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ABSTRACT

Neural network (NN) is one of the representative machine learning algorithms showing

remarkable performances in a wide variety of tasks and fields. However, the valid application

range and credibility of the NNs are still questionable. In this thesis, we 1) present that NN may

achieve greater or comparable performances compared to conventional methods for gravita-

tional waveform generation and photometric redshift estimation, 2) study how the performance

of NNs variates with respect to data property, 3) show the performance degradation of NNs

for test data drawn from di↵erent distributions from those of training data. Numerous accurate

waveform templates are necessary for the precise detection of gravitational waves with small

strain amplitude compared to observed noise, and the templates can be accurately computed

by numerical relativity. However, numerical relativity is not capable of computing waveforms

in a short time because the method requires a huge amount of computation resources. We in-

troduce a novel NNs based on recurrent NNs, which can compute ⇠ 1500 waveforms in O(1)

second with accuracy over 99%. To validate its practicality, we use parameter estimation using

an artificial signal injected into real noise data from Laser Interferometer Gravitational-Wave

Observatory. In addition, we prove that the application of the NNs is not limited to one as-

tronomical task by applying NNs to photometric redshift estimation of galaxies. The model

produces highly accurate photometric redshifts only using color-related features as inputs. Si-

multaneously, we also show that the NNs accuracy rapidly diminishes for the data residing

in the low-density region in the input space and unseen data during training, i.e., quasars and

stars. For practical application of the NNs to astrophysical problems, we define these data as

out-of-distribution (OOD) and design a method using unsupervised training capable of de-

tecting OOD with accuracy over 98% while maintaining the performance of the photometric

redshift estimation.

Keywords: machine – learning: neural – network: gravitational – waves: galaxies: quasars:

stars: Out-of-Distribution

Student Number: 2014-22385
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Chapter 1

Introduction

We are now in the midst of an artificial intelligence renaissance driven by big data. Artificial

intelligence refers to the incarnation of intelligence in machines that are programmed to think

like humans and imitate their actions. One of the pioneering studies on the modern concept

of artificial intelligence is the logical framework of, a British mathematician, Alan Turing’s

paper published in 1950 (Turing 1950). Through this one of the very first papers in the field

of artificial intelligence, he discussed how to build intelligent machines and suggested the so-

called Turing test to test their intelligence. Since the first introduction of the Turing test, it has

become a nucleus concept in the philosophy of artificial intelligence.

Machine learning, seen as a part of artificial intelligence, is the study of computer algo-

rithms that automatically improve through experience and accumulated data. The term ma-

chine learning was coined in 1959 by Arthur Samuel, an American pioneer of artificial in-

telligence (Samuel 1959) who invented one of the world’s first successful self-learning pro-

grams, the Samuel Checkers-playing Program. Since the invention of the first self-teaching

system, manifold breakthroughs in machine learning have arisen with the invention of plenty

of machine learning models, such as K-nearest neighbors (Altman 1992), support vector ma-

chine (Cortes & Vapnik 1995), decision tree (Quinlan 1986), random forest (Breiman 2001),

etc.

The multiple breakthroughs in machine learning have enabled extensive researches using

big data in modern computer science. Of all the fruits rooted in the breakthroughs, a neural

1



2 Introduction

network inspired by the functioning of the human brain (Hopfield 1982) is the most popularly

used machine learning architecture. There are many types of neural networks: fully connected

networks, convolutional neural networks (Fukushima 1980), recurrent neural networks (Rumel-

hart et al. 1986), etc. These variations of neural networks are used for di↵erent purposes and

data.

The fully connected networks are widely used for feature-based data, that the order of each

feature has no e↵ect on the significance of the data. Generally, the fully connected networks

consist of one input layer, multiple hidden layers, and one output layer. These layers are again

composed of artificial neurons or perceptrons (Rosenblatt 1958), which are the basic units

forming the model and mimicking biological neurons. The artificial neurons are interconnected

to the ones in adjacent layers with randomly initialized connection weights. Vectors given to the

neurons in the input layer are transformed by the neurons in the hidden layers using connection

weights with non-linear activation functions and are transmitted to the output layer.

The convolutional neural networks are optimized for handling image type data that the po-

sitions of each pixel are dependent. The architecture of the networks, inspired by the visual

cortex, is similar to the connectivity pattern of neurons in the human brain. The networks com-

prise one or more convolutional layers and fully connected layers on top and/or bottom. The

convolution operated by convolutional layers with a collection of tied weights, so-called kernel,

results in an activation map (or feature map) showing the strength of the detected features and

their positions in the provided input image. To reduce the spatial size of the convolved feature

map, convolutional networks use pooling layers, extracting some dominant features from the

map.

The recurrent neural networks are designed for the application of time-series data. The

recurrent networks consist of recursively called neural networks, allowed to use an element

of the sequential data with the previous activations of the hidden layers as its inputs. The

characteristics of the recurrent network allow the model to remember its past activations and

make a decision influenced by what it has learnt from the past. To enhance the networks’

memory for important past for its decision, improved networks such as long short-term memory

networks (Hochreiter & Schmidhuber 1997) and gated recurrent units (Cho et al. 2014) are
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introduced.

The neural networks and their variations are renowned for its capability of handling a mas-

sive amount of data and shows remarkable performances in a wide variety of fields and tasks:

for example, image classification (Russakovsky et al. 2015; Krizhevsky et al. 2017, 2012),

autonomous vehicles (Levinson et al. 2011; Dosovitskiy et al. 2017b), protein structure predic-

tion (Senior et al. 2020; Torrisi et al. 2020), and natural language processing (Sutskever et al.

2014; Kalchbrenner & Blunsom 2013). At present, neural network as a research tool penetrates

the field of science, crossing the barrier of research areas. Astronomy is also not an exception.

Plural ongoing and past studies in Astronomy have shown that the neural network may

achieve comparable or even superior performances to the conventional methods for various

astronomical tasks. The example research areas include galaxy evolution (Ghosh et al. 2020;

Reiman 2020), extragalactic and cosmological studies (Perraudin et al. 2019; Piscopo et al.

2019), gravitational waves (J. Lee et al. 2021), active galactic nuclei (Ellison et al. 2016; Chen

et al. 2021), dark matter and dark energy surveys (Berger & Stein 2019; Escamilla-Rivera et

al. 2020), etc.

However, the valid application range and credibility of the neural network are still question-

able. For example, the stable performance of the networks is guaranteed only when the tested

samples are drawn from the same distribution as training data (Hendrycks & Gimpel 2016). In

practice, the assumption that all of the samples in real-world data are well-controlled and come

from the same distribution as the training data is implausible. In this case, the performance of

the networks deteriorates, and the model becomes untrustworthy (Liang et al. 2017; Ren et al.

2019; Yu & Aizawa 2019). Hence, the exhaustive validity scrutiny of the trained networks on

the samples drawn from out-of-distribution (OOD) with respect to training data is necessary

for more reliable usage of the neural network.

Throughout this thesis, we introduce multiple approaches using neural networks for astro-

nomical application and examine the validity of the trained networks using diverse verification.

In Chapter 2, we present a novel architecture based on a recurrent neural network for gen-

erating gravitational waveforms from binary black hole coalescences. We validate the model

for practical usage with parameter estimation using injected signal into a real advanced Laser
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Interferometer Gravitational-wave Observatory (aLIGO) data. Chapter 3 is devoted to neural

network inference for the photometric redshifts of galaxies observed by Panoramic Survey

Telescope and Rapid Response System (Pan-STARRS) surveys. In this chapter, we o↵er an

in-depth exploration of the valid boundaries of model application. We proceed with follow-up

research of Chapter 3 in Chapter 4, which investigates the influence of OOD objects on model

performance. We also introduce a way to flag OOD examples as they are given to the model.



Chapter 2

Deep Learning Model on

Gravitational Waveforms in Merging

and Ringdown Phases of Binary Black

Hole Coalescences1

Abstract

The waveform templates of the matched filtering-based gravitational-wave search ought to

cover wide range of parameters for the prosperous detection. Numerical relativity (NR) has

been widely accepted as the most accurate method for modeling the waveforms. Still, it is

well-known that NR typically requires a tremendous amount of computational costs. In this

chapter, we demonstrate a proof-of-concept of a novel deterministic deep learning (DL) ar-

chitecture that can generate gravitational waveforms from the merger and ringdown phases of

the non-spinning binary black hole coalescence. Our model takes O(1) seconds for generating

approximately 1500 waveforms with a 99.9% match on average to one of the state-of-the-

art waveform approximants, the e↵ective-one-body. We also perform matched filtering with

1Lee et al. Phys. Rev. D 103, 123023 (2021)
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6 Neural Network as A Gravitational Waveform Generator

the DL-waveforms and find that the waveforms can recover the event time of the injected

gravitational-wave signals.

2.1 Introduction

Since the first detection of gravitational waves (GW)(Abbott et al. 2016), numerous GW events

have been captured by ground-based GW detectors, the Advanced Laser Interferometer Gravitational-

wave Observatory (aLIGO) (Aasi et al. 2015) and Virgo (Acernese et al. 2015). The sources

of all events turned out to be compact binary coalescences (CBCs), the collision of two dense

objects such as black holes (BH) or neutron stars (NS) — mostly from binary black holes

(BBH), 47 out of 50, and partially from binaries containing at least one neutron star (Abbott et

al. 2020).

For the type of GW progenitors, template-based GW search is one of the most e�cient

approaches because the gravitational waveforms from binary mergers can be modeled pre-

cisely by multiple methods, e.g., post-Newtonian (PN) for the inspiral phase, numerical rel-

ativity for the merger phase, and perturbation theory for the ringdown phase. The template-

based search utilizes the matched filtering method (Turin 1960), which essentially computes

the cross-correlation between template waveforms and real GW signal buried in noisy data.

The successful implementation of the matched-filtering-based search relies on the pre-

computed waveform templates. Numerical relativity (NR) has been considered as the most

accurate method for computing gravitational waveforms. However, obtaining a large number

of templates that cover parameter space densely enough for the precise matched filtering search

and parameter estimation with NR is not feasible because of too heavy computational require-

ments. For example, NR simulation of the first GW event GW150914 (Abbott et al. 2016) takes

1-2 weeks using tens to hundreds of CPU cores (Lovelace et al. 2016). In contrast, it takes less

than O(1) seconds to generate inspiral waveforms using post-Newtonian approximations.

Several waveform models approximating NR waveforms have been proposed to reduce the

computational cost with reasonable accuracy NR (Blanchet et al. 1995; Droz et al. 1999; Buo-

nanno & Damour 2000; Blanchet et al. 2004; Pürrer 2014; Taracchini et al. 2014; Pürrer 2016;

Bohé et al. 2016). Nonetheless, the physical parameter spaces where each approximant exactly
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covers are di↵erent from each other (Kumar et al. 2016; Taracchini et al. 2014). Therefore,

reserving plural waveform models, complementing each other for various configurations, and

saving computing time are crucial for a more elaborate template-based search. It justifies the

further study of new waveform approximants.

We present a proof-of-concept demonstration of a deep learning (DL) model for generat-

ing gravitational waveforms from the CBC events covering the late phase of inspiral to final

ringdown phases. For this purpose, we only consider non-spinning BBH systems for simplic-

ity. Chua et al. (Chua et al. 2019) utilize deep artificial neural networks to map the physical

parameters to coe�cients of reduced-order bases waveforms. Williams et al. (Williams et al.

2019) use Gaussian process regression to approximate the inspiral-merger-ringdown wave-

forms from the BBH. However, the capability of a fully DL-based deterministic approach has

not been explored so far for the generation of the merger-ringdown waveform of CBC2. Hence,

we examine the viability of the deterministic DL model as a merger-ringdown gravitational

waveform model throughout this chapter.

While DL models show remarkable performances in a wide variety of fields such as nat-

ural language processing (NLP) (Brown et al. 2020; Vaswani et al. 2017), autonomous driv-

ing (Dosovitskiy et al. 2017a), and image classification (Krizhevsky et al. 2017), most of the

models are only capable of handling fixed-size data once they are trained. However, the model

we shall adopt for this study should be able to cope with di↵erently-sized data because the

length of the waveforms observable by GW detectors depends on the two factors: (1) lower-

frequency limit of the detector’s sensitivity (around 10 Hz for ground-based detectors) and (2)

the masses of the compact binary system (Aasi et al. 2015; Abbott et al. 2020).

The recurrent neural network (RNN) encoder-decoder-based sequence-to-sequence (seq2seq)

model (Cho et al. 2014; Sutskever et al. 2014) designed for NLP is one of the DL models that

can handle variable input/output sizes. This model also has shown outstanding performances in

many NLP studies (Gehring et al. 2017; Venugopalan et al. 2015; Luong et al. 2015; Nallapati

et al. 2016). The property of gravitational waveforms is similar to that of language type data

2It is known that deterministic models generally show higher accuracy and performance than stochastic methods

as the training data is su�cient.
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Table 2.1 Parameters of the waveform in each dataset. Dataset-1 and-2 have di↵erent mass

ranges, mass ratios, and numbers of samples, as shown in the table. All the other parameters of

both datasets are set to be the same. Note that the waveforms in the datasets are generated in

the time domain with PyCBC and SEOBNRv4.

Variable Dataset-1 Dataset-2

Mass [min, max] [10M�, 40M�] [40M�, 100M�]

Mass ratio [min, max] [1, 4] [1, 2.5]
Number of waveforms

(training, validation, test) (12469, 1533, 1512) (12447, 1530, 1523)

sampling rate 4096Hz 4096Hz

Distance 100Mpc 100Mpc

Spin 0 0

Inclination angle 30� 30�

containing time-ordered words in sentences with di↵erent lengths. In that sense, we consider

seq2seq as the experimental method to generate waveforms and slightly modify the structure

of the model for our purpose.

This chapter is organized as follows. Sec 2.2 provides detailed explanations on the data

preparation. In Sec 2.3, the original seq2seq model, our modified version, and an evaluation

metric for the model performance are elaborated. Sec 2.4 presents the results of the DL-

waveform analysis with GW data and additional dataset-size-associated experiments. Finally,

we discuss our results and future research directions in Sec 2.5.

2.2 Data

Since RNN is well-suited to time-series data, we compute non-spinning BBH waveforms in

time-domain for training dataset using PyCBC (Nitz et al. 2018), a software package for GW

data analysis. For this, we use a variant of e↵ective-one-body (EOB) approximants, SEOBNRv4 (Bohé

et al. 2017), one of the most accurate versions of the approximants used in the GW searches.

For the training of the DL model, adopting waveforms obtained by NR is more beneficial
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Figure 2.1 The component masses of training (left) and test (right) sub-datasets in dataset-1

(upper) and dataset-2 (bottom) with the color-coded chirp mass. While we use a set of fixed

mass ratios, m1/m2, for the training sub-dataset, m1 and m2 are randomly chosen for the test

sub-dataset with the restriction that m1 � m2. The mass ratios range from 1 to 4 for the dataset-

1 and from 1 to 2.5 for dataset-2.

than using approximants in the sense of accuracy. However, we find that the number of publicly

available NR-waveforms of BBHs is only O(103) (Boyle et al. 2019; Healy et al. 2019; Jani et

al. 2016; Healy et al. 2017). In specific, the number of non-spinning BBH waveforms reduces
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to O(102) (Boyle et al. 2019), so small that it might cause overfitting of the DL model (Groné

2017), which infects the general performance of the model. Thus we use EOB-waveforms to

get a su�cient amount of training samples.

With the software and the approximant, we configure two datasets whose mass ranges of

single black holes are [10M�, 40M�] (dataset-1) and [40M�, 100M�] (dataset-2) to divide

search regions into low- and high-mass regions. Each dataset is consist of training, validation,

and test sub-datasets with respective sample number ratio of 0.8, 0.1, and 0.1. The mass ratios

of the sub-datasets are set di↵erently3. For the training and validation samples, we use fixed

mass ratios with an interval of 0.1 (0.05) within the range of [1, 4] ([1, 2.5]) for dataset-1

(dataset-2). On the other hand, we randomly sample m1 and m2 in the corresponding parameter

space for the test sub-dataset. In this manner, we can prove that the model trained with a limited

mass ratio samples can be applied to the ones residing in any regions of the parameter space.

Fig. 2.1 shows the scatter plots of m1 and m2 of training sub-dataset in dataset-1 and -2 with

color-coded chirp masses defined as Mch = (m1m2)3/5(m1 + m2)�1/5. We use the sampling

rate, distance, and inclination angle of 4096Hz, 100Mpc, and 30�, respectively. The parameters

employed for data preparation are tabulated in Table 2.1.

Following the data generation, the waveforms in dataset-1 and -2 are normalized with the

maximum strain amplitude of each dataset. Since the diverse range of samples may cause

biased results (Sola & Sevilla 1997), data normalization for the di↵erently ranged dataset is

necessary. By normalizing the dataset, the sample values can be restricted in a comparable

range and contribute equally to the DL model optimization at the beginning of the training.

In turn, we divide each waveform into input and target waveforms: the input with the in-

spiral phase and target with merger and ringdown phases, respectively. For the division, we

consider the point that the GW frequency reaches the innermost stable circular orbit (ISCO)

frequency (Tredcr 1975) as the termination point of the inspiral phase (Favata 2011). The final

data point of the input waveform and the initial data point of the target waveform are intention-

ally superposed to check whether the DL-waveform and given inspiral waveform are smoothly

connected. Fig. 2.2 illustrates examples of input and target waveforms with di↵erent chirp

3The mass ratio is defined as m1/m2, and m1 � m2 is assumed by convention.
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Figure 2.2 Examples of input (green dashed; inspiral) and target (blue solid; merger-ringdown)

waveforms drawn with di↵erent chirp masses of the compact binary system. They are com-

puted by using SEOBNRv4. The upper and lower waveforms depict Mch = 12.87M� and

Mch = 16.15M�, respectively. Note that the length of the generated waveforms changes de-

pending on the mass.

masses. For the training of our DL model, we feed the input waveform to the DL model and let

the model recover target waveform.

For divided target waveforms, we illustrate the number density distributions of waveform

lengths in Fig. 2.3 (denoted by Lt). As shown in the figure, the distributions are not uniform.

We reckon that this non-uniformity causes Lt-dependent accuracy of the DL model, which will

be discussed in Sec 2.4.1.

2.3 Method

Since the duration of the GW emission within the detector’s sensitive frequency band varies

depending on the component masses or chirp mass of the binary system, we need a DL model

capable of handling di↵erent size data. For this, we design a DL model with a novel architecture

based on seq2seq, which is built for NLP. In this section, we briefly overview the original

seq2seq model4 and elaborate on our model below.

4For more details of the original model, we refer to (Cho et al. 2014; Sutskever et al. 2014).
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Figure 2.3 target waveform length (Lt) distribution of the training sub-dataset in dataset-1 (thick

red) and dataset-2 (thin blue). Note that the non-uniform distributions are caused by the param-

eter sampling and input-target split method described in Sec. 2.2.

2.3.1 Original Sequence-to-Sequence Model

DL models for NLP take a batch of sentences as inputs and output transformed sentences. For

that, each word in the sentences should be digitized since machine learning models work nu-

merically. With the linguistic property that the number of vocabularies in a specific language

is limited to a finite number, each distinct word can be represented as a vector by word embed-

ding (Bengio et al. 2001). Thus, the sentence prediction problem can be regarded as selecting

words from a given dictionary. The vectorized sentences, however, have di↵erent sizes because

every sentence is composed of a di↵erent number of words.

To resolve the issue, the encoder, mapping the variable size input sequence into a fixed-

size vector, is employed in the seq2seq model. Afterward, the transformed vectors, so-called

representations, by the encoder are transmitted to the decoder, and it sequentially recovers the

variable size target sentences. In the decoder calculation process, the output at the previous

computing-step is taken as the input of the next step. Each sentence is required to end with the

end-of-sequence token (hEOSi), and the decoder starts and finishes its computation by taking

and outputting hEOSi. The conditional vector hEOSi can be defined di↵erently depending on

the user’s preference.
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Figure 2.4 The schematic workflow of the DDS2S model. The solid black boxes indicate RNN

cells. The model sequentially takes S vectors as input waveforms and attempts to regenerate

target waveforms and GO-function, G. The decoders start computation when inputted hSOSi

and retrieve T vectors as output waveforms until the GO-decoder yields a value under 0.5,

marked by hEOSi. Note that the decoders use the output of the previous computing-step as the

input at the next computing-step. The detailed structural information of the model is tabulated

in Table. 2.2.

2.3.2 Dual-Decoder Sequence-to-Sequence Model

In the work of the original model, Sutskever et al. (Sutskever et al. 2014) were able to construct

the hEOSi, the interrupting condition of the decoder computation, using the linguistic property

that the number of vocabularies is limited. Since the words in the dictionary can be discretely

distinguished, it is clear to set the condition.

Regarding the GW-data, however, it becomes hazy to establish a criterion for interrupting

the computing-step because the strain amplitudes of GWs are continuous real numbers: the

number of possible cases is infinite, unlike the words in a dictionary. Thus, we cannot expect the

model to produce an output that exactly matches a specific number by all digits. For example,
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when we set hEOSi = 0, the model is unlikely to obtain the exactly matching value in machine

precision.

As a strategy for learning this continuous sequence, we design a modified seq2seq model

(DDS2S, Fig. 2.4) with one encoder and dual-decoder, GW- and GO-decoder: the encoder

encrypts input waveforms, GW-decoder recovers target waveforms, and GO-decoder predicts

the length of the target waveforms. While the computational mechanisms of the encoder and

decoders are identical to the ones in the original model, the approach for handling input and

target data is di↵erent.

First, the input and target waveforms are divided into the number of S and T vectors with

R elements. When R > 1, the ends of the waveform elements are zero-padded before division

to match the component numbers with the multiples of R. The zero-padded lengths of input and

target waveforms can be computed via Ls = SR and Lt = TR
5. Then, the encoder sequentially

takes R elements of input waveforms S times and encrypts them into fixed-size vectors. The

encoder outputs are transmitted to GW- and GO-decoders.

Subsequently, the GW-decoder regeneratesR elements of target waveforms at every computing-

step throughout the T step6. The generated waveforms are stacked in the order of computing-

step and compared with the target waveforms to calculate the error function. As the error

function of the GW-decoder, I, we use the sum of mean-squared error and negative cosine

similarity;

I(g, t) =
1
T
⌃i(gi � ti)2

�
g · t
||g|| ||t||

, (2.1)

where g and t are respectively the generated and target waveforms; T is the number of vectors

for the given target waveform; || · || is L2 norm.

Lastly, we establish the GO-function to endow the GO-decoder the capability to estimate

the length of the target waveform. When the given target waveform consists of T vectors, we

can set the integer condition, C, for progressing from computing-step ⌧ to ⌧ + 1 as follows: 1

for proceeding and 0 for breaking.

5Note that Ls and Lt are the lengths of input and target waveforms without zero-padding as R = 1.
6The total computing-step multiplied by R and waveform length are compatible concepts, and one can convert

them into the duration of GW by multiplying the inverse of the sampling rate, 4096Hz.
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C⌧ =

8>>>>><
>>>>>:

1, if 1  ⌧ < T � 1

0, if ⌧ � T .

(2.2)

We may use the set of C⌧ to train GO-decoder, but the discrete values and rapid decrease

of C from ⌧ = T � 1 to ⌧ = T are inappropriate for the training of the DL model. Thereby, we

define GO-function, G, approximating the integer C values with a smooth decreasing pattern

near ⌧ = T and use the function to compute the mean-squared error with the GO-decoder

outputs. The GO-function and the error function, J , of the GO-decoder are described below.

G⌧ =

8>>>>><
>>>>>:

1 � 0.5 (⌧/T )↵ , if 1  ⌧  T � 1

0, if ⌧ � T ,

(2.3)

J(o,G) =
1
T
⌃i(oi � Gi)2, (2.4)

where oi is the output of GO-decoder. Fig. 2.5 presents how the curve of the G varies according

to di↵erent ↵s. As the ↵ is getting bigger, the GO-function approximates the C values more

accurately. On the contrary, we find that the rapid decrease of G near ⌧ = T hinders the training

of the DL model when the ↵ is too high. We empirically determine ↵ of 5 for the training of

the model.

The final loss for the training is the sum of the error function of GW- and GO-decoders,

namely I + J . The model is trained by adjusting its parameters in such a way the error is

minimized.

We apply the Sigmoid to the output layer of the GO-decoder since the GO-function should

output values from 0 to 1. Then, we have given output values rounded to either 0 or 1. The com-

putation continues when the rounded value is 1 and stops otherwise. Hence, the GO-decoder

output below 0.5 serves as hEOSi in our case. For this reason, we define G to have a slightly

higher value than 0.5 at ⌧ = T � 1 because we expect the model to stop calculating at ⌧ = T .

For the DDS2S model, we newly define zero vectors with R elements as a start-of-sequence

token (hSOSi), which is inputted at the start of decoder computation.

Among the prominent RNN cells, we choose Gated Recurrent Unit (GRU) (Cho et al.

2014) for the encoder and both decoders because the setting with GRU showed higher accuracy
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Figure 2.5 The GO-function, G, with several values of ↵ in greyscale. The red dashed-line

depicts how the integer condition, C, changes according to the computing-step. As the value

of the ↵ increases, the function approximates the C values more accurately. We also draw the

horizontal blue dotted-line at 0.5, the condition of interrupting decoders’ computation.

Table 2.2 Detailed structure of the DDS2S model.

Encoder GW-Decoder GO-Decoder

RNN cells GRU GRU GRU

The number of RNN cells S T T

The number of input layers 1 1 1

The number of hidden layers 4 4 4

The number of output layers - 1 1

The number of input neurons R R 1

The number of hidden neurons 256 256 256

The number of output neurons - R 1

Activation function of input layers Tanh Tanh Tanh

Activation function of hidden layers Tanh Tanh Tanh

Activation function of output layers - - Sigmoid

and faster training than Long-Short Term Memory (Hochreiter & Schmidhuber 1997; Gers et

al. 1999), another well-known RNN cell. A fully connected layer is placed at the end of the
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Figure 2.6 Density heatmap of overlap according to target waveform lengths, Lt, for the dataset-

1 (left) and 2 (right). We draw the vertical axes of the two plots in the same range and scale. For

clear contrast, we leave the regions with no samples empty at the bottom of the plots. As shown

in the plots, overlaps of all the DL-waveforms are higher than 0.990. Besides, the averages of

the waveforms from both datasets are over 0.999. However, a few shortest and longest samples

have smaller overlap values. Considering the relatively small number of the shortest and longest

waveforms in the training sub-dataset (Fig. 2.3), it implies that the non-uniformity of the sub-

dataset is related to the locally di↵erent accuracy of the DL model.

decoders’ hidden layers to convert hidden states to vectorized outputs with R components. We

use the hyperbolic tangent as the activation function for hidden layers of each RNN cell of

encoder and decoders.

For the model structure, we find an empirically optimal model configuration varying the

number of neurons in hidden layers (hereafter, hidden neurons) based on the overlap to a ref-

erence waveform, which we will discuss in the following sub-section. The information on the

network configurations and hyperparameters of the optimal model is summarized in Table 2.2.
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(a) Best case of dataset-1,M = 0.999
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(b) Best case of dataset-2,M = 0.999
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(c) Worst case of dataset-1,M = 0.991
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(d) Worst case of dataset-2,M = 0.991

Figure 2.7 The input (green dashed), target (blue solid line with dots), and DL- (red solid)

waveforms from dataset-1 (left column) and dataset-2 (right column) with the amplified images

of connection points. The horizontal and vertical axes indicate the length of the waveforms in

sampling unit and the normalized strain amplitude of the GWs, respectively. We only show a

hundred sampling units of input waveforms in the plots for clear visualization. The top and

bottom panels are the waveforms with the highest and lowest overlap cases, respectively.

2.3.3 Overlap

We use overlap to assess the DL-waveforms’ accuracy. The normalized overlap, M, of the

DL-waveform g and the target t can be computed as

M ⌘
(g|t)

p
(g|g)(t|t)

, (2.5)
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where (g|t) =
R
1

�1
g̃( f )t̃⇤( f )d f . g̃ and t̃ are the Fourier transform of g and t, respectively, and

asterisk mark (*) is complex conjugate. Note thatM becomes 1 for the perfect match and 0 for

the perfect mismatch between g and t.

From the grid-search described in Appendix 2.A, we choose an empirically optimal model

configuration, maximizing the minimum overlap of the model’s output waveforms. Providing

accuracy, we use the setup with 256 hidden neurons and R = 1. Henceforward, we shall only

discuss the results of the model with 256 hidden neurons and R = 1. The detailed explanation

can be found in Appendices 2.A and 2.B.

2.4 Result

2.4.1 Waveform Validation

The Fig. 2.6 depicts the overlap density heatmap between the DL-waveforms and correspond-

ing target EOB-waveforms of the dataset-1 and 2. All of the DL-waveforms are in excellent

agreement with their target waveforms in both cases as the minimum value of overlaps is higher

than 0.9907. Furthermore, the mean overlaps of waveforms from both datasets are higher than

0.999, indicating less than 0.1% average error.

However, as we can see from the figure there are several outliers whose overlaps are sub-

stantially smaller than the majority. We explore the dependence of the overlap on the target

waveform length to track down possible reasons for relatively poor overlap cases. The heatmap

shows the distribution of the overlaps concerning the length of the target waveforms. The over-

lap of dataset-1 (dataset-2) tends to decrease at the short-end and long-end of the target wave-

form length, i.e., Lt . 100 or Lt & 250 (Lt . 400 or Lt & 600). As shown in Fig. 2.3, the

training samples in the range of 100 . Lt . 250 of dataset-1 and 400 . Lt . 600 of dataset-2

dominate the number distribution of the target waveform length. It can be attributed to the fact

that the model is more likely to weigh the majority of the training sub-dataset.

7For comparison, the authors of Ref. (Sturani et al. 2010) have shown that the overlap between numerical and

their phenomenological waveforms ranges from 0.95 to 0.99. On the other hand, Ref. (Wei & Huerta 2020) have

shown their model results in the overlap � 0.99.
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We also visually inspect the agreement between the DL-waveforms and target waveforms.

Fig. 2.7 shows the best and worst overlap cases of the DL-waveforms. The overlaps of the best

cases for both datasets are M = 0.999. The time-series of the DL-waveforms matches well

with the target waveforms. For the worst cases, the overlaps of the two datasets are both 0.991

(Fig. 2.7 (c) and (d)). We see that there exist small discontinuities between the DL- and input

waveforms as shown in the lower panel of the figure. We may resolve the discontinuity by

post-processing or letting the DL model generate the whole waveform in the inspiral-merger-

ringdown phase at once. We leave this issue to future work.

2.4.2 Injection Test

Next, we attempt to use the DL-waveform templates in simplistic search of parameters, i.e., m1,

m2 and the event time, of the simulated GW signals. To replicate practically used waveform

templates, we hybridize inspiral SEOBNRv4-waveform and merger-ringdown DL-waveform by

simply concatenating the two waveforms. One may implement sophisticate hybridization of

waveforms, but it is beyond the scope of this work. We perform parameter grid-search instead

of Markov Chain Monte Carlo, typically executed for the parameter estimation of GWs (Van

Der Sluys et al. 2008), due to the practical di�culty of plugging a new waveform model in

the existing parameter estimation code (Aasi et al. 2013). For the computation of SNR and the

search of the events, the matched filtering engine of PyCBC (Usman et al. 2016) is used.

To simulate the observation data embracing a GW signal, we use the LIGO-Hanford O1

data provided by GW Open Science Center8. We randomly select a 32-second segment from the

data without any known GW signals and inject a SEOBNRv4-waveform into the center. While

we use five sets of di↵erent injection parameters and distances, we fix the inclination angle to

30�for simplicity. The configuration setups of the tests are tabulated in the first three columns

of Table 2.3.

By performing the parameter grid-search for multiple injection waveforms, we retrieve

injection parameters in all examinations within the 90% confidence interval. We first define

the search parameter sets, (m1, m2) on regularly-spaced grid of the parameter space. Then,

8https://www.gw-openscience.org/archive/O1/
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we construct the full IMR waveform templates by hybridizing the inspiral waveform and the

merger-ringdown DL-waveform using SEOBNRv4 and DDS2S, respectively, for the parameter

sets. Across the parameter sets, we compute SNR by matched filtering with each waveform

template using PyCBC on the simulated data. Assuming the likelihoods of the parameter sets

are proportional to the SNR, we estimate the probability density function (PDF) of the param-

eters. Then, we marginalize the PDF with respect to each parameter and acquire the median as

the best-fit parameters with their 90% confidence interval. Subsequently, we repeat the entire

process with di↵erent combinations of injection masses and distances. The best-fit parameters

with confidence intervals and their SNRs are summarized in the last two columns of Table 2.3.

The best-fit parameters and the high SNR region emerge around the chirp mass contour

line of the injected signal. Since the chirp mass of GW is governed by the frequency and fre-

quency derivative (Abbott et al. 2017), and its SNR depends on frequency evolution (Flanagan

& Hughes 1998), the SNR of GW again relies on the chirp mass. It is well-reflected in the

example contour map of the signal with m1 = 25M� and m2 = 15M� (Fig. 2.8).

Using the best-fit parameters found from the grid search, we perform event time searches

and find the SNR peak at where we inject the signals. We illustrate SNR time-series of the

above example case in Fig. 2.9. As can be seen in the figure, the peak SNR occurs at the center

of the data segment, where we have injected the simulated signal.

It is known that the systematic error from waveform approximants is independent of SNR,

while the statistical error due to noise roughly scales as 1/SNR. One can readily expect that

the systematic error could dominate in higher SNR signals. Cutler and Vallisneri Cutler &

Vallisneri (2007) have presented rigorous computation of the systematic errors in parameter

estimation using 3.5PN (post-Newtonian approximation of order 3.5) waveforms for inspiral

signals of massive black hole binaries. They have shown that the magnitude of the systematic

errors from 3.5PN waveforms withM > 0.9999 commensurate with the SNR ⇠ 1000 statistical

errors. Motivated by this, we roughly estimate the impact of systematic error of our DL-based

waveform on the parameter estimation by repeating the grid-search of parameters as described

above with varying SNR of the injected signal. By comparing the systematic error with the

statistical errors of the same parameter as increasing the SNR of the injected signal, we find
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Table 2.3 Summarized results of the injection tests. The best-fit parameters and their SNR

for the injected signals are computed by PyCBC matched filtering engine with DL waveform

templates. We establish template waveforms by hybridizing inspiral SEOBNRv4 and merger-

ringdown DL waveforms. The m1 and m2 are given in the unit of the solar mass. I, M, and R

indicate inspiral, merger, and ringdown phases, respectively.

Template approximant Distance (Gpc) Injection (m1, m2) Best-fit (m1, m2) SNR

EOB (I) + DL (MR)

1.6 80.0, 65.0 80.1+13.7
�14.5, 61.7+18.3

�16.4 14.5

1.5 70.0, 60.0 73.9+16.5
�16.9, 58.6+16.6

�14.4 13.0

0.8 35.0, 20.0 33.1+5.6
�6.8, 21.5+9.0

�8.4 12.7

0.7 30.0, 25.0 31.6+6.3
�7.0, 22.7+8.6

�8.3 15.3

0.6 25.0, 20.0 28.3+8.0
�8.4, 18.9+7.1

�6.6 15.7

that the magnitude of the systematic error becomes comparable to the 1-� statistical error at

SNR ⇠ O(10) in our DL-based waveform approximant.9

2.4.3 Performance Dependence on the Dataset Size

We inspect the dependence between the accuracy of the DL model and the number of wave-

forms in the training sub-dataset. The test is performed to explore the viability of applying the

proposed model to NR-waveforms, in which only a few thousands exist (Boyle et al. 2019;

Healy et al. 2019; Jani et al. 2016; Healy et al. 2017). We generate four reduced datasets with

half and the tenth number of waveforms in the original training data of dataset-1 and -2, main-

taining the number of waveforms in the validation and test data.

We find that one-tenth of the original size is enough to reach the required accuracy of

M � 0.99. The model is trained more than five times with each reduced training data. It

turns out that the minimum and average values of overlap are higher than 0.990 and 0.999,

equivalent to 1.0% and 0.1% error, respectively, for all DL-waveforms of the trained model

from each run. The mean values for the averaged overlaps and minimum overlaps from more

9Note that our approach for finding the SNR level where the two errors become similar is not rigorous. For a

more in-depth exploration of the systematic errors, refer to Cutler & Vallisneri (2007).
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Figure 2.8 Filled contour map of SNR in the parameter space for the injection signal with

m1 = 35M� and m2 = 20M�. Each of the red star and blue plus markers indicates injection

and best-fit parameters. The black dashed line is a contour with the level of injection chirp

mass. The best-fit parameters and the high SNR region arise in the vicinity of the contour line.

Although our parameter space is restricted with the condition m1 � m2, the filled contour map

is reflected on the slope of 1 line for aesthetic visualization.

than five individual runs are tabulated in Table 2.4. We also present the results of Sec 2.4.1

for comparison in the last column. The relative dataset size in the table means the ratio of the

number of waveforms in the training data to the number of waveforms in the original training

data. The result shows that reducing the number of waveforms down to 1000 for the training

hardly a↵ects obtaining the desired accuracy. Hence, we advocate that the application of the

DDS2S model to NR-waveforms is feasible.

2.5 Summary and Discussion

The e�ciency of matched filtering for searching GW signals buried in noisy GW data has

been proved by recent successful detections of GW signals. Although NR can increase the

accuracy of template waveforms, expensive computational costs of running NR limit the use

of it for the generation of a su�ciently large number of template waveforms. This drawback
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Figure 2.9 SNR time-series computed by matched filtering engine of PyCBC and best-fit DL-

waveform template of Fig. 2.8. The injected signal is the SEOBNRv4-waveform (m1 = 35M�

and m2 = 20M�). Here, we initialize the start time of the injected signal to 0, marked by the

red dashed line. Note that the SNR peak occurs at the injection time.

Table 2.4 Accuracy variation of the DL model according to dataset size. We also show the

results of the Sec. 2.4.1 in the last column of the table for comparison. The mean values for

the minimum and average overlaps from more than five individual runs for each dataset are

summarized in the table. The value of the relative dataset size is the ratio of the number of

waveforms between the reduced training sub-dataset and the full sub-dataset introduced in

Sec. 2.2.

Relative dataset size 0.1 0.5 1

Minimum overlap (dataset-1) 0.991 0.990 0.991

Minimum overlap (dataset-2) 0.990 0.990 0.991

Average overlap (dataset-1) 0.999 0.999 0.999

Average overlap (dataset-2) 0.999 0.999 0.999

of NR eventually led to the use of approximate waveforms for the matched filtering instead.

Motivated by such di�culties, we have examined the DL method for the generation of template

waveforms with much smaller computational costs but comparable accuracy to NR.



Neural Network as A Gravitational Waveform Generator 25

To study the feasibility of this consideration, we have implemented the DDS2S model.

The encoder-decoder structure is capable of handling the variable sizes of di↵erent waveforms,

and the dual-decoder structure enables the model to control the continuous real-numbered se-

quences.

We also have examined the applicability of the waveforms by computing the overlap with

EOBNR-based waveforms and performing the injection test. The accuracy of the DL-based

waveforms is found to be better than 99.9 % in most combinations of the masses, while a small

number of outliers with overlap as small as 0.99 exists. In the injection test, we have recov-

ered the event time of waveforms injected into real noise data with the conventional matched

filtering engine of PyCBC.

We have found that the method generating merger-ringdown waveforms using the inspiral

waveforms needs to be improved. For example, we have seen that discontinuities occurred

between input and output waveforms, as shown in Fig. 2.7, although the minimum overlap of

DL-waveforms to the EOB-waveform was higher than 0.990. To avoid this issue, we may take

a new strategy of generating a full IMR waveform. However, the main goal of this chapter is

to demonstrate the feasibility of adopting DL to model the merger-ringdown waveforms. We

leave the implementation of a DL model generating the full waveforms to future work.

Regarding the speed of waveform generation, the DDS2S model has an advantage over

other waveform approximants when computing a batch of multiple waveforms simultaneously.

For computing a single waveform, EOB is faster than the DDS2S model, typically taking

O(10�2) seconds using a modern CPU core. However, the DDS2S model generates ⇠ 1500

waveforms using pre-generated inspiral waveforms in O(1) seconds using NVIDIA GeForce

GTX 1080, while EOB took O(10) seconds. The disparity arises since the DL models are spe-

cialized for batch computations, which process multiple data at once.

The DDS2S model has been built to learn how to predict the output waveforms only from

the given input waveforms without any specific physical information of the source binary sys-

tem. Thus, we can readily extend this work to various systems of interest.

For a more precise description of realistic physical binary systems, we need to have wave-

form models for more complex binaries: a wider range of the mass ratios, the spin of each com-
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ponent, eccentricity of the orbits. GWs from unbound orbit such as hyperbolic and parabolic

encounters are also of great interest. Lastly, it is worthwhile to mention that recalibration of

full IMR waveforms to increased amounts of NR waveform data is in progress in the commu-

nity. (The LSC-Virgo-KAGRA Observational Science Working Groups 2020)

Our approach described in this chapter can potentially be applied to more complex sys-

tems described above because DDS2S only depends on training data, not any assumptions or

approximations on which other waveform models are based. Moreover, we have observed that

⇠ 1000 training waveforms are su�cient for the model to reach the expected level of accuracy

in Sec 2.4.3. Thus, as long as there is a su�ciently large number of training waveform samples

for any systems or NR are given, DDS2S can be trained to generate accurate waveforms in

principle.

2.A Empirically Optimal Number of Hidden Neurons

We investigate the influence of the hidden neurons on the accuracy of the models; 64, 128, and

256 hidden neurons.

Accuracy-wisely, we find that the model with 256 hidden neurons is most suitable amid

the tested cases. To compare model accuracy according to the number of hidden neurons,

minimum and average overlap between DL-waveforms and corresponding target waveforms

are computed. Table 2.A.1 summarizes the minimum and average overlaps of the models for

dataset-1 and -2. The minimum overlap values of each model from dataset-1 (dataset-2) are

0.984, 0.990, and 0.991 (0.977, 0.989, and 0.991) in the increasing order of the model size.

All of the average overlaps are the same as 0.999, except the case of the smallest model with

dataset-2, whose overlap is 0.998 (overlaps of 0.999 and 0.998 are equivalent to 0.1% and 0.2%

errors). Namely, the model with 256 hidden neurons shows the highest accuracy.
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Table 2.A.1 Minimum and average overlap values of the test sub-dataset in dataset-1 and -2

according to models with the di↵erent number of hidden neurons.

The number of hidden neurons 64 128 256

Minimum overlap (dataset-1) 0.984 0.990 0.991

Minimum overlap (dataset-2) 0.977 0.989 0.991

Average overlap (dataset-1) 0.999 0.999 0.999

Average overlap (dataset-2) 0.998 0.999 0.999

2.B Computing Time and Accuracy Variation of The Model Ac-

cording To R

We examine how the number of elements R in an RNN cell a↵ects the model in the aspects of

computing time and accuracy. Table 2.B.2 tabulates the typical elapsed time with a minimum

overlap of each case on dataset-1 and -2. Although the model can speed up by increasing R,

the accuracy expense renders the model inapplicable for practical use.

Table 2.B.2 Computation time and overlap variation with respect to the number of elements,

R, in a RNN cell.

R T1 T1500
Minimum overlap

dataset-1 dataset-2

1 O(10�1) O(1) 0.991 0.991

10 O(10�2) O(10�1) 0.913 0.910

100 O(10�3) O(10�2) 0.823 0.805
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Chapter 3

Estimation of Photometric Redshifts.

I. Machine Learning Inference for

Pan-STARRS1 Galaxies Using Neural

Networks1

Abstract

We present a new machine learning model for estimating photometric redshifts with improved

accuracy for galaxies in Pan-STARRS1 data release 1. Depending on the estimation range of

redshifts, this model based on neural networks can handle the di�culty for inferring photo-

metric redshifts. Moreover, to reduce bias induced by the new model’s ability to deal with

estimation di�culty, it exploits the power of ensemble learning. We extensively examine the

mapping between input features and target redshift spaces to which the model is validly appli-

cable to discover the strength and weaknesses of trained model. Because our trained model is

well calibrated, our model produces reliable confidence information about objects with non-

catastrophic estimation. While our model is highly accurate for most test examples residing in

1Submitted to the Astronomical Journal

29
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the input space, where training samples are densely populated, its accuracy quickly diminishes

for sparse samples and unobserved objects (i.e., unseen samples) in training. We report that

out-of-distribution (OOD) samples for our model contain both physically OOD objects (i.e.,

stars and quasars) and galaxies with observed properties not represented by training data. The

code for our model is available at https://github.com/GooLee0123/MBRNN for other uses

of the model and retraining the model with di↵erent data.

3.1 Introduction

For various astronomical studies, the photometric redshifts of galaxies are critical. Represen-

tative research areas include cosmological model testing (Blake & Bridle 2005; Amon et al.

2018) and dark energy survey (Banerji et al. 2008; Sanchez et al. 2014). In terms of accuracy,

although the spectroscopic estimation of redshifts is the most appropriate method, acquiring

spectroscopic redshifts is significantly more expensive than estimating photometric redshifts

(Salvato et al. 2019). In terms of cost, at a tolerable expense of accuracy, photometric redshifts

can be a suitable substitute for spectroscopic redshifts.

Modern photometric redshift estimation approaches are split into two large branches: the

spectral energy distribution (SED) fitting based on SED models (including spectral templates)

and machine learning inference (Cavuoti et al. 2017; Salvato et al. 2019). These two meth-

ods are mutually complementary with di↵erent pros and cons. The template-based SED fitting

may provide photometric redshifts in a wide redshift and photometric range; moreover, using

Bayesian inference improves the e↵ectiveness of the method (Bolzonella et al. 2000). However,

this approach heavily relies on the prior knowledge of SEDs and the understanding of related

physics determining SEDs. This dependency may result in biased results (Walcher et al. 2011;

Tanaka 2015). However, the machine learning method can quickly retrieve accurate photomet-

ric redshifts without dependence on prior knowledge (Cavuoti et al. 2017). Nonetheless, most

of the machine learning models su↵er from performance degradation for few or unseen data

during their training since these methods are induction models for the provided data (Liang et

al. 2017; Hendrycks et al. 2019).

Samples drawn from out-of-distribution (OOD) (i.e., few or unseen data in training) are
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well-known distress in a reliable application of neural networks (NNs). Hendrycks & Gimpel

(2017) demonstrate that an ML model’s accuracy degrades for OOD samples for several train-

ing datasets: e.g., MNIST (LeCun & Cortes 2010), CIFAR-10, and CIFAR-100 (Krizhevsky

2012), and they suggest a baseline model for OOD detection in an NN. K. Lee et al. (2018)

propose an advanced method for detecting OOD examples using Mahalanobis distance, thus

assuming the trained network parameters can be fitted by a class-conditional Gaussian distri-

bution. The unsupervised approach introduced by Yu & Aizawa (2019) uses unlabeled samples

as training data to equip NNs with the functionality of scoring and detecting OOD examples.

A parameter-free OOD score is proposed by Serrà et al. (2020) to handle the OOD issue in

generative models, thus posing that the problem is attributed to the excessive e↵ect of input

complexity. These recent studies emphasize that, for achieving a more robust NN model, the

OOD instance is a practical and important limitation.

The appropriate warning on OOD samples and handling their impact on models should be

o↵ered in machine learning inference of photometric redshifts. The machine learning method

for photometric redshift estimation has been explored in many past studies (Firth et al. 2003;

Ball et al. 2008; Singal et al. 2011; Brescia et al. 2013; Laigle et al. 2017; Bilicki et al. 2018;

Chong & Yang 2019). In these past studies, although the superior performance of machine

learning methods has been demonstrated, the input/target feature spaces regarding OOD exam-

ples that the models are unable to describe for accurate and reliable prediction of photometric

redshifts have not been quantitatively investigated.

In this series of studies, we propose a machine learning method to improve the accuracy and

reliability of photometric redshift inference, thus exploiting the well-known flexibility of NN

models. The NNs are renowned for their capacity of mapping nonlinear relationships between

input and target (i.e., redshift) as a universal approximator and handling a massive amount of

data. NNs have been one of the most popularly used machine learning algorithms through-

out a wide range of fields and tasks including natural language processing (Vaswani et al.

2017; Brown et al. 2020), image classification (Krizhevsky et al. 2012; Szegedy et al. 2015),

autonomous vehicles (Levinson et al. 2011; Dosovitskiy et al. 2017b), and protein structure

prediction (Senior et al. 2020; Torrisi et al. 2020).
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This study, the first study in the series, focuses on improving accuracy in inferring photo-

metric redshifts. In our NN models, we adopt anchor loss (Ryou et al. 2019), which considers

the di�culty of inferring photometric redshifts with respect to the estimated redshift, i.e., tar-

get. The primary cause of the inference di�culty is imbalanced training samples for redshifts

and complex patterns in mapping from input features to the target redshift space. Because a new

loss can cause systematic bias e↵ects, we use an ensemble learning approach, which combines

multiple base models into a unified model, to reduce the bias of models and improve accuracy

(Zhou 2009).

Photometric data used are collected from the Panoramic Survey Telescope and Rapid Re-

sponse System (Pan-STARRS) public data release (Chambers et al. 2016). We intend to use our

trained model to infer the photometric redshifts of objects that correspond to extragalactic tran-

sient and variable sources. For transient sources such as supernovae and variable sources such

as quasars, Pan-STARRS photometric catalogs can be useful to infer the photometric redshifts

of hosts. Because photometric information used by our model is not much di↵erent from that

acquired in other surveys, such as the SkyMapper Southern Sky Survey (Keller et al. 2007) and

Legacy Survey of Space and Time (Tyson 2002; Ivezić et al. 2019), using the Pan-STARRS

data for the model has potential benefits for applications with other data. Moreover, there are

not many previous studies on photometric redshifts with Pan-STARRS data (Beck et al. 2021).

This chapter is organized as follows. Section 4.1 provides the overview of training data

and pre-processing of input features for machine learning applications. In Section 4.2, machine

learning approaches and performance evaluation metrics are elaborated in detail. Section 4.3

focuses on the performance analysis of our machine learning model and its comparison with

baseline models. In Section 3.5, we explore the mapping between the input feature space and

the target redshift space for which our model is validly applicable using comparison data.

Finally, we discuss our results and provide the conclusion in Section 4.4.

3.2 Data

Training samples comprise 1,480,262 galaxy objects with known spectroscopic redshifts. We

compile the samples from multiple spectroscopic redshift catalogs with the condition of reliable
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Table 3.1 Spectroscopic galaxy redshift samples.
Dataset name Number of objects Selection conditions Reference

SDSS DR15 1294042 (CLASS == GALAXY) and

(ZWARNING == 0 or 16) and

(Z ERR >= 0.0)

Aguado et al. (2019)

LAMOST DR5 116186 (CLASS == GALAXY) and (Z > -

9000)

Cui et al. (2012)

6dFGS 45036 (QUALITY CODE == 4) and (RED-

SHIFT <= 1.0)

D. H. Jones et al. (2009)

PRIMUS 11012 (CLASS == GALAXY) and (ZQUAL-

ITY == 4)

Cool et al. (2013)

2dFGRS 7000 (Q Z >= 4) and (O Z EM < 1) and (Z

< 1)

Colless et al. (2001)

OzDES 2159 (TYPES ! = RadioGalaxy or AGN or

QSO or Tertiary) and (FLAG ! = 3 and

6) and (Z > 0.0001)

Childress et al. (2017)

VIPERS 1680 (4 <= ZFLG < 5) or (24 <= ZFLG <

25)

Scodeggio et al. (2018)

COSMOS-Z-COSMOS 985 ((4 <= CC < 5) or (24 <= CC < 25))

and (REDSHIFT >= 0.0002)

Lilly et al. (2007, 2009)

VVDS 829 ZFLAGS == 4 or 24 Le Fèvre et al. (2013)

DEEP2 540 (ZBEST > 0.001) and (ZERR > 0.0)

and (ZQUALITY == 4) and (CLASS

== GALAXY)

Newman et al. (2013)

COSMOS-DEIMOS 517 (REMARKS ! = STAR) and (QF < 10)

and (Q >= 1.6)

Hasinger et al. (2018)

COMOS-Magellan 183 (CLASS == nl or a or nla) and

(Z CONF == 4)

Trump et al. (2009)

C3R2-Keck 88 (REDSHIFT >= 0.001) and (RED-

SHIFT QUALITY == 4)

Masters et al. (2017, 2019)

MUSE-Wide 3 No filtering conditions. Urrutia et al. (2019)

UVUDF 2 Spectroscopic samples. Rafelski et al. (2015)
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Figure 3.1 Redshift distributions of training, validation, and test sets. We use an adaptive kernel

density estimation for density estimation of redshifts.

redshift estimation. Table 3.1 summarizes the spectroscopic redshift samples that satisfy the

required selection conditions and have acceptable photometric data as subsequently described.

Most selection conditions adopted here help us use only samples with highly reliable redshifts.

We use the photometric data of Pan-STARRS project as input photometric data for the ma-

chine learning model. The Pan-STARRS1 (PS1) is the first 1.8m telescope of the Pan-STARRS

project (Kaiser et al. 2010), and the 3⇡ Steradian Survey is one of the primary surveys cover-

ing 75% of the sky (Chambers et al. 2016). The PS1 survey provides photometry in five grizy

bands with limiting magnitudes of 23.3, 23.2, 23.1, 22.3, and 21.4, respectively (Chambers et

al. 2016).

We retrieve the photometric data of spectroscopic samples from the public data release

1 (DR1, Flewelling et al. 2020) using the Vizier table2, which has objects included in the

ObjectThin and StackObjectThin tables with nDetections > 2 option. For given positions of

spectroscopic samples, we search the nearest object in the photometric table using the search

radius of 0.5 arcseconds with the condition of ObjectQualityFlags == QF OBJ GOOD (i.e.,

good-quality measurement in the PS1) (Flewelling et al. 2020). A single photometric object

can be matched to multiple spectroscopic samples. We use the median redshift if more than

2http://cdsarc.unistra.fr/viz-bin/cat/II/349
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two spectroscopic samples correspond to a single PS1 DR1 object. We use the average of two

redshifts if two spectroscopic samples are matched to a single photometric object and their

redshift di↵erence is less than or equal to 0.005. Objects with a di↵erence of greater than 0.005

are excluded from training samples.

We purposely restrict our training input data to color-related features that allow the easy

interpretation of the model results rather than exploring all possible combinations of input

features (D’Isanto et al. 2018). The input features comprise four colors (g � r), (r � i), (i � z),

and (z�y) in PSF measurement, their uncertainties derived in the quadrature rule, and the same

quantities in Kron measurement. The training data include objects only if all four colors are

valid in the data release.

Magnitudes of samples are excluded as input; rather, we include the color and color di↵er-

ence uncertainties that implicitly depend on the magnitude and SED of sources. As expected,

fainter objects have larger uncertainties. Although uncertainties implicitly contain information

correlated with the source magnitudes and SEDs, how NN models treat these inputs may be

di↵erent.

Furthermore, the E(B � V) value is one of the input features. It is common to apply Galac-

tic dust extinction correction to photometric data as a pre-processing step before photometric

redshifts are estimated by machine learning methods. In our case, we let the machine learn-

ing models consider the e↵ect of the Galactic dust extinction in the training stage (Beck et al.

2021). We decide to use the E(B � V) values based on the dust emission model of the Plank

cosmic microwave background observation (Planck Collaboration et al. 2014), which provides

a wide coverage of the sky.

The input features are transformed to improve the performance of the machine learning

model. In training machine learning models, data pre-processing is required when input fea-

tures have di↵erent ranges (Sola & Sevilla 1997). Diversely ranged features have a di↵erent

e↵ect on the loss function adopted in a machine learning model, thus making results biased.

From the geometrical standpoint, the data points of di↵erently ranged features form a multi-

dimensional asymmetric volume in the input space. Data pre-processing handles this geomet-

rical asymmetry and makes data more symmetric. Moreover, it smooths out pointy regions that
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might exist on the surface of the volume. Our data pre-processing restricts each feature to a

comparable range. We test two data pre-processing methods: min-max normalization and stan-

dardization. Both methods process data in a feature-wise manner. The former method uses the

minimum and maximum values of each feature to restrict feature ranges. For standardization,

each feature is re-scaled to have zero mean and unit variance.

After the pre-processing step, we randomly select 80% of our samples as the training set

and each 10% of samples as the test and validation sets, respectively. Because we randomly

split the data and have many samples, we assume that the samples allocated to each set are

drawn from the same distribution. Figure 3.1 shows the redshift distribution of the training,

test, and validation sets. To avoid any confusion, we sometimes refer to redshifts as targets in

training the machine learning models.

3.3 Method

In this section, we describe the baseline models based on regression, our machine learning

approach, ensemble methods for better machine learning performance, and metrics to quanti-

tatively assess the photometric redshift quality.

3.3.1 Baseline Models Based on Regression

For both classification and regression, K-nearest neighbors (KNN) is a relatively simple non-

parametric model that can be used (Altman 1992). Because of its simplicity, the model has

been used to estimate the photometric redshifts of galaxies and quasars or used as a baseline

to evaluate the performances of novel approaches (Zhang et al. 2013; Pasquet-Itam & Pasquet

2018). The model estimates targets (or labels) of given samples based on the averaged target

values of k nearest samples in a training set.

Random forest (RF) is an ensemble method using multiple decision trees (Breiman 2001).

The model has been extensively used for astronomical classification, regression, and other tasks

(Zhang & Zhao 2015). RF is essentially optimized to use feature-based inputs because it recur-

sively splits high-dimensional features by generating multiple root nodes and their succeeding
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child nodes. RF, in addition to KNN, is frequently used as a baseline because of its usage of

ensemble learning resulting in statistical robustness and its split-rule-learning characteristics,

which can return the importance of input features.

A NN is a representative machine learning model inspired by the functioning of the hu-

man brain (Hopfield 1982). Generally, NN architecture comprises one input layer, multiple

hidden layers, and one output layer. Moreover, these layers are composed of artificial neurons

or perceptrons (Rosenblatt 1958), which are the basic units forming the model and mimick-

ing biological neurons. Artificial neurons are interconnected to ones in adjacent layers with

randomly initialized connection weights. Vectors provided to neurons in the input layer are

transformed by neurons in the hidden layers using connection weights with nonlinear activa-

tion functions and are then transmitted to the output layer. Then, neurons in the output layer

finally produce scalar or vector outputs. Although the definition of the term is not stringent,

the network is usually referred to as a vanilla NN (VNN) when the model generates a scalar

output. We emphasize that the regression NN, hereafter, is referred to as VNN because, in our

study, it produces a scalar output — a photometric redshift.

We use the mean squared error (MSE) as a loss function to train the parameters of RF and

VNN for redshift regression. KNN does not require a loss function. Moreover, we also have

tested the adaptive robust loss function proposed by Barron (2019), thus reflecting the anchor

loss to be explained later. However, we found that a simpler MSE outperforms the loss in this

study.

3.3.2 Multiple-Bin Regression with NN

The MSE for regression problems with the heterogeneous target is not an optimal option (Liu

2019). MSE is the most commonly used loss function to train machine learning models for

regression because minimizing the MSE is generally identical for maximizing log-likelihood

from a probabilistic standpoint. In most real-life cases, however, the target is heterogeneous

rather than homogeneous. If it is the case, using the MSE may result in an undesirable per-

formance of the regression model because the loss function fosters the model to minimize the

error throughout all modes while not considering the multi-modal behavior of the target.
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Because our target, i.e., redshift, can have a multi-modal distribution particularly because

of the degeneracy of redshifts in terms of input features, we consider multiple-bin regression

with a NN (hereafter, MBRNN) to bypass the limitation of the MSE for a heterogeneously

behaving target. The MBRNN model has been previously explored in several studies for view-

point estimation (Su et al. 2015; Francisco Massa & Aubry 2016), bounding-box estimation

(Mousavian et al. 2017), pose estimation (Kundu et al. 2018), and redshift estimation in astron-

omy (Pasquet-Itam & Pasquet 2018; Pasquet et al. 2019). Compared with regression using the

MSE, these studies demonstrated the performance enhancement of the approach. Furthermore,

the property of the probabilistic model enables deeper scrutiny on the causes of poor inference

performance for specific samples and examination of model calibration, which are discussed

in Section 3.4.1.

We first discretize spectroscopic redshifts and divide them into n independent bins. We test

two types of redshift bins: uniform and non-uniform3. For uniform bins, we equally discretize

the redshifts of the training data with a constant bin width. However, we make each bin have

an almost uniform number of samples in the non-uniform binning. Because most objects reside

in low redshift ranges, the non-uniform bin width becomes wider as the redshift increases even

though it is not monotonic.

The MBRNN model using the softmax function estimates probabilities pi that the photo-

metric redshifts of objects lie in ith redshift bin. That is, we modify the regression problem into

a classification problem with multiple redshift bins. For point estimation, we can compute the

photometric redshift zphot either by selecting a redshift bin center with peak probability (i.e.,

mode) as zmode or by averaging with the output probabilities and central values of the bins as

zavg as follows:

zmode = c j for j = argmax
k

(pk),

or

zavg =
X

pi ci,

(3.1)

where ci is the central value of ith redshift bin. We compare the prediction accuracy of the two
3Some previous studies have considered overlapping bins; however we did not find any advantages of using this

strategy for our purpose.
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di↵erent point-estimation methods in Section 4.3.

We use the anchor loss (Ryou et al. 2019) as a classification loss function for training the

model4. The loss is designed to measure the disparity of two given probability distributions con-

sidering prediction di�culties, which can be attributed to various reasons such as the scarcity

of data or the similarities between samples drawn from di↵erent distributions. This function

evaluates the prediction di�culty using the di↵erence between network-estimated probabilities

for the true and other classes. In an easy prediction case, the network-estimated probability of

the true class is higher than those of the other classes, whereas it is lower in a di�cult case.

The di�culty is used to weigh the loss of a sample. For the given two discrete probability

distributions, g and p, the anchor loss `(g, p) is defined as follows:

`(g, p) = �
X

k

gk log(pk) + (1 � gk)(1 + pk � p⇤)�log(1 � pk), (3.2)

where gk and qk represent the true and network-estimated probabilities for class k, respectively;

p⇤ represents the anchor probability which means the network-estimated true class probabil-

ity; � represents an exponent governing the weights of prediction di�culties. Note that the

anchor loss approaches a binary cross-entropy loss, which is one of the most commonly used

classification losses, as � goes to 0.

The baseline VNN and our proposed model MBRNN share the same NN structures except

for output layers because these networks generate di↵erently shaped outputs. The networks

are composed of fully connected layers only: an input layer with 17 neurons, eight hidden

layers sequentially with 128, 256, 512, 1024, 512, 256, 128, and 32 neurons, and the output

layer with the number of neurons corresponding to the output size. Each layer is followed by

a batch normalization layer (Io↵e & Szegedy 2015) and softplus activation function (Zheng et

al. 2015).

3.3.3 Ensemble of multiple-bin method

Our adoption of ensemble methods combines the outputs of multiple MBRNN models and

generates an integrated model. Ensemble methods have been extensively used in the field of
4Although Ryou et al. (2019) reported that they obtained the highest performance using sigmoid output, we

stick to softmax output for MBRNN since we found that the softmax performed better in our case.
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machine learning to overcome the limitations of models trained for a limited set of tasks. This

strategy often results in better or more generalized model performance by weighting the models

depending on their performance or properly assigning each model to the task where the model

performs best.

To identify a suitable ensemble approach for our purpose, we evaluate four di↵erent meth-

ods: plain model averaging ensemble (E1), weighted model ensemble (E2), bin ensemble (E3),

and bin-wise selective ensemble (E4) (Yu-yan 2010). E1 is simply averaging results from each

model. For E1, the performance of the integrated model might be downgraded when a poorly

performing model is included because this method does not consider the specialty of each

model. E2 uses weighted averaging of predictions from each model. Assigning higher and

lower weights to high- and low-performance models, respectively, this method is frequently

expected to yield higher performance than a single model or E1. Optimal weights can be found

by various methods such as Bayesian optimization methods (Snoek et al. 2012) and gradient

descent methods (Bottou 2010). The gradient descent method with the validation set is used

in our study. Moreover, we consider another weighted ensemble method E3, which allocates

individual weight to each model and redshift bin combination. Because it provides di↵erent

weights to each bin in addition to models, this approach has additional parameters to be tuned

and more flexibility than E2. Finally, we evalute the selective ensemble method E4, which se-

lects a single model for each redshift bin where the model shows the highest point estimation

accuracy using the validation set. In E4, we find redshift bins to which point-estimated redshifts

of each test object belong using the vote of the single models. Then, the model allocated to the

bin is used to estimate probability distributions for objects.

3.3.4 Metric

We use multiple metrics to assess performance in estimating photometric redshifts. We refer to

Cavuoti et al. (2017) for the detailed description of metrics. The following is a brief explanation

of metrics:

• Bias: the absolute mean of redshift di↵erences defined by 1
N |
PN

i �zi| where N represents

the number of samples in the dataset, i represents the sample index, and �zi = (zi,spec �
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Table 3.2 Metrics comparison between the average and mode point estimation of the MBRNN

and baseline models. The best performing cases in each search are presented in boldface.

Model Bias MAD � �68 NMAD Rcat

MBRNN (mode) 0.0036 0.0266 0.0430 0.0274 0.0256 0.0111

MBRNN (avg) 0.0017 0.0254 0.0394 0.0272 0.0256 0.0084

KNN 0.0055 0.0324 0.0487 0.0352 0.0340 0.0158

RF 0.0027 0.0277 0.0430 0.0294 0.0277 0.0116

VNN 0.0046 0.0307 0.0450 0.0338 0.0327 0.0113

zi,phot)/(1 + zi,spec),

• MAD: the mean of absolute di↵erences defined by 1
N
PN

i |�zi|,

• �: the standard deviation of the di↵erence zi,spec � zi,phot,

• �68: the 68th percentile of the absolute di↵erence, i.e., |zi,spec � zi,phot|,

• NMAD: the normalized median absolute deviation of the di↵erences, which is 1.4826 ⇥

Median(�z),

• Rcat: catastrophic (hereafter, cat) error, which corresponds to |�z| > 0.15, fraction.

Using these metrics, we evaluate the quality of photometric redshifts and perform a grid

search to identify the empirically optimal configuration of the MBRNN model. For the numer-

ical metrics, the lower the values, the better the model performance.

3.4 Result

3.4.1 Single Model Performance Test

We quantitatively assess and visually inspect photometric redshifts obtained by the MBRNN

model using test set samples. The empirically optimal model configuration for inference is

selected in the grid search (see appendix 3.A). The default model setup adopts the anchor loss
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Figure 3.2 Redshift di↵erence distributions of the MBRNN and baseline models. The distribu-

tion of spectroscopic redshifts is also drawn here for comparison. The spectroscopic redshift

distribution is scaled down by half for visual clarity. Positive and negative di↵erences indicate

under- and over-estimation of the distribution, respectively.

with � of 0 and 64 uniform redshift bins. Henceforth, unless otherwise stated, we shall restrict

ourselves to the MBRNN model with this setup.

Because the baseline models perform regression, we require a way to derive the point esti-

mation of redshifts with the MBRNN model for a fair comparison with the baseline models. We

first juxtapose the metrics of mode and average photometric redshifts, as shown in Table 3.2,

to determine which estimation is more suitable for point estimation. Average redshifts evince

lower metrics than mode redshifts. Because this result indicates that the average estimation ac-

companies higher point estimation accuracy than the mode estimation, we use average redshifts

in the rest of the analysis related to point estimation, except cases specifying the usage of the

mode redshift. Using the average estimation of redshifts, we now can equitably compare the

MBRNN model with the baseline models.

The MBRNN model shows a higher prediction accuracy for overall redshift ranges than

baseline models. Figure 3.2 shows the distribution of di↵erences between spectroscopic and

photometric redshifts in the MBRNN and baseline models. We obtain the distributions of the

di↵erences by subtracting the distribution of photometric redshifts from that of spectroscopic
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Figure 3.3 Distributions of spectroscopic and photometric redshifts obtained by the MBRNN

and baseline models. The markers are color-coded with number density, and the color is nor-

malized in the log scale for better contrast. Samples outside the dashed lines on both sides

correspond to cat objects, and the central dashed line has a slope of 1. The Pearson correla-

tion coe�cients ⇢ between spectroscopic and photometric redshifts are also presented in each

panel.
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Figure 3.4 Distribution of the absolute di↵erence between spectroscopic and photometric red-

shifts in the space of (g � r) in Kron measurement and spectroscopic redshifts. The contour

lines show the densities of the samples in this space. We assign samples to low-, middle-, and

high-di↵erence groups, and the samples in each group are represented in di↵erent colors. Pro-

viding the smallest area of the high-di↵erence region in the MBRNN model compared with the

other baseline models, the MBRNN model reproduces spectroscopic redshifts with the highest

accuracy in the outskirt area of the contours.
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Figure 3.5 Distribution of the di↵erence between the average and mode photometric redshifts

for the cat and non-cat cases. Right: Distribution of the confidence estimation for photometric

redshifts. The vertical solid and dashed lines mark the mean confidence and accuracy, respec-

tively, for each case.

redshifts. The MBRNN model’s relatively close-to-zero di↵erences indicate that it best cap-

tures the multi-modal behavior of targets, i.e., redshifts. The KNN, RF, and VNN models

show poorer descriptions for the heterogeneous property of targets, particularly for redshift

ranges with distribution peaks. These results are naively expected from the lowest metrics of

the MBRNN model compared with the baseline models as presented in Table 3.2, even though

the metrics, which are marginalized into one scalar throughout multiple dimensions, cannot

represent locally di↵erent behaviors of the distribution.

The distributions of spectroscopic and photometric redshifts shown in Figure 3.3 summa-

rize well the di↵erences reported in the metrics. The density peaks of the MBRNN and RF

models are aligned with the slope-one line, whereas those of the KNN and VNN models are

misaligned. This di↵erence reflects lower deflection-related metrics (i.e., bias and MAD) of

the MBRNN and RF models. As expected from the dispersion-related metrics (i.e., � and �68),

the redshift distribution of the MBRNN model shows the smallest dispersion around the slope-

one line. This characteristic is conspicuous in redshift regions with the distribution peaks (i.e.,

zspec ⇠ 0.125, 0.35, and 0.5), as presented in Figure 3.1, where scatters spread more exten-

sively than other redshift regions. The small bias and dispersion values of the MBRNN model
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contribute to the highest Pearson correlation coe�cient.

The lack of objects in the input space is one of the primary causes that induce prediction

di�culty. Figure 3.4 shows the distribution for the absolute di↵erence of redshifts between

spectroscopic and photometric redshifts in the space of the input (g � r) in Kron measurement

and target redshifts. Although this visualization only shows the projected distribution in the

input (g� r) space with degeneracy of the other input features in the higher dimensional space,

the (g � r) color has a well known correlation with redshifts, and its interpretation is usually

straightforward in examining models (e.g. Korytov et al. 2019). When grouping the samples

into low-, middle-, and high-di↵erence groups corresponding to about 33% of the samples per

group in the MBRNN model, a large number of samples with significant redshift discrepancy

are found independently in models. Intriguingly, the high-di↵erence groups are similarly dis-

tributed in every model, whereas the area of the regions corresponding to this group is the

smallest in the MBRNN model. These regions are the outskirts of the density contour lines in

which the objects sparsely reside. As presented in Appendix 3.B, the distribution of the cat

samples in the MBRNN model is similar to that of baseline models. These model-independent

patterns also can be found in Figure 3.2. The results indicate that the samples populating over

the specific regions in the input space are likely to bring high prediction di�culty regardless of

the model.

The high-di↵erence samples possibly have multi-modal model probability distributions.

Benefiting from the MBRNN model’s property as a probabilistic classification model, we ex-

amine the distribution of the di↵erence between the average and mode photometric redshifts

for the cat and non-cat samples. Figure 3.5 shows that the cat error samples have higher dif-

ferences than non-cat ones. The higher di↵erences between the average and mode estimation

of the cat samples indicate that the model-estimated probabilities of cat samples are possibly

multi-modal.

Furthermore, the confidence distribution of the MBRNN model shown in Figure 3.5 en-

dorses our interpretation of the cat samples. Confidence expresses a model’s level of certainty

about the classification result for a given sample. The measure of confidence is defined as the

maximum value in the probability output of a model (Hendrycks & Gimpel 2017). The low
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Figure 3.6 Distribution of photometric redshifts in the MBRNN model with 64 uniform bins

(left) and 512 non-uniform bins (right) with the anchor loss � of 0, 2, 5, and 8. The distribution

of spectroscopic redshifts is also drawn for comparison.

confidence of cat samples indicates a high possibility that these samples have multiple proba-

bility peaks.

It is worthwhile to refer to the practical guide for flagging objects that require caution in

analysis. In the confidence histogram presented in Figure 3.5, the di↵erence between mean

confidence and accuracy of cat samples is higher than that of non-cat samples. We may refer

that the model is well-calibrated for non-cat samples because mean confidence and accuracy

are comparable (Guo et al. 2017). However, the model is overconfident about the cat samples

because the mean confidence of the model is significantly higher than mean accuracy. In this

case, caution is required because overconfident estimation leads to high prediction error and

may lead to an incorrect interpretation. We recommend being cautious about objects outside

the dense regions in the input space because the model is overconfident about cat samples, and

most of the cat samples reside in the low-density region of input space (see Figure 3.4).

3.4.2 Ensemble Model Performance Test

Performance elevation of the integrated model through ensemble learning emerges from di-

verse specialties of individual models. During grid-search, we find that the anchor loss assigns

di↵erent specialties to models based on �. As the value of � increases, the distributions of pho-
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Table 3.3 The metrics of the ensemble learning. We also summarize the results of the single

model for comparison.

Bin type Case Bias MAD � �68 NMAD Rcat

64 uniform bins

Single Model 0.0017 0.0254 0.0394 0.0272 0.0256 0.0084

E1 0.0023 0.0255 0.0393 0.0274 0.0258 0.0084

E2 0.0019 0.0254 0.0392 0.0273 0.0256 0.0083

E3 0.0010 0.0253 0.0389 0.0272 0.0255 0.0082

E4 0.0020 0.0255 0.0394 0.0273 0.0257 0.0086

512 non-uniform bins

Single Model 0.0023 0.0256 0.0404 0.0272 0.0255 0.0090

E1 0.0021 0.0255 0.0400 0.0272 0.0255 0.0088

E2 0.0021 0.0255 0.0400 0.0272 0.0255 0.0088

E3 0.0021 0.0255 0.0400 0.0272 0.0255 0.0087

E4 0.0022 0.0256 0.0405 0.0272 0.0255 0.0090

tometric redshifts shift toward the higher redshift region in the uniform bin case (see Figure

3.6). Because the loss with larger � allocates more di�cult objects for prediction with bigger

weights, this model bias is attributed to the higher redshift region which corresponds to the

most di�cult part for prediction from the model’s perspective 5.

We examine four ensemble methods explained in Section 4.2. Because the models with

high anchor loss � focus excessively on the high redshift region, we perform ensemble learning

with models trained with moderate values of �: 0, 0.2, 0.5, and 1. Furthermore, for comparison,

we test ensemble methods with 512 non-uniform bins trained with the same set of � values.

A set of models used for each ensemble combination has the same architecture and number of

redshift bins. The ensemble experiments with di↵erent numbers of bins and sets of � values

can be found in Appendix 3.C.

5It is anticipated because our dataset rarely has high-redshift samples, and hence the equal-width bins in the

high-redshift region have a comparably small number of objects. Besides, we have already confirmed that data

sparsity contributes to the prediction di�culties in Section 3.4.1.
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Table 3.4 Comparison data with either spectroscopic or photometric redshifts.
Name Number of objects Maximum redshift Reference

HeCS 20,544 0.72 Rines et al. (2013)

SDSS-DR12-LPSC 38,818 1.00 https://www.sdss.org/dr12/algorithms/photo-z/

HSC-PDR2-Mizuki-Galaxy 6,996 1.47
Nishizawa et al. (2020)

HSC-PDR2-Mizuki-NonGalaxy 3,267 4.15

We report that E3 with 64 uniform bins has the best performance metrics. Moreover, the

E3 ensemble model is well-calibrated. Appendix 3.D provides the calibration study of the en-

semble model. In other words, E3 successfully considers the varied specialties of the individual

models with di↵erent values of �. Table 3.3 compares the results of the four di↵erent ensemble

methods using 64 uniform bins and 512 non-uniform bins.

For the 512 non-uniform bin cases, all methods outperform the single model; however,

the performance disparity between the ensemble methods is not as pronounced as it is in the

uniform bin case. We recognize that it is because improvement is attributed to the stochastic

di↵erences between models, and not diverse specialties. The non-uniform bins are designed

to make each bin have an almost uniform number of samples. Since the prediction di�culty

mostly stems from the scarcity of data, the non-uniform bin cases have no particularly chal-

lenging parts to predict. Therefore, it results in monotonous specialties of individual models

being insensitive to the variation of �. Figure 3.6 shows that the redshift distributions in the

MBRNN model with the non-uniform bins do not vary significantly as the � increases. Con-

sequently, it results in a small improvement in all ensemble methods because of the stochastic

di↵erence among the single models.

3.5 Model Validation

We compare our photometric redshift results with other existing spectroscopic or photometric

redshifts from various sources to investigate when the trained models fail or are not trustwor-

thy. In particular, the data collected from the OOD with respect to the training data distribution

should have highly uncertain photometric redshifts because the training data have never al-

lowed the model to acquire the relevant information about the OOD data (e.g., Ren et al. 2019).
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Figure 3.7 Redshift distribution of the comparison samples for model validation as summarized

in Table 3.4. The plot displays redshifts up to approximately 1 even though the maximum

redshift is 4.15 in the HSC-PDR2-Mizuki-NonGalaxy.
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Figure 3.8 Left: Distribution of the comparison HeCS spectroscopic redshifts and derived pho-

tometric redshifts zavg as the average value, and zmode as the mode value. Right: The distribution

of the absolute di↵erence between the HeCS spectroscopic redshifts and the derived zavg in the

space of (g� r) and HeCS spectroscopic redshifts. Following Figure 3.4, the samples are color-

coded, and the distribution of the training samples is drawn as contour lines for comparison.

The distribution of the absolute di↵erence between zspec and zavg with respect to (g� r) in Kron

measurement evidently shows that the incorrect estimation of zavg is due to the lack of su�cient

training samples to occupy the input space.
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Table 3.4 summarizes the comparison data, and Figure 3.7 shows the redshift distribution of

the comparison samples. We match the PS1 DR1 data to comparison data with a search radius

of 0.500, and we apply the same selection and filtering rules to the PS1 DR1 data as we do to

the training samples.

3.5.1 Validation with Spectroscopic Redshift Samples

We estimate the photometric redshifts of the matched PS1 DR1 objects for the dataset HeCS.

The HeCS dataset includes objects with the spectroscopic redshifts of galaxies found in galaxy

cluster areas over z = 0.1 – 0.3 (Rines et al. 2013). Therefore, this dataset contains both cluster

members and line-of-sight field galaxies. We use objects with a redshift quality flag of Q, thus

indicating a secure redshift. Moreover, we exclude objects with redshifts < 0.009 because they

are not galaxies generally.

The comparison with spectroscopic samples allows us to unbiasedly evaluate the perfor-

mance of our trained machine learning model although the comparison sample size is not as

large as that of training samples. As shown in Figure 3.7, the true redshift range is well matched

to the redshift range over which we intend to use the trained model. However, the distribution

of true redshifts di↵ers from that of training samples. Moreover, this comparison helps us as-

sess how well the trained model can be used in idenitfying potential galaxy groups and clusters

with the PS1 DR1 data (see Euclid Collaboration et al. 2019, for discussion).

As shown in Figure 3.8, the photometric redshifts are well estimated for the redshift range

of the HeCS dataset. However, we find that certain objects with the biased estimation of photo-

metric redshifts over 0.1 < z < 0.3. As the distribution of the absolute di↵erence between the

spectroscopic and photometric redshifts in the space of (g � r) and the spectroscopic redshifts

highlights, the biased estimation of the photometric redshifts is attributed to the lack of blue

training samples for given redshifts over 0.1 < z < 0.3. Although the distribution in the input

space such as (g � r) does not completely show the distribution mismatch with respect to the

model because of the model’s nonlinearity, the mismatched training and test HeCS distribu-

tions lead to the model’s biased results. This result indicates that our model may require to be

updated with su�cient samples of blue galaxies to estimate photometric redshifts in galaxy
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Figure 3.9 Left: Distribution of the comparison SDSS photometric redshifts and derived pho-

tometric redshifts zavg for the PS1 photometric data. Right: The distribution of the absolute

di↵erence between SDSS photometric redshifts and the derived zavg in the space of (g � r)

(Kron measurement) and SDSS photometric redshifts. The scatters are color-coded, as in Fig-

ure 3.8, and the distribution of PS1 training samples are drawn as contour lines for comparison.

The distribution of the absolute di↵erence between SDSS photometric redshifts and the derived

zavg with respect to (g� r) shows that the significant fraction of samples with a large di↵erence

of photometric redshifts have (g � r) out of the main training samples. However, we still find

some consistent estimation of photometric redshifts between the two di↵erent methods/data for

(g � r) ⇠ 0.7 and zS DS S
phot ⇠ 0.3.

groups and clusters over 0.1 < z < 0.3.

3.5.2 Validation with Photometric Redshift Samples

Our trained model is compared with other photometric redshift estimation methods. Because

there are more galaxy objects with known photometric redshifts than those with spectroscopic

redshifts, we intend to use this comparison to assess the validity of the trained model over a

wide range of redshifts and input space although photometric redshifts are not as precise and

accurate as spectroscopic redshifts.

As summarized in Table 3.4, we use the SDSS Data Release 12 (DR12) (Alam et al. 2015),

which contains photometric redshifts derived from a nearest-neighbor fit with a kd-tree struc-

ture of training samples (Csabai et al. 2007). We extract SDSS photometric redshifts for objects
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found in the area centered at RA 26.25�, DEC -7.5�with a radius of 2.5�, and we extract the PS1

DR1 objects corresponding to the SDSS objects that were identified. After discarding objects

with SDSS spectroscopic redshifts, the sample size becomes 44,890 for the same filtering rule

that we use for the training data of the PS1 DR1 data. We examine point-source scores of the

44,890 objects in the PS1 DR1 catalog (Tachibana & Miller 2018), leaving out only extended

sources (i.e., galaxies) in the PS1 image data with the condition of the point-source score ¡

0.1. The filtered data, including 38,818 objects commonly found in the SDSS and PS1, should

comprise only galaxy-like objects for which our trained model should be able to estimate pho-

tometric redshifts.

Generally, two di↵erent estimations of photometric redshifts are consistent although the

methods and training data are completely di↵erent. Figure 3.9 shows the comparison between

the two photometric redshift inferences where zPS 1
phot corresponds to zavg in our estimation and

zS DS S
phot represents estimation by robust fit to nearest neighbors in the SDSS reference set. Pear-

son’s correlation coe�cient ⇢ ⇠ 0.81 confirms that the two methods are consistent for most

samples. A dominant fraction of objects with discrepant redshifts seems to have a range of col-

ors not properly represented by training samples; however, we report certain fraction of objects

to have consistent redshifts although their colors do not follow the color of the training samples

(see Figure 3.9).

We examine possible causes of certain objects showing a large discrepancy in the esti-

mated redshifts. For example, SDSS J014232.69-090324.5 corresponding to PS1 DR1 ob-

jid = 97130256361222090 seems blended in the PS1 DR1 and the SDSS images. The pho-

tometric redshifts of this object are 0.203 and 0.858 as zS DS S
phot and zPS 1

phot, respectively. The

SDSS J014228.47-072343.0 (i.e., PS1 DR1 objid = 99120256186386095) shows possi-

ble e↵ects of blending in their images with the photometric redshifts zS DS S
phot = 0.018 and

zPS 1
phot = 0.391. The blending of sources is a well-known problem for estimating photometric

redshifts (D. M. Jones & Heavens 2019; LSST Dark Energy Science Collaboration (LSST

DESC) et al. 2021). We also find certain objects have conflicting colors between the SDSS

DR12 and PS1 DR1 catalogs. For example, SDSS J014126.01-065056.2 matched to the

PS1 DR1 objid = 99780253584271692 has (g � r) = 1.1 ± 0.01 (Kron color) and 0.7 ± 0.32
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Figure 3.10 Left: Distribution of the comparison HSC galaxy photometric redshifts and derived

photometric redshifts zavg for the PS1 photometric data. Right: The distribution of the absolute

di↵erence between the HSC photometric redshifts and the derived zavg in the space of (g � r)

(Kron measurement) and HSC photometric redshifts. The color-coding of scatters and contour

lines are as those of Figure 3.9. The pattern of the discrete zHS C
phot distribution appears clearly

in both plots. The correlation ⇢ between the two photometric redshifts is lower than that in for

the comparison with the SDSS photometric redshift presented in Figure 3.9 partly due to the

discrete distribution of zHS C
phot .

(aperture color) in the SDSS DR12 and PS1 DR1 catalogs, respectively. The photometric red-

shifts of this object are zS DS S
phot = 0.941 and zPS 1

phot = 0.172.

3.5.3 Model Outcomes for Non-galaxy Objects

The validity of trained machine learning models depends on the assumption that the training

and test data follow the same distribution from the learning model’s view. Therefore, when

the trained model infers photometric redshifts for objects obtained from the OOD data, the

estimation should be highly uncertain and/or inaccurate. We already present the case showing

this e↵ect in Section 3.5.1 for the slightly di↵erent distribution of input features for galaxies

between training samples and HeCS test data.

The application of the trained model on the datasets HSC-PDR2-Mizuki-Galaxy and HSC-

PDR2-Mizuki-NonGalaxy enables us to evaluate the results for the physically OOD objects,

i.e., non-galaxy objects. Photometric redshifts in these datasets are results acquired in running
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Figure 3.11 Distribution of the comparison HSC non-galaxy spectroscopic redshifts, derived

photometric redshifts zavg as the average value, and zmode as the mode value (left). Confidence

distribution of the non-galaxy samples (right) shows that our trained model is overconfident on

some of the physically OOD samples.

a template fitting-code MIZUKI (Tanaka 2015; Tanaka et al. 2018; Nishizawa et al. 2020). The

estimation products have probabilities of being stars, quasars, and galaxies. We select objects

with photometric redshifts around RA 31.25�, DEC -2.5�with a radius of 2.5�. Following the

filtering criteria used for the training data, we extract 6,996 objects as galaxy objects and 3,267

objects as non-galaxy objects with the PS1 DR1 data. The number of stars is 3,171 among

3,267 non-galaxy objects. Therefore, ⇠100 objects are classified as quasars in the HSC test

data.

The estimated photometric redshifts of galaxy objects in the HSC comparison data are

closely matched to those esimated by the trained model as shown in Figure 3.10. In general,

our machine-learning estimation of photometric redshifts seems consistent with those derived

by the template fitting-code. However, we report certain systematic di↵erence patterns such

as objects with zHS C
phot ⇠ 0.6 for zPS 1

phot ⇠ 0.1. The discrete distribution of zHS C
phot appears to be a

systematic pattern embedded in the HSC Mizuki inference of photometric redshifts. As shown

in Figures 3.8 and 3.9, we report that most objects with a large di↵erence between the two

photometric redshifts can be considered OOD samples based on the input data properties (see

Figure 3.10).

We examine how our trained model estimates photometric redshifts of non-galaxy objects.



56 Machine Learning Inference for Pan-STARRS1 Galaxies Using Neural Networks

If the model is well-trained to inductively infer the galactic photometric redshifts, photometric

redshifts of the physically OOD samples (i.e., stars and galaxies) should follow the overall

redshift estimation of galaxies when the OOD samples have similar input values as training

galaxies. The useful machine learning model should result in a highly uncertain estimation of

photometric redshifts for data samples from the OOD with respect to the input space and the

trained model even when the OOD samples are galaxies.

Figure 3.11 shows the distribution of photometric redshifts for the non-galaxy HSC objects.

Because the majority of non-galaxy HSC objects are stars, their redshift distribution has a peak

at z = 0. Comparing the distribution to that of the training samples (see Figure 3.7), the derived

photometric redshifts of the physically OOD samples share a similar distribution to that of

the training samples at z ⇠ 0.1 and 0.5. However, the derived photometric redshifts of the

physically OOD samples show a concentrated distribution around z = 0.25 where the input

values and photometric redshifts of these physically OOD samples are distributed in a manner

similar to the galaxy OOD samples as shown in Figure 3.10 (i.e., the galaxy OOD objects at

(g � r) ⇠ 0.7 and zHS C
phot ⇠ 0.25).

As shown in Figure 3.11, the trained model produces overconfident results on certain phys-

ically OOD samples. We anticipate that the well-trained model will output nearly identical

probability distributions for OOD samples as random guesses, i.e., uniform distribution. In

such a case, the confidence distribution should be nearly uni-modal with a peak in the low

confidence range and then monotonically diminish as the confidence increases. However, the

confidence distribution of physically OOD samples is multi-modal and has the tallest peak with

high confidence. Therefore, the high confidence of the trained model’s outputs does not guar-

antee that the tested sample has the same distribution as the training samples, particularly for

the physically OOD samples. Unless the physically OOD samples such as stars and quasars are

separately classified (e.g., Fotopoulou & Paltani 2018), the application of our model to these

OOD samples can produce incorrect inference results with overconfidence.
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Table 3.A.1 Metrics of the grid search for the best model configuration of the MBRNN model.

As mentioned in Section 4.3, the lower metrics indicate a higher accuracy of the model.
(a) Metrics for di↵erent data scaling methods, and the existence of color uncertainties and E(B � V) as input features.

Data scaling Color uncertainties E(B � V) Bias MAD � �68 NMAD Rcat

Min-max

Yes
Yes 0.0019 0.0256 0.0398 0.0273 0.0256 0.0088

No 0.0021 0.0267 0.0412 0.0287 0.0270 0.0096

No
Yes 0.0028 0.0316 0.0496 0.0329 0.0310 0.0188

No 0.0030 0.0336 0.0533 0.0346 0.0327 0.0226

Standardization

Yes
Yes 0.0022 0.0256 0.0399 0.0273 0.0257 0.0086

No 0.0023 0.0268 0.0415 0.0288 0.0270 0.0095

No
Yes 0.0030 0.0317 0.0498 0.0329 0.0310 0.0191

No 0.0031 0.0336 0.0535 0.0346 0.0328 0.0229

(b) Metrics for di↵erent anchor loss � values.

Loss configuration Bias MAD � �68 NMAD Rcat

Binary Cross Entropy (� = 0) 0.0019 0.0256 0.0398 0.0273 0.0256 0.0088

Anchor Loss

� = 0.2 0.0025 0.0257 0.0398 0.0275 0.0259 0.0087

� = 0.5 0.0027 0.0256 0.0396 0.0274 0.0258 0.0086

� = 1 0.0027 0.0256 0.0396 0.0275 0.0260 0.0086

� = 2 0.0039 0.0260 0.0399 0.0280 0.0266 0.0087

� = 5 0.0327 0.0483 0.0611 0.0536 0.0507 0.0451

(c) Metrics for di↵erent redshift bin configurations.

Bin type Bias MAD � �68 NMAD Rcat

Uniform Bins

32 0.0020 0.0257 0.0399 0.0274 0.026 0.0086

64 0.0017 0.0254 0.0394 0.0272 0.0256 0.0084

128 0.0019 0.0256 0.0398 0.0273 0.0256 0.0088

256 0.0024 0.0254 0.0396 0.0272 0.0255 0.0084

512 0.0024 0.0255 0.0396 0.0273 0.0256 0.0086

Non-uniform Bins

32 0.0144 0.0337 0.0577 0.0310 0.0281 0.0342

64 0.0075 0.0285 0.0470 0.0288 0.0266 0.0168

128 0.0045 0.0266 0.0429 0.0278 0.0259 0.0117

256 0.0028 0.0259 0.0415 0.0274 0.0255 0.0096

512 0.0023 0.0256 0.0404 0.0272 0.0255 0.0090
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3.A Search for the Optimal Configuration of the MBRNN Model

We perform a grid search by varying model configurations with the validation data to find

the empirically optimal configuration of the MBRNN model. The grid search includes three

di↵erent sets of configuration variations. First, when setting the number of redshift bins to 128

and using the anchor loss with � = 0, we examine the changes in the model’s accuracy in

terms of input data scaling methods (i.e., standardization vs. min-max normalization), and the

existence of color uncertainties and E(B � V) as input features.

The model using the min-max normalization, color uncertainties, and E(B � V) shows the

best point-estimation accuracy as summarized in Table 3.A.1 (a). Including the color uncertain-

ties as input features has the largest impact on point-estimation accuracy among three factors.

The min-max normalization and inclusion of E(B � V) in the input have small positive e↵ects

on point-estimation accuracy.

Second, we perform the grid-search for the anchor loss parameter � fixing the number of

redshift bins to 128. Because the anchor loss requires a prior setup of � before training, we

examine a set of � values of 0 (i.e., binary cross entropy loss), 0.2, 0.5, 1, 2, and 5. The results

of this second grid search are presented in Table 3.A.1 (b). The model with � of 0 outperforms

the others in terms of the overall accuracy as naively expected.

Using the maximum performance configuration, we finally examine the various strategies

of redshift binning and the number of bins. The search includes a comparison of results between

uniform and non-uniform binning methods as well as the results for the 32, 64, 128, 256, and

512 redshift bins. In the non-uniform redshift binning, we set the bin edges such that each bin

contains nearly the same number of samples, as explained in Section 3.3.2. As illustrated in

Table 3.A.1 (c), the MBRNN model with 64 uniform bins outperforms the other configurations

for most metrics, although the di↵erence is not significant. Moreover, we discover that the

uniform binning case outperforms the non-uniform one.
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Figure 3.B.1 Distributions of the cat samples in the space of (g � r) in Kron measurement and

spectroscopic redshifts. The cat samples are shown with di↵erent colors for �z > 0.15 (red)

and �z < �0.15 (blue). The lower fraction of the cat samples in the MBRNN than in other

models is mainly due to the reduction of these samples at low redshifts.
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3.B Catastrophic Samples

We examine the distributions of the cat samples in the input space according to models and find

that these samples populate in the similar regions of the input space. Figure 3.B.1 presents the

distributions of under and overestimated cat samples in the MBRNN and baseline models. As

shown in the figure, the point-estimated photometric redshifts of the cat samples in MBRNN

with true spectroscopic redshifts larger and lower than zspec ⇠ 0.4 tend to be under- and over-

estimated, respectively. This pattern appears in the other baseline models too, and the under-

and over-estimated photometric redshifts of the cat samples are similarly distributed in the input

space. However, the area taken by the cat samples in the MBRNN model is smallest among the

models, being consistent with the fact that the Rcat is smallest in the MBRNN model (see Table

3.2).

We also find that MBRNN works better than the baseline models particularly in the low

redshift range. Specifically, we compare how many cat samples found in the RF model, which

shows the best performance among the baseline models, become non-cat samples in the MBRNN

model. The RF model has 766 cat samples in its test, and the entire 543 and 223 samples with

over- and under-estimated photometric redshifts in the RF model are the non-cat samples in

the MBRNN. Especially, samples with zspec ⇠ 0 mainly turn into the non-cat objects in the

MBRNN model (see Figure 3.B.1).

Various cases can appear the cat samples in the models. When inspecting the cat sam-

ples in the MBRNN model, we find that some objects such as SDSS J014904.18+243502.4,

SDSS J104307.62+084059.2, and SDSS J101223.88+161313.4 might not have reliable

photometric input features due to neighbor objects. Star-forming galaxies with emission lines

are also found as the cat samples. For example, SDSS J085139.46+455518.4 and SDSS

J091022.97+164534.9 have emission-lines representing star formation at redshifts of 0.28

and 0.30, respectively. Objects like SDSS J150912.92+344418.1 at zspec = 0.06028 have a

large apparent size, and their photometry might not be reliable.



Machine Learning Inference for Pan-STARRS1 Galaxies Using Neural Networks 61

Table 3.C.2 Metrics for the ensemble cases with di↵erent redshift bins.

Number of bins Bias MAD � �68 NMAD Rcat

32 0.0015 0.0255 0.0392 0.0274 0.0260 0.0084

64 0.0010 0.0253 0.0389 0.0272 0.0255 0.0082

128 0.0014 0.0254 0.0390 0.0272 0.0256 0.0082

64 & 128 0.0013 0.0253 0.0389 0.0272 0.0255 0.0083

3.C Results With Di↵erent Ensemble Learning Configurations

Furthermore, we present the performance of the E3 ensemble model with 32 and 128 uniform

redshift bins as well as the results obtained from the runs of the adopted 64 bins. Moreover,

we consider merging the single models trained with 64 and 128 redshift bins rather than only

the results with the same number of redshift bins. In particular, four single models sharing

the same number of bins and trained with di↵erent anchor loss �s — 0, 0.2, 0.5, and 1 —

are combined for the ensemble models of 32, 64, and 128 bins, respectively. For the merged

ensemble model of 64 and 128 bins, however, eight single models are combined; four each

of the 64 and 128 bin models trained with di↵erent � values. Merging the models with the

di↵erent number of redshift bins is conducted by interpolating their probability outputs to a

higher number of redshift bins while maintaining the probability sum equal to 1.

Table 3.C.2 compares the point estimation metrics of the ensemble models with 32, 64, and

128 bins, and the case of combining models generated with 64 and 128 redshift bins. We find

no advantage or improvement in these cases over the adopted ensemble model of combing the

runs with 64 redshift bins.

Moreover, we check how the high � values of the anchor loss a↵ect the performance of

the ensemble model. We attempt the E3 ensemble method with 64 uniform redshift bins while

combining the additional results with � in the order of 2, 5, and 8 into the set of models used

in the adopted E3 model (G), which is described in Section 3.4.2 as the model combining the

results with � = 0, 0.2, 0.5, and 1. Table 3.C.3 illustrates the metrics of the models for the trial

configurations. Compared with the other runs, the ensemble model with the set G achieves the
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Table 3.C.3 Metrics for ensembling cases with the di↵erent anchor loss � values. The set G

contains the models trained with anchor loss � of 0, 0.2, 0.5, and 1.

Set of � Bias MAD � �68 NMAD Rcat

G 0.0010 0.0253 0.0389 0.0272 0.0255 0.0082

G [ {2} 0.0014 0.0253 0.0389 0.0272 0.0256 0.0083

G [ {2, 5} 0.0024 0.0255 0.0389 0.0274 0.0260 0.0082

G [ {2, 5, 8} 0.0040 0.0258 0.0389 0.0279 0.0268 0.0083

highest accuracy in general.

3.D Examination of The Ensemble Model Calibration

Many typical modern NNs are not well-calibrated (Guo et al. 2017). Hence, we examine the cal-

ibration of our E3 ensemble model. A well-calibrated model should have similar mean accuracy

and confidence values. Figure 3.D.2 shows that our ensemble model E3 is well-calibrated. The

di↵erence between the mean accuracy and confidence of our E3 ensemble model is ⇠0.0078,

which is close to 0. A reliability diagram depicting the accuracy variation as per the confidence

confirms the adequate calibration of the ensemble model, almost identical to the completely

calibrated case.

3.E E↵ects of The Galactic Extinction Correction

We apply the galactic extinction correction to the input colors using E(B � V) and a simple

correction rule, and then we train our model with corrected colors. Therefore, the model learns

without E(B�V) as a training input feature in this experiment. Three di↵erent correction rules

are tested with the given E(B� V), and the three di↵erent correction results (I, II, and III cases

in Table 3.E.4) are compared in terms of model performances. Case I adopts the correction

given as equations (7) to (13) in Tonry et al. (2012) with the observed apparent (g� i) color. We

note that this correction is fundamentally incorrect because the correction is valid only with
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Figure 3.D.2 Top: Confidence distribution in the E3 model. Black and red vertical lines indicate

the mean accuracy and confidence of the E3 model. Bottom: Reliability diagrams of the E3

model. Red and blue bars represent the distribution of the complete calibration and the E3

model result, respectively. The black dashed line marks a line with a slope of 1, meaning the

perfect calibration.

the intrinsic color (g � i), which we do not know beforhand, rather than the observed color

(see Galametz et al. 2017, for discussions). The correction in cases II and III do not depend on

(g � i). Their correction rules adopt the representative values of the extinction A given as A at

the pivot in Galametz et al. (2017) and A values used in Schindler et al. (2019) for cases II and

III, respectively. Although the metrics in case II are the lowest overall, there are no significant

di↵erences among these three cases.

In case II, we analyze the e↵ect of the correction on the photometric redshifts inferred by

the trained model. We split E(B � V) values into three di↵erent ranges, and each range has

⇠33% of samples as low, middle, and high E(B � V) values. Then, we compare photometric

redshifts derived from our main model trained with E(B � V) as an input feature (zmodel) with

case II results acquired with the extinction-corrected color data (zcomp). The left panel of Figure

3.E.3 shows that the redshift di↵erence (�z = zmodel � zcomp) distribution. Interestingly, the

distributions of redshifts for the low and high E(B � V) values are positively and negatively

shifted from a non-bias line (�z = 0), respectively. This pattern is conspicuous in the right
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Figure 3.E.3 Distribution of the di↵erence between photometric redshifts (zmodel) from the

model trained with E(B�V) and those (zcomp) from the model trained without E(B�V) but with

the Galactic extinction-corrected colors (left). The samples are grouped into the low, medium,

and high E(B�V) value groups in which each group has approximately one-third of the number

of samples. �z shows systematic di↵erences depending on the E(B� V) values. This pattern is

also found in the redshift comparison plot (right). The redshifts of the low and high E(B � V)

samples are mostly in the under- and over-estimation regions with respect to the correspon-

dence line, which is represented by the dashed line, respectively.

panel of the figure, which shows a comparison between zcomp and zmodel. These results indicate

that the model trained with the extinction-corrected colors tends to under- and over-estimate

redshifts compared to zmodel for low and high E(B�V) objects, respectively, indicating that the

systematic bias is induced by the Galactic extinction correction on colors.

Figure 3.E.4 shows the distribution of the zspec � zmodel and zspec � zcomp, where zspec corre-

sponds to true spectroscopic redshifts. The distribution reported in the model with E(B� V) as

input features does not vary with respect to E(B�V). However, the distribution of zspec � zcomp

reveals that the trend found in Figure 3.E.3 can be explained by the fact that the extinction

correction introduces bias into the redshift inference.
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Figure 3.E.4 Distributions of the di↵erence between spectroscopic redshift (zspec) and photo-

metric redshifts (zmodel and zcomp). The samples are binned with respect to E(B � V) as done

for Figure 3.E.3. While the di↵erence distributions for the zmodel (left) are unbiased regarding

E(B � V), the distributions of the zcomp with higher E(B � V) are shifted towards the lower �z

direction (right).

Table 3.E.4 Metrics for the experiments with three di↵erent Galactic extinction correction

methods.

Case Bias MAD � �68 NMAD Rcat

I 0.0019 0.0261 0.0403 0.0280 0.0265 0.0090

II 0.0019 0.0261 0.0404 0.0280 0.0264 0.0089

III 0.0019 0.0262 0.0405 0.0281 0.0265 0.0092
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Chapter 4

Estimation of Photometric Redshifts.

II. Identification of

Out-of-Distribution Data with Neural

Networks 1

Abstract

In this, the second paper of the series, we present a three-stage training strategy of neural

networks (NNs) for both photometric redshift estimation of galaxies and detection of out-of-

distribution (OOD) objects. Our strategy comprises supervised learning as well as unsupervised

learning which enables the use of unlabeled (UL) data for OOD detection in training the NNs.

Employing the UL data, which is the dataset most similar to the real-world data, ensures a reli-

able usage of the trained model in practice. We quantitatively assess the model performance of

photometric redshift estimation and OOD detection using in-distribution (ID) galaxies and la-

beled OOD samples such as stars and galaxies. Our models produce well-matched photometric

redshifts with spectroscopic redshifts for the ID samples and identify labeled OOD objects well

1To be submitted to the Astronomical Journal
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Table 4.1 Spectroscopic QSO samples.
Dataset name Number of objects Selection conditions Reference

SDSS DR15 290255 (CLASS == QSO) and (ZWARNING

== 0) and (Z ERR > 0.0)

Aguado et al. (2019)

LAMOST DR5 32793 (CLASS == QSO) and (Z > -9000) Cui et al. (2012)

OzDES 772 (TYPES ==AGN or QSO) and (FLAG

! = 3 and 6) and (Z >= 0.0025)

Childress et al. (2017)

PRIMUS 155 (CLASS == AGN) and (ZQUALITY

== 4)

Cool et al. (2013)

COMOS-Magellan 53 (CLASS == bl or bnl or bal) and

(Z CONF == 4)

Trump et al. (2009)

6dFGS 49 (QUALITY CODE == 6) or (RED-

SHIFT > 1.0)

D. H. Jones et al. (2009)

COSMOS-DEIMOS 30 (QF >= 10) and (Q >= 1.6) Hasinger et al. (2018)

VVDS 16 ZFLAGS == 14 or 214 Le Fèvre et al. (2013)

COSMOS-Z-COSMOS 5 (CC == 14 or 214) and (REDSHIFT

>= 0.0002)

Lilly et al. (2007, 2009)

with over 98% accuracy. Although quantitative assessment is impracticable due to the lack of

labels and spectroscopic redshifts, we also find that the NNs successfully estimate reasonable

photometric redshifts for ID-like UL samples and filter out OOD-like UL objects. The code for

the model implementation is available at https://github.com/GooLee0123/MBRNN OOD.

4.1 Data

As described in Chapter 3, we use the photometric data retrieved from the public data release 1

of Pan-STARRS1 (PS1) survey as input of the model (Kaiser et al. 2010). The PS1 survey pro-

vides photometry in five grizy bands (Chambers et al. 2016). The input data comprise seventeen

color-related features: four colors g� r, r� i, i� z, and z�y, their uncertainties in PSF and Kron

measurements, and reddening E(B � V). The uncertainties are derived in the quadrature rule.

We use only valid photometric data, which are found with the condition of ObjectQualityFlags

== QF OBJ GOOD (Flewelling et al. 2020). In order to make each input feature contribute a
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Table 4.2 Spectroscopic star samples.
Dataset name Number of objects Selection conditions Reference

LAMOST DR5 4131528 (CLASS == STAR) and (Z > -9000) Cui et al. (2012)

SDSS DR15 544028 (CLASS == STAR) and (ZWARNING

== 0) and (Z ERR > 0.0)

Aguado et al. (2019)

PRIMUS 1730 ZQUALITY == -1 Cool et al. (2013)

OzDES 1138 FLAG == 6 Childress et al. (2017)

COSMOS-DEIMOS 372 (REMARKS == STAR) and (Q >=

1.6)

Hasinger et al. (2018)

COSMOS-Z-COSMOS 300 REDSHIFT < 0.0002 Lilly et al. (2007, 2009)

C3R2-Keck 1 (REDSHIFT < 0.001) and (RED-

SHIFT QUALITY == 4)

Masters et al. (2017, 2019)

similar amount of influence to a model loss function, we rescale input features using min-max

normalization in a feature-wise manner.

We use three di↵erent sets of data in training and validating our model: ID, UL, and LOOD

datasets. Each of the three datasets is used for di↵erent purposes as explained later. The ID data

are galaxy samples used as training data for photometric redshift estimation. We use 1,480,262

galaxies, which are identicial to the samples used in Paper I, and assign 80%, 10%, and 10%

of the samples to the training, validation, and test sets in estimating photometric redshifts.

Because we randomly split data and have plenty of samples, it is reasonable to assume that the

samples allocated to each set are drawn from the same distribution as the ID samples.

The UL data are unlabeled samples presumably containing both ID and OOD samples, and

we do not have information about their physical classes and spectroscopic redshifts. We use

the UL data for the unsupervised training of the model for the purpose of OOD detection. We

construct the entire UL dataset to have 300,055,711 unknown objects. From the UL dataset,

we evenly draw samples according to RA for unbiased training of the model regarding OOD

detection. We use an RA interval of 10 degrees to divide the UL dataset and randomly choose

1,000,000 samples per RA interval. Hence, 36,000,000 UL samples are drawn from the entire

UL dataset. Then, we assign 80% of the samples to the training set and each 10% of samples

to the validation and test set.
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The LOOD data consist of physically OOD objects which are physically di↵erent from

galaxies. In this work, we define labeled (i.e., spectroscopically classified) QSOs and stars

as the LOOD data. We obtain the photometric data of 324,234 QSOs and 4,681,989 stars in

the PS1 data following the same selection condition adopted for the ID training samples. The

sources of these spectroscopic objects are summarized in Tables 4.1 and 4.2. We use the LOOD

data for the quantitative assessment of OOD detection performance and exclude it from training

any models. Hence, we use the entire LOOD samples as the test data for the purpose of model

validation.

4.2 Method

To equip the NNs with OOD scoring/detection functionality, we train two NNs F1 and F2

sharing the same structure with a multi-stage strategy composed of supervised and unsuper-

vised steps (hereafter, stepsup and stepunsup). The training strategy comprises three stages:

supervised pre-training (training stage-1, TS1), iterative supervised and unsupervised training

for OOD scoring/detection (TS2), and supervised training for photometric redshift estimation

(TS3). While the first two stages of the training procedure are originally proposed in Yu &

Aizawa (2019), the third stage is added to improve the model performance for the original

task, i.e., photometric redshift estimation.

We adopt the supervised approach from Paper I for photometric redshift estimation as

stepsup and the unsupervised method introduced in Yu & Aizawa (2019) for OOD detection as

stepunsup. In the following subsections, we outline each of stepsup, stepunsup, three-stage train-

ing procedure, and assessment metrics for model performance measures. For a more detailed

explanation about each training step, refer to Paper I and Yu & Aizawa (2019).

4.2.1 Supervised Training Step for Photometric Redshift Estimation

For the stepsup, we consider discretizing redshift ranges and classifying samples into binned

redshift intervals instead of performing photometric redshift regression, which we refer to as

multiple-bin regression with the NN. For the method, we discretize the redshift range of train-
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ing data and divide it into 64 independent bins with a consistent width. Then, the model esti-

mates probabilities that the photometric redshifts of input samples lie in each bin. Using the

model output probabilities, we may obtain point estimated photometric redshift zphot by aver-

aging central redshift values of the bins with the output probabilities.

As a training loss of the stepsup, we use anchor loss, LANCH (Ryou et al. 2019). The loss

is designed to measure the di↵erence between given two probability distributions considering

prediction di�culties of individual samples caused by various reasons, e.g., the lack of data or

the similarities between samples belonging to di↵erent classes. Anchor loss assigns the di�cult

samples for prediction high weights governed by a weighting parameter, �. One can find the

in-depth definition of the loss in Ryou et al. (2019). Since we train two networks, the training

loss of the stepsup is set as below.

Lsup = LANCH(p1(z|xID)) + LANCH(p2(z|xID)), (4.1)

where p1 and p2 are the model output probability distributions coming from F1 and F2, respec-

tively, z is a redshift bin vector, and xID is an ID input vector.

4.2.2 Unsupervised Training Step for Out-of-Distribution Detection

The stepunsup uses UL data, assumably containing both ID and OOD samples, in training mod-

els and employs the disparity of the results from two networks to classify the samples as either

ID or OOD. Identically structured networks supervisedly trained on the same ID data may

have di↵erent results on OOD samples due to stochastic e↵ects, although the networks are

not optimized for OOD detection. Then, by defining discrepancy loss (LDCP) to measure the

disagreement and maximizing it, the networks can be forced to produce divergent results. The

LDCP defined for this purpose is subject to the following equation:

LDCP(p1, p2) = H(p1(z|x)) � H(p2(z|x)), (4.2)

where H(·) is the entropy. As the networks are trained to maximize the loss, the entropies of

F1 and F2 outputs respectively increase and decrease. Namely, F1 outputs a flat probability

distribution, and F2 generates a peaked one. Note that the loss is available for the unsupervised

approach using UL samples since it can be computed without sample labels.



72 Identification of Out-of-Distribution Data with Neural Networks

To prevent divergent results on ID samples, we employ the sum of Lsup and LDCP as the

training loss of stepunsup. Although the unsupervised approach using LDCP diverge the model

outputs on OOD examples, it also can cause discrepant results on ID samples since UL data

includes ID as well as OOD samples. Hence, defining the training loss of stepunsup as such may

help the two model outputs stay as similar as possible. The training loss of stepunsup, Lunsup, is

defined as below.

Lunsup = Lsup + LDCP(p1(z|xUL), p2(z|xUL)), (4.3)

where xUL is an UL input vector.

4.2.3 Three-Stage Training

We proceed with three-stage training of the networks using the aforementioned stepsup and

stepunsup, as shown in Figure 4.1. TS1 is a pre-training of the networks with the stepsup. The

purpose of this stage is to obtain a stable performance of the models for photometric redshift

estimation. In the TS2, the networks are trained for OOD detection using the iterative training

step, comprised of one stepsup and two stepunsup. The iterative step precludes the divergence

of the two network outputs on ID samples as the Lsup added to the Lunsup does. Hence, as the

training continues, the disagreement of the model outcomes on OOD samples becomes larger

than ID samples since the OOD samples are outside the support of Lsup and stepsup, which

are only applied to ID galaxies. Then, the measure of the disagreement, LDCP, can be used as

an OOD score to flag OOD candidates. At the inference level, the trained networks at TS2 are

used to score the test samples as OOD.

In addition to the two-stage training, we proceed to additional supervised training on ID

samples for photometric redshift estimation, i.e., TS3. The unsupervised training for OOD

detection infects the model performance of the original task since the model is optimized for

two di↵erent losses. Training a single model performing multiple tasks with greater or equal

performance compared to a uni-task model is out of the scope of this paper. Therefore, we train

the two networks again using the Lsup after TS2. Then, the outputs of the two TS3 networks

are combined by averaging to estimate photometric redshifts.

Lastly, we stress that, at TS3, the networks can be trained using the Lsup with di↵erent �s of
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Figure 4.1 Schematic image of three-stage training. The subscripts ID and UL of x indicate

that the x belongs to the ID and UL dataset. The training stages comprise two learning steps:

supervised step (stepsup, upper red box) and unsupervised step (stepunsup, bottom red box).

The stepsup is designed for photometric redshift estimation, and stepunsup is contrived for OOD

scoring/detection. Note that the type of loss for each step is di↵erent. As the first step of the

entire training procedure (training stage-1, TS1), the networks are pre-trained with stepsup. The

pre-trained networks, then, are transmitted to the TS2 and trained for OOD scoring/ detection

using iterative stepsup and stepunsup. In the last step, TS3, the networks are again optimized for

photometric redshift estimation only using stepsup.
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LANCH and integrated through ensemble learning. In this manner, we may reduce the bias of the

single models caused by the anchor losses in Lsup. However, in this paper, we only introduce

the results of the single model trained with � of 0 since we have already demonstrated the

improved performance of the ensemble model in Paper I.

4.2.4 Assessment Metrics

Since our networks perform redshift point estimation and OOD detection, we need independent

metrics to assess the network performances on both tasks. As point estimation metrics, we

adopt the ones used in Paper I: Bias, MAR, �, �68, NMAD, and Rcat. A detailed explanation

about the metrics is o↵ered in Paper I. Note that the lower the point estimation metrics are, the

higher the quality of the redshifts is.

Prior to explaining OOD detection metrics, we first define four measures yielding the met-

rics. True negative (TN), true positive (TP), false negative (FN), and false positive (FP) are

all cases to which the classified samples belong either. The boolean values (true and false) of

the terms indicate if the predicted class of the sample is correct or incorrect. The negative and

positive mean the actual class in which the given sample is included. Here, we respectively

set ID and OOD as negative and positive since the networks perform OOD detection. Hence,

for example, true positive is defined as the number of correctly classified OOD samples in our

case. Note that the values can be varied with respect to the threshold of the OOD score. We use

the central value of the minimum and maximum LDCP as the threshold to compute the metrics.

The following is brief explanations of the detection metrics:

• Accuracy: ratio of the correctly classified samples to the entire samples TN+TP
TN+TP+FN+FP ,

• Precision: a metric quantifying the ratio of the correctly classified positive samples to

the entire positively classified samples TP
TP+FP ,

• True Positive Rate (TPR) or Recall: a fraction between the correctly predicted positive

samples and the entire positive samples TP
TP+FN ,

• F�: a metric measuring harmonic mean of precision and recall weighted by � (1+�2)⇤Precision⇤Recall
�2⇤Precision+Recall .

The lesser and larger � weight more on precision and recall, respectively. Typical values
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for � is 0.5, 1.0, and 1.5. In this work, we set � = 1.5 (F1.5) since we want to more focus

on the recall than precision, i.e., the number of the correctly classified OOD samples out

of all OOD samples,

• AUCROC: Area Under the Receiver Operating Characteristic Curve (ROC curve). ROC

curve is a visualized measure of the detection performance of the binary classifier. In the

curve, the TPR is plotted in function of the false positive rate for di↵erent thresholds of

the OOD score. False Positive Rate is a fraction between the incorrectly predicted neg-

ative samples and the entire negative samples FP
TN+FP . AUCROC o↵ers a comprehensive

measure of the detection performance of the network,

• AUCPR: Area Under the Precision-Recall Curve (PR curve). Although AUCROC o↵ers

a representative measure of the binary detection performance for most of the cases, it

may cause misleading results for imbalanced data. It is because TPR (y-axis of the ROC

curve) only depends on positives, so it excludes the consideration of the negative class.

In the PR curve, precision is plotted in the function of recall. Because precision takes

positive and negative samples into account, AUCPR may be more informative for skewed

data.

In contrast with point estimation metrics, higher detection metrics indicate better detection

performance of the networks.

4.3 Results

In this section, we present the results of the model testing for photometric redshift estimation

and OOD detection. We emphasize that all the results in this section are produced with the

samples in test set, unless we state otherwise.

4.3.1 Photometric Redshift Estimation on In-Distribution Samples

We find that the TS3 networks outperform TS2 networks when it comes to photometric red-

shift estimation. To vindicate the additional stage-3 training of the networks, we compare the
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Table 4.3 The metrics for photometric redshift estimation of the models from TS2 and TS3.

Variables metrics

Case Bias MAR � �68 NMAD Rcat

TS2 - HE 0.0306 0.0466 0.0959 0.0343 0.0314 0.0637

TS2 - LE 0.0015 0.0281 0.0444 0.0293 0.0280 0.0150

TS3 - avg 0.0020 0.0254 0.0392 0.0272 0.0256 0.0087

Figure 4.2 Comparison between spectroscopic and photometric redshifts from HE (left) and

LE (right) models at TP2. The scatters are color-coded according to density. The dashed lines

at the center and both sides of each plot are slope-one lines and catastrophic error boundaries,

respectively.
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Figure 4.3 Comparison between spectroscopic and photometric redshifts from the averaged

network at TS3, color-coded with density. The Pearson correlation coe�cient is written on the

upper left corner of the plot. Note that the redshift overestimation or collapse found in TS2

model disapears for the TS3 model.

photometric redshift qualities from TS2 and TS3 models. Table 4.3 shows the point estimation

metrics from the high and low entropy models (HE and LE, formerly F1 and F2) at TS2 and

averaged model at TS3. Except for the bias, the network at TS3 outperforms the other net-

works. It proves that unsupervised training of the networks at TS2 for OOD detection infects

the photometric redshift qualities from the networks.

The networks at TS2 hold noticeable peculiarities deteriorating photometric redshift quali-

ties. Figure 4.2 displays the comparison between spectroscopic and photometric redshifts from

the HE and LE models at TS2. The photometric redshifts from the HE model are partially

overestimated. On the other hand, the photometric redshifts from the LE network are collapsed

at zphot ⇠ 0.05 and zphot ⇠ 0.2. The peculiarities of estimated redshifts arise from the maxi-

mization of Lunsup during TS2, which makes the output probability distributions of HE and LE

models flat and peaked. In addition to that, the density peaks of both networks are misaligned

with the slope-one line, the low redshift regions of the density peaks being shifted upward. We

believe that the strangely low bias of the LE model stems from the cancelation of the deviation
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Table 4.4 The OOD flagging metrics of the networks on LOOD samples. Every metric of TS2

networks higher than 0.98 shows that the networks accurately detect OOD objects.

Variables metrics

Case Accuracy Precision TPR (Recall) F1.5 AUCROC AUCPR

TS2 0.9802 0.9987 0.9808 0.9863 0.9938 0.9998

TS3 0.0295 0.9990 0.0008 0.0012 0.7547 0.9914

Figure 4.4 LDCP distribution of ID, LOOD, and UL samples.

between the overestimated redshifts in the density peak and underestimated redshifts in the

regions with collapsed redshifts.

These oddities vanish for the averaged network at TS3, as shown in Figure 4.3. In addition

to that, the density peak of the samples is also well-aligned with the slope-one line. The Pearson

correlation coe�cient ⇢ = 0.959 a�rms that the network estimated redshifts are well-matched

with spectroscopic redshifts. Providing the peculiar behaviors of TS2 estimated redshifts and

the TS3 network’s low point estimation metrics overall, we argue that the networks at TS2 are

nonoptimal for photometric redshift estimation and the necessity of the TS3 is justified.
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Figure 4.5 Distribution of LDCP from TS2 networks in the space of spectroscopic and photo-

metric redshifts from TS3 models. The left panel is for the entire test samples and the right

panel is for the cat samples. For clear visualization, we divide LDCP range into three regions

with uniform width: low, middle, and high LDCP ranges. Note that the samples with high LDCP

reside near or outside the catastrophic boundaries.

Figure 4.6 Left: Log-scale LDCP distributions of ID non-cat (blue) and cat (azure) samples.

Vertical dashed lines are boundaries of low, middle, and high LDCP ranges. Right: Distribution

of ID cat and non-cat samples in the space of LDCP and confidence of TS3 networks with the

same color scheme. For clear visualization, we use a larger marker size for the cat samples and

plot cat samples on top of the non-cat ones.
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Figure 4.7 The LDCP distributions of ID samples in the space of colors and spectroscopic red-

shifts. Contour lines depict the distributions of the training samples in each of the input spaces.

Note that high LDCP samples mostly lie outside the contour lines or low density regions.

Figure 4.8 Log-scale LDCP distributions of LOOD samples. The distributions of QSOs (dark-

green) and stars (red) are drawn indepedently. Vertical dashed lines are boundaries of low,

middle, and high LDCP regions.
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(a) QSO

(b) Star

Figure 4.9 The LDCP distributions of QSOs (upper) and stars (bottom) in the space of input

colors. The black contour lines depict the distribution of ID samples in the corresponding input

spaces. The scatters are discretely color-coded according to LDCP groups. The star samples

used to plot the scattergram are randomly undersampled by a factor of about 10 from the entire

star dataset.
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Figure 4.10 Distribution of galaxy (ID, left), QSO (OOD, middle), and star (OOD, right) sam-

ples in the two-dimensional space of LDCP and confidence. Green contour lines indicate the

residence of ID samples in the space. The guide values of LDCP dividing low, middle, and high

LDCP regions are marked as vertical dashed lines in the panels of OOD samples.

4.3.2 Out-of-Distribution Score for Labeled Data

In contrast with photometric redshift estimation, the networks at TS2 show a better separation

of ID and OOD samples than the TS3 networks. As mentioned in Section 4.2.2, multiple net-

works not optimized for OOD detection output di↵erent results on OOD samples. Hence, we

compare the OOD detection performance of the networks at TS2 and TS3. The detection met-

rics of the networks at TS2 and TS3 are tabulated in Table 4.4. Apparently, the TS2 networks

outperform the TS3 models as for OOD detection.

However, interestingly, the TS3 networks have higher precision than that of TS2 networks.

It is due to high TP caused by the small number of samples flagged as OOD by TS3 networks;

only 352,055 samples (⇠ 7%) amongst 5,006,223 OODs are correctly classified as OOD. This

small number results in the unexpectedly high precision, AUCROC , and AUCPR of TS3 net-

works. Providing the high precision of TS3 networks is overestimated, and TS2 networks out-

perform TS3 networks for all the other metrics, we use TS2 networks for OOD scoring and

detection.

The TS2 networks well-separate ID and OOD samples, as shown in Figure 4.4. The figure
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displays the LDCP distributions of ID, LOOD, and UL samples yielded from the TS2 networks.

While most of the ID samples are clustered in the low LDCP ranges, the residence of the LOOD

samples is in the vicinity of the highest LDCP. In addition, the vast majority of the UL samples

are distributed in the high LDCP regions2. Providing this, we infer that the most fraction of

UL samples are more likely to be OODs than IDs, although we cannot specify the classes of

the samples. In the rest of this subsection, we focus more on the labeled data and defer the

inspection of the UL samples to the following subsection.

We find that the prediction di�culties of photometric redshift estimation and OOD score

for ID data are somewhat correlated. Figure 4.5 shows the LDCP distribution in the space of the

spectroscopic and photometric redshifts for ID samples. While most of the samples in the non-

cat region are assigned to the low LDCP group, many of the samples in the cat region belong to

middle or high LDCP groups. Besides, high LDCP samples in the non-cat region deviate more

from the slope-one line than low LDCP samples. It indicates that the high OOD score samples,

which can be viewed as OOD-like ID samples, are likely to have high error of photometric

redshifts.

The log-scale LDCP distributions of ID non-cat and cat samples in the left panel of Fig-

ure 4.6 also endorse our interpretation of the correlation. The distributions show that a higher

ratio of cat samples populates in the high LDCP ranges than non-cat samples. While the number

of non-cat samples almost monotonically decreases as the LDCP increases, the cat samples are

almost uniformly distributed for overall LDCP. Providing these consistent results, we deduce

that the high prediction di�culties of redshift estimation and OOD-like ID samples may share

the same origin3.

We also find that TS3 networks are unreliable concerning high LDCP cat samples. The

right panel of Figure 4.6 shows the distribution of non-cat and cat samples in the space of the

LDCP and the confidence. As shown in the figure, while the number of high confidence non-cat

samples decreases as LDCP increases, cat samples mostly dwell in the low confidence ranges

2Although it is not conspicuous, there is a small peak of UL sample distribution at the lowest LDCP bin. We more

minutely investigate this in Section 4.3.3
3In Paper I, we have already found that the lack of training samples in the input space causes high errors of

photometric redshifts.
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throughout low and middle LDCP ranges. It shows that the TS3 networks are well-calibrated

about the results of low and middle LDCP cat samples, which makes the model outcomes on low

LDCP samples more credential since the models show a gradually less confident attitude toward

high-error samples. However, notice that the residence of high LDCP cat samples extends to the

high confidence regions, which is the indication of overconfident results of the TS3 networks

for OOD-like ID cat samples. It again emphasizes the importance of the OOD detection since

we can filter out these high OOD score samples that the model is overconfident about with

catastrophic error.

To investigate the causes of OOD-like ID samples, we visually inspect the distribution of

LDCP in the space of input colors and spectroscopic redshift in Figure 4.74. As shown in the

figure, most of the high LDCP samples reside outside the residence of the training samples. It

suggests that the networks at TS2 are optimized towards high-contribution data during training

and assign high OOD scores to the test samples similar to the low-contribution samples during

training, i.e., these samples are low-contribution OODs in the view of the model. Providing that

the low-contribution OODs cause high errors of photometric redshifts as presented in Paper I

and the OOD-like samples are also distributed in the low-density regions, both redshift predic-

tion di�culty and high OOD score regarding ID samples originate from the lack of training

samples in the input space.

As ID samples with high LDCP exist, there are low LDCP LOOD samples, which can be

thought of as ID-like OOD objects. Figure 4.8 depicts the log-scale LDCP distribution of the

two types of LOOD, i.e., QSOs and stars. As shown in the figure, a fraction of LOOD samples

dwells in low and middle LDCP ranges, although most of the samples bring high LDCP. The

points to be noted are 1) both QSO and star distributions have peaks at the lowest LDCP bin, 2)

the ratio of the lowest LDCP peak to the highest LDPC peak of QSO is larger than that of star,

and 3) a higher ratio of QSOs is distributed in the low and middle LDCP ranges than stars.

One of the main causes of these ID-like OOD samples is that they locate in the vicinity of

the residence of the ID samples in the input space. Figure 4.9 shows the LDCP distribution of

4In this visual expression, often used hereafter, displaying the projected dimensions of the input space, degen-

eracy concerning the input features which does not exist in the higher dimension of the space may emerge.
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LOOD samples in the space of input colors. As can be seen in the upper panel of the figure,

the high LDCP QSO samples dominate low LDCP ones outside the residence of ID samples.

However, the number of the low LDCP samples increases as approaching the density peak of

the ID samples. It indicates that the QSOs holding similar input feature values with those of

training data can be look-alike with ID samples to the trained model. These ID-like QSOs

contribute to the peak at the lowest LDCP bin of Figure 4.8.

On the other hand, these patterns are not noticeable for stars (see the bottom panel of

Figure 4.9), although some of the objects certainly reside inside the ID residence and low LDCP

stars are certainly exist with a peak at the lowest OOD score bin (see Figure 4.8). We suppose

that more stars than QSOs can be sorted from the ID samples in higher dimensions of input

spaces since the distribution patterns of the stars are significantly di↵erent from those of ID

samples. Hence, the relatively smaller peak of the stars at the lowest OOD score and a lower

fraction of ID-like stars than QSOs arise from the distribution pattern di↵erence.

Evidently, filtering out these low LDCP QSO and star samples enables further reliable usage

of the trained model. We can partially detach low and middle LDCP LOOD objects residing

outside the residence of ID samples in the two-dimensional space of LDCP and confidence. As

already seen in the right panel of Figure 4.6, the residence of ID samples with respect to the

confidence gets narrower towards low confidence region as LDCP increases. In Figure 4.10, it is

clearly depicted by the density contour lines of ID samples. The figure presents the distributions

of galaxy (ID), QSO (OOD), and star (OOD) samples. It is noticeable that many of the LOOD

samples are distributed outside the ID contour lines. Hence, a considerable number of LOOD

samples in the low and middle LDCP range and outside the ID residence can be di↵erentiated

from the ID samples. On the other side, OOD-like ID samples cannot be distinguished from

OOD because the residences of high LDCP ID and LOOD samples are overlapped.

4.3.3 Out-of-Distribution Score and Photometric Redshifts of Unlabeled Data

Since the UL data have no labels and spectroscopic redshifts, we ought to assess the model per-

formance on UL samples in an indirect manner. To measure the OOD detection performance,

we first compare our results to the point-source score (ps-score, Tachibana & Miller 2018).
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Figure 4.11 Distribution of LDCP with respect to di↵erent ps-score range.

Figure 4.12 Density contour lines of the UL samples with filled density contour map of ID

samples in the space of the input colors, (g� r) and (r � i). We again use the trisection of LDCP

to split UL samples into low, middle, and high LDCP groups.
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Figure 4.13 LDCP distributions of UL samples in the space of input colors and photometric red-

shifts, color-coded with respect to LDCP groups. Remember that the samples lack spectroscopic

redshifts. The black contour lines are drawn with the spectroscopic redshifts and corresponding

input colors of ID samples.

The ps-score is also a machine-learning-based probabilistic measure of sources of being point

sources for PS1 objects in the range of [0, 1]. The ps-score outperforms a simple cut of (PSF

� Kron) magnitudes for separating galaxies from stars. Although it is not always the case,

the samples with a lower ps-score are more likely to be galaxies, and we expect our model to

produce lower LDCP for low ps-score samples and vice versa.

The distributions of LDCP with respect to ps-score are subject to the expected pattern, al-

though the two machine learning outputs are not perfectly matching. Figure 4.11 shows the

LDCP distribution of UL samples, appertaining to di↵erent ps-score ranges. The test examples

with ps-score used for this examination are undersampled from the UL dataset within the RA

range [0, 10], [100, 110], and [170, 180]. As shown in the figure, the samples within the lowest

ps-score interval are mostly distributed near the minimum and maximum LDCP values, and the

distributions of the higher ps-score samples are shifted towards high LDCP ranges. We conjec-

ture that the middle/high LDCP samples within the lowest ps-score are highly liable to be the

low-contribution OOD galaxies residing in outskirts or low-density parts of ID residence, as

mentioned in Section 3.1. Except for this understandable di↵erence, the two machine learning
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models reach a consensus on other UL samples.

In addition to the pattern shifts according to the ps-score, we find the analogous pattern

variations regarding LDCP in Figure 4.12, which also indirectly proves LDCP to be a confidential

OOD score. The figure displays how the residences of UL samples (contour lines) vary with

respect to LDCP compared to the ID sample residence (filled contours) in the space of input

colors. The low LDCP UL samples show the most resembling distributions to those of the ID

samples. Viz, the networks assign low LDCP to the samples with comparable input features to

the ID samples. The middle LDCP UL samples also show a similar form of residence to that of

ID samples, although they do not reproduce the multiple peaks of ID samples. Evidently, the

samples within the high LDCP group have a completely di↵erent distribution from ID samples.

Scilicet, in the increasing order of the OOD score, the density distributions of the UL data

deviate more from those of ID samples. It implies that our trained networks successfully sort

out OOD-like samples from ID-resemble ones.

We reckon that the networks also adequately produces photometric redshifts for UL sam-

ples. We expect that the distributions of photometric redshifts to be similar to that of ID samples

for low LDCP UL samples and to random guessing, i.e., uniform distribution, for high LDCP UL

samples. Figure 4.13 depicts the LDCP distributions of UL samples in the space of three input

colors and photometric redshifts. As shown in the figure, the samples within low LDCP ranges

mostly reside inside the residence of ID samples. It signifies that the photometric redshifts for

ID-like UL samples are properly computed by the model according to input feature values, al-

though we cannot quantify the error of the estimated redshifts due to the lack of spectroscopic

redshifts. On the other hand, the photometric redshifts of OOD-like samples are randomly

spread in the spaces without any patterns. It certainly shows that the photometric redshift dis-

tribution for OOD-like samples are more closed to uniform distribution than ID-like samples.

However, most of the redshifts are in the region where zphot < 0.8. Given that the maximum

redshift value of the training set is approximately 2.00, it indicates that the individual model-

estimated probability distributions for OOD-like samples are truncated at z ⇠ 0.8. It arises from

the fact that about 99.82% of training samples have below 0.8 spectroscopic redshifts. During

training, the networks are optimized to estimate probability distributions of redshifts shifted
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towards the range where the majority of training spectroscopic redshifts are populated.

4.4 Discussion and Conclusion

Our model presented here successfully estimate photometric redshifts of galaxies even with the

addition of the extra NN to our previous model presented in Paper I. The proposed multi-step

approach in this Paper II reproduces a reliable estimation of photometric redshifts. Our trained

model is available online5 for further usages.

The proposed method to detect the OOD data with the photometric redshift inference model

shows that the new model can definitely measure how much given data deviate from the train-

ing data as OOD samples when they are physically galaxies with the OOD properties. The

majority of samples with the catastrophic redshift estimation corresponds to the data with high

OOD scores (see Figure 4.5). However, our model estimating the OOD score cannot replace the

model classifying out galaxies from stars and QSOs. As shown in Figure 4.10, a large number

of stars and QSOs show low OOD scores and high confidence values for photometric redshifts

in our model although they are definitely physically OOD objects. These objects have the in-

distinguishable input features compared to the real galaxies in terms of the model’s perspective

for photometric redshifts.

We plan to apply SED-fitting methods to the galaxies with the high OOD scores or low

confidence values. The machine learning inference model has limitation depending on training

samples. Therefore, using the SED-fitting methods as well as the machine learning inference

models can be an e↵ective way to achieve high analysis speed and accuracy together with broad

applicability in estimating photometric redshifts for a large number of galaxies expected in the

future surveys such as the Legacy Survey of Space and Time (Ivezić et al. 2019).

The current implementation including the two NNs needs to be improved if the full ben-

efits of ensemble learning with the multiple anchor loss parameters presented in Paper I are

required for better estimation of photometric redshifts and evaluation of the OOD scores in a

single machine learning framework. The current model presented in this paper excludes multi-

ple inferences of photometric redshifts in ensemble learning. The ensemble model distillation
5https://github.com/GooLee0123/MBRNN OOD
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might be a possible way to accommodate the multiple models included in the ensemble learn-

ing as a single combined model (e.g., Malinin et al. 2020) in the current framework combining

inference of both photometric redshifts and OOD score. We plan to develop the implementation

of the ensemble distillation in the future.

Identifying the influential data among the low-contribution OOD samples in UL data can

play a key role in improving the quality of photometric redshifts. Including influential data in

training can alter the machine learning model significantly, reducing the fraction of incorrect

estimation and/or the uncertainty of estimation (Charpiat et al. 2019; Pruthi et al. 2020). Since

the influence of data relies on the model, the future method needs to have the model-dependent

algorithm to assess the influence of data in a quantitative way. The highly influential data

among the OOD samples requires labeling, i.e., acquiring spectroscopic redshifts, to be used

as learning samples (Masters et al. 2015; Newman et al. 2015).

Understanding the nature of the low-contribution OOD samples will be also important in

addition to the algorithm of evaluating the OOD score. A large fraction of the OOD samples

might be produced by e↵ects like source blending and observational artifacts. When selecting

highly influential OOD samples, the new algorithm for the OOD score may need a step of

filtering out the photometrically unreliable samples.

Semi-supervised learning methods (e.g., Ouali et al. 2020) might be an alternative approach

to the supervised learning like the method presented here in the estimation of photometric red-

shifts. Semi-supervised learning models intrinsically do not have the issue of the OOD prob-

lem except for the case of physically OOD samples. However, the e�cacy and reliability of

the semi-supervised learning is a new challenge compared with supervised learning methods.

Measuring the influence of data is still important because the performance of semi-supervised

learning methods is strongly subject to the labeled samples and the weights of unlabeled sam-

ples.



Chapter 5

Summary and Discussion

The neural network is one of the representative machine learning architectures showing re-

markable performances in a wide variety of fields and tasks. The astronomical applications of

neural networks presented in this thesis show that 1) neural networks may achieve comparable

or superior performances to the conventional methods for gravitational waveform generation

and photometric redshift estimation, 2) the performance of neural network depends on the prop-

erties of training data, 3) neural network results can be overconfident and unreliable on samples

drawn from OOD, and 4) open a new door for more reliable application of neural network to

astrophysical problems.

In Chapter 2, we have built the DDS2S model generating merger-ringdown waveforms

using the inspiral waveforms in a short time. We have examined the applicability of the wave-

forms by computing the overlap with EOBNR-based waveforms and performing the injection

test. The accuracy of the DL-based waveforms is found to be better than 99.9% in most com-

binations of the masses, while a small number of outliers with overlap as small as 0.99 exists.

In the injection test, we have recovered the event time of waveforms injected into real noise

data with the conventional matched filtering engine of PyCBC. Regarding the speed of wave-

form generation, the DDS2S model has an advantage over other waveform approximants when

computing a batch of multiple waveforms simultaneously. For computing a single waveform,

EOB is faster than the DDS2S model, typically taking O(10�2) seconds using a modern CPU

core. However, the DDS2S model generates ⇠ 1500 waveforms using pre-generated inspiral
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waveforms in O(1) seconds using NVIDIA GeForce GTX 1080, while EOB took O(10) sec-

onds. The disparity arises since the DL models are specialized for batch computations, which

process multiple data at once.

The DDS2S model has been built to learn how to predict the output waveforms only from

the given input waveforms without any specific physical information of the source binary sys-

tem. Thus, we can readily extend this work to various systems of interest. For a more precise

description of realistic physical binary systems, we need to have waveform models for more

complex binaries: a wider range of the mass ratios, the spin of each component, eccentricity

of the orbits. GWs from unbound orbit such as hyperbolic and parabolic encounters are also

of great interest. Lastly, it is worthwhile to mention that recalibration of full IMR waveforms

to increased amounts of NR waveform data is in progress in the community (The LSC-Virgo-

KAGRA Observational Science Working Groups 2020). Our approach described in Chapter 2

can potentially be applied to more complex systems described above because DDS2S only

depends on training data, not any assumptions or approximations on which other waveform

models are based. Moreover, we have observed that ⇠ 1000 training waveforms are su�cient

for the model to reach the expected level of accuracy in Sec 2.4.3. Thus, as long as there is

a su�ciently large number of training waveform samples for any systems or NR are given,

DDS2S can be trained to generate accurate waveforms in principle.

In Chapter 3, we have improved the accuracy of neural networks for photometric redshift

estimation and investigated how model performance varies regarding the distributions of sam-

ples in the input dimension spaces. Our investigation of the trained model’s weakness guides

us to issues that need to be addressed in order to improve the machine learning inference of

photometric redshifts. First of all, more spectroscopic samples are required to improve the ac-

curacy of the trained model. The accuracy of the machine learning inference might be degraded

for the specific parts of mapping between the input and the redshift space due to the lack of

enough training samples, which are generally considered close to the OOD samples (Beck et

al. 2017). The mismatch between the training sample distribution and the test data distribution

also results in the biased estimation of photometric redshifts (Rivera et al. 2018). Even when

the test data incorporates only galaxies, the distribution of the input features in the test data
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can become the out-of-distribution case as we examined in Section 3.5.1. Therefore, new ma-

chine learning models definitely need to include more spectroscopic samples as training data

covering the large input and output (i.e., redshift) spaces.

In Chapter 4, we have presented a multi-stage training approach composed of supervised

and unsupervised learnings to filter out OOD objects. Our model presented here successfully

estimate photometric redshifts of galaxies even with the addition of the new network to our

previous model presented in Chapter 3. As presented in Section 4.3.1, the proposed multi-

step approach of this chapter reproduces a reliable estimation of photometric redshifts. The

proposed method to detect the OOD data with respect to the photometric redshift inference

model shows that the new model can clearly measure how much given samples deviate from

the training samples as OOD objects when they are physically galaxy objects with the OOD

properties (see Section 4.3.2). The majority of objects with the catastrophic redshift estima-

tion is explained as data with a high OOD score (see Figure 4.5). The model estimating the

OOD score cannot replace the model of classifying out galaxies from stars and quasars. As

shown in Figure 4.10, a large fraction of stars and quasars show low OOD scores and high

confidence values for photometric redshifts in our model. These objects have indistinguishable

input features compared to the real galaxy objects in terms of the model perspective. Identify-

ing the influential data among the OOD samples can play a key role in improving the quality of

photometric redshifts. The influential data can alter the machine learning model significantly,

reducing the fraction of incorrect estimation. Since the influence of data relies on the model,

the future method needs to have a model-dependent algorithm to assess the influence of data

in a quantitative way. The highly influential data requires labeling, i.e., acquiring spectroscopic

redshifts, to be used as learning samples.

As we have shown throughout these sequential studies, neural network-based astronomical

approaches may achieve similar or superior performances to the conventional methods. DDS2S

model achieves comparable accuracies with EOBNR-based gravitational waveform templates

as shown in Chapter 2, and MBRNN shows higher photometric accuracies than typical SED

fitting based redshifts, as proved in Chapter 3. However, the stability and high performance

of the models are restricted to the input dimension spaces extended by the training data. The



overlaps of the generated gravitational waveforms by DDS2S models plummet for the param-

eters drawn outside the training data. Besides, the results of the MBRNN for OOD objects are

inaccurate and/or overconfident. The unintended test data not included in the training set spoil

the credibility of the model.

The unstable performance of neural networks is a generally well-known problem in com-

puter science. Hendricks and Gimpel (Hendrycks & Gimpel 2016) suggested a baseline model

for OOD detection in the neural network. Lee et al (K. Lee et al. 2018) proposed a progressed

method for detection of OOD examples using Mahalanobis distance assuming the trained

network parameters can be fitted well by a class-conditional Gaussian distribution. Yu and

Aizawa (Yu & Aizawa 2019) use unsupervised training with unlabeled samples as training

data to endow the networks with the functionality of scoring and detecting OOD objects. Some

of these example studies on OOD problems emphasize the awareness of the community for the

untrustworthiness of the neural network and the movement towards more robust models.

In the field of Astronomy, however, this unreliability of neural networks regarding OOD

has been disregarded shaded by the superior performance and the readily applicable charac-

teristics of the models. Although numerous past studies have proved the advantages of using

neural network-based approaches (Firth et al. 2003; Ball et al. 2008; Singal et al. 2011; Bres-

cia et al. 2013; Laigle et al. 2017; Bilicki et al. 2018; Chong & Yang 2019), we haven’t been

able to find any astronomical research cases handling robustness or OOD problems concerning

the neural network to the best of our knowledge. The data of interest for the astronomical ap-

plication of neural networks should have unwanted samples since it is implausible to prepare

training data covering entire input dimension spaces extended by real-world data. Hence, the

superior performances of the neural network, which have been shown in the optimistic stand-

point so far, are somewhat overestimated since well-controlled test samples are only used for

the assessment of the model performance, filtering out OOD objects. Using this series of works

as a springboard, we expect more stringent studies on the reliability of the neural network to

be made for a practical application of the architecture in Astronomy.
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