from
Fig. 1: lllustration of neural network and training process. A A- literature values [3-7] (Fig. 2¢).

range is fed into the network, the stellar parameter is derived - , , "
(forward propagation). The result is compared to the known input W'th Dgep Transfer Learnlng we tra_nsfer additional
information (e.g. Interferometric Teff) Iinto the neural

parameter and the error is calculated. The weights of the layers . . .
are adjusted through backward propagation. This is done until ~Network, in order to reduce the synthetic gap (Fig. 2d).
error converges.
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