




USING SUPERNOVA 
TOMOGRAPHY

HOW TO LOOK INSIDE 



SUPERNOVA TOMOGRAPHY

EXPANDING EXPLODED OBJECT

OBSERVED SPECTRA

EMITS 
SMOOTH 
CONTINUUM

FEATURES IMPRINTED BY  
ELEMENTS IN THE ENVELOPE

Spectra from SN2011fe Pereira et al. 2013
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REVERSE ENGINEERING THE EXPLOSION

t = 6 days t = 12 days t = 19 days
!Data

Model(Fe, S, Co, O, C, …) = Model( !! )



THE DREAM



EXPLORE THE POSTERIOR

P(Model( !! ) ! !data) ! P( !data !Model( !! )) " P( !! )

Likelihood - metric to compare model and data Prior

Radiative Montecarlo code



TARDIS RADIATIVE TRANSFER CODE

Black 
Body

The Model Modular

Open

Documented

• Parameters
• Time since Explosion 
• Temperature 
• Radius 
• Density Profile 
• elemental abundance 

(O, Si, Ca, Fe, …)
Kerzendorf & Sim 2014
Kerzendorf et al. 2018

github.com/tardis-sn/tardis

http://github.com/tardis-sn/tardis


SEARCH-SPACE

Black 
Body

Parameters
Temperature 
Abundances  

(Oxygen, Silicon, …)

Example Case for 1 Spectrum :12 Parameters
1 Evaluation ~ >1000 seconds single core

Building a simple grid (3 points in each 
dimension): 1x106 , 1x106 CPU hours



SPECTRAL EMULATORS
REVERSE ENGINEERING EXPLOSIONS

WOLFGANG KERZENDORF 
RINGBERG ML 9TH DEC 2019



AND TRUSTED THE 
NEURAL NETWORK

OR HOW I STOPPED 
WORRYING

For Tom ;-) 



SUPERNOVA EXPLOSIONS
REVERSE ENGINEERING



REVERSE ENGINEERING THE EXPLOSION

t = 6 days t = 12 days t = 19 days

SIMPLEST CASE

!Data

Model(Fe, S, Co, O, C, …) = Model( !! )



EMULATORS

Christian Vogl (Max-Planck) 

Patrick van der Smagt (VW 
Group - Fundamental AI 
Research )  

Gabriella Contardo 
(Flatiron) 

Marc Williamson (NYU)



WHY NOT CLASSIC MACHINE LEARNING APPROACH?

TARDIS 
PARAMETERS 

(E.G. FE, NI, O, …)
SYNTHETIC SPECTRA MACHINE LEARNING 

ALGORITHM

SPECTRAL 
PARAMETERS 

(E.G. FE, NI, O, …)
OBSERVED SPECTRA

Prediction Phase

MACHINE LEARNING 
ALGORITHM

Training Phase

Problems - see Tom’s Talk



EMPIRICAL MODELS

fTARDIS( !x ) # !y
REALITY

VERY GOOD APPROXIMATION

fapprox(
! !! , !x ) # !y

TUNABLE PARAMETER



EXPLORE THE POSTERIOR WITH AN EMULATOR

P(Model( !! ) ! !data) = P( !data !Model( !! )) " P( !! )
P( !data !Model( !! )) " P( !! )

Emulator



THE EXPANDING 
PHOTOSPHERE METHOD

MEASURING 
DISTANCES

Christian Vogl @ MPA

Vogl, WEK et al. 2019



EXPANDING PHOTOSPHERE METHOD

Luminosity Distance Type IIP Supernova

Large Hydrogen Envelope

PHOTOSPHERE

L ! R2T4 = v2
phott2

0

R2

T4

C. Vogl et al.: Spectral modeling of type II supernovae

(a) November 9

4000 6000 8000
l [Å]

SN1999em
14 November
TARDIS

(b) November 14

(c) November 19

Fig. 8: Spectroscopic analysis of SN 1999em. The three subfigures show comparisons between observed (black) and best-fit emu-
lated spectra (blue); the best-fit has been determined through a maximum likelihood approach as outlined in Sect. 6.2. Each spectral
comparison is combined with a table of the inferred parameters, the literature values from Dessart & Hillier (2006) (D06) and the
di↵erence between the two. Since the observed spectra have not been corrected for telluric absorption, we apply a simple atmo-
spheric transmission model to the emulated spectra; the parameters of the transmission model are determined simultaneously with
the supernova properties.

shows a deviation of 569 km/s; in particular, the increase in ve-
locity compared to the previous epoch is puzzling.
Still not entirely sure about the peculiar velocity corrections
for the individual epochs

In terms of photospheric temperature, the earliest epoch has
the largest deviation, which is 767 K. We do not know for cer-
tainty what causes this significant di↵erence. Nevertheless, it is
striking that the epoch with the largest deviation in temperature
also has the smallest wavelength coverage. Finally, we show
a full comparison of measured temperatures and velocities in
Fig. 11.

Similar to the case of SN 1999em, our maximum likelihood
fits favor slightly steeper density profiles than those proposed by
Dessart et al. (2008); instead of n = 10, we find values between
10.8 and 12.3. As outlined in the previous section, these varia-

tions in the density profile only induce very moderate changes
in the emergent spectrum and should not be overinterpreted. We
note that Baron et al. (2007) have invoked similarly steep density
distributions at even later epochs.1

6.3. Distance measurements

In the past, the need to optimize the fit quality by hand and eye
combined with the high cost of a radiative transfer calculation
have made distance measurements from SN II spectral models
(e.g., Baron et al. 2004, Dessart & Hillier 2006) a very labour-
intensive process. Automated fits based on spectral emulation
revise this picture completely.

1See their radiative transfer model for the 31th of July.

Article number, page 11 of 16



FITTING TYPE IIP 
SPECTRA



TRAINING SET
C. Vogl et al.: Spectral modeling of type II supernovae
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Fig. 3: Test errors for the spectral emulator as a function of the input parameters. We show the color-
coded MFE (see Eq. 7) between emulated and simulated spectra for all two dimensional projections
of the test parameters. The region enclosed by the dashed black line indicates the parameter space
covered by the training data.

7. Modeling observations

With the spectral emulator, we can fit SN II spectral time series in an automated fashion. For

a first demonstration, we select SN 1999em and SN 2005cs as our test objects. SN 1999em is

considered by many to be the prototype of a type II supernova, whereas SN 2005cs is a more

peculiar, subluminous object. Both SNe have been studied with detailed NLTE radiative transfer

models using Cmfgen (Dessart & Hillier 2006, Dessart et al. 2008) and Phoenix (Baron et al.

2004, 2007). We will compare the results of our automated fits to these analyses, which have

been conducted carefully by hand. In our comparison, we focus on the studies of Dessart & Hillier

(2006) and Dessart et al. (2008), which model more epochs and have published the relevant inferred

parameters, namely Tph, vph and n. In the final step, we infer distances to the supernovae from our

fits using the tailored-expanding-photosphere method.

Article number, page 14 of 28



FEATURE EXTRACTION

PCA

Vogl, WEK et al. 2019



GAUSSIAN PROCESSES

Vogl, WEK et al. 2019



TARDIS

SYNTHETIC SPECTRA
TARDIS 

PARAMETERS 
(E.G. FE, NI, O, …)

GAUSSIAN PROCESS PCA SPACE OF SPECTRA

Vogl, WEK et al. 2019 in prep



TARDIS EMULATORC. Vogl et al.: Spectral modeling of type II supernovae

1.0

2.0

3.0

TARDIS

Emulator
68 % confidence
95 % confidence

-5 %
5 %

1 % 2 %

Fig. 2: Evaluation of the emulator performance. The test performance is summarized in the top left panel, which shows a histogram
of the test errors; specifically, the MFE (see Eq. 7) is displayed. The other panels provide a direct comparison between emulated
and simulated spectra for a random subset of the test set. Each panel contains a histogram of the test errors, in which the position of
the current model is highlighted. To highlight the subtle di↵erences between the predicted and true spectra, the fractional di↵erence
�L/L is shown in the lower section of each panel (solid blue line). In both sections, the shaded regions indicate the 68% and 95%
confidence intervals for the prediction of the emulator.

Article number, page 7 of 16

Vogl, WEK et al. 2019



FIT OF ACTUAL SPECTRUM
C. Vogl et al.: Spectral modeling of type II supernovae

(a) November 9

Tph [K] vph [km/s] n
D06 6800 6350 10.0
TARDIS 6792 6549 10.5
Diff 8 -199 -0.5
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Fig. 8: Spectroscopic analysis of SN 1999em. The three subfigures show comparisons between observed (black) and best-fit emu-
lated spectra (blue); the best-fit has been determined through a maximum likelihood approach as outlined in Sect. 6.2. Each spectral
comparison is combined with a table of the inferred parameters, the literature values from Dessart & Hillier (2006) (D06) and the
di↵erence between the two. Since the observed spectra have not been corrected for telluric absorption, we apply a simple atmo-
spheric transmission model to the emulated spectra; the parameters of the transmission model are determined simultaneously with
the supernova properties.

shows a deviation of 569 km/s; in particular, the increase in ve-
locity compared to the previous epoch is puzzling.
Still not entirely sure about the peculiar velocity corrections
for the individual epochs

In terms of photospheric temperature, the earliest epoch has
the largest deviation, which is 767 K. We do not know for cer-
tainty what causes this significant di↵erence. Nevertheless, it is
striking that the epoch with the largest deviation in temperature
also has the smallest wavelength coverage. Finally, we show
a full comparison of measured temperatures and velocities in
Fig. 11.

Similar to the case of SN 1999em, our maximum likelihood
fits favor slightly steeper density profiles than those proposed by
Dessart et al. (2008); instead of n = 10, we find values between
10.8 and 12.3. As outlined in the previous section, these varia-

tions in the density profile only induce very moderate changes
in the emergent spectrum and should not be overinterpreted. We
note that Baron et al. (2007) have invoked similarly steep density
distributions at even later epochs.1

6.3. Distance measurements

In the past, the need to optimize the fit quality by hand and eye
combined with the high cost of a radiative transfer calculation
have made distance measurements from SN II spectral models
(e.g., Baron et al. 2004, Dessart & Hillier 2006) a very labour-
intensive process. Automated fits based on spectral emulation
revise this picture completely.

1See their radiative transfer model for the 31th of July.

Article number, page 11 of 16

Vogl, WEK et al. 2019 in review



DISTANCE TO SN1999EM
C. Vogl et al.: Spectral modeling of type II supernovae

D [Mpc] = 11.4+1.0
�0.9

8 10 12 14 16

D [Mpc]

�10
.0

�7.5
�5.0
�2.5

t 0
[d

]

�10
.0

�7.5 �5.0 �2.5

t0 [d]

Prior

t0 [d] = �6.6+1.3
�1.3

-10 0 10 20

Time [d]

0

2

�
/v

ph
[d

/M
pc

]

Date Time [d] �/vph [d/Mpc]

9 Nov. 11.0 1.46

14 Nov. 16.0 2.02

19 Nov. 21.0 2.56

C
epheids

Fig. 12: Tailored EPM for SN 1999em. The lower left panel shows the evolution of the ratio of
the photospheric angular diameter ⇥ and the photospheric velocity vph with time (blue circles).
Here, we measure the time with respect to JD 2 451 480.94. We tabulate the plotted values in the
upper left panel. Finally, we perform a Bayesian linear fit to this data. Our prior for the time of
explosion is indicated by the blue shaded region. From the posterior distribution, we show 100
randomly sampled regression curves for illustrative purposes. The right half of the figure features
a corner plot of the inferred parameters. Our distance measurement is in excellent agreement with
the Cepheid distance of Leonard et al. (2003), which is indicated by the blue shaded region.

Fig. 13: Tailored EPM for SN 2005cs. For a description of the figure layout see Fig. 12. The time
zero point is at JD 2 453 549.0. Within the statistical uncertainties, the inferred distance agrees with
the measurement of Ciardullo et al. (2002) using the planetary nebula luminosity function (PNLF),
as well as that of McQuinn et al. (2016) based on the tip of the red giant branch (TRGB).

about a day. They explain the di↵erence between their estimate and those based on non-detections

(specifically, Pastorello et al. 2006, in their paper) with a short time delay between the beginning

of the expansion and the optical brightening. After adjusting the time of explosion, the remaining

deviation is around 7 % and thus within the expected range.

Article number, page 24 of 28

Vogl, WEK et al. 2019



EXPLODING 
WHITE DWARVES

RECONSTRUCTING



WHY DO WHITE DWARFES EXPLODE?
ACCRETORS

DOUBLE DETONATIONS

MERGERS



HOW TO DISCRIMINATE

ACCRETORS MERGERS

High Dimensional Problem: 

> 14 Parameters 

> PCA - GP fails



EMULATOR

DEEP NEURAL 
NETWORK



GRID IN 14 DIMENSIONS

WEK 2019 in prep

CURRENTLY 80K SPECTRA - SHOULD BE ENOUGH



NETWORK ARCHITECTURE

SYNTHETIC SPECTRA
TARDIS 

PARAMETERS 
(E.G. FE, NI, O, …)

WEK 2019 in prep

dense_1: Dense
input:
output:

(None, 13)
(None, 100)

batch_normalization_1: BatchNormalization
input:
output:

(None, 100)
(None, 100)

dense_2: Dense
input:
output:

(None, 100)
(None, 100)

batch_normalization_2: BatchNormalization
input:
output:

(None, 100)
(None, 100)

dense_3: Dense
input:
output:

(None, 100)
(None, 100)

batch_normalization_3: BatchNormalization
input:
output:

(None, 100)
(None, 100)

dense_4: Dense
input:
output:

(None, 100)
(None, 100)

batch_normalization_4: BatchNormalization
input:
output:

(None, 100)
(None, 100)

dense_5: Dense
input:
output:

(None, 100)
(None, 100)

batch_normalization_5: BatchNormalization
input:
output:

(None, 100)
(None, 100)

dense_6: Dense
input:
output:

(None, 100)
(None, 100)

batch_normalization_6: BatchNormalization
input:
output:

(None, 100)
(None, 100)

dense_7: Dense
input:
output:

(None, 100)
(None, 100)

batch_normalization_7: BatchNormalization
input:
output:

(None, 100)
(None, 100)

dense_8: Dense
input:
output:

(None, 100)
(None, 100)

batch_normalization_8: BatchNormalization
input:
output:

(None, 100)
(None, 100)

dense_9: Dense
input:
output:

(None, 100)
(None, 100)

batch_normalization_9: BatchNormalization
input:
output:

(None, 100)
(None, 100)

dense_10: Dense
input:

output:
(None, 100)
(None, 500)

140549997469424

9 LAYERS - 100 NODES EACH



ENSEMBLE 
MODELING

CROWD SOURCING



ENSEMBLE MODELING

MANY EYES ARE BETTER THAN ONE

INDIVIDUAL NEURAL NETWORK



RESULTS



NEURAL NETWORK (WORST)

EX
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NEURAL NETWORK (BEST )



NEURAL NETWORKS

SAMPLING THE POSTERIOR



SUMMARY



EMULATORS

▸ Emulators 

▸ Comparing of observations and complex models 

▸ Quickly Exploring parameter space within models 

▸ Several ongoing projects in the TARDIS collaboration 

▸ White dwarf explosions, Expanding Photosphere 
methods (Vogl, MPA), Stripped core collapse 
(Williamson, NYU) 

▸ Potentially learn from faster codes and transfer to more 
costly one



DOWNLOAD THE DATASET

https://zenodo.org/record/3235017

https://zenodo.org/record/3235017


THANK YOU



DEEPTHOUGHT 
PROJECT

MACHINE LEARNING TO 
ACCESS LITERATURE



ASTRO-PH SUBMISSIONS

SOURCE: KERZENDORF 2017 
 DEEPTHOUGHT PROJECT



HUMANS WON’T GET SMARTER … FAST ENOUGH

SOURCE GEERT BARENTSEN



Several problems: 

• We do not know what we know 
• Credit is given to the loudest 
• Someone has to referee all of that  



REFEREEING
SMART

Kerzendorf+ 2020 in review



EXPERIMENT

DEEPTHOUGHT DISTRIBUTED PEER REVIEW AT ESO

▸ 1 - If we use the proposers to review - is that different from experts 

▸ 2 - Can we match proposers and proposals automatically

Review 

conflicted
grade (1-5)
comment

 

Proposal 
 

Reviewer Selection 

8 reviewers
exclusion based on institute

 

Proposer

Evaluation of the
Reviews 

User receives
aggregate score
User evaluates the
helpfulness of 
comments 

DeepThought
Group 

 
Reviewers

expertise matched
to proposal using
machine learning 

OPC emulate
Group 

 
Reviewers
grouped

according to
ESO OPC rules 

Grade Aggregation

Figure 1: An overview of our peer-review process.

Figure 2: Comparison of the QAM between OPC subsets (from P18 Table 3) and the DPR subsets

3

Kerzendorf+ 2020 in review



COMPARE

REFEREE MATCHING

ALL THE PAPERS THAT A 
POTENTIAL REFEREE PUBLISHED

CONVERT TO VECTOR PROPOSAL TEXTCONVERT TO VECTOR 

Kerzendorf+ 2020 in review
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Figure 3: Conditional probability P(self reported|DeepThought) for the
various combinations of perceived and DeepThought inferred knowl-
edge.

3.2 Domain knowledge inference

Another aim of the DPR experiment is to infer a referee’s domain
knowledge for a given proposal using machine learning. ”Expertise”
is, unfortunately, no objective quantity. However, it is reasonable to
assume that the self-judgement of expertise (self-e�cacy) is a good
measure that might approximate such a quantity.

Given:

• “self reported” as the self reported domain knowledge

• DeepThought as the DeepThought inferred domain knowledge

For our experiment, we calculate the joint probability
P(Self Reported|DeepThought) using Bayes theorem:

P(Self Reported|DeepThought) = (1)
P(DeepThought|Self Reported)P(Self Reported)

P(DeepThought)

P(Self Reported|DeepThought) = (2)
P(DeepThought) \ (Self Reported)

P(DeepThought)

Figure 3 shows the correlation between self reported knowledge
(see the detailed description of the experiment in the supplementary
material) and our predicted DeepThought inferred knowledge (see sup-
plementary material for a detailed description of the method).

We reiterate that we are not comparing to the true domain knowl-
edge but to the self-reported knowledge. We find that DeepThought
will predict the opposite of the self-reported knowledge in only ⇡ 10%
of the cases (predicting expert with self-reported “no knowledge” and
vice versa). We emphasize the ⇡ 80% success rate of predicting “no
knowledge”. These numbers show a high success rate in removing
whose expertise does not overlap with the proposal.

3.3 Rating the helpfulness of review comments

After the review process, we asked the proposers to evaluate the “help-
fulness” of the review comments. A total of 136 reviewers provided
feedback.

The review usefulness distribution shows a steady rise, with a sud-
den drop o↵ at the ‘very helpful’ bin (see subfigures in Figure 4). About
55% of the users rated the comments in the ‘helpful’ and ‘very helpful’
bins.

For checking what factors might influence the ability to write help-
ful comments we use the same statistical method given at the beginning
of this section.

The first test is to see how the comment’s helpfulness is
being evaluated given a certain quartile that the proposal uses
P(helpful comment|proposal quartile). This shows a similar distribu-
tion to Figure 4. There are some small di↵erences. Comments for
proposals second to the top quartile often were perceived as relatively
helpful. Comments to proposals in the last quartile were rarely ranked
as very helpful.

The reviewer’s expertise is expected to have an influence on the
helpfulness of comments. The upper row in Figure 4 shows both the
influence of perceived knowledge and DeepThought inferred knowl-
edge on the helpfulness of the comment. The probabilities are very
similar between the perceived and inferred knowledge. We highlight
that experts seemingly very rarely give unhelpful comments and that
non-experts rarely give very helpful comments.

We checked whether seniority has an influence on the ability of
creating helpful comments. Figure 4 shows some correlation between
the seniority and the ability for the referee to give helpful comments.
Most interesting is the inability of graduate students to give very help-
ful comments. This might be a training issue and can be resolved by
exposing the students to schemes like DPR.

We have also asked about the helpfulness of the comment in our
general feedback (see supplementary materiak). The distribution of
comment usefulness follows the distribution of helpfulness for indi-
vidual comments relatively closely (see statistics in the supplementary
material).

The comments given in the DPR compare very favourable when
compared to the OPC (see details in the supplementary materials).

4 Summary and Conclusions

The main advantages of the DPR paradigm (coupled to the
DeepThought approach) over the classic panel concept can be listed
as follows.

Advantages:

• it allows a much larger statistical basis (each proposal can be eas-
ily reviewed by 8-10 scientists), enabling robust outlier rejection;

• it removes possible biases generated by panel member nomina-
tions;

• the larger pool of scientists allows a much better coverage in terms
of proposal-expertise matching;

• the smaller number of proposal per reviewer allows a more careful
work and a more useful feedback;

• coupled to the DeepThought approach for proposal-referee match-
ing it is suited to be made semi-automatised; it also gives an ob-
jective criteria for ‘expertise’ removing biases in self-reporting;

• it removes the concept of panel, which adds rigidity to the process;

• it addresses the problem of maximising the proposal-referee
match while maximising the overlap in the evaluations, which
is a typical issue in pre-allocated panels (see ?, and references
therein));

4

We asked them

Kerzendorf+ 2020 in review



COMPARISON BETWEEN DISTRIBUTED PEER REVIEW AND NORMAL REVIEW

TRADITIONAL PANELDISTRIBUTED PEER REVIEW

Kerzendorf+ 2020 in review



THANK YOU


