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Operating Principles of Future Gamma-ray Missions

Ø Gamma rays interact multiple times in the active 
detector(s) via Compton scatters (and/or pair 
creations).

Ø The interaction sequence has to be determined 
from information such as scatter angles, absorption 
probabilities, scatter probabilities.

Ø The origin of a single not-tracked Compton event can be 
restricted to the so called “event circle”, an electron-
tracked event to an arc, and a pair event to an extended 
“blob” which becomes a dot at higher energies.

Ø The position of peak overlap is the origin. 

Ø Image deconvolution creates sky maps.

Image
deconvolution

Non-electron-trackers: COSI, 
GRAMS, GammaTPC, etc.

Electron-trackers: AMEGO(-X), ComPair, 
(e)ASTROGAM, SMILE, HARPO, etc.



Simplified Data-Analysis Pipeline

Coincidence determination

Aspect correction & interpolation

Strip pairing 

Raw measurements: 
Hits (time, AD units, strip & detector IDs, 

timings), raw aspect

Energy calibration and corrections

Depth Calibration & Position 
Determination

Determine hit cluster

Determine event type (single-site, 
Compton, etc.)

Events: Aspect, Time & collection of 
hits (position & energy) 

Determine gamma-ray path of 
Compton and pair events

Check for different background 
signatures

Events: Single-site, Compton, pair, etc. 
plus probability that event is 

background or not, etc.

Many classification and regression tasks perfectly suited for machine learning

Calibration                                   Reconstruction                                      Analysis

Response creation

Imaging

GRB localization

Spectral analysis

Polarization analysis

And combinations of the above and 
many others



Long-term Goal for Machine Learning
Go from:

Ø raw measurements to, for example, a localized transient (GRB)
Ø using a Compton and/or pair telescope
Ø on-board a space craft
Ø in close to real-time, and
Ø transmit data to other missions for follow ups.

Key Challenges:
Ø Need to develop radiation hard, powerful but power-efficient TPU-like 

system to go to space
Ø Need to develop multi-stage (i.e. deep) neural network architecture to 

do that
Ø Need a pipeline to robustly verify performance 



Development Steps of a ML approach

Stage Description
1. Exploration Play with different ML approaches and try to get one to 

work as well or better than already existing approaches.

2. Limited proof-of-concept ML approach works on average for a limited simulated data 
set (e.g., toy-model, one energy, extremely cleaned data 
set, etc.)

3. Full proof-of-concept ML approach works on average for a complete, simulated 
data set spanning the expected data range

4. Verification with simulations Physics-based verification for all initial and measured 
parameters: Ensure there are no detectable biases with 
simulated datasets 

5. Verification with measurements Ensure there are no detectable biases in real data

6. Deployment Ready for application to your astrophysical observations

in a high-energy data-analysis pipeline



Software Tools (used for COSI)

MEGAlib
Medium-Energy 

Gamma-ray 
Astronomy library

A. Zoglauer et al. 2006

ROOT
CERN’s high-

energy physics 
data analysis 
framework

R. Brun & F. 
Rademakers, 1997

TMVA
Toolkit for 

Multivariate Data 
Analysis

P. Speckmayer et al. 
2010

All are freely available & open source

TensorFlow
Google’s 

machine-learning 
library

M. Abadi et al. 2016

Keras
User friendly 
front-end for 
TensorFlow

F. Chollet et al. 2015



COSI: Strip Pairing

Task:
Find interaction locations in the (double-
sided strip) detectors from the triggered 
strips

Double sided-
strip detector

Yellow: Hit strips
x:    Possible interaction locations
X:   Real interaction locations

Results:
Benchmark (chi-square approach) vs. 
4-layer fully connected neural 
network:

87% 96%

0%

25%

50%

75%

100%

Benchmark Neural Network



Si-tracker: Event-type Identification

Find the Type of the First Interaction

Tracker (Si wafers)

Calorimeter (CsI bars)
Passive structure

Compton
Compton

Pair

Pa
ir à

51
1-k

eV

Pair

Task:
Find the event type:
Compton, pair, single-site, 
charged particle

Results:
Apply a 3D convolutional neural network (CNN) 
with 4 convolutional + 2 dense layers:

99.4%

99.8%

94.5%

98.4%

90% 95% 100%

Compton correct as
Compton

Pair correct as pair

First interaction anywhere First interaction in tracker

(*)

(*) The majority of the missing 5.5% are mostly 511’s  from pair 
events in passive material (correctly) identified as Compton events 

Correctly identified as 
Pair

Correctly identified as 
Compton



COSI: Identification of Energy Leakage

Contained

Task:
Identify events which are not 
completely contained in active detector 
material (and do not raise a veto)

Results:

Best separation:
• Random forest consisting of 500 boosted 

decision trees
• Neural network gave worse performance

Not contained

Contained

Real escapes get mostly 
vetoed in the shields

Not identifiable



COSI: Event Reconstruction     .

Problem:
• Detector only measures hits without time information   

      à Path of photon is unknown! 

Information available to determine path:
• The kinematics of the events, i.e., the redundant Compton scatter 

information (electron track and/or multiple Compton interactions) 
• The known response of the detector to incident gamma-ray 

(absorption probabilities, scatter probabilities, etc.)

Techniques used:
• Classic Compton sequence reconstruction (Boggs+ 2000)
• Naïve Bayesian approach (Zoglauer+, 2005 & 2007)
• Random forest of boosted decision trees (this)
• Neural network (this & Zoglauer+ 2007)

Output:
• Correct interaction sequence

Detector

Detector



Event Reconstruction Performance Metric: ARM

ARM: 
Angular Resolution Measure

Smallest distance between 
Compton cone and known origin 

of gamma rays

ARM of ideal detector: Only Doppler-
broadening

Reality: broadening by detector position and 
energy resolution



Event Reconstruction Performance
Events with correct 
path

Events with 
wrong path

511-keV from 
22Na COSI 
calibration 
data 

RMS improvement:
CSR: 0%
Bayes: 17.0%
RF-BDT: 24.9%
NN: 27.4%

Neural network:
• Configuration: Dense, 1 hidden 

layer, 30% more hidden layer nodes 
than input layer nodes

• Testing: Look at each possible path
• Output: Highest rated path is chosen 

as correct one



COSI: Imaging Response Approximation

Task:
Simulating a 10-
dimensional 
Compton imaging 
response  requires 
significant 
supercomputing 
time.
Can we 
approximate it 
with a neural 
network?

Slices 
through the 

Compton 
cone in data 

space:

Name Noisy Output from Neural Net Median Filter-2 Gaussian Filter-2

Filter Size - 3 3

Image Results

Table IV
COMPARISON OF THE EFFECT OF MEDIAN AND GAUSSIAN FILTERS ON THE IMAGE RESPONSE APPROXIMATED BY THE TOY MODEL CNN (PART 2). THE
IMAGE RESULTS HERE ARE OBSERVED AT LESS THAN 1000 EPOCHS OF TRAINING OF THE BASE CNN MODEL. THE DENOISED OUTPUT WE ARE TRYING

TO OBTAIN MUST BE AS CLOSE TO THE GROUND TRUTH IN FIGURE 7

Name Autoencoder (Linear) Autoencoder (Convolutional)

Encoder Architecture

Linear(900, 700)
LayerNorm(700)
ReLU
Dropout(p=0.3)
Linear(700,450)
ReLU()
Dropout(p=0.2)
Linear(450,250)
ReLU()
Dropout(p=0.2)
Linear(250,200)
ReLU()

Conv2d(1, 16, ks=7, s=1, pad=1)
Dropout(p=0.1)
ReLU()
Conv2d(16, 32, ks=5, s=1, pad=1)
Dropout(p=0.1)
ReLU()

Decoder Architecture

Linear(200,250)
ReLU()
Dropout(p=0.2)
Linear(250,450)
ReLU()
Linear(450,700)
ReLU()
Linear(700,900)

ConvTranspose2d(32, 16, ks=5, s=1, pad=1)
ReLU()
ConvTranspose2d(16, 1, ks=7, s=1, pad=1)
ReLU()

Number of Parameters 2220300 27233
Best Train MSE 0.0525 0.0019

Best Validation MSE 0.0265 0.0009

Results

Table V
COMPARISON OF PERFORMANCE OF AUTOENCODERS FOR THE TOY MODEL WITH DIFFERENT ARCHITECTURES. AUTOENCODER (LINEAR) REFERS TO
AN AUTOENCODER WHOSE ENCODER AND DECODER ARE BUILT USING LINEAR LAYERS, WHILE AUTOENCODER (CONVOLUTIONAL) USES ENCODERS

AND DECODERS WITH CONVOLUTIONAL LAYERS. THE RESULTS SECTION SHOWS THE OUTPUT OBTAINED BY PASSING THE OUTPUT OF THE BASE CNN,
WHICH IS SEEN IN TABLE II

significant amount of data generation and processing, our
team first implemented a network to perform better against a
simpler "toy model". This model used Cartesian coordinates
and was based on, and compared to, a preexisting linear
neural network developed by Dr. Andreas Zoglauer.

1) Data Structure/Architecture Overview: To improve
the imaging response of the toy model, we implemented a
convolutional neural network based model. The inputs to the
model were a 2 dimensional source position which mapped
to an output distribution based on the input position and a
Gaussian distribution. The performance of the convolutional
neural net was compared to the baseline fully-connected
neural net architecture. The fully-connected network had
3 hidden layers of size 10, 100, 1000 respectively. ReLU
activation and dropout regularization were incorporated
following each hidden layer. For the convolutional network,
we used an architecture of one linear layer followed by 3
convolutional layers. The exact hyper-parameters for the
convolutional layers are shown in the Table 1 in the appendix,
and the reasoning behind this configuration are discussed in
the following section.

2) Neural Network Design Based on Convolutional &
Transposed Convolution: In our final toy model implemen-
tation, we first used a fully-connected layer to convert the
2 dimensional input into a feature map of 10nxy ⇥ 10nxy

with one channel. We then ran this map through a series of
convolutional layers. Through each convolutional layer, we
gradually expanded and collapsed the channel size (from 1
to 10nz to 10nz to nz) and shrank the feature map size (from
10nxy ⇥ 10nxy to 2nxy ⇥ 2nxy to nxy ⇥ nxy). The resulting
feature map was of size nxy ⇥ nxy with nz channels, where
each channel in the z-axis (nz in total) corresponds to an
image response of size nxy ⇥ nxy . The reason to utilize a
large kernel size and a large number of channels is that we
want to capture more information from the input. When using
a larger kernel, the receptive field is wider, and the kernel
can process more information. When using more channels,
the network can attain more diverse transformations and richer
information from the input. We also experimented with other
configurations with different hyper-parameters, and the results
are shown in the Table II.

For training, we used the Adam optimizer with learning rate
of 0.0001. The batch size and number of training epochs were
set to 1024 and 5000, respectively. Early stopping was applied
when the model went 400 iterations without improving. We
fixed the random seed to 2021 across experiments for repro-
ducibility. For data generation, we set nxy to 30 and nz to 4,
meaning that there are 30 by 30 grids in each of four slices
in the z dimension. We randomly generated 1024 data points
for training data and 1024 data points for validation data.

Table II shows the main results for our design. Our best
model is the CNN model with large first layer kernels. The
model achieves 0.0019 mean square error (MSE) and 0.0155
mean absolute error (MAE), both of which are much smaller

than other model architectures implemented. The best imple-
mentation of a simple deep neural network (DNN) used four
fully-connected layers. Even though the DNN was simple and
ignored the structural information of the data, it still performed
well, with 0.0061 MSE and 0.0501 MAE. However, when
we compare the results from the DNN and the CNN with
large first layer kernels, we see that the ring is clearer and the
background noise is smaller in the CNN, which is reflected
by the much smaller loss in the CNN.

As mentioned, our final model utilizes large first layer
kernels before using smaller kernels in subsequent layers. In
Table II, we present the performance difference based on the
size of the first layer kernels. The MSE of the CNN with small
first layer kernels is about ten times larger than that of the
CNN with large first layer kernels, and the MAE also shows
a similar trend. Qualitatively, we also see that the model with
small first layer kernels has some breaks (noise) on the rings,
and there is a significant amount of noise in the background,
indicating that the model is unable to precisely recover the
image responses.

Figure 7. Example of a transposed convolutional operation.[12]

Figure 8. An example of image response, which is the the ground truth for
training neural networks.

Apart from classical convolutional layers, we also
experimented with transposed convolution layers. Transposed
convolutions are typically used to up-sample the feature

Results:
Train ~1000 locations in the sky with a 2-step CNN+autoencoder 
neural network. Test performance with a new, untrained location.

These are 
slices of the 
Compton cone

Test data: Gaussian 
approximated response 
at an untrained location

Neural network output 
for that new, untrained 

location on the sky



Simple Compton Telescope: GRB Localization

For the training of the neural network we simulated 131,072  gamma-ray 
bursts with a random location on the sky and evaluated its performance
with 2048 additional test GRBs. Each GRB contained 2000 gamma-ray 
events. The training took 48 hours on a Titan V, which was donated to 
us by the NVIDIA Corporation.

After training, the model determined a localization of the GRB in the sky 
in sky coordinates. These were compared to the true origin and the 
mean angular deviation as well as its RMS where determined.

Figure 5 shows the current results of the baseline model without 
pooling layers. We can achieve a median location accuracy of roughly 2 
degree, which is within the expectations given the statistics of the GRBs. 
The training took 48 hours on a Titan V, which was donated to us by the 
NVIDIA Corporation.

Figure 5: GRB localization performance of the base model

Figure 6 below shows the results after optimizations and adding a 
pooling layer. We can see that there’s indeed a huge improvement in
identification accuracy.

Figure 6: GRB localization performance of the improved model

Table 1 below show the resulting localization accuracy and iteration
time as numbers along with the time spent per iteration.

Table 1: Comparison of base model and improved model’s performance summary. The
results are collected after there’s no improvement for 1000 iterations.

Rapid Gamma-Ray Burst Localization aboard the e-Astrogam 
Satellite using a 3D Convolutional Neural Network

Ruoxi Shang

University of California at Berkeley

Andreas Zoglauer

Space Sciences Laboratory & Berkeley Institute for Data 
Science, University of California at Berkeley

Abstract Methodology

A Compton telescope measures individual gamma rays as a sequence 
of hits (position and energy) in its detectors (see Figure 3). The data of 
each individual gamma ray can be reduced to 3 main components 
which are necessary to localize the origin of GRBs on the sky: The 
Compton scatter angle, , and the direction of the scattered gamma 
ray in Galactic coordinates, 𝜉 and 𝜓 (for details see e.g. [4]).

Fig. 3: Measurement principle                              Fig. 4: The data space

In this 3D data space spanned by , 𝜉, and 𝜓, the point-spread function 
of a GRB describes a cone with 90 degree opening angle pointing at the 
origin location of the gamma rays, 𝜉0 and 𝜓0 (see Figure 4). The cone is 
smeared out by the energy and position resolution of the detector as 
well as Doppler-broadening.

Finding the cone is further complicated by the high background in the 
detector and the low count rate of these gamma-ray burst events (i.e. 
we might just have, e.g., 50 counts occupying the cone surface). On 
ground the localization can be performed using iterative image 
deconvolution techniques (such as Richardson-Lucy, Maximum-
Entropy), however, the computational requirements for this approach 
are too high (e.g. [5]) to be implemented in a FPGA aboard a satellite. In
addition, image deconvolution can not be infinitely parallelized, and 
thus will be always significantly slower than a neural network.

Therefore we investigated using a convolutional neural network to find 
the Compton cone of a GRB in the data space and thus determine the 
origin of the gamma-ray burst. The input for the network are the events 
entered into the 3D data space spanned by , 𝜉, and ψ. The data is feed 
into a modified VoxNet-like [6] neural network with 4 convolutional 
layers followed by 2 fully connected layers. The base model has the
structure: C(64, 5, 2)−C(64, 3, 1)−FC(128)−FC(2), where C(f,d,s) indicates
a 3d convolutional layer with f filters of size d and at stride s, Pool(m) 
indicates pooling with area m, and FC(n) indicates fully connected layer 
with n outputs. The output of the network is the location of the GRB (χ0

and ψ0), hence the output layer has 2 outputs.

We implemented our network using Python and TensorFlow, and
optimized the network by trying different architectures of the network.
Since the data cloud is in a geometric structure, identifying the location
of the point of the cone doesn’t require a complicated neural network.
After comparing the performance with different architectures, we found
out that the best structure to be used in our case has the structure:

C(64, 5, 2)−C(64, 3, 1)−P(2)−FC(128)−FC(2)

The additional pooling layer down-samples the feature space, enabling
the network to generalize better with the dataset, since it doesn’t need
every point from the 3D data space to locate the position of the end
point of cone (location of gamma ray). Hence, the network would be
able to cover more variations of the dataset and the reduction in size
would increase efficiency.

Results Conclusions and Outlook

The gravitational wave event GW170817 [1] was the dawn of multi-
messenger astronomy: For the first time a gravitational wave originating 
from a neutron-star-neutron-star merger could be associated with an 
electro-magnetic outburst, a short gamma-ray burst from the same 
merger event [2]. 

Fig. 1. The top 3 plots show the light curve of the gamma-ray burst as measured by the 
FERMI/GBM and INTEGRAL/SPI-ACS instruments, the lower plot shows the gravitational wave 
“chirp” as measured by LIGO (from [2])

In order to allow immediate follow-ups of these events on the ground, 
the superior localization capabilities of gamma-ray detectors
(compared to gravitational wave detectors) needs to be fully utilized. 
The best way to achieve this goal is to perform the localization on board 
a satellite such as the envisioned e-ASTROGAM (picture from [3]):

Fig 2: Artist’s 
concept of the 
envisioned e-
Astrogam satellite

However, the data from the most sensitive type of these gamma-ray 
detectors, Compton telescopes, are inherently difficult to analyze within 
the constraints aboard a space satellite.
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The discovery of the association of a short gamma-ray burst (GRB) with 
gravitational waves from the neutron-star-neutron-star merger 
GW170817 gave rise to the requirement to localize GRBs in close to real 
time even with the most sensitive but also data-analysis-wise most 
complex gamma-ray space telescopes, the Compton telescopes. Here 
we report on the implementation and testing of a 3D convolution neural 
network trained to localize the origin of Compton-scattered gamma-
rays from GRB’s on the sky. The ultimate goal of this project is the 
implementation of a neural network for GRB localization in a FPGA 
aboard a satellite such as the envisioned e-Astrogam.
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We have presented an approach which for the first time used a neural
network to successfully localize sources measured with a Compton
telescope.

One of the key limiting factors of the currently achieved location
accuracy is the grid into which the events are binned. It is currently
fixed at 5 degrees, while the angular resolution of the telescope can
reach 1-2 degrees. This limit is a result of the network size which can fit
into an FPGA aboard a satellite. Ideally the resolution should be below
the angular resolution of the telescope, i.e. it should be around 1 degree.
However, this would lead to 53 = 125 more data cells, which is beyond
what we can handle at the moment. Therefore, one of the key future
developments is to implement a sparse 3D convolution approach, since
the number of entries into the grid (the number of gamma-rays) is
much, much smaller than the number of bins in the grid.

Further next steps include to add more realism into the simulations. The
current setup uses a simplified toy-model detector simulation and
identical gamma-ray bursts. Therefore, the next steps include:

• Perform full Monte-Carlo simulations of GRBs with the e-
ASTROGAM mass model

• Add realistic in-orbit background to the simulations
• Add the natural variation of the GRB’s into the simulation (varying

flux, spectral shape, duration, and light curve)

Task:
Localize GRBs 
without imaging 
using a 3D 
convolutional neural 
network with the 
data binned in the 
Compton data space 
in close to real-time, 
possibly onboard the 
space craft.

Angular deviation (mean and RMS) as a function of iterations on the 
neural network

Limited proof-of-concept: 
• no background
• mono-energetic

Best mean angular deviation:
0.65 degrees for 5-degree data 
space bins

Result:



Things can go wrong during training 

Always perform stages 4 & 5: 
Full Verification with simulations and real measurements required

to avoid biases = “blind spots” for gamma-ray astronomy

Values larger than 1 
mean better 
performance than 
before

Event reconstruction 
performance during 
initial testing: 
Significant changes 
in the underlying 
cross-sections and 
not enough data 
make the networks 
either learn the 
high-energy or the 
low-energy part very 
well.Energy [MeV]



Verification with Simulations & Calibrations
Verify performance as a function of all physical 
parameters: 
Ø the incoming gamma-ray parameters: 
• the energy of the incident gamma ray 
• the direction of the incoming gamma ray

Ø the measured gamma-ray parameters: 
• the number of interactions 
• the measured energies ranges 
• the Compton scatter angles 

Ø other important physical effects in the 
detector and its material: 
• Rayleigh scatters in between Compton 

scatters 
• charged particle range in the detector 
• events with high Doppler broadening 

Ø the origin of the gamma rays (astrophysical, 
internal decay, atmospheric)

Field-of-view 
validation:
Identical 
performance 
within statistics 
(blue is software 
issue)

Scatter-angle 
validation: The 
overall shape of 
the curve is 
determined by 
Compton 
kinematics. Lower 
values indicate 
better 
performance. 
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Some High-Level Lessons Learned For The Future
1. Machine learning approaches will be an essential part of future gamma-ray missions:   They show significant 

performance improvements compared to existing approaches in select elements of the pipeline

2. Start simple when developing an ML approach:  For example, one energy, simplified geometry, and then make it 
more complex / realistic step by step.

3. Reaching deployment is very significantly more time and resource intensive than the first proof of concept:  
Reaching stage 6 is hard - many published results you might find are just “proof of concepts” 

4. During the development phase of an instrument, it is better to use conventional (non ML) approaches:  You do 
not want to have to train and validate a whole pipeline of ML tools each time something changes in your 
detector

5. Data Cleaning And Data Selection:   Can be 1/3 of the work: Noise effects can throw the learning off, and it is 
sometimes hard for the approach to learn all the physics.

6. ML approaches can develop biases / blind spots:  Do not trust then until you have fully tested them in *all* 
aspects regarding all input, output, or other intermediate parameters

7. Simulation-calibration matching:  You need simulations to train the network. If your simulations are not well 
benchmarked to calibrations, you can not expect the ML approaches to give the same results

8. Verification:   Can be most of the work: You must ensure that the approach is working consistently with 
simulations, calibrations, and observations



Technology Gaps

1. Machine-Learning approaches show very promising potential throughout the 
gamma-ray analysis pipeline:  We need the resources to develop the ML 
approaches along with the verification pipeline to a stage that the ML 
approaches can be deployed - COSI will do part of it, but cannot do everything

2. If we want to do some of this is space: We need a dedicated radiation-hard, 
low-power AI-acceleration hardware (NPU/TPU+CPU) for that

3. Compile common gamma-ray analysis library of well tested non-ML & ML 
analysis tools to simplify development of future space missions. Since COSI will 
lead the development for the near future, I would vote for basing it on COSI’s 
pipeline (MEGAlib/COSIpy).


