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Machine Learning: 
A Brief Primer



‣ classification - event discovery, sorting
‣ regression - weather forecasting, model based inference,  
                      time-series prediction
‣ imputation - data cleaning, inference of missing information
‣ recommendation - ranking, product recommendation,  
                      “Netflix prize”
‣ clustering - event segmentation, structure discovery
‣ outlier detection - anomaly identification, process control
‣ dimensionality reduction - visualization, manual insight
‣ information retrieval - search, indexing, document retreival
‣ generative - text-to-image, code creation
‣ navigation & planning - interacting systems (e.g., self-driving cars, robotics) 

Forms of Practical/Practiced Machine Learning Tasks

“Field of study that give 
computers the ability to 

learn without being 
explicitly programmed.” 

 
-Arthur Samuel, 1959

AI/ML Definetion



S. Raschka (2015)

Machine Learning Approaches

https://www.slideshare.net/SebastianRaschka/nextgen-talk-022015/8-Learning_Labeled_data_Direct_feedback


Labelled (outcome) data 
Direct/quantifiable metrics 
    on learning efficacy (score)

Machine Learning Approaches
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No explicit feedback 

Supervised Unsupervised

Also, self-supervised, semi-supervised



Goal: predict a continuous outcome  variable from a vector of 
observable input features .  Use training set of  pairs to 
learn this mapping: 

Theory-driven vs. data-driven approach… 
 
Some non-neural algorithms that are still very useful and performant:


- Linear Regression:   
- Lasso & Ridge 
- Gaussian Process Regression 
- k-Nearest Neighbor Regression 
- Regression Forests

y
⃗x ( ⃗x, y)

f( ⃗x) = y

fw( ⃗x) = w0 + w1x1 + . . . + wpxp

Regression (Supervised)



Goal: predict a discrete class  (  classes) from a vector of 
observable input features .  Use training set of  pairs to 
learn this mapping:  

Some of the non-neural algorithms that are still useful:

- Logistic Regression 
- KNN Classification  
- LDA / QDA  
- Naive Bayes 
- Random Forest & boosted trees

yn n
⃗x ( ⃗x, yn)

f( ⃗x) = yn

Classification (Supervised)



kNearestNeighbors (kNN)

k=3 k=5

For each test point,  find the k-nearest  
instances in the training data 

Classify the point according to the majority vote of their  
class labels

⃗x

Classification (Supervised)



k=1

k=5

Dataset

kNearestNeighbors (kNN)

k is a 
hyperparameter 
that must be 
learned/tuned

All ML models have 
their own set of 
hyperparameters

Classification (Supervised)



Generic trees and decision treesGeneric trees and decision trees
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TestingTesting

?

• choose class with max posterior at leaf node

http://www.robots.ox.ac.uk/~az/lectures/ml/lect5.pdf

Classification and regression trees (CART)

Classification
Decision Trees

http://www.robots.ox.ac.uk/~az/lectures/ml/lect5.pdf
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Choosing the Node test Choosing the Node test –– Information gainInformation gain

Trees vs Forests

• A single tree may over fit to the training data
• Instead train multiple trees and combine their predictions
• Each tree can differ in both training data and node tests
• Achieve this by injecting randomness into training algorithm

1

1
x1

x2

lack of margin

Building Trees Rigorously (Node Splitting Criteria)Classification
Decision Trees



Random Forests
ensembles generally increase robustnessWhat is a Random Forest?

Choosing a place to eat
> Half tables taken?

Food look good?
Yes No

Yes

> 3 stars on Yelp

Good
Menu?

Yes No

No

No

Yes

Gluten Free?

Clean?
Yes No

Yes

Salads?

Iceberg
Lettuce?

Yes No

No

No

Yes

Food look
good?

Yes No

< $10
Yes

Beer?
No

No

Yes

Eads (CDI Workshop) BigRF Talk 4 / 16

Graphic via D. Eads

Classification
Decision Trees



Random Forests
ensembles generally increase robustness

Classification
Decision Trees



Random Forests
ensembles generally increase robustness

Classification
Decision Trees

- Splits are performed in the natural units of each feature 
(as opposed to ad hoc normalization & weighting)

! Tree ensembles (RF, xgboost, lightGBM, …) are natural and 
usually SOTA approaches for tabular data

- Feature importance and (“out of bag”) error estimatation are 
natural


- (Frequentist) probabilities are natural



Prob. = 0.5

Classification
Decision Trees

Mapping P(class) to other 
evaluation metrics

wikipedia.org/wiki/F-score

PRF = 0.5
PRF = 0.8



Isolation Forests
Anomaly Detection



Neural Networks

Neuron-inspired math (1958)

WSDM2016 (J. Dean)

Activation 
function 
(non-linearity)

“1 layer” perceptron

+b



Neural Networks

https://www.analyticsvidhya.com/blog/2023/01/gradient-descent-vs-backpropagation-whats-the-difference/



Neural Networks

https://www.analyticsvidhya.com/blog/2023/01/gradient-descent-vs-backpropagation-whats-the-difference/





Basic Training & Hyperparameter Optimization

• Preprocess (and clean) raw data using domain-specific understanding. 
Coercion into data formats appropriate for the model

• Split  data into three distinct sets called train, validation, test ( ⃗x, y)
• Define a use-case specific score which we try to optimize — e.g. mean-
square error MSE (regression) or binary cross entropy (classification)

• With a fix set of hyperparameters, learn model on train set. Determine 
quality (and stopping criteria) using valdiation set. 

• Vary hyperparameters to obtain best valdiation score. Use best model and 
report its quality on test set



Basic Training & Hyperparameter Optimization

 Optimization strategies: grid search, random, Bayes (hyperopt, automl)
Model training management: Weights & Biases, Tensorboard, …



Scalar proxies: 
- RMSE 
- RMSLE 
- [adjusted] R2 

- ...

R2=0.91 
RMSE = 692.3 
Pearson R=0.96

scatter
outliers

bias

Basic Training & Hyperparameter Optimization
Scoring metrics are domain-specific…be thoughtful about this



Example Use Cases



Why do ML? Too Many Transients Tax (Follow-Up) Resources
Palomar Transient Factory 

(PTF) 
2009-2016

Zwicky Transient Factory 
(ZTF) 

2017-2024

Large SynopFc Survey Telescope 
(LSST) 

2024-2034

Image data rate 1 GB/90s 3 GB/45 s 6 GB/5 s

Transient  
Alerts per night 4✕104 3✕105 2✕106

Hubble Space Telescope (HST) James Webb Space Telescope (JWST) Thirty-Meter Telescope (TMT)

“cheap” discovery

“expensive” followup



Josh Bloom (GE Digital) @profjsb

Harvard College Observatory c. 1890



4 H. Brink et al.

Figure 1. Examples of bogus (top) and real (bottom) thumbnails.
Note that the shapes of the bogus sources can be quite varied,
which poses a challenge in developing features that can accurately
represent all of them. In contrast, the set of real detections is
more uniform in terms of the shapes and sizes of the subtraction
residual. Hence, we focus on finding a compact set of features that
accurately captures the relevant characteristics of real detections
as discussed in §2.2.

candidates. For every real or bogus candidate, we have at
our disposal the subtraction image of the candidate (which
is reduced to a 21-by-21 pixel—about 10 times the median
seeing full width at half maximum—postage stamp image
centered around the candidate), and metadata about the
reference and subtraction images. Figure 1 shows subtrac-
tion thumbnail images for several arbitrarily chosen bogus
and real candidates.

In this work, we supplement the set of features devel-
oped by Bloom et al. (2011) with image-processing features
extracted from the subtraction images and summary statis-
tics from the PTF reduction pipeline. These new features—
which are detailed below—are designed to mimic the way
humans can learn to distinguish real and bogus candidates
by visual inspection of the subtraction images. For conve-
nience, we describe the features from Bloom et al. (2011),
hereafter the RB1 features, in Table 1, along with the fea-
tures added in this work. In §3.1, we critically examine the
relative importance of all the features and select an optimal
subset for real–bogus classification.

Prior to computing features on each subtraction image
postage stamp, we normalize the stamps so that their pixel

values lie between �1 and 1. As the pixel values for real can-
didates can take on a wide range of values depending on the
astrophysical source and observing conditions, this normal-
ization ensures that our features are not overly sensitive to
the peak brightness of the residual nor the residual level of
background flux, and instead capture the sizes and shapes of
the subtraction residual. Starting with the raw subtraction
thumbnail, I, normalization is achieved by first subtract-
ing the median pixel value from the subtraction thumbnail
and then dividing by the maximum absolute value across all
median-subtracted pixels via

IN(x, y) =

⇢
I(x, y)�med[I(x, y)]
max{abs[I(x, y)]}

�
. (1)

Analysis of the features derived from these normalized real
and bogus subtraction images showed that the transfor-
mation in (1) is superior to other alternatives, such as
the Frobenius norm (

p
trace(IT I)) and truncation schemes

where extreme pixel values are removed.
Using Figure 1 as a guide, our first intuition about

real candidates is that their subtractions are typically az-
imuthally symmetric in nature, and well-represented by a
2-dimensional Gaussian function, whereas bogus candidates
are not well behaved. To this end, we define a spherical 2D
Gaussian, G(x, y), over pixels x, y as

G(x, y) = A · exp
⇢
�1
2


(cx � x)2

�
+

(cy � y)2

�

��
, (2)

which we fit to the normalized PTF subtraction image, IN ,
of each candidate by minimizing the sum-of-squared di↵er-
ence between the model Gaussian image and the candidate
postage stamp with respect to the central position (cx, cy),
amplitude A1 and scale � of the Gaussian model. This fit
is obtained by employing an L-BFGS-B optimization algo-
rithm (Lu, Nocedal & Zhu 1995). The best fit scale and am-
plitude determine the scale and amp features, respectively,
while the gauss feature is defined as the sum-of-squared dif-
ference between the optimal model and image, and corr

is the Pearson correlation coe�cient between the best-fit
model and the subtraction image.

Next, we add the feature sym to measure the symmetry
of the subtraction image. The sym feature should be small
for real candidates, whose subtraction image tends to have a
spherically symmetric residual. sym is computed by first di-
viding the subtraction thumbnail into four equal-sized quad-
rants, then summing the flux over the pixels in each quad-
rant (in units of standard deviations above the background)
and lastly averaging the sum-of-squares of the di↵erences be-
tween each quadrant to the others. Thus, sym will be large
for di↵erence images that are not symmetric and will be
nearly zero for highly symmetric di↵erence images.

Next, we introduce features that aim to capture the
smoothness characteristics of the subtraction image thumb-
nails. A typical real candidate will have a smoothly varying
subtraction image with a single prominent peak while bogus

1 As subtraction images of real candidates can be negative when
the brightness of the source is decreasing, we allow the Gaussian
amplitude A to take on negative, as well as positive, values.

c� 2012 RAS, MNRAS 000, 1–16

“bogus”

“real”

image “subtractions”

Built a real-time 
framework to discover 

variable/transient sources 
without people

• fast (compared to people) 
• parallelizable 
• transparent 
• deterministic 
• versionable

1000 to 1 needle in the 
haystack problem

Example Classification Task: Discovery for Astro Survey Images



Real or Bogus? 5

Fig. 2.— Histogram of a selection of features divided in real (purple) and bogus (cyan) populations. First two newly introduced features
gauss and amp, the goodness-of-fit and amplitude of the Gaussian fit. Then mag ref, the magnitude of the source in the reference image,
flux ratio, the ratio of the fluxes in the new and reference images and lastly, ccid, the ID of the camera CCD where the source was
detected. The fact that this feature is useful at all is surprising, but we can clearly see that there are a higher probability of the candidates
beeing real or bogus on some of the CCDs.

els of performance in the astronomy literature ( | joey:
add refs | ). A description of the algorithm can be found
in Breiman (2001). Briefly, the method aggregates a col-
lection of hundreds to thousands of classification trees,
and for a given new candidate, outputs the fraction of
classifiers that vote real. If this fraction is greater than
some threshold ⌧ , random forest classifies the candidate
as real ; otherwise it is deemed to be bogus.
While an ideal classifier will have no missed detections

(i.e., no real identified as bogus), with zero false positives
(bogus identified as real), a realistic classifier will typi-
cally o↵er a trade-o↵ between the two types of errors. A
receiver operating characteristic (ROC) curve is a com-
monly used diagram which displays the missed detection
rate (MDR) versus the false positive rate (FPR) of a clas-
sifier6. With any classifier, we face a trade-o↵ between
MDR and FPR: the larger the threshold ⌧ by which we
deem a candidate to be real, the lower the MDR but
higher the FPR and vice versa. Varying ⌧ maps out the
ROC curve for a particular classifier, and we can com-
pare the performance of di↵erent classifiers by comparing
their cross-validated ROC curves: the lower the curve the
better the classifier.
A commonly used figure of merit (FoM) for selecting

a classifier is the so-called Area Under the Curve (AUC,
Friedman et al. (2001)), by which the classifier with min-
imal AUC is deemed optimal. This criterion is agnostic
to the actual FPR or MDR requirements for the problem
at hand, and thus is not appropriate for our purposes. In-
deed, the ROC curves of di↵erent classifiers often cross,
so that performance in one regime does not necessarily
carry over to other regimes. In the real–bogus classifica-
tion problem, we instead define our FoM as the MDR at
1% FPR, which we aim to minimize. The choice of this
particular value for the false positive rate stems from a
practical reason: we don’t want to be swamped by bogus
candidates misclassified as real.
Figure 3 shows example ROC curves comparing the

performance on pre-split training and testing sets includ-
ing all features. With minimal tuning, Random Forests
perform better, for any position on the ROC curve, than

6 Note that the standard form of the ROC is to plot the false
positive rate versus the true positive rate (TPR = 1-MDR)

SVM with a radial basis kernel, a common alternative
for non-linear classification problems. A line is plotted
to show the 1% FPR to which our figure of merit is fixed.

Fig. 3.— Comparison of a few well known classification algo-
rithms applied to the full dataset. ROC curves enable a trade-o↵
between false positives and missed detections, but the best classi-
fier pushes closer towards the origin. Linear models (Logistic Re-
gression or Linear SVMs) perform poorly as expected, while non-
linear models (SVMs with radial basis function kernels or Random
Forests) are much more suited for this problem. Random Forests
perform well with minimal tuning and e�cient training, so we will
use those in the remainder of this paper.

3. OPTIMIZING THE DISCOVERY ENGINE

With any machine learning method, there are a
plethora of modeling decisions to make when attempt-
ing to optimize predictive accuracy on future data. Typ-
ically, a practitioner is faced with questions such as which
learning algorithm to use, what subset of features to em-
ploy, and what values of certain model-specific tuning pa-
rameters to choose. Without rigorous optimization of the
model, performance of the machine learner can be hurt
significantly. In the context of real–bogus classification,
this could mean failure to discover objects of tremen-
dous scientific impact. In this section, we describe several
choices that must be made in the real–bogus discovery
engine and outline how we choose the optimal classifica-
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3. OPTIMIZING THE DISCOVERY ENGINE

With any machine learning method, there are a
plethora of modeling decisions to make when attempt-
ing to optimize predictive accuracy on future data. Typ-
ically, a practitioner is faced with questions such as which
learning algorithm to use, what subset of features to em-
ploy, and what values of certain model-specific tuning pa-
rameters to choose. Without rigorous optimization of the
model, performance of the machine learner can be hurt
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this could mean failure to discover objects of tremen-
dous scientific impact. In this section, we describe several
choices that must be made in the real–bogus discovery
engine and outline how we choose the optimal classifica-

Brink+2012

Real and Bogus 
objects in our 
training set of 78k 
detections, 42-
dimensional image 
and context 
features on each 
candidate

Some classifiers work better than others
ROC Curve



Real-Bogus Classifier Performance

Performance Improvement 

J. Richards Astronomical Discovery and Classification 41

Brink+2012

Better Models…



Real-Bogus Classifier Performance

Performance Improvement 

J. Richards Astronomical Discovery and Classification 41

"More data beats clever algorithms but 
better data beats more data."   

- Peter Norvig

Brink+2012

Better Models…



Supernova Discovery in the Pinwheel Galaxy (M101) 
    11 hr after explosion 

nearest SN Ia in >3 decades 
ML-assisted “real-bogus” discovery

©Peter Nugent

Nugent, …, JSB+12, Nature, 1110.6201

https://arxiv.org/abs/1110.6201
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Fig. 3.— Constraints on mass, effective temperature, radius and average density of the

primary star of SN 2011fe. The shaded red region is excluded from non-detection of an

optical quiescent counterpart in Hubble Space Telescope (HST) imaging. The shaded green

region is excluded from considerations of the non-detection of a shock breakout at early

times, taking the least constraining Rp of the three model in Table 1. The blue region is

excludes by the non detection of a quiescent counterpart in Chandra X-ray imaging. The

location of the H, He, and C main sequence is shown, with the symbol size scaled for different

primary masses. Several observed WD and NSs are shown. The primary radius in units of

R⊙ is shown for Mp = 1.4M⊙.

Bloom+12

see also Nugent+12, Nature



Discovery (& classification) on 
images is now a cottage industry

Adapted from D. Goldstein



50k variables, 26 classes, 810 with known labels (timeseries, colors)
Also, Amstrong+16 (10k K2 stars)

Richards+11, 12

Variable Star Science



1. AE learn to reproduce irregularly 
sampled light curves using an 
information bottleneck (B)

E( (→
B

D→ ( (≈

2. Use B as features and learn a 
traditional classifier (e.g., random 
forest)

F. PerézS. van der Walt

Self-Supervised (Autoencoder) Recurrent NN

SOTA permutation invariant version: Zhang & Bloom (ICLR20, arxiv:2011.01243)

• self-supervised feature learning → leverage 
large corpus of unlabelled light curves



• Co-training across multiple surveys & multiple bandpasses 
• Semi-supervised topology + metadata (“Kitchen Sink”)

Loss ~ Lts + λ Lclass

Source 
Metadata

Source  
Time series

Bottleneck
Self-supervised

SupervisedClassification

Time series 
Reconstruction

FC

LSTM/TCN

LSTM/TCN

Extensions/Active Research

Jamal & JSB 2020, arxiv:2003.08618

Self-Supervised (Autoencoder) Recurrent NN



ProbabilisFc ClassificaFon Of Variable Stars  

Shivvers,JSB,Richards MNRAS,2014 

106 “DEB” candidates 

12 new 
mass-radii

15 “RCB/DYP” 
candidates 

8 new discoveries

Triple # of  
GalacFc  

DYPer Stars

Miller, Richards, JSB,..ApJ 2012

Local Distance Ladder:  Spectroscopic Metallicity 
measurements for RRL, Cepheids, Mira…

→ Inform the use of precious followup resources



UNet: Ronneberger et al. 2015

deepCR*: 
Network 

Architecture

* deepCR-mask & 

deepCR-inpaint

Zhang & Bloom, NeurIPS 1907.09500

Denoising Autoencoders for Imaging Pipelines

K. Zhang
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deepCR*: 
Network 

Architecture

* deepCR-mask & 

deepCR-inpaint

Zhang & Bloom, NeurIPS 1907.09500

Denoising Autoencoders for Imaging Pipelines

K. Zhang



Denoising Autoencoders for Imaging Pipelines



deepCR-mask: better*, faster

* at least on Hubble Space Telescope ACS/WFC

Denoising Autoencoders for Imaging Pipelines



deepCR-mask

LACosmic

Convolution Filters Learned in 1st layer

Current State of the Art Approach

Denoising Autoencoders for Imaging Pipelines



Physics 
Informed
ML

“although neural networks only work well for an 
exponentially tiny fraction of  all possible inputs, 
the laws of  physics are such that the data sets we 
care about for machine learning are also drawn 
from an exponentially tiny fraction of  all 
imaginable data sets…”

“Why does deep and cheap learning work so well?”  
Lin, Tegmark, Rolnick arXiv:1608.08225 (2017)



• Computer vision: e.g., Spatial Transformer Network, GVNN (s03 layer Euler,…) 

• High-energy physics: “QCD-Aware Recursive NN for Jet Physics” 

• Quantum Chemistry: “Ab-Initio Solution of the Many-Electron  
 Schrödinger Equation with Deep Neural Networks” 

•

Louppe+ 1702.00748

Jaderberg+1506.02025; Handa+1607.07405

Pfau+ 1909.02487

Impart/impose/imbue physical constraints into architecture

Euclidean Neural Networks 

 rotation-, translation-, & permutation-
equivariant convolutional neural 
networks for 3D point clouds for 
emulating ab initio calculations & 
generating atomic geometries 

Tess Smidt 

cf. "Machine learning and the physical sciences” Carleo+ 1903.10563

https://arxiv.org/abs/1506.02025
https://arxiv.org/abs/1607.07405
https://arxiv.org/abs/1909/02487
https://arxiv.org/abs/1702.00748
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• High-energy physics: “QCD-Aware Recursive NN for Jet Physics” 

• Quantum Chemistry: “Ab-Initio Solution of the Many-Electron  
 Schrödinger Equation with Deep Neural Networks” 

•

Louppe+ 1702.00748

Jaderberg+1506.02025; Handa+1607.07405

Pfau+ 1909.02487

Impart/impose/imbue physical constraints into architecture

Euclidean Neural Networks 

 rotation-, translation-, & permutation-
equivariant convolutional neural 
networks for 3D point clouds for 
emulating ab initio calculations & 
generating atomic geometries 

Tess Smidt 

Challenge: Find data embeddings & 
network architectures that conform 
to known taxonomies, conservation 

laws, & symmetries  

cf. "Machine learning and the physical sciences” Carleo+ 1903.10563

https://arxiv.org/abs/1506.02025
https://arxiv.org/abs/1607.07405
https://arxiv.org/abs/1909/02487
https://arxiv.org/abs/1702.00748
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MACHO OGLE-III ASAS-SN

Size 130,484 187,571 418,207

Number of 
Class 8 8 15

Sequence 
Length 128 128 128

Results: Periodic Variable Star Classification



4

FIG. 2. Parameters of the 1528 NR simulations used in the construction of the surrogate models in this paper. We show the
distribution of mass ratio q and the spin components in standard spherical polar coordinates (‰, ◊, „) at ≠4300M from the
waveform amplitude peak. The index 1 (2) refers to the heavier (lighter) BH.

The component spins ‰1,2(t) and masses m1,2 are eval-
uated on the apparent horizons [77] of the BHs. The
masses at the relaxation time [84] are used to define the
mass ratio q = m1/m2. Unless otherwise specified, all
masses in this paper are given in units of the total mass
M = m1 + m2 at relaxation. The spins are interpolated
onto the same time array2 as used for the waveform, using
cubic splines.

2 The waveforms at future null infinity use a time coordinate t
that is di�erent from the simulation time t̃ at which the spins are

The remnant mass mf and spin ‰f are determined from
the common apparent horizon long after ringdown, as
detailed in Ref. [84]. The remnant kick velocity is derived
from conservation of momentum, vf = ≠P rad/mf [90].

measured in the near zone [84]. In this paper, we identify t with t̃.
While this identification is gauge-dependent, the spin directions
are already gauge-dependent. We, however, note that the spin
and orbital angular momentum vectors in the damped harmonic
gauge used by SpEC agree quite well with the corresponding
vectors in post-Newtonian (PN) theory [89].

Surrogate Modeling

"Surrogate models for precessing binary black 
hole simulations with unequal masse” 
Varma+ 1905.09300 

Numerical Relativity calculations of black 
hole merger waveforms

8

FIG. 4. Mismatches for NRSur7dq4 and SEOBNRv3 models, when compared against precessing NR simulations using all ¸ Æ 5
modes with mass ratios q Æ 4, and spin magnitudes ‰1, ‰2 Æ 0.8. The NRSur7dq4 errors shown are out-of-sample errors. Also
shown are the NR resolution errors. Mismatches are computed at several sky locations using all available modes for each model:
¸ Æ 4 for NRSur7dq4, and ¸ = 2 for SEOBNRv3. The NR error is computed using all ¸ Æ 5 modes from the two highest available
resolutions. Left panel: Mismatches computed using a flat noise curve. The square (triangle) markers at the top indicate the
median (95th percentile) values. Right panel: Mismatches computed using the Advanced LIGO design sensitivity noise curve, as
a function of total mass. The dashed (solid) lines indicate the median (95th percentile) values over di�erent NR simulations and
points in the sky.
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NRSur7dq4 SEOBNRv3 NR

FIG. 5. The plus polarization of the waveforms for the cases that result in the largest mismatch for NRSur7dq4 (top) and
SEOBNRv3 (bottom) in the left panel of Fig. 4. We also show the corresponding NR waveforms. Each waveform is projected
using all available modes for that model, along the direction that results in the largest mismatch for NRSur7dq4 (SEOBNRv3)
in the top (bottom) panel. Note that NRSur7dq4 is evaluated using trial surrogates that are not trained using these cases. The
binary parameters and the direction in the source frame are indicated in the figure text. All waveforms are time shifted such
that the peak of the total amplitude occurs at t = 0 [using all available modes, according to Eq. (5)]. The waveform modes are
then rotated to have their orbital angular momentum aligned with the z-axis, and such that the orbital phase is equal to zero at
t = ≠4300M .

1528 full  
simulations



Supernova (Thomas/Nugent); Exoplanets 
(Ford+11) 

Surrogate Modeling

Chen+ 2016 ApJ 836



Likelihood-Free Inference (LFI) / Simulation-based Inference (SBI)

Astro example: ”Fast likelihood-free cosmology with 
neural density estimators and active learning” 

Alsing+  1903.00007

Turn inference into density 
estimation task using 

simulated data
20

Simulation Machine Learning Inference
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Figure 2 A schematic of machine learning based approaches to likelihood-free inference in which the simulation provides training
data for a neural network that is subsequently used as a surrogate for the intractable likelihood during inference. Reproduced
from (Brehmer et al., 2018b).

techniques (Brehmer et al., 2018c).
In addition, an inference compilation technique has

been applied to inference of a tau-lepton decay. This
proof-of-concept effort required developing probabilistic
programming protocol that can be integrated into exist-
ing domain-specific simulation codes such as SHERPA and
GEANT4 (Baydin et al., 2018; Casado et al., 2017). This
approach provides Bayesian inference on the latent vari-
ables p(Z|X = x) and deep interpretability as the pos-
terior corresponds to a distribution over complete stack-
traces of the simulation, allowing any aspect of the sim-
ulation to be inspected probabilistically.

Another technique for likelihood-free inference that
was motivated by the challenges of particle physics
is known as adversarial variational optimization
(AVO) (Louppe et al., 2017b). AVO parallels generative
adversarial networks, where the generative model is no
longer a neural network, but instead the domain-specific
simulation. Instead of optimizing the parameters of
the network, the goal is to optimize the parameters
of the simulation so that the generated data matches
the target data distribution. The main challenge is
that, unlike neural networks, most scientific simulators
are not differentiable. To get around this problem,
a variational optimization technique is used, which
provides a differentiable surrogate loss function. This
technique is being investigated for tuning the parameters
of the simulation, which is a computationally intensive
task in which Bayesian optimization has also recently
been used (Ilten et al., 2017).

3. Examples in Cosmology

Within Cosmology, early uses of ABC include con-
straining thick disk formation scenario of the Milky
Way (Robin et al., 2014) and inferences on rate of
morphological transformation of galaxies at high red-
shift (Cameron and Pettitt, 2012), which aimed to track

the Hubble parameter evolution from type Ia supernova
measurements. These experiences motivated the devel-
opment of tools such as CosmoABC to streamline the ap-
plication of the methodology in cosmological applica-
tions (Ishida et al., 2015).

More recently, likelihood-free inference methods based
on machine learning have also been developed motivated
by the experiences in cosmology. To confront the chal-
lenges of ABC for high-dimensional observations X, a
data compression strategy was developed that learns
summary statistics, that maximize the Fisher informa-
tion on the parameters (Alsing et al., 2018; Charnock
et al., 2018). The learned summary statistics approxi-
mate the sufficient statistics for the implicit likelihood in
a small neighborhood of some nominal or fiducial param-
eter value. This approach is closely connected to that
of (Brehmer et al., 2018c). Recently, these approaches
have been extended to learn summary statistics that are
robust to systematic uncertainties (Alsing and Wandelt,
2019).

E. Generative Models

An active area in machine learning research involves
using unsupervised learning to train a generative model
to produce a distribution that matches some empirical
distribution. This includes generative adversarial net-
works (GANs) (Goodfellow et al., 2014), variational au-
toencoders (VAEs) (Kingma and Welling, 2013; Rezende
et al., 2014), autoregressive models, and models based
on normalizing flows (Larochelle and Murray, 2011; Pa-
pamakarios et al., 2017; Rezende and Mohamed, 2015).

Interestingly, the same issue that motivates likelihood-
free inference, the intractability of the density implicitly
defined by the simulator also appears in generative adver-
sarial networks (GANs). If the density of a GAN were
tractable, GANs would be trained via standard maxi-
mum likelihood, but because their density is intractable

Brehmer+ 1805.00013

See also Cranmer, Brehmer & Louppe 2020

https://arxiv.org/abs/1903.00007


Microlensing for Exoplanet Discovery & Characterization 
Goal: measure masses, separations, 
orbits. 


" Grid search+MCMC is slow 
(millions of forward model 
computations) & require experts in the 
loop

Animation: B. S. Gaudi



Microlensing for Exoplanet Discovery & Characterization 
Goal: measure masses, separations, 
orbits. 


" Grid search+MCMC is slow 
(millions of forward model 
computations) & require experts in the 
loop

# Expecting thousands 
of events with Roman.

Calls for automated & more 
efficient inference 
approaches 


Animation: B. S. Gaudi

Microlensing for Planet Discovery and Characterization

• Unique sensitivity beyond 
the snow line


• Roman expects to 
discover ~1400 via 
microlensing. Currently: 
~120


• Calls for automated and 
more efficient inference 
approaches

Figure from Zhu & Dong 2021

>10x yield

Fast Inference Method for Roman Microlensing Unveils a New Unifying Degeneracy Feb 9th 2022, Caltech/IPAC, Keming Zhang

Figure from Zhu & Dong 2021 



Fast Inference with Neural Density Estimator

Zhang, JSB, … NeurIPS MP4PS (2010.04156) 
Zhang et al., AJ 161 262 (2021) →Amortized inference, 105 faster

θ ∼ ℝ8



Automating Inference of Binary Microlensing Events
with Neural Density Estimation

Anonymous Author(s)
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Abstract

Automated inference of binary microlensing events with traditional sampling-based1

algorithms such as MCMC has been hampered by the slowness of the physical2

forward model and the pathological parameter space. Current analysis of such3

events requires both expert knowledge and large-scale grid searches to locate4

the approximate solution as a prerequisite to MCMC posterior sampling. As5

the next generation, space-based [1] microlensing survey with the Roman Space6

Observatory [2] is expected to yield thousands of binary microlensing events [3]7

a new fast, accurate, scalable, and automated approach is desired. In this paper,8

we present an automated inference method based on neural density estimation9

(NDE). We show that the trained NDE not only produces fast, accurate, and10

precise posteriors but also captures expected posterior degeneracies. A hybrid11

NDE-MCMC framework can further be applied to produce the exact posterior.12

1 Introduction13

As mass bends light, when the apparent trajectory of a foreground lens system passes close to that14

of a more distant source star, the gravitational field of the lens will perturb the light rays from the15

source resulting in a time-variable magnification. Such are gravitational microlensing events, and16

the time-series of brightness (“light curves”) are recorded by astronomical imaging surveys (see [4]17

for review). Binary microlensing events occur when the lens is a system of two masses — either18

a binary star system, or a star-planet configuration. Observation of these events provide an unique19

opportunity for the discovery of planets as the star-to-planet mass ratio may be inferred from the20

light curve without having to detect light from the star-planet lens itself. The next-generation of21

microlensing survey with the Roman Space Telescope [2] (hereafter Roman) is estimated to discover22

thousands of binary microlensing events1, many with planet-mass companions, over the duration of23

the 5-year mission span, orders of magnitude more than the dozens of events previously discovered.24

While the light-curve of any single-lens event is described by a simple analytic expression (“Paczyński25

light-curve”), binary microlensing events requires numerical forward models that are computationally26

expensive. In addition, binary microlensing light-curves exhibit extraordinary phenomenological27

diversity, owning to the different geometrical configurations for which magnification could take place.28

This translates to a pathological parameter space for which the likelihood surface, in the context of29

sampling-based Bayesian inference, suffers from a multitude of local minima which are both narrow30

and deep; this significantly hampers attempts to fully automate blind MCMC runs. As a result, binary31

microlensing events have thus far been analyzed on a case-by-case basis with both expert knowledge32

and expensive grid searches over some parameters, consuming weeks of CPU-hours. This approach33

thus presents a great challenge in the analysis of the thousands of binary microlensing events expected34

to be discovered by Roman.35

1https://roman.gsfc.nasa.gov/exoplanets_microlensing.html

Submitted to 34th Conference on Neural Information Processing Systems (NeurIPS 2020). Do not distribute.

Zhang, JSB, … NeurIPS MP4PS (2010.04156) 
Zhang et al., AJ 161 262 (2021) 

Recovery of Known 
Caustic Degeneracies



Discovery of Magnification 
Degeneracies

LETTERS NATURE ASTRONOMY

Because of this unifying feature, we expected the offset degen-
eracy to be ubiquitous in past events with twofold degenerate solu-
tions and speculate that a large number of cases may have been 
mistakenly attributed to the close–wide degeneracy. Therefore, we 
systematically searched for previously published events with two-
fold degenerate solutions satisfying qA ≃ qB ≪ 1 (see Methods). We 
found 23 such events, and then first compared the intercept of the 
source trajectory on the star–planet axis to the location of the null 
predicted with equation (1). We also invert equation (1) to predict 
one degenerate sA from the other sB:
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where x0 = u0/sin(α) is the intercept of the source trajectory on the 
binary axis, u0 is the impact parameter and α is the angle of the 
source trajectory with respect to the binary axis. As shown in Fig. 3, 
the source trajectory always passes through the null location on the 
star–planet axis as predicted by equation (1). Additionally, equation 
(2) accurately predicts one degenerate solution from the other. The 
fact that equation (1) applies for a wide range of α confirms that 
the offset degeneracy accommodates oblique trajectories, although 
proximity to planetary caustics might break the degeneracy (for 
example, KMT-2016-BLG-139717). Thus we conclude that equa-
tions (1) and (2) will be useful in the analysis of future events with 
offset-degenerate solutions.

Given its apparent ubiquity, it is reasonable to ask why the off-
set degeneracy has only been discovered over two decades after the 
first in-depth explorations of degeneracies in two-body microlens-
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Fig. 2 | Deviation (Δxnull) of numerically derived, exact null position from 
the analytic form (equation (1)) for changing sA against three values 
of fixed sB!<!1, normalized to the separation between the two (implied) 
planetary caustics: ∣(sA!−!1/sA)!−!(sB!−!1/sB)∣. Δxnull is calculated for 
q!=!2!×!10−4 but was found to be independent of q for q!≪!1 (Extended 
Data Fig. 5). The x axis shows log10(sA) scaled to log10(sB) such that −1 
corresponds to the close–wide degenerate case of sA!=!1/sB (gold star), 
0 corresponds to sA!=!1 and 1 corresponds to the asymptotic inner–outer 
degenerate case where sA!=!sB (brown hexagon). The coordinate origin 
is set to s q/(1!+!q) from the primary for s!<!1 and s−1 q/(1!+!q) for s!>!1, 
which describe the location of the central caustic and account for the 
non-differentiability at sA!=!1.
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Fig. 3 | Offset degeneracy reanalysis of 23 systematically selected events in the literature with twofold degenerate solutions. a, The source trajectory 
always passes close to the null intercept on the star–planet axis (xnull), as predicted by equation (1). The x axis shows the source trajectory intercept on 
the star–planet axis, calculated from u0 and α. The y axis shows the prediction for xnull using equation (1) and reported values of sA and sB. Event labels 
as shown in the legend are the event abbreviations: for example, KMT162397 means KMT-2016-BLG-2397. The inset shows a zoom-in of the central 
boxed region. b, The x and y axes show the smaller and larger values of the degenerate solutions, referred to as smin,max. Circles are reported values of 
smin,max whereas triangles are smax values predicted with equation (2) of the offset degeneracy and smin, α and u0. The colour coding follows the legend in a. 
Circles and triangles largely coincide for all cases, demonstrating the predictive power of the offset degeneracy. Sizes of circles and triangles are scaled 
to the expected null location, x0!=!u0/sin(α), to show the correlation between larger size and greater distance from the dash–dotted diagonal line, which 
represents the exact close–wide degeneracy where smin!=!1/smax. Cases typically understood as inner–outer—sA,B!>!1 or sA,B!<!1—are found outside the box 
bounded by the dashed lines. Cases close to the dashed lines but far from their conjunction correspond to resonant–close/wide degeneracies. Cases 
within the dashed box and not on the diagonal line do not belong to either close–wide or inner–outer degeneracies. The inset shows a zoom-in of the 
region boxed by solid lines. Error bars are marginalized 1σ posterior intervals. Uncertainties for the predicted xnull are propagated from the uncertainties of 
whichever of smin and smax gives rise to a smaller uncertainty on xnull.
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Reanalysis of 23 previous 2-mode 
solutions shows one source location 

predicts the other 

Continuous set of  
“offset” degenerate light curves with 

inner-outer/close-wide as limiting cases

“suggests the existence of a deeper symmetry in 
the equations governing two-body lenses than 

previously recognized. “

Zhang, Gaudi Bloom, Nat. Ast. 2022



Advancing astronomy by guiding human intuition with AI…

…while AI is unlikely to replace scientists in the foreseeable future, [this work] 
demonstrates that it can be harnessed to help us understand deeper 
mathematical patterns in the underlying theory.

Mroz, Nat. Ast. News and Views (2022)
See also Davies et al. Nature, 2021


https://joshbloom.org/post/just_the_beginning/



Lesson 1: 
Don’t do 
ML unless 
you have to

Overcome Resource Constraints

Computation
•Accelerate physics-based simulation

•Simulation-based inference

Hardware
•Data transport bottlenecks 

•Survey & instrument design

•Optimize observing plans

People
•Scaling decision support

•Automated Hypothesis generation

•Guided exploration & discovery



All Models Have Flaws



All Models Have Flaws
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>$50k Prize
<$50k Prize

Netflix

winning
metric

best
benchmark

many teams get within 
~few % of optimum

so which is easier to 
put into production?

Leaderboard data from Kaggle & Netflix

Optimization Metric
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“We evaluated some of the new methods 
offline but the additional accuracy gains 
that we measured did not seem to justify the 
engineering effort needed to bring them into 
a production environment.”

Xavier Amatriain and Justin Basilico (April 2012)

On the Prize



Lesson 2: 
Choose the 
right tool 
for the 
problem

The simplest is usually the 
best

Results from simple 
approaches are, at worst, 
good benchmarks for you to 
beat with more complex 
solutions



Interpretability

Accuracy
Implementability

Optimization 
Space
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Machine Learning Algorithmic Trade-Off
High

Low
Low High

In
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Accuracy

Linear/Logistic 
Regression

Naive Bayes

Decision Trees

SVMs

Bagging

Boosting

Decision Forests

Neural Nets Deep Learning

Nearest 
Neighbors

Gaussian/
Dirichlet 

Processes

Splines

* on real-world data sets
Lasso

Warning
Unscientific & 

opinionated!



Josh Bloom @profjsb

What are we optimizing for?

Component What

Algorithm/Model Learning rate, convexity, error 
bounds, scaling, …

+ Software/Hardware
Accuracy, Memory usage, Disk 

usage, CPU needs, time to 
learn, time to predict

+ Project Staff
time to implement, people/
resource costs, reliability, 

maintainability, experimentability

+ Consumers
direct value, useability, 

explainability, actionability, 
security, privacy

+ Society indirect value, ethics

- multi-axis optimizations in a given 
component
- highly coupled optimization 
considerations between components
- myopic view can be costly further up 
the stack

All ML in production is 
a Systems Challenge



Lession 3: 
Writing papers 
is easy, but ML 
in Production 
is Hard

Only real test of the model 
is if its falsifiable on data that 
does not yet exist

Since all models are fallible & 
people are always on the 
receiving end, we need to 
invest in how model are hot-
swapped, predictions are 
consumed & acted upon





simplist



https://www.reddit.com/r/funny/comments/3e7gy4/yes_netflix_because_my_6_year_old_will_enjoy_the/

“Yes Netflix, 
because my 6 year 
old will enjoy the 
animated fun of 

Sons of Anarchy”



“Weak Contracts” 
ie. 

Abstractions within 
components bleed through 

to other components
cf. Sculley …

1. A smart programmer makes an 
invenFve use of a trained object 
recognizer. 

2. The object recognizer receives data that 
does not resemble the tesFng data and 
outputs nonsense. 

3. The code of the smart programmer does 
not work. 

Example (via Bottou)



Josh Bloom @profjsb

http://research.google.com/pubs/pub43146.html

• Complex models erode abstraction 
boundaries

• Data dependencies cost more than 
code dependencies: weak contracts

• System-level Spaghetti
• Changing External World

“It may be surprising to the 
academic community to know 
that only a fraction of the code 
… is actually doing ‘machine 
learning’. A mature system 
might end up being (at most) 
5% machine learning code 
and (at least) 95% glue code.”

see also, Bottou (Facebook) ICML

http://research.google.com/pubs/pub43146.html


Lession 4: 
Get the people and roles right 



 
 

ML  
 Engineers

ML Modelers

Statistical Modelers

BI and Business Analysts who carry out ad-hoc analysis and 
reporting

who are responsible for statistical 
analysis and modeling

who increasingly develop prototypes using 
notebooks

who are building intelligent products from data

Tools, talent, and org 
structure should align with 
this reality



Γπ vs.

(or “Data Science is a Team Sport”)

deep domain skill/knowledge/training
deep methodological knowledge/skill

deep domain or methodological skill/knowledge/training
strong methodological or domain knowledge/skill

Goal: empower teams of gamma’s to excel

Intelligent Systems: It Takes a VillageDoing ML is a Team Sport



Summary
‣ Wide range of ML approaches  
 Decision Forests are the go-to for tabular data, neural approaches for 
  most other types of data. 
 BUT always try simple approaches first -> benchmark

‣ Clear exemples of scientific acceleration with ML, but do not do ML 
unless you HAVE to…

‣ ML in production is HARD. Easy to convince yourself of efficacy of ML 
solutions with off-the-shelf data…only real testing data is that that has not 
been created yet

‣ Work in domain and techically diverse teams. It’s more fun.

https://github.com/profjsb/ml_course



ML4FP School Lecture
Aug 12, 2024
Lawrence Berkeley National Laboratory

 

Joshua Bloom 
Astronomy

Thanks and enjoy the school!

https://twitter.com/hashtag/PhysML19?src=hashtag_click

