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TauREx 3
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• Built from the ground up as full python stack
• 10 - 200 times faster than TauREx 2
• Full NVIDIA and OpenCL GPU support (another
50x faster for JWST or high-res)

A PREPRI

• Fully tested against TauREx 2 which is
benchmarked against NEMESIS, CHIMERA,
ARCiS
• For full installation type: “pip install taurex”
• Plugin features and TauREx extensions
• New and fast cross sections
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Retrieval model comparison
• We are comparing forward models and retrieval results with Mike Line and Jo Barstow
• Exact comparison between line list differences
• K-coeffcients (NEMESIS) vs cross-section approaches (Chimera, Tau-REx)
• Open up wider model comparison in data challenge
later on this year

NEMESIS (Irwin et al. 2008)
Chimera (Line et al. 2012)
Tau-REx (Waldmann et al. 2015)
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•Classical sampling slow
(MCMC, Nested Sampling) > 105 - 106 forward model
iterations

Sampling

The retrieval bottleneck

Physics
• Extremely large databases

ExoMol

• Temperature-Pressure profiles
• Cloud models
• Disequilibrium chemistry
• 3D effects -> GCMs

Line lists

HiTemp
Hitran

well balanced paper

JWST
Data
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Robotic Exoplanet Recognition (RobERt)
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The brave new world of deep learning

The era of big data in astronomy

LSST: 60 Pb of data
SKA: >37 Tb/s, total of 5 Zetabytes by 2030

Classifying galaxies in Galaxy Zoo
8

Dieleman, Willett & Dambre
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Figure 4. Schematic overview of a neural network architecture for exploiting rotational symmetry. The input image (1) is first rotated to
various angles and optionally flipped to yield di↵erent viewpoints (2), and the viewpoints are subsequently cropped to reduce redundancy
(3). Each of the cropped viewpoints is processed by the same stack of convolutional layers and pooling layers (4), and their output
representations are concatenated and processed by a stack of dense layers (5) to obtain predictions (6).

e.g. Dielmann et al. 2015, Lukic et al. 2018

Rodriguez et al. 2018

Learning the cosmic web from N-body simulations

Figure 1: Samples from N-body simulations (top two rows) and from our GAN model

Some other application examples

• Superresolution imaging of planetary
surfaces
2514

D. Stark et al.

PSFGAN
Learning instrument point spread functions from data

• De-trending in weak lensing

Training Architecture
Original
Discriminator

• Crater counting on planetary surfaces
• Learning instrument responses
• etc

Original + AGN

Preprocessing

radial light profile (Boyce, Disney & Bleaken 1999). These methods however systematically overestimate the quasar contribution
and only yield a lower limit for the host galaxy flux. Later studies
showed that fitting two-dimensional galaxy components simultaneously with the point source (PS) component yields the most robust
method (Peng et al. 2002; Bennert et al. 2008).
One of the most popular methods used for two-dimensional surface profile fitting is GALFIT (Peng et al. 2002, 2010). Its ability to
recover PS fluxes and host galaxy parameters has been demonstrated
several times both for HST images (Kim et al. 2008; Simmons &
Urry 2008; Gabor et al. 2009; Pierce et al. 2010) and for groundbased images (Goulding et al. 2010; Koss et al. 2011). GALFIT is a
very powerful tool for detailed morphological decomposition of single cases but it was not designed for batch fitting (Peng et al. 2002).
In the era of ‘big data’ in astronomy,1 where large data sets have to
be efficiently analysed without human interaction, parametric fitting
might not be an efficient approach. Nevertheless there have been
approaches (Vikram et al. 2010; Barden et al. 2012) to automate
GALFIT by combining it with SEXTRACTOR (Bertin & Arnouts 1996),
but these methods still depend on their input parameters.
Machine learning (ML) often accomplishes the demand for automation and scalability in data analysis. Various ML techniques
have been applied to astronomy, for example in outlier detection
(Baron & Poznanski 2017), galaxy classification (Dieleman, Willett
& Dambre 2015; Sreejith et al. 2018), or detector characterization
(George & Huerta 2018). The most recent developments in auto-

Recovered
Generator

Stark et al. 2018

Figure 1. Scheme of the architecture used in this work. The generator takes
as input the modified image (original galaxy image with a simulated PS in
its centre) and tries to recover the original galaxy image. The discriminator
distinguishes the original from the recovered image. Before feeding the
images to the GAN they are normalized to have values in [0,1] and transformed
by an invertible stretch function.

2014). Conditional GANs take a conditional input (Reed et al. 2016)
and can be used for image processing (Isola et al. 2017). GALAXYGAN takes a degraded galaxy image as conditional input (Schawinski
et al. 2017). During the training the generator tries to recover the
original image from the degraded one. The discriminator learns to

Searching for exoplanets
• The Kepler and TESS data set is ideal to train neural networks
• Neural nets can outperform more classical detection pipelines
• Can probe lower signal-to-noise data than other methods

neural network models. The “global view” is a ﬁxed-length representation of the entire light curve,
around the detected transit. (a) Strong planet candidate. (b) Long-period planet where the transit falls
ooks like a planet in the local view.

• Can include domain knowledge in search (Ansdell et al. 2019)
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Figure 4. Fully connected neural network architecture for classifying light
curves, with both global and local input views.

Shallue
& Vandenburg 2018, Dattilo et al. 2019
2. Fully connected architecture. A fully connected neural
network is the most general type of neural network and

Figure 13. We evaluate a subset of the Kepler data set where the noise parameter is at least 2, the transit duration is between 7 an
than 50 d. This limits the number of planets to have sufficient data in transit to make a robust single detection and have enough d
transits. Each window of time is from a single Kepler quarter of data. The colour of the data points is mapped to the probability of
red lines indicate the true ephemeris for the planet taken from the NASA Exoplanet Archive. The phase-folded data are computed w
the data. The period labelled ‘Data’ is estimated by finding the average difference between peaks in the probability–time plot (b
period in most cases is similar to the true period and differs if the planet is in a multi-planet system or has data with strong system

Pearson, Palofax & Griffith 2018
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Searching for exoplanets
• Significant work being done in this field
using a range of techniques
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• Understanding instrument systematics are
the main hindrance (pixel sensitivity
variations as function of space craft orbit)
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• All data is publicly available and well
documented

3.

Osborn et al. 2019

Example of transit data
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Interpolating transit LC with LSTMs

3

h = (o ) tanh(c )
Correcting time series data using probabilistic
LSTMs

2.3. Recurrent Neural Networks (RNNs)

t

t

t

The main characteristic of Recurrent Neural Networks
Where t denotes the time step, Wab the matrix of9
Interpolating
transit LC with LSTMs
2
is that they allow for recurrent connections . If we conweights relative to the vectors a and b, ba the bias vector
sider an input sequence {x1 , x2 ...} of vectors, a recurrent
relative to a, the Hadamart product and is the achidden layer will thus process it sequentially, receiving
tivation function, typically a sigmoid or tanh function.
at step t both the input xt as well as other previous hidIncidentally, these types of gated RNNs also have the
den state(s) in order to compute the current state ht . A
advantage of being easier to train than basic RNNs, by
typical example is shown on Figure 2, where the recuralleviating the well known vanishing or exploding gradirence occurs between the hidden units of the same layer:
ent issue3 (13).
ht = ht (xt , ht 1 ). Compared to MLPs, RNNs allow us
Figure 7. Raw data (blue) and model output, i.e. interpolated light curve in the absence of transit (red) for the light curves.
Dashed vertical lines indicate the initial prediction ranges.

• Exploits the spatial and time dependence
of systematic noise
Figure 2. An example of a recurrent neural network with
• Nearly infinitely scalable to huge data
no output from (8).

such as Kepler or TESS (Gaussian
Processes are restricted here)

sets

to reduce the number of parameters of the network by
sharing weights between time-steps while seeking tem• Probabilistic
poral patterns
in the data. time forecasting, i.e. accurate
error
barsmore sophisticated recurrent arIn practice,
several
chitectures are often more e↵ective than basic RNNs,
with namely the long short-term memory (LSTM) ((11))
Morvan et al., AJ accepted,
architecture whose cell is shown in Figure 3. LSTM
2001:03370
networks arXiv:
have proven
successful in a large range of ap-

Kipping & Lam 2017

• Potentially increases transit detection efficiencies significantly

3501

have little influence on the class probability of an outer. Despite
this, there are reasons to revisit this choice.
In what follows, we focus on the feature Teff since it displays a
higher χ 2 than log g in the feature exploration conducted earlier.
Since giants have been removed from our sample, both Teff and
log g track the spectral type of the parent star and thus physically
speaking are proxies of the same thing.
The lack of a strong χ 2 in Fig. 4 for Teff does not necessarily imply
that it has no predictive power. Correlations with other features
could conspire together to mask the effect in a 1D marginalized
format, such as that presented in Fig. 4. Moreover, it has been
established in previous works that the architectures of planetary
systems do vary as a function of spectral type (for example see
Dressing & Charbonneau 2015; Mulders, Pascucci & Apai 2015).
However, we point out that these differences do not necessarily
require that the specific output we train upon, class probability of
additional transiting planet beyond P > 13.7 d, will be substantially
distinct.

MNRAS 465, 3495–3505 (2017)

We decided to investigate whether including Teff as an additional
feature improves the results of our ANN. We begin by taking the
simpler (non-hybrid) ANN described in Section 3, which has just
two features (Rmax and P(Rmax )) and augmenting it with a third
feature, Teff . Since the optimal architecture for the ANN cannot be
assumed to be the same as that of the previous two-feature case,
we repeated the exercise described in Section 3.4 of comparing
the cross-validation detection yield improvement factor, R0 , for
different ANN architectures.
Using a single-layer network, we varied U from 1 to 10 and
compared the R factors, as before. Unlike the two-feature case, the
cross-validation results improve up to U = 4 (as shown in Fig. 9) but
then start to worsen beyond that, which implies that we are starting
to fit out noise which of course has no predictive power.
Fig. 9 also reveals that including the third feature does not include
the cross-validation results, in fact it actually degrades them. For
example, the U = 4 two-feature network gives R0 = 1.690, whereas
the U = 4 three-feature network gives R0 = 1.668. We considered
that perhaps this could be because the network is not complex
enough and thus tried using a U = 36 single-layer network which
gives R0 = 1.678, indicating that although the predictions seem to

5.2 Simple three-feature ANN

D. M. Kipping and C. Lam

Figure 6. Cross-validation results from 10 different single-layer FF ANNs,
similar to Fig. 5 except we only show the fitted sigmoids. Using early
stopping, we identify that cross-validation performance does not improve
for U > 4 and thus identify this as our preferred ANN.

Downloaded from https://academic.oup.com/mnras/article-abstract/465/3/3495/2627194
by guest
on 09 July 2018

The hybrid ANN discussed in the previous section accounts for three
features, a radius-like feature (Rmax ), a radius-like feature (P(Rmax ))
and the inner multiplicity flag (Minner ). The feature selection was motivated by the feature exploration conducted in Section 3.2, where
properties relating to the star, namely Teff and log g, appeared to

5.1 Overview

• Predicting the likelihood of extra planets existing in a system

Figure 9. Same as Fig. 6, except the single-layer FF ANN now includes
an additional feature, Teff . Cross-validation actually degrades for networks
using more than 4 neurons, indicating that the training is fitting out noise
beyond this point. For comparison, the black-dashed line shows the optimal
U = 4 ANN when Teff is not used, as found earlier in Section 3.4.

3500
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Figure 8. Cross-validation results from our hybrid two/three-feature ANN,
similar to Fig. 5 except we only show the fitted sigmoids. Using early
stopping, we identify that cross-validation performance stabilizes for U ≥
4 and thus identify this as our preferred ANN. For comparison, the blackdashed line shows the optimal U = 4 ANN when Teff is not used, as found
earlier in Section 3.4.

Figure 7. Architecture of our final network, which can be considered as
being a hybrid of two single-layer ANNs or one dual-layer ANN with several
synaptic strengths fixed to zero.

Transit clairvoyance

Predicting additional planets in a system
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specified by the user.) The three-dimensional surface is constructed using these averaged value
surface plot does not show the variation at each grid point.

These plots are useful in regression analysis for viewing the relationship among a dependent an
variables. Remember that
multiple regression
assumes that
this surface is a perfectly flat surfac
Knowing
the retrieval
likelihood
surface plot lets you visually determine if multiple regression is appropriate.
Areas of interest

Sampling is hard and time consuming
Nested Sampling is currently the norm,
Drawing “nests” of interest where
sampling will be more pronounced.
NS does sample the full likelihood and
gets the Evidence.

p(x) = p(x | θ)p(θ)dθ
∫
Not a real exoplanet
likelihood

Do we need to sample here?

specified by the user.) The three-dimensional surface is constructed using these averaged value
surface plot does not show the variation at each grid point.

These plots are useful in regression analysis for viewing the relationship among a dependent an
variables. Remember that
multiple regression
assumes that
this surface is a perfectly flat surfac
Knowing
the retrieval
likelihood
surface plot lets you visually determine if multiple regression is appropriate.
Sampling is hard and time consuming
Learning the likelihood using neural
nets can significantly speed up the
sampling by being able to ‘predict’
where to go.

Not a real exoplanet
likelihood

Introduction

Surface plots are diagrams of three-dimensional data. Rather th
plots show a functional relationship between a designated depe
(X and Z). The plot is a companion plot to the contour plot.

Producing the mapping between data and posterior
Can we map from the data to the

It is important to understand how these plots are constructed. A
The range of this grid is equal to the range of the data. Next, a
value is a weighted average of all data values that are “near” th
specified by the user.) The three-dimensional surface is constru
posteriors
directly?
surface plot does not show the variation at each grid point.

These plots are useful in regression analysis for viewing the re
variables. Remember that multiple regression assumes that this
surface plot lets you visually determine if multiple regression i
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Figure 3. Spectra (left) and posteriors distribution (right) for a hot-Jupiter with a cloudy atmosphere (opaque cloud deck at
10 3 bar). Orange plots: the mass is known. Green plots: the mass is retrieved. The blue crosses indicate either the simulated
ARIEL observations (left plot) or the ground truth values (right plot).

Machine learning atmospheric retrievals
• Machine learning approach using random forests
• Learns to repeat retrieval of a planet (e.g. WASP-12b) very fast

Márquez-Neila, Fisher, et al. 2018
Left panel: Coefficient of determination for each of the 5 parameters, as well as for the joint
versus the number of regression trees used in the random forest with an assumed noise floor of 50

(a) Random Forest

Machine learning atmospheric retrievals
An Ensemble of BNNs for Exoplanetary Atmospheric Retrieval

Spectra

Concrete Dropout
Dense Layer 1

Concrete Dropout
Dense Layer 2

Concrete Dropout
Dense Layer 3

5

• Machine
learning
approach
initialization
and the path
taken during
stochastic optimization.
using Ensemble Neural Nets
In this paper we use an ensemble of five plan-net
models and provide comparison to a single model. Five
models were
chosen due
the empirical
performance
• Learns
to torepeat
retrieval
of a
in Table 1, as larger ensembles result in increasingly
planet (e.g. WASP-12b) very
marginal improvements.
The challenge
fast in using an ensemble is in how the
outputs from the individual
models are combined. In
(b) plan-net
our case, each output is the mean and covariance of
a multivariate normal distribution. Therefore in combining these distributions together, we can treat the
overall output from the ensemble as a Gaussian mixture
model, whereby the each component weight corresponds
to 1 /M , where M is the number of models in the ensemble.
To calculate the expectation of this mixture model,
µens , we take the average of the individual component
means such that
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Two schools of thought:
to likelihood or not to likelihood
The variational autoencoder

Encoder

Decoder

The latent variable space as probabilities
The variational autoencoder

Encoder

Decoder

Adversarial Learning: Generative Adversarial Networks
A likelihood free approach

pdata

Real data

if pgenerated ≠ pdata
Fake

Loss

Discriminator
Real

p(z)

if pgenerated = pdata

Generator
Generated data

pgenerated

Goodfellow et al. 2014
Zingales & Waldmann 2018

Inpainting
Completing missing information given available data and what the
algorithm has learned from training

Well trained

Corrupted

Missing data
to be completed

Poorly trained

Spectral reconstruction
Spectrum

Parameters

Input

WFC3 mask

Reconstruction

Zingales & Waldmann 2018

parameters for the training set. The A(0 ) column represent the absolute accuracy of the prediction without taking
into account the error bar of the retrieval. The 2nd and 3rd
columns are taking into account the 1 and 2 retrieved
errors following equation 11.

Spectral reconstruction
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Conclusions
Where to go from here:
• Better understanding and
exploiting entropy & sparsity
• Build more tractable neural
net architectures
• Formally including data
likelihoods

We are hiring!
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