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Abstract

In recent years, the analysis of high-resolution stellar spectra has become increas-

ingly important for estimating key stellar parameters such as effective temperature

(Teff), surface gravity (log g), metallicity ([M/H]), and rotational velocity (v sin i).

Traditional methods often rely on manual calibration or spectrum synthesis, which

can be time-consuming and error-prone, especially for M dwarfs whose spectra are

dense with molecular features. In this study, we investigate the use of convolutional

neural networks (CNNs) to automate the estimation of stellar parameters using

synthetic and observed data.We adopt a StarNet-like CNN architecture trained on

synthetic spectra generated from the PHOENIX-ACES model grid, and evaluate its

performance on real observations from the CARMENES survey. Separate models are

developed for each parameter, allowing for dedicated tuning and improved prediction

accuracy. The training process includes flux normalization and data augmentation

across multiple spectral windows. To assess performance, we compare predicted

parameters with literature values and find strong agreement, especially for Teff and

log g, with significantly reduced mean squared error.This approach demonstrates the

effectiveness of deep learning in spectroscopic analysis, offering a scalable solution for

stellar parameter estimation. The results reinforce the potential of CNNs to support

large-scale stellar surveys and contribute to more accurate stellar characterization.

Keywords: Stellar spectra, CARMENES, PHOENIX-ACES, convolutional neu-

ral network (CNN), deep learning, stellar parameter estimation, StarNet, Teff , log g,

[M/H], v sin i
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Motivation

Accurately determining stellar atmospheric parameters—such as effective tempera-

ture (Teff), surface gravity (log g), and metallicity ([Fe/H])—is fundamental to many

areas of astrophysics. These parameters play a critical role in characterizing stel-

lar populations, tracing galactic evolution, and studying potential exoplanet hosts.

Traditionally, these values have been derived through physical model fitting and syn-

thetic spectral analysis. While reliable, such techniques are often computationally

expensive and may struggle with noisy observations or spectra that diverge from

theoretical expectations.

In recent years, the availability of large and diverse spectroscopic datasets from

surveys like APOGEE and CARMENES has opened the door to data-driven ap-

proaches. Among these, deep learning—particularly convolutional neural networks

(CNNs)—has shown considerable promise. CNNs are well-suited for learning com-

plex, hierarchical patterns in spectral data and can generalize well even when faced

with subtle variations or noise in the input.

The StarNet model serves as a notable example of this potential. Trained on

near-infrared spectra from APOGEE, it demonstrated the capability of CNNs to es-

timate stellar parameters directly from normalized flux vectors, bypassing the need

for explicit physical modeling. StarNet delivered competitive performance across a

broad parameter space while offering significantly faster inference compared to tra-

ditional pipelines. However, it primarily operated on well-structured, standardized

data with uniform resolution and wavelength coverage.

In contrast, the CARMENES survey provides high-resolution spectra in both

the visible (VIS) and near-infrared (NIR) ranges, but the data it produces is more

complex and less uniform. The spectra are recorded in multiple echelle orders, often

with overlapping and unevenly sampled wavelength regions. This presents both a

challenge and an opportunity: while the data is rich in detail, it requires substantial

preprocessing—such as smoothing, normalization, order stitching, and resolution

matching—before it can be effectively used in a deep learning model.

This project is motivated by the goal of extending the deep learning methodology

pioneered by StarNet to a more challenging, real-world dataset like CARMENES.

By developing a comprehensive preprocessing framework and adapting a CNN-based
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model to handle high-resolution, variable-length spectra, this work aims to enable

accurate and scalable estimation of stellar parameters from observed data. In doing

so, it contributes to the broader effort of integrating machine learning into astro-

physical workflows, particularly in preparation for the data volumes expected from

future spectroscopic missions.
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Chapter 1

Introduction

The precise estimation of stellar atmospheric parameters—such as effective temper-

ature (Teff), surface gravity (log g), metallicity ([M/H]), and projected rotational

velocity (v sin i)—is fundamental to modern astrophysics. These parameters are es-

sential for understanding stellar evolution, characterizing stellar populations, and

identifying suitable host stars for exoplanet studies. In particular, M dwarfs are

among the most promising targets in exoplanet research due to their abundance

and favorable planet-to-star contrast ratios. However, determining their physical

properties remains challenging due to their intrinsic faintness, complex molecular

line-dominated spectra, and the absence of a well-defined continuum [1].

Traditional approaches for stellar parameter estimation include spectroscopic

fitting techniques and empirical calibrations based on photometric indices or pseudo-

equivalent widths. While widely used, these methods are often limited by their

reliance on simplified models, manual feature selection, and assumptions that may

not hold for all spectral types—especially in cooler stars like M dwarfs [1].

With the increasing availability of high-resolution spectral data from large sur-

veys such as APOGEE and CARMENES, there is a growing demand for fast, ac-

curate, and scalable parameter estimation methods. In recent years, deep learning

techniques have emerged as powerful tools for analyzing large-scale astrophysical

datasets. Convolutional neural networks (CNNs), in particular, offer a promising

approach for learning complex patterns in spectra and predicting physical parame-

ters directly from flux values [2].

In this work, we build upon the StarNet architecture introduced by Fabbro

et al. [2], which employs a deep CNN model to infer stellar parameters from in-

frared spectra. StarNet demonstrated that it is possible to achieve high accuracy

when trained on large synthetic datasets and tested on real observations from the

APOGEE survey. The model is composed of one-dimensional convolutional and fully

connected layers and is optimized using supervised regression with mean squared

error as the loss function.
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2 CHAPTER 1. INTRODUCTION

In parallel, the CARMENES collaboration developed a deep learning framework

focused specifically on M dwarfs [1]. Their models were trained on synthetic spec-

tra from the PHOENIX-ACES library and later applied to observed CARMENES

spectra covering both the optical and near-infrared ranges. Separate CNNs were

constructed for each stellar parameter, and the results were benchmarked against

literature values. The study highlighted both the potential and the challenges of

using synthetic data to train models that generalize well to real observations, em-

phasizing the impact of the so-called “synthetic gap”.

This thesis aims to combine and adapt these ideas to develop a CNN-based

pipeline for estimating Teff , log g, [M/H], and v sin i from high-resolution spectra.

Using a StarNet-inspired architecture trained on PHOENIX-ACES synthetic spec-

tra, we evaluate the model’s ability to generalize to real CARMENES observations

of M dwarfs. The methodology, results, and comparative analysis are presented in

the subsequent chapters.



Chapter 2

Related Work

Machine learning has become a transformative approach in the analysis of stellar

spectra, offering efficient and scalable solutions for estimating stellar parameters

from large spectroscopic surveys. Over the last decade, a variety of models—from

empirical fitting pipelines to sophisticated neural network architectures—have been

developed to tackle this challenge.

One of the pioneering data-driven methods, The Cannon [3], introduced a gen-

erative framework for inferring stellar parameters. This approach modeled spectral

flux as a function of stellar parameters using polynomial regression and then inverted

this relationship for prediction. While The Cannon achieved notable accuracy, its

performance depended heavily on the quality and comprehensiveness of the training

set, often struggling with low signal-to-noise data or rare parameter regimes.

The advent of deep learning has led to significant advancements in the field. The

StarNet model [2] adopted a discriminative strategy, employing a convolutional neu-

ral network (CNN) trained on infrared spectra from the APOGEE survey. StarNet

demonstrated robust performance in predicting key stellar parameters—such as ef-

fective temperature (Teff), surface gravity (log g), and metallicity ([Fe/H])—directly

from normalized spectra. Unlike The Cannon, which relied on interpolation in spec-

tral space, StarNet learned a non-linear mapping from spectral flux to physical

parameters, showing improved resilience to noise and scalability, albeit requiring

large datasets to mitigate overfitting.

The CARMENES project [1] focused on M dwarf stars, leveraging high-resolution

spectra in the optical and near-infrared. Their deep learning models were trained

exclusively on synthetic spectra generated from the PHOENIX-ACES grid, enabling

broad coverage of the parameter space. Unlike StarNet, which used a single multi-

output architecture, CARMENES developed separate CNNs for each stellar param-

eter (Teff , log g, [M/H], v sin i), resulting in enhanced prediction accuracy. How-

ever, the project also highlighted the persistent challenge of the “synthetic gap”—a

mismatch between synthetic and real spectral distributions that can impair model
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generalization [1].

To address this issue, the authors explored strategies such as spectral window se-

lection, signal-to-noise augmentation, and the application of parameter constraints

based on theoretical stellar evolution models. Notably, they integrated the PARSEC

stellar evolutionary tracks [4] to exclude physically implausible parameter combina-

tions.

Early foundational work in this area includes the application of artificial neural

networks (ANNs) for stellar parameter estimation from synthetic spectra [5, 6].

More recent studies have advanced the field by introducing CNN-based approaches

for automated classification and regression from stellar spectra [7, 8]. These works

have established best practices for data normalization, network architecture design,

and uncertainty quantification, laying the groundwork for the application of deep

learning to large-scale spectroscopic datasets.

Despite the success of modern machine learning models, several open challenges

remain. Issues such as model interpretability, generalizability across diverse spectral

types, and sensitivity to noise, continuum fitting, and instrumental effects continue

to pose obstacles. Addressing these challenges is essential for the broader integration

of deep learning techniques into mainstream astrophysical analysis pipelines.



Chapter 3

Dataset

The StarNet model was trained on spectra from the APOGEE survey, part of SDSS-

III and SDSS-IV, which provides high-quality near-infrared (H-band, 1.5–1.7µm)

spectra at a resolution of R ∼ 22,500. These spectra were continuum-normalized and

paired with stellar parameters—effective temperature (Teff), surface gravity (log g),

and metallicity ([Fe/H])—extracted from the ASPCAP pipeline. The dataset con-

sisted of over 100,000 stars, enabling the training of a robust deep learning model

for stellar parameter estimation.

In contrast, the present work utilizes data from the CARMENES survey, which

delivers high-resolution spectra in both the visible (0.52–0.96µm) and near-infrared

(0.96–1.71µm) bands, with resolutions of R ∼ 80,000 and R ∼ 94,600 respectively.

The spectra used here are telluric-corrected templates, interpolated at B-spline knot

points, and normalized to suppress the continuum shape. While the CARMENES

dataset is smaller in size—comprising 382 high-quality stellar spectra in this work—it

benefits from higher spectral resolution and detailed preprocessing. Stellar param-

eter labels are obtained from literature and external catalogs. Despite its smaller

scale, the dataset’s quality and coverage make it well-suited for training deep learn-

ing models aimed at precise stellar characterization.

5



6 CHAPTER 3. DATASET

Table 3.1: Comparison of Datasets Used in StarNet and Carmenes

Attribute StarNet (APOGEE) CARMENES

Survey APOGEE (SDSS-III/IV) CARMENES (Calar Alto Ob-
servatory)

Spectral Range Near-Infrared (H-band:
1.5–1.7µm)

VIS: 0.52–0.96µm; NIR:
0.96–1.71µm

Resolution R ∼ 22,500 VIS: R ∼ 80,000; NIR: R ∼
94,600

Flux Preprocess-
ing

Continuum-normalized Telluric-corrected, normal-
ized, B-spline interpolated

Labels (Ground
Truth)

Teff, log g, [Fe/H] from ASP-
CAP pipeline

Teff, log g, [Fe/H] from litera-
ture/catalogs

Dataset Size ∼100,000 spectra 382 high-quality spectra (or
more, depending on subset)

Data Format 1D flux vector per star (7,215
points)

1D flux vector over fixed wave-
length grid



Chapter 4

Methodology

4.1 Data Preprocessing

StarNet

The StarNet model was trained and evaluated using both synthetic and observed

stellar spectra from the APOGEE survey. The observed dataset, publicly available

through the official GitHub repository, includes a total of 559,484 spectral visits cor-

responding to 143,467 unique stars. Each star was typically observed multiple times

(on average, four visits per star) to improve the robustness of spectral measurements

across different observing nights.

Data Selection: To ensure high-quality and reliable training data, a series of

filtering criteria were applied to the original set of visit spectra:

• Combined spectral signal-to-noise ratio (S/N) ≥ 200

• STARFLAG and ASPCAPFLAG both set to 0 (i.e., no known quality issues)

• Effective temperature 4000K < Teff < 5500K

• Metallicity [Fe/H] > −3.0 dex

• Surface gravity log g ̸= −9999 (the ASPCAP default for missing values)

• Radial velocity scatter Vscatter < 1.0 km/s

After applying these selection criteria, the dataset was reduced from 559,484 to

53,135 high-quality visit spectra, corresponding to 17,149 distinct stars. From this

subset, 85% (i.e., 44,784 visits across 14,498 stars) was used for training and valida-

tion. Specifically, 41,000 visits were allocated for training and 3,784 for validation.
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Target Parameters: The model was trained to predict the following stellar pa-

rameters:

• Effective temperature (Teff)

• Surface gravity (log g)

• Metallicity ([Fe/H])

Data Preprocessing: Each stellar spectrum consists of 7214 flux values. The

APOGEE spectrum is divided into three wavelength regions, or ”chips”:

• Blue chip: shortest wavelength range

• Green chip: mid-range wavelengths

• Red chip: longest wavelength range

To normalize the flux values, the median flux is computed for each chip and used

to divide the corresponding segment of the spectrum. This chip-wise normaliza-

tion helps minimize the influence of large-scale flux variations and emphasizes line

features critical for parameter prediction.

4.2 CARMENES

4.2.1 Dataset Overview

The CARMENES 2023 dataset consists of high-resolution stellar spectra obtained

using a dual-channel spectrograph that observes in the visible (VIS) and near-

infrared (NIR) bands. Each spectrum records flux values across thousands of wave-

length bins. Initially, the dataset comprised over 380 stars. However, to ensure

consistency in data shape, only spectra with fixed dimensions—(61, 3699) for VIS

and (56, 1999) for NIR—were retained. This filtering step resulted in the removal

of 51 stars, leading to a final dataset of 331 well-structured, high-quality spectra.

4.2.2 Spectral Preprocessing Pipeline

To prepare the spectra for modeling, a systematic preprocessing strategy was adopted.

This procedure was applied independently to both the VIS and NIR spectra of each

star and consisted of three primary operations, repeated three times in succession

to refine the result:
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1. Smoothing and Normalization: Each spectrum was smoothed using the

Savitzky-Golay filter to reduce small-scale noise while preserving the under-

lying shape of spectral features. This method was preferred over traditional

boxcar filters, which often introduce edge effects and alter signal length. The

Savitzky-Golay filter [9] uses two key parameters—window size and poly-

nomial order—both empirically chosen using Bayesian Information Criterion

[10](BIC) to optimize smoothness and signal integrity.

2. Continuum Subtraction: After smoothing, the continuum was subtracted

to isolate absorption features and remove global trends in the flux values.

3. Polynomial Approximation: A low-degree polynomial was fitted to the

continuum-subtracted spectrum to estimate and remove any residual curvature

in the baseline. This step enhances the visibility of fine absorption structures.

This three-step cycle was iterated three times to ensure robust normalization

and accurate continuum removal, yielding clean, continuum-normalized spectra.

4.2.3 Order Stitching and Variable-Length Handling

CARMENES spectra are recorded in multiple spectral orders. For example, VIS

spectra have shape (61, 3699), where the first dimension represents the number of

spectral orders. These orders contain overlapping wavelength regions that must be

combined to produce a continuous 1D spectrum.

During the stitching process, preference is given to order i over order i + 1 in

overlapping regions. Specifically, the flux from order i is retained as-is, and the

overlapping portion of order i+1 is interpolated to align with order i. This strategy

ensures continuity and avoids redundancy across orders.

However, due to variation in the size and position of overlapping regions, the

final stitched spectra differ in total length from star to star. This variable-length

output is addressed during model training by resampling or interpolation techniques

to produce uniform-length inputs.

4.2.4 Spectral Resolution Considerations

The resolving power of the CARMENES instrument in the NIR arm is approximately

R ≈ 80,400. This defines the smallest resolvable wavelength difference ∆λ at a given

wavelength λ as:

∆λ =
λ

R
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For example, at λ = 10,000 Å, the minimum distinguishable wavelength interval is:

∆λ ≈ 10,000

80,400
≈ 0.1244 Å

This resolution plays a key role in preparing synthetic spectra for comparison

with observational data. While numerous stellar atmosphere models exist—such as

PHOENIX, MARCS, and ATLAS—we selected the BT-Settl models due to their

wide wavelength coverage and high physical fidelity. However, because BT-Settl

spectra are generated at much higher resolutions than CARMENES observations, a

series of preprocessing steps were necessary to ensure comparability.

4.2.5 Preprocessing of Synthetic Spectra

To align the synthetic BT-Settl spectra with the observed CARMENES data, the

following steps were applied:

1. Wavelength Truncation: The synthetic spectra were first trimmed to match

the CARMENES VIS and NIR wavelength coverage. This ensured that only

the relevant spectral regions were retained for analysis.

2. Resolution Degradation: A Gaussian low-pass filter was applied to the

high-resolution BT-Settl spectra to degrade their resolution. The filter width

was selected based on the CARMENES resolving power, effectively simulating

how the instrument would observe the same theoretical spectrum.

3. Wavelength Interpolation: After resolution adjustment, the BT-Settl spec-

tra were interpolated onto the wavelength grid of the observed CARMENES

spectra. This step aligned the two datasets, allowing for direct comparison at

each wavelength point.

4. Flux Normalization: Finally, the synthetic flux values were normalized us-

ing the same procedure applied to the observed spectra. This removed con-

tinuum variations and emphasized relative absorption features.

Following these steps, the BT-Settl synthetic spectra were in a comparable for-

mat to the observed CARMENES data—matched in resolution, wavelength, and

normalization—allowing them to be used effectively for model training and bench-

marking.
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4.2.6 Wavelength Grid Alignment and Gap Handling

To ensure consistency across all samples, observed spectra were trimmed to a stan-

dardized wavelength range within the VIS and NIR bands. Some spectra exhibited

small gaps due to instrument stitching or detector artifacts. These gaps were iden-

tified, catalogued, and treated appropriately. Spectra with major discontinuities

were excluded. Additionally, all wavelength grids were validated for uniqueness and

precision to ensure proper alignment between samples.

4.2.7 Ground Truth Validation

Each stellar spectrum was associated with physical parameters: effective tempera-

ture (Teff), surface gravity (log g), and metallicity ([Fe/H]). All labels were carefully

reviewed, and entries containing missing or placeholder values (e.g., −9999) were

removed to preserve label integrity and training quality.

4.2.8 Final Dataset Summary

The final dataset used in this work consists of 331 carefully preprocessed stellar

spectra from CARMENES, supplemented by resolution-adjusted BT-Settl models

for validation and comparison. Each spectrum underwent smoothing, continuum

normalization, wavelength alignment, and order stitching. The resulting data is

well-suited for training convolutional neural networks to predict stellar parameters

across diverse observational conditions.



Chapter 5

Architecture

In this chapter, we describe the deep learning models developed for predicting stel-

lar atmospheric parameters from spectral data. Two distinct convolutional neural

network (CNN) architectures were explored: one inspired by the StarNet model,

and the other designed in the style of a simplified VGG-based 1D CNN.

The StarNet-like architecture closely follows the design principles laid out in the

original StarNet work, adapting its convolutional and dense layers to suit the struc-

ture and resolution of the current dataset. It is tailored to handle high-resolution

spectra and capture complex patterns present in the flux values across wavelengths.

In parallel, a lightweight VGG-style 1D CNN model was implemented, consisting

of stacked convolutional blocks followed by pooling and a fully connected regression

layer. This design offers a more compact alternative that remains effective for learn-

ing from one-dimensional spectral inputs.

Both models were evaluated under different regression settings. Specifically, they

were trained to predict either one, two, or all three stellar parameters—effective

temperature (Teff), surface gravity (log g), and metallicity ([Fe/H])—in separate ex-

periments. This flexible setup allowed us to assess how the models perform when

learning parameters individually versus jointly.

The sections that follow provide a detailed explanation of each model’s architec-

ture, design rationale, and training configuration.

StarNet Convolutional Neural Network (CNN) Model

StarNet is a one-dimensional convolutional neural network (1D-CNN) developed

to estimate fundamental stellar parameters—effective temperature (Teff), surface

gravity (log g), and metallicity ([Fe/H])—directly from normalized stellar spectra [2].

It follows a supervised learning paradigm, where the model is trained on spectra with

known parameter labels, learning a mapping from flux vectors to physical quantities.

The architecture of StarNet consists of seven layers in total. Starting from the in-

12
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put layer, which receives a 1D flux array (typically with 7214 wavelength points), the

model applies two sequential convolutional layers with 4 and 16 filters, respectively.

These layers are designed to extract localized spectral features. A max pooling layer

follows, which downsamples the signal and reduces dimensionality while preserving

the most relevant patterns. The final part of the network comprises three fully

connected (dense) layers with 256, 128, and 3 neurons, respectively. The last layer

outputs predictions for Teff, log g, and [Fe/H].

The model uses the ADAM[11] optimizer for training and minimizes a mean

squared error (MSE) loss function. ReLU [12](Rectified Linear Unit) activations

are used across all layers except the output. To accelerate convergence and improve

weight initialization, the He normal initialization method is applied. A validation set

is held out during training to monitor model performance and prevent overfitting.

StarNet can be trained on either real spectra from surveys like APOGEE or

synthetic spectra generated via stellar atmosphere models. When using synthetic

data, Gaussian noise is deliberately added to the input to simulate real observational

uncertainties and enhance the model’s generalization capability. One of StarNet’s

key strengths is its robustness to low signal-to-noise (S/N) data, attributed to its

training on individual visit spectra rather than only on high-quality stacked spectra.

By combining convolutional layers for local feature detection and fully connected

layers for global integration, StarNet achieves high accuracy and generalizability in

predicting stellar parameters across a diverse range of stars [2].

(See Figure: 5.1)

Figure 5.1: StarNet Architecture
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VGG Regression Model Architecture

To estimate stellar parameters from one-dimensional spectra, a deep learning model

was developed based on a modified VGG-style convolutional neural network (CNN).

The architecture is tailored for regression tasks and designed to extract meaningful

features from normalized 1D spectral inputs.

The model accepts input in the form of a sequence of vectors, where each vector

represents flux-related measurements at a given wavelength. The input shape is

defined as (batch size, sequence length, input channels). Before feeding the data into

the network, the input tensor is permuted to match PyTorch’s ‘Conv1d‘ format:

(batch size, channels, sequence length).

The architecture begins with a feature extraction block composed of three con-

volutional layers. The first convolutional layer maps the input channels to 64 filters

using a kernel size of 3 and includes padding to maintain spatial dimensions. This

is followed by a ReLU activation and a max-pooling layer with a stride of 2, which

reduces the sequence length by half. The second convolutional layer increases the

feature dimensionality to 128 and is again followed by ReLU activation and max

pooling. The third and final convolutional layer outputs 256 channels, which are

subsequently passed through a global average pooling layer implemented via ‘Adap-

tiveAvgPool1d(1)‘. This compresses each feature map into a single scalar, reducing

the output to a fixed-size feature vector of shape (batch size, 256) regardless of input

sequence length.

The output of the convolutional block is flattened and passed through a fully

connected linear layer that maps the 256-dimensional feature vector to the target

regression space. Depending on the task, this may include one or more stellar

parameters such as effective temperature (Teff), surface gravity (log g), or metallicity

([Fe/H]).

Overall, this VGG-inspired 1D CNN model combines local feature extraction

with global summarization to provide a robust, compact representation of spectral

features. Its design allows it to learn patterns across different wavelength regions

while maintaining a relatively small number of parameters. The model is particu-

larly well-suited for spectroscopic regression problems, including stellar parameter

estimation from normalized flux spectra.(See Figure: 5.2)
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Figure 5.2: VGG Style Architecture

5.1 Components

To understand the internal workings of the CNN models, we detail the following

components and techniques used in our implementations:

1. Loss Function:

The StarNet model is trained using the Mean Squared Error (MSE) loss function,

which is well-suited for regression tasks involving continuous output variables such as

stellar parameters. This loss function measures the average of the squared differences

between the predicted values and the true labels, ensuring that larger errors are

penalized more heavily.

Mathematically, the MSE loss is defined as:

LMSE =
1

N

N∑
i=1

(yi − ŷi)
2

where N is the number of training samples, yi denotes the ground truth value, and

ŷi is the corresponding model prediction. During training, the model optimizes its

parameters by minimizing this loss over the training set.
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2. Optimizer:

To train both models effectively, we used the Adam optimizer, a popular choice in

deep learning due to its ability to adaptively adjust learning rates for each parameter.

Adam combines the benefits of two earlier optimization methods—AdaGrad, which

works well for sparse gradients, and RMSProp, which is effective for non-stationary

objectives. This makes it particularly suitable for training deep neural networks on

large, high-dimensional datasets such as stellar spectra.

The optimizer updates model weights using estimates of both the first moment

(mean) and the second moment (uncentered variance) of the gradients. The math-

ematical formulation of the Adam optimizer is as follows:

mt = β1mt−1 + (1− β1)gt

vt = β2vt−1 + (1− β2)g
2
t

m̂t =
mt

1− βt
1

v̂t =
vt

1− βt
2

θt = θt−1 − α
m̂t√
v̂t + ϵ

where gt is the gradient at time step t, mt and vt are the first and second moment

estimates, β1 and β2 are decay rates typically set to 0.9 and 0.999 respectively, ϵ is

a small constant (e.g., 10−8) for numerical stability, and α is the learning rate.

3.Learning Rate: The learning rate plays a crucial role in guiding how quickly

or slowly a model updates its weights during training. In this work, we set the

learning rate to 0.0007 for the StarNet-based model and 1× 10−3 for the VGG-style

CNN. These values were selected through preliminary experimentation to balance

convergence speed with training stability. A smaller learning rate allows the model

to approach the optimal solution more gradually and accurately, though it typically

requires more training epochs to reach convergence.

4. 1D Convolution:

One-dimensional (1D) convolution is a fundamental operation used in neural

networks to extract localized patterns from sequential data, such as time series

or spectra. It works by sliding a small filter (also called a kernel) over the input

sequence and computing a dot product at each position. This operation allows the

network to detect local features irrespective of their exact location in the input.

Mathematical Formulation: Given an input sequence x = [x1, x2, . . . , xn] and a

kernel w = [w1, w2, . . . , wk] of size k, the 1D convolution output y = [y1, y2, . . . , yn−k+1]
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(assuming no padding and unit stride) is computed as:

yi =
k∑

j=1

wj · xi+j−1 for i = 1, 2, . . . , n− k + 1

Example: Let the input be:

x = [2, 1, 3, 0, 1]

and the kernel (filter) be:

w = [1, 0, −1]

Then the convolution output is:

y1 = (1 · 2) + (0 · 1) + (−1 · 3) = 2 + 0− 3 = −1

y2 = (1 · 1) + (0 · 3) + (−1 · 0) = 1 + 0− 0 = 1

y3 = (1 · 3) + (0 · 0) + (−1 · 1) = 3 + 0− 1 = 2

So the output of the 1D convolution is:

y = [−1, 1, 2]

Interpretation: This operation helps highlight changes in the sequence. For ex-

ample, the kernel used above acts similarly to an edge detector, emphasizing where

the input values increase or decrease.

5. Activation Function: ReLU (Rectified Linear Unit) that we have used as

activation function,is defined as:

ReLU(x) = max(0, x)

ReLU has tendency to introduce non-linearity to our model and helps in vanish-

ing gradient problem, which leads to faster and effective training.

6. MaxPooling (1D):

In one-dimensional convolutional neural networks, MaxPooling is used to down-

sample the feature vector along the temporal or sequential dimension. It reduces

the input size by selecting the maximum value within a specified window, thereby

decreasing computational cost and helping the model retain the most prominent

features.
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Input Vector = [3, 5, 2, 8, 6, 1, 7, 4]

Applying 1D MaxPooling with a size of kernel 2 and stride 2:

Pooled Output = [max(3, 5), max(2, 8), max(6, 1), max(7, 4)] = [5, 8, 6, 7]

This operation reduces the original 8-element vector to 4 elements, effectively

summarizing local information and reducing overfitting by limiting the number of

downstream parameters.

The selection of each component in our CNN architecture—from the activation

functions to the use of the Adam optimizer—was carefully made to improve the

model’s capacity to learn complex patterns in the data and accurately predict stellar

parameters.



Chapter 6

Results

This section outlines the experimental design and presents the results of our in-

vestigation into stellar parameter prediction using convolutional neural networks

(CNNs). The goal of the study is to estimate key stellar parameters—including

effective temperature (Teff), surface gravity (log g), and metallicity ([Fe/H])—from

spectroscopic data. We evaluate two deep learning models: one inspired by the

StarNet architecture and another based on a custom VGG-style CNN.

Both models were trained and tested on observed spectra from the CARMENES

survey as well as synthetic spectra generated from BT-Settl models. To measure

predictive accuracy, we employ widely used regression metrics such as Mean Absolute

Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE).

These metrics provide a clear understanding of how closely the model outputs align

with the true parameter values.

Additionally, we compare the performance of the models across different training

conditions and input types to assess the impact of architectural choices and data

preprocessing steps. This comparison helps highlight the strengths and limitations

of each approach in both synthetic and observational domains.

6.1 Performance:

To evaluate how well our models predict continuous stellar parameters such as Teff,

log g, and [Fe/H], we employ several standard regression metrics. These include

Mean Absolute Error (MAE), Mean Squared Error (MSE). Each of these metrics

captures different aspects of model performance, providing a more complete under-

standing of prediction accuracy.

19
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6.1.1 Mean Absolute Error (MAE)

The Mean Absolute Error measures the average magnitude of prediction errors,

without considering their direction. It is a straightforward metric that gives a sense

of how much the predictions typically deviate from the true values.

MAE =
1

n

n∑
i=1

|yi − ŷi|

Lower MAE values indicate better performance. Since it treats all errors equally,

MAE is less sensitive to outliers compared to MSE.

6.1.2 Mean Squared Error (MSE)

The Mean Squared Error calculates the average of the squared differences between

predicted and actual values:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2

By squaring the errors, MSE penalizes larger deviations more than smaller ones.

This makes it particularly useful when large errors are undesirable. However, it can

be more sensitive to outliers than MAE.

Model Parameter MAE MSE
StarNet T 85.65 5974.49
StarNet TG 71.33 4568.72
StarNet TGM 97.03 2395.98

VGG Style CNN T 52.68 4763.94
VGG Style CNN TG 45.87 3362.30
VGG Style CNN TGM 105.23 6756.42

Table 6.1: Regression performance of different models on stellar parameter predic-
tion (e.g., Teff)
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Challenges and Future Work

This chapter outlines the primary challenges encountered during the study and

proposes future directions to enhance the model’s flexibility, accuracy, and real-

world applicability.

7.1 Challenges

7.1.1 Handling Variable-Length Spectra

The CARMENES spectra are captured across multiple overlapping echelle orders,

which results in final stitched spectra of varying lengths. Since standard convolu-

tional neural networks require inputs of fixed size, all spectra were interpolated to a

uniform length for compatibility. While this preprocessing step is necessary, it may

distort important absorption lines or lead to inconsistent feature alignment across

samples, limiting the network’s ability to learn generalizable patterns.

7.1.2 Synthetic vs Observed Spectra Discrepancy

Another key challenge lies in the difference between synthetic data (e.g., BT-Settl

spectra) and actual observational data (e.g., CARMENES). Despite preprocessing

steps such as normalization and resolution matching, there remain inconsistencies

due to instrumental noise, calibration errors, and real atmospheric effects. These

domain discrepancies can negatively affect the generalization performance of models

trained solely on synthetic spectra.

21
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7.2 Future Work

7.2.1 Architectures for Variable-Length Input

To better accommodate variable-length spectral data, future models could move

beyond fixed-size convolutional architectures. Sequence-aware models such as Long

Short-Term Memory (LSTM) networks, Transformer-based architectures [13], and

permutation-invariant frameworks like Deep Sets [14] are promising alternatives.

These models can learn directly from the unaltered spectral sequences, reducing the

risk of losing important structural information during interpolation.

7.2.2 Fusion of VIS and NIR Bands

In this work, the visible (VIS) and near-infrared (NIR) spectra were processed inde-

pendently. A joint learning framework that fuses both spectral ranges could leverage

complementary information from the two bands and improve the model’s ability to

capture subtle patterns across the full wavelength span.

7.2.3 Improving Synthetic-to-Observed Generalization

To bridge the domain gap between synthetic and observed spectra, transfer learning

approaches can be employed. This involves pretraining the model on large synthetic

datasets and fine-tuning it using a smaller set of real observations. Additionally,

domain adaptation techniques could help align the feature distributions between

the two data sources.

7.2.4 Uncertainty Estimation

Adding uncertainty quantification to the predictions can enhance their scientific

utility. Future models may incorporate Bayesian neural networks or apply Monte

Carlo dropout to provide confidence intervals for each estimated stellar parameter.

This would be especially beneficial in flagging unreliable predictions and guiding

follow-up observations.

Conclusion

Tackling these challenges through improved model design and learning strategies

will lead to more robust, accurate, and interpretable models. Such advancements

would expand the practical use of deep learning in stellar spectroscopy and help

process the next generation of large-scale astronomical surveys.
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