
Likelihood minimization & model fitting

1
https://losslandscape.com/gallery/

Illustration of the loss landscape for a Deep Neural Network on ImageNet
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Reduced data

Bkg model

Reduced IRFs

Dataset
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Model
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see: Dataset fitting tutorial

Datasets modeling and fitting

E
EL (x | θ)

A binned analysis

https://docs.gammapy.org/1.1/tutorials/api/fitting.html
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What is forward folding ?

• Data are transformed to physical information 

• Flux point modeling :  a chi2 fit on flux points 

• Loss of statistical information 

• No handling of correlation between points

• Data are not transformed: Nobs 

• The physical model is 

• Flux -> Npred counts 

• Proper statistical treatment  

• In particular for low counts

Forward foldingFitting Flux points
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Poisson Log-Likelihood

i: spectral channels or 3D voxels
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How is Npred obtained ?
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Note on the loss function

• Model parameter estimation is performed through maximum likelihood technique: 

• Cash statistics is used for counts data with a known background 

• The 3D analysis with a model background in the IRF 

• Wstat statistics is used for counts data with a measured background 

• Typically the 1D analysis where the bkg is estimated from the OFF regions 

• Or a 3D analysis with ON/OFF estimation

https://docs.gammapy.org/1.1/user-guide/stats/fit_statistics.html#cash-poisson-data-with-background-model
https://docs.gammapy.org/1.1/user-guide/stats/fit_statistics.html#wstat-poisson-data-with-background-measurement
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What is a fit ?

• Need a loss function + minimizer : 

• Gradient Descent  (e.g. Scipy minimize, iMinuit, sherpa fit, etc) 

• Markov chain Monte Carlo 

• Nested Sampling methods 

 

Never take a best-fit for granted

github.com/lilipads/gradient_descent_viz

https://github.com/lilipads/gradient_descent_viz


• Prior: A probability density function of the model parameters 

• Includes information about the parameters 

• Added to the fit statistic to get the Posterior 

• Possible to add Custom priors

8

Adding priors on Parameters

Example with a Gaussian prior
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Traditional fitting method

Once at best-fit stops 
No information about local 
likelihood 
Sometimes fit fails :

• Gradient descent based method  
• Levenberg Marquardt  
• Migrad in Minuit for example 
• Gradient is estimated numerically at each step



• What are they: 
• Monte Carlo: samples are used to approximate the 

probability distribution 
• Markov Chain: semi-random walk in potential   
• Walkers explore the local likelihood

10

Markov Chain Monte Carlo (MCMC)

Random walk directed by potential (likelihood) 
spend most of their time in interesting region

Technicaly not a fit (no 
convergence) it’s a phase space 
parameter exploration
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MCMC issues : inside out approach 

Burn (~fit) Run (~errors)

Nburn

10 walkers evolving for 500 steps1 walker evolving for 500 steps

each element of the chain are 
samples of the target posterior 
distribution.

+

+: guess value
: truth value

But what if all your 
walkers end up here ?

MCMC limitations: 
- When do you stop a chain ?
- Has it converged ?
- How to choose init point ?
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What is a Bayesian analysis (user point of view)

Priors Data Posterio
rs

• Prior information on parameters 
• E.g. : Norm > 0  
• P1 < Param < P2 
• Norm_bkg Gaussian(1, sigma)

• Modified Likelihood 
• Likelihood = data_term + priors 
•
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What is a Bayesian analysis (user point of view)

Priors Data Posterio
rs

• Prior information on parameters 
• E.g. : Norm > 0  
• P1 < Param < P2 
• Norm_bkg Gaussian(1, sigma)

• Modified Likelihood 
• Likelihood = data_term + priors 
•

Maximum a posteriori (MAP)
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Nested Sampling methods

Dynamic Nested Sampling with dynesty 3

dynesty is designed to be easy to use and highly modular,
with extensive documentation, a straightforward application
programming interface (API), and a variety of sampling im-
plementations. It also contains a number of “quality of life”
features including well-motivated stopping criteria, plotting
functions, and analysis utilities for post-processing results.

The outline of the paper is as follows. In §2 we give an
overview of Nested Sampling and discuss the method’s ben-
efits and drawbacks. In §3 we describe how Dynamic Nested
Sampling is able to resolve some of these drawbacks by al-
locating samples more flexibly. In §4 we discuss the specific
approaches dynesty uses to track and sample from complex,
multi-modal distributions. In §5 we examine dynesty’s per-
formance on a variety of toy problems. In §6 we examine
dynesty’s performance on several real-world astrophysical
analyses. We conclude in §7. For interested readers, more de-
tailed results on many of the methods outlined in the main
text are included in Appendix A.

dynesty is publicly available on GitHub as well as on
PyPI. See https://dynesty.readthedocs.io for installa-
tion instructions and examples on getting started.

2 NESTED SAMPLING

The general motivation for Nested Sampling, first proposed
by Skilling (2004) and later fleshed out in Skilling (2006),
stems from the fact that sampling from the posterior P(⇥)
directly is hard. Methods such as Markov Chain Monte Carlo
(MCMC) attempt to tackle this single di�cult problem di-
rectly. Nested Sampling, however, instead tries to break
down this single hard problem into a larger number of sim-
pler problems by:

(i) “slicing” the posterior into many simpler distributions,
(ii) sampling from each of those in turn, and
(iii) re-combining the results afterwards.

We provide a schematic illustration of this procedure in Fig-
ure 1 and give a broad overview of this process below. For
additional details, please see Appendix A.

2.1 Overview

Unlike MCMC methods, which attempt to estimate the pos-
terior P(⇥) directly, Nested Sampling instead focuses on es-
timating the evidence

Z ⌘

π
⌦⇥

P(⇥)d⇥ =
π
⌦⇥

L(⇥)⇡(⇥)d⇥ (6)

As this integral is over the entire multi-dimensional domain
of ⇥, it is traditionally very challenging to estimate.

Nested Sampling approaches this problem by re-
factoring this integral as one taken over prior volume X of
the enclosed parameter space

Z =

π
⌦⇥

L(⇥)⇡(⇥)d⇥ =
π 1

0
L(X)dX (7)

Here, L(X) now defines an iso-likelihood contour (or multi-
ple) defining the edge(s) of the volume X, while the prior
volume

X(�) ⌘

π
⌦⇥:L(⇥)��

⇡(⇥)d⇥ (8)

is the fraction of the prior where the likelihood L(⇥) � �
is above some threshold �. Since the prior is normalized,
this gives X(� = 0) = 1 and X(� = 1) = 0, which define the
bounds of integration for equation (7).

As a rough analogy, we can consider trying to integrate
over a spherically-symmetric distribution in 3-D. While it
is possible to integrate over dxdydz directly, it often is sig-
nificantly easier to instead integrate over di↵erential volume

elements dV = 4⇡r2 as a function of radius r ⌘

p
x2 + y2 + z2:π

P(x, y, z)dxdydz =

π
P(V(r))dV(r) =

π
P(r)4⇡r2dr

Parameterizing the evidence integral this way allows Nested
Sampling (in theory) to convert from a complicated D-
dimensional integral over ⇥ to a simple 1-D integral over
X.

While it is straightforward to evaluate the likelihood
at a given position L(⇥), estimating the associated prior
volume X(⇥) and its di↵erential dX(⇥) is substantially more
challenging. We can, however, generate noisy estimates of
these quantities by employing the procedure described in
Algorithm 1. We elaborate further on this procedure and
how it works below.

2.2 Generating Samples

A core element of Nested Sampling is the ability to generate
samples from the prior ⇡(⇥) subject to a hard likelihood
constraint �. The most naive algorithm that satisfies this
constraint is simple rejection sampling: at a given iteration
i, generate samples ⇥i+1 from the prior ⇡(⇥) until L(⇥i+1) �
L(⇥i).

In practice, however, this simple procedure becomes
progressively less e�cient as time goes on since the remain-
ing prior volume Xi+1 at each iteration of Algorithm 1 keeps
shrinking. We therefore need a way of directly generating
samples from the constrained prior:

⇡�(⇥) ⌘

(
⇡(⇥)/X(�) L(⇥) � �

0 L(⇥) < �
(9)

Sampling from this constrained distribution is di�cult
for an arbitrary prior ⇡(⇥) since the density can vary drasti-
cally from place to place. It is simpler, however, if the prior
is standard uniform (i.e. flat from 0 to 1) in all dimensions
so that the density interior to � is constant then X be-
haves more like a typical volume V . We can accomplish this
through the use of the appropriate “prior transform” func-
tion T which maps a set of parameters � with a uniform
prior over the D-dimensional unit cube to the parameters
of interest ⇥.3 Taken together, these transform our original
hard problem of sampling from the posterior P(⇥) directly
to instead the much simpler problem of repeatedly sampling
uniformly4 within the transformed constrained prior

⇡0�(�) ⌘

(
1/X(�) L(⇥ = T(�)) � �

0 otherwise
(10)

3 In general, there is a uniquely defined prior transform T for any
given ⇡(⇥); see the dynesty documentation for additional details.
4 Technically this requirement is overly strict, as Nested Sam-
pling can still be valid even if the samples at each iteration are
correlated. See Appendix A for additional discussion.
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• Analogy to spherical coordinates: 

Speagle, 2020

• Nested Sampling (Skilling, 2004) is a Monte Carlo algorithm for estimating an integral over a model parameter 
space θ 

– Integral  :  

•   Like(Data|θ) * Prior(θ) dθ = Z = Bayesian evidence 

– Z can be used to compare models even if not nested (morphology :  mwl template vs disk)  

– This integral is also what will provide the normalized posterior distributions  
• Main idea is integration is done by switching frame from many θ to a volume variable 

∫
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Nested Sampling methods

• Define priors on params 
• Transform param space to volume 

unity cube X 
• Draw random uniform Nlive (~400-1000) 

• Iterate until stop criteria: 

‣Remove worst LogLike point 
‣Draw new point with a better LL 

‣ Likelihood-restricted prior sampling  
‣ (The tricky part) 

‣ Increment Z= Z + L*ΔX 
‣Stop criteria : ΔZ/Z<tolerance

Johannes Buchner/Nested Sampling Methods 5

first
dead

point

Figure 1. Top left: A complicated likelihood function is defined over a two-dimensional parameter space. NS begins by evaluating

N = 5 random points. Top center: Each live point (circle) defines a likelihood contour. The lowest likelihood point (red cross) becomes

a dead point. It is replaced by a new, live point (blue circle), sampled randomly from the prior but above the contour defined by the

dead point. Top right: After a few iterations, the live points concentrate in a small volume at the likelihood peak. Bottom panels (top is

linear, bottom is logarithmic): For each iteration, a dead point is placed with its likelihood and the prior volume estimated by geometric

shrinkage. The prior volume of the sequence shrinks exponentially from right to left. Vertical bars represent the likelihood shell removed,

and are coloured consistent with the contours shown in the other panels. The bar area is the posterior weight, and the sum of the bars

gives the marginal likelihood Z. The gray dashed curve indicates the true volume-likelihood relation for this function. In the bottom

log-log plot, the phase transition is marked, which corresponds to the transition from the wide, shallow yellow regions to the high and

steep orange regions in the upper panels.

Buchner, 2023 : Nested Sampling methods

Volume X

Z = ∑ LΔX
Integration via trapezoid rule

Z = Bayesian evidence =  Like(Data|θ) * Prior(θ) dθ ∫



16

Sampling from a restricted prior  
(Likenew > Likeremoved )

a | Schematic representation of an NS run. The curve L(X )X shows the relative posterior mass, the bulk of which lies in a tiny fraction e°H of
the volume. Most of the original samples lie in regions with negligible posterior mass. In dynamic NS, we add samples near the peak.

Ellipsoid sampling

Region sampling

Dead

New

Reject

Random walk

Step sampling

Start

End

Slice sampling

Start

End

b | Examples of strategies for sampling from the constrained prior. We must sample from the true iso-likelihood contour (grey ellipse). In
region sampling (left) we bound the existing live points (blue ellipse) and draw a new sample from within that bound; some proposals may be
rejected. In step sampling (right) we select a live point and perform a sequence of steps inside the contour to obtain an independent draw.

Figure 2 | Experimentation in NS. (a) Illustration of an NS run and (b) strategies for sampling from the constrained prior.

ing the number of live points if the required compression isn’t
known ahead of time. The number should be chosen, further-
more, bearing in mind the alternative role that it plays as a
resolution parameter for NS [48, 49], especially in multi-modal
problems. In particular, nlive should be large enough that at
any time the constrained prior splits into disjoint modes, at
least one live point lies inside the footprint of each mode. As
a rough rule of thumb, if the constrained prior occupies a to-
tal volume X , only modes with a footprint greater than about
X /nlive may be reliably found [8, 49]. This defines a resolu-
tion down to which the posterior is reliably sampled. Modes
with smaller footprints are typically not located and correctly
sampled, and hence will also not contribute to the evidence
estimate. Moreover, to sample reliably and efficiently from the
constrained prior, it is usually advisable that nlive exceeds the
dimensionality of the parameter space.

2.2 Dynamic nested sampling

We have so far only considered NS with a fixed number of live
points, and noted that the uncertainties in both posterior dis-
tributions and evidence estimates are reduced by increasing
this number. However, the evidence depends on an accurate
estimate of the total compression when we reach the posterior
bulk. The posterior, on the other hand, depends only on an
accurate estimate of the relative compression once inside the
posterior bulk. The former uncertainty cancels in the posterior
weights in eq. (15), as they are invariant under rescaling the esti-
mates of the volume variable. This reflects the fact that whereas
the evidence may depend strongly on the size of the prior, the
posterior usually depends only weakly on its shape.

We are thus motivated to consider a dynamic number of live
points to efficiently reduce uncertainties in parameter inference.
As shown in fig. 2a, we may quickly compress to the posterior
bulk using few live points. Upon reaching it, we may increase
the number of live points, reducing uncertainty in the bulk of
the posterior mass. We denote schemes that vary the number

7

Dynamic Nested Sampling with dynesty 11

Figure 4. An example highlighting the various bounding distributions implemented in dynesty. These include the entire unit cube
(left), a single ellipsoid (left-middle), multiple overlapping ellipsoids (middle), overlapping spheres (right-middle), and overlapping cubes
(right). The current set of live points are shown in purple while draws from the bounding distribution are shown in grey. A schematic
representation of each bounding distribution is shown in the bottom-right-hand corner of each panel. See §4.1 for additional details.

we are currently sampling. These are then used to condition
various sampling methods to try and improve the e�ciency.
There are five bounding methods currently implemented in
dynesty:

• no bounds (i.e. the unit cube),
• a single ellipsoid,
• multiple ellipsoids,
• many overlapping balls, and
• many overlapping cubes.

In general, single ellipsoids tend to perform reasonably
well at estimating structure when the likelihood is roughly
Gaussian and uni-modal. In more complex cases, however,
decomposing the live points into separate clusters with their
own bounding ellipsoids works reasonably well at locating
and tracking structure. In low (D . 5) dimensions, allow-
ing the live points themselves to define emergent structure
through many overlapping balls or cubes can perform bet-
ter provided the L(⇥) spans similar scales in each of the
parameters. Finally, using no bounds at all is only recom-
mended as an option of last resort and is mostly relevant
when performing systematics checks or if the number of live
points K ⌧ D

2
/2 is small relative to the number of possible

parameter covariances.
In addition to these various options, dynesty also tries

to increase the volume of all bounds by a factor ↵ to be
conservative about the size of the constrained prior. While
this is generally assumed to take a constant value of ↵ =
1.25, it can also be derived “on the fly” using bootstrapping
methods following the approach outlined in Buchner (2016).
Deriving accurate volume expansion factors are extremely
important when sampling uniformly but are less relevant for
other sampling schemes that are more robust to the exact
sizes of the bounds (see §4.2).

By default, dynesty uses multiple ellipsoids to construct
the bounding distribution. A summary of the various bound-
ing methods can be found in Figure 4. We describe these
each in turn below.

4.1.1 Unit Cube

The simplest case of using the entire unit cube (i.e. simple
rejection sampling over the entire prior ⇡(⇥) with no limits)
can be useful in a few edge cases where the number of live
points K is small compared to the number of dimensions D,
or where users are interested in performing tests to verify
sampling behavior.

4.1.2 Single Ellipsoid

As shown in (Mukherjee et al. 2006), a single bounding ellip-
soid can be e↵ective if the posterior is unimodal and roughly
Gaussian. dynesty uses a scaled version of the empirical co-
variance matrix C0 = �C centered on the empirical mean µ of
the current set of live points to determine the size and shape
of the ellipsoid, where � is set so the ellipsoid encompasses
all available live points.

4.1.3 Multiple Ellipsoids

By default, dynesty does not assume the posterior is uni-
modal or Gaussian and instead tries to bound the live points
using a set of (possibly overlapping) ellipsoids. These are
constructed using an iterative clustering scheme following
the algorithm outlined in Shaw et al. (2007) and Feroz &
Hobson (2008) and implemented in the online package nes-
tle.5 In brief, we start by constructing a bounding ellipsoid
over the entire collection of live points. We then initialize 2
k-means clusters at the endpoints of the major axes, opti-
mize their positions, assign live points to each cluster, and
construct a new pair of bounding ellipsoids for each new
cluster of live points. The decomposition is accepted if the
combined volume of the subsequent pair of ellipsoids is sub-
stantially smaller. This process is then performed recursively
until no decomposition is accepted.

5
dynesty is built o↵ of nestle with the permission of its devel-

oper Kyle Barbary.

MNRAS 000, 1–28 (2019)

Ashton, 2022

• The tricky part : how to sample points with a better LogLike  
– This means drawing point inside the iso LogLike contours that we don't know 

• Take advantage from the fact that if NLive is large enough. Surviving points 
already provide trace the landscape  

• So drawing an encapsulating ellipsoid and try to sample from this ellipsoid. 
Reject if needed  

• Or if landscape too complex or high dimension use a step sampler

Dynamic Nested Sampling with dynesty 11

Figure 4. An example highlighting the various bounding distributions implemented in dynesty. These include the entire unit cube
(left), a single ellipsoid (left-middle), multiple overlapping ellipsoids (middle), overlapping spheres (right-middle), and overlapping cubes
(right). The current set of live points are shown in purple while draws from the bounding distribution are shown in grey. A schematic
representation of each bounding distribution is shown in the bottom-right-hand corner of each panel. See §4.1 for additional details.
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can be useful in a few edge cases where the number of live
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or where users are interested in performing tests to verify
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4.1.2 Single Ellipsoid

As shown in (Mukherjee et al. 2006), a single bounding ellip-
soid can be e↵ective if the posterior is unimodal and roughly
Gaussian. dynesty uses a scaled version of the empirical co-
variance matrix C0 = �C centered on the empirical mean µ of
the current set of live points to determine the size and shape
of the ellipsoid, where � is set so the ellipsoid encompasses
all available live points.

4.1.3 Multiple Ellipsoids

By default, dynesty does not assume the posterior is uni-
modal or Gaussian and instead tries to bound the live points
using a set of (possibly overlapping) ellipsoids. These are
constructed using an iterative clustering scheme following
the algorithm outlined in Shaw et al. (2007) and Feroz &
Hobson (2008) and implemented in the online package nes-
tle.5 In brief, we start by constructing a bounding ellipsoid
over the entire collection of live points. We then initialize 2
k-means clusters at the endpoints of the major axes, opti-
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5
dynesty is built o↵ of nestle with the permission of its devel-

oper Kyle Barbary.

MNRAS 000, 1–28 (2019)

Bounding distributions
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Points proposals via likelihood estimators 
with ML6 J. U. Lange
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Figure 3. Diagram depicting how new proposal volumes during the exploration phase are constructed. For this example, we chose the
two-dimensional Rosenbrock likelihood. The steps are as follows. (1) The set of Nlive points with the highest likelihood, the so-called
live set, is identified. (2) One or multiple non-overlapping bounding ellipsoids are drawn around the live set. (3) The coordinates ⇥ of
points in the ellipsoid are transformed into the ellipsoid coordinates ⇥̃ using a Cholesky decomposition. Similarly, likelihood values are
converted into likelihood scores 0 6 sL 6 1. (4) The transformed coordinates and likelihood scores are used to train a neural network. (5)
A cut ŝL,min in the predicted likelihood score is determined that corresponds to the likelihood score of the live set. (6) The new proposal
volume is defined as that part of the bounding ellipsoid where the predicted likelihood score is above ŝL,min.

separately. Thus, every ensemble of networks only needs to
characterize a single mode of the likelihood surface.

Similarly, at step (vi), we do not propose new points from
the bounding ellipsoids used at step (ii). Instead, we repeat-
edly split the largest ellipsoid into two smaller ellipsoids if
the volume of the union of all ellipsoids is larger than � "Ndim

times the volume of the live set and the two resulting ellip-
soids have a volume smaller than the original one. Here, �
is a free parameter determining how aggressively ellipsoids
are split and " is the ellipsoid enlargement factor mentioned
earlier. By breaking the boundary into smaller and smaller el-
lipsoids, we ensure that the network accepts roughly one out
of every � "Ndim points drawn randomly from the ellipsoid
union. To perform the splitting, we need to know the volume
of the live set, which one can estimate from the fraction of the
live set in each bound. To draw new points uniformly from the
ellipsoid union, we randomly select an ellipsoid with a prob-
ability proportional to its volume. If a newly drawn point is
part of n > 1 ellipsoids, we reject the points with probability
1 � 1/n. Finally, we can use the fraction of rejected points
due to ellipsoid overlap together with the individual ellipsoid
volumes to estimate the volume of the ellipsoid union Vell

and, ultimately, the volume of the bound.

4 APPLICATION

In this section, we test the neural network-boosted INS algo-
rithm on various challenging problems, both synthetic likeli-
hoods and real-world applications.

4.1 Bayesian sampling codes

We have implemented the proposed algorithm in an MIT-
licensed, open-source code called nautilus. In this work,
we use nautilus version 0.7. By default, nautilus uses
Nlive = 2000, Nupdate = Nlive, " = 1.1 and � = 100. Fur-
thermore, for the exploration phase, we require flive < 0.01
and for the sampling phase we require Ne↵ > 10, 000. Fi-
nally, we use the neural network regressor as implemented
in the MLPRegressor class in scikit-learn version 1.1.1. For
the network, we use three hidden layers with 100, 50, and
20 neurons, each with ReLU activation functions and the
Adam optimiser for training (Kingma & Ba 2014). We test
nautilus with (nautilus-r) and without (nautilus) discarding
points drawn in the exploration phase, as described in section
2.3.
We compare nautilus against other widely-used codes, in-

cluding the NS codes dynesty (Speagle 2020) version 2.0.3
and UltraNest (Buchner 2016) version 3.5.7 as well as
the Preconditioned Monte-Carlo (Karamanis et al. 2022b)

MNRAS 000, 1–15 (2022)
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Figure 3. Diagram depicting how new proposal volumes during the exploration phase are constructed. For this example, we chose the
two-dimensional Rosenbrock likelihood. The steps are as follows. (1) The set of Nlive points with the highest likelihood, the so-called
live set, is identified. (2) One or multiple non-overlapping bounding ellipsoids are drawn around the live set. (3) The coordinates ⇥ of
points in the ellipsoid are transformed into the ellipsoid coordinates ⇥̃ using a Cholesky decomposition. Similarly, likelihood values are
converted into likelihood scores 0 6 sL 6 1. (4) The transformed coordinates and likelihood scores are used to train a neural network. (5)
A cut ŝL,min in the predicted likelihood score is determined that corresponds to the likelihood score of the live set. (6) The new proposal
volume is defined as that part of the bounding ellipsoid where the predicted likelihood score is above ŝL,min.

separately. Thus, every ensemble of networks only needs to
characterize a single mode of the likelihood surface.

Similarly, at step (vi), we do not propose new points from
the bounding ellipsoids used at step (ii). Instead, we repeat-
edly split the largest ellipsoid into two smaller ellipsoids if
the volume of the union of all ellipsoids is larger than � "Ndim

times the volume of the live set and the two resulting ellip-
soids have a volume smaller than the original one. Here, �
is a free parameter determining how aggressively ellipsoids
are split and " is the ellipsoid enlargement factor mentioned
earlier. By breaking the boundary into smaller and smaller el-
lipsoids, we ensure that the network accepts roughly one out
of every � "Ndim points drawn randomly from the ellipsoid
union. To perform the splitting, we need to know the volume
of the live set, which one can estimate from the fraction of the
live set in each bound. To draw new points uniformly from the
ellipsoid union, we randomly select an ellipsoid with a prob-
ability proportional to its volume. If a newly drawn point is
part of n > 1 ellipsoids, we reject the points with probability
1 � 1/n. Finally, we can use the fraction of rejected points
due to ellipsoid overlap together with the individual ellipsoid
volumes to estimate the volume of the ellipsoid union Vell

and, ultimately, the volume of the bound.

4 APPLICATION

In this section, we test the neural network-boosted INS algo-
rithm on various challenging problems, both synthetic likeli-
hoods and real-world applications.

4.1 Bayesian sampling codes

We have implemented the proposed algorithm in an MIT-
licensed, open-source code called nautilus. In this work,
we use nautilus version 0.7. By default, nautilus uses
Nlive = 2000, Nupdate = Nlive, " = 1.1 and � = 100. Fur-
thermore, for the exploration phase, we require flive < 0.01
and for the sampling phase we require Ne↵ > 10, 000. Fi-
nally, we use the neural network regressor as implemented
in the MLPRegressor class in scikit-learn version 1.1.1. For
the network, we use three hidden layers with 100, 50, and
20 neurons, each with ReLU activation functions and the
Adam optimiser for training (Kingma & Ba 2014). We test
nautilus with (nautilus-r) and without (nautilus) discarding
points drawn in the exploration phase, as described in section
2.3.
We compare nautilus against other widely-used codes, in-

cluding the NS codes dynesty (Speagle 2020) version 2.0.3
and UltraNest (Buchner 2016) version 3.5.7 as well as
the Preconditioned Monte-Carlo (Karamanis et al. 2022b)

MNRAS 000, 1–15 (2022)

Lange J., 2023



18

Outputs

• Posterior distributions 
‣Stop criteria : ΔZ/Z<tolerance 
‣Large advantage vs MCMC 
‣MCMC has no good stopping criteria and 

depends from init position 

• Another advantage : 
• Full integration providing Z (MCMC do not 

compute Z) 
• Z is the Bayesian evidence : 
• Can compare Non nested models & 

included handling of free dof 

deltaZ
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Tips & tricks for fitting
• Choose a reasonable starting point  
• ! Always plot your Npred counts map to investigate issues ! 
• Set some boundaries (min, max) 

• Goal is to avoid unphysical values: 
• Negative fluxes, positions outside box, too large size 
• But be careful for upper-limit then 

• Start with a simpler model and add complexity if needed: 
• Start with frozen spatial positions 
• PL first then ExpCutOff PL, source extension, etc 
• Mask regions that are too complex 

• Freeze some parameters that cannot be constrained 

• If more than 5 free params, try Nested sampling 
• Drop MCMC, Nested sampling is more reliable Pray for the minimizer god



