
    
      Fig. 3 
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        Schematic representation of OssicoNN, the neural network for the inference of stellar parameters. The primary objective of the neural network is to encapsulate a transformative mapping between the hidden stellar parameters and an abstract latent space composed of an equivalent number of Gaussian distributions. This is done by the conditional network (in blue). The mapping is conditioned by the spectra first processed by the conditioning network (in red) that extracts the important features from the spectra. Each layer is shown as a box in a different colour, reflecting its nature, with key hyperparameters listed beside it.

      

    

  
    
      Fig. 5 
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        Distribution of the Pearson coefficients between pairs of parameters for test set stars derived from sampling latent space to obtain the posterior distribution for one spectrum. Temperature, metallicity, and gravity exhibit the strongest correlations (albeit weak), whereas abundances, such as [Al/H] and [Mg/H], show very poor correlations. Additional Pearson coefficient distributions are provided in Zenodo (Fig. B.4, see Data availability section).

      

    

  
    
      Fig. 7 
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        Density distribution of parameters inferred by GES and OssicoNN for the noisy dataset. The average bias and the standard deviation, the 15th percentile, and 85th percentile of the residue results around the 1:1 relation are given in every panel. Dashed diagonal lines indicate the 1:1 relation. For the sake of clarity, we have excluded three stars from the [Si/H] quadrant that deviate significantly from the expected 1:1 relationship. These particular stars were initially predicted to have abundances of 3.1, 3.7, and 4.5 in the GES model. However, when using OssicoNN, their predicted abundances were notably different, measuring only −0.3, 0.2, and 0.2.

      

    

  
    
      Fig. 10 
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        Kiel diagram: log g versus effective temperature colour coded according to metallicity for stars in the Milky Way field as derived using OssicoNN astrophysical parameters (left panel) and the GES recommended values (right panel). Superimposed are three isochrones for an age of 5 Gyr and three metallicities ([Fe/H]=0: orange, [Fe/H=1]: green, [Fe/H=1]: blue) with colours that match the colormap). generated using PARSEC version 1.2S (Bressan et al. 2012, Chen et al. 2014). Stars were selected from the Catalogue dataset where ‘GES_TYPE = GES_MW’, with temperature, surface gravity, and metallicity derived by the classical pipelines, totaling 44 756 stars.

      

    

  
    
      Fig. 11 
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        Abundance ratio of magnesium to iron ([Mg/Fe]) versus metallicity ([Fe/H]) for stars in the Milky Way field as derived using OssicoNN astrophysical parameters (left panel) and the GES recommended values (right). Stars were selected from the Catalogue dataset where ‘GES_TYPE = GES_MW’, with [Fe/H] and [Mg/H] derived by the classical pipelines, totalling 11 909 stars.

      

    

  
    
      Fig. 12 
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        Parameters and abundances of stars belonging to the NGC 2243 cluster using the GES pipeline and the OssicoNN neural network. The number of GES stars varies across quadrants since it depends on how many stars could be successfully processed through the classical pipelines for the given set of parameters. We also display the Kiel diagram for and the isochrone corresponding to the age and metallicity of the cluster measured by Cantat-Gaudin et al. (2020). The isochrone was generated using PARSEC version 1.2S (Bressan et al. 2012, Chen et al. 2014).

      

    

  
    
      Fig. 13 
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        Anticorrelation of chemical abundances [Al/Fe] and [Mg/Fe] observed in globular clusters when parameters are inferred by OssicoNN (red) or GES (blue).

      

    

  
    
      Fig. 14 
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        Effective temperature estimations for selected Benchmark stars using the GES pipeline, the OssicoNN neural network, and Jofré et al. (2015), who combine spectral and spectral-independent analyses. The size of the Joſré + 2015 dots takes into account the measurement uncertainty.

      

    

  
    
      Fig. A.1 
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        Parameters and abundances of stars belonging to the NGC2420 cluster using the GES pipeline and the OssicoNN neural network. The number of GES stars varies across quadrants since it depends on how many stars could be successfully processed through the classical pipelines for the given set of parameters. We also display the Kiel diagram and the isochrone corresponding to the age and metallicity of the cluster measured by Cantat-Gaudin et al. (2020). The isochrone is generated using PARSEC version 1.2S (Bressan et al. (2012))., Chen et al. (2014)).

      

    

  
    
      Fig. A.2 
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        Parameters and abundances of stars belonging to the Br32 cluster using the GES pipeline and the OssicoNN neural network. The number of GES stars varies across quadrants since it depends on how many stars could be successfully processed through the classical pipelines for the given set of parameters. We also display the Kiel diagram and the isochrone corresponding to the age and metallicity of the cluster measured by Cantat-Gaudin et al. (2020). THe isochrone is generated using PARSEC version 1.2S (Bressan et al. (2012), Chen et al. (2014)).
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