
learning have begun appearing at AAPT regional and nation-
al meetings, and two technological developments have made 
it practical to start teaching machine learning to beginning 
undergraduates in general education courses: free packages 
in the Python language such as Keras5 and TensorFlow6 have 
become much easier for beginners to use, and Google has 
made free high-power computing available through their Co-
laboratory environment. These factors lower the barriers to 
beginners’ engagement.

In the fall semester of 2020, I taught an intensive three-
week online course on Machine Learning for a general 
education audience (i.e., no specific math or programming 
prerequisites).7 Our plans to offer a hands-on observational 
astronomy course in spring 2021 had to be scrapped due to 
the pandemic, and we decided to offer an online course in 
galaxies and cosmology instead. Lab activities were either 
carried out with household materials or used computer ar-
chives and simulations. I incorporated machine learning ac-
tivities into this course.  

To scaffold this topic, I used four lab sessions. In week two 
of the semester, students completed a worksheet on the Gal-
axy Zoo citizen science project.8 I adapted this from Slater, 
Slater, and Lyons,9,10 whose instructions for this activity no 
longer match the Galaxy Zoo website. That website shows 
students images of galaxies from the Sloan Digital Sky Survey 
(SDSS)11 and asks them to try to classify the type of galaxy 
in each image. Students learned about the different kinds of 
galaxies (spiral, elliptical, and irregular) and were challenged 
to consider the dangers in extrapolating from a small sample 
of data.  

In week eight, we returned to the subject of galaxies to 
study the properties of their distribution in space. I adapted 
to Python an Excel activity by D. Smith (no relation)12 that 
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A working knowledge of Artificial Neural Networks1 is 
rapidly becoming critical for navigating the modern 

world. Although the last few years have seen an explosion of 
the use of these tools in research, and there are many do-it-
yourself articles on the web,2 they have not yet filtered down 
to wide implementation in introductory courses. I report here 
on my integration of machine learning activities into a gen-
eral education course on galaxies and cosmology. I describe 
four lab activities for image classification, and I reflect on the 
strengths and weaknesses of using these tools in the context 
of online instruction during the 2020-21 pandemic academic 
year.

Commerce, law enforcement, and entertainment are all 
being shaped by machine learning tools in ways both inspi-
rational and problematic. Scientific research, astrophysics in 
particular, has seen an explosion in both the enormous data 
sets and computer processing power appropriate for machine 
learning tools. Figure 1 shows the exponential growth of the 
number of papers each year that the SAO/NASA Astrophysics 
Data System3 returns on simple searches for abstracts with the 
text strings “machine learning” and “deep learning.”  

So far, the teaching of these techniques has been mostly 
limited to advanced courses in data analytics and computa-
tional physics. An identical abstract search in TPT and AJP 
returns almost no hits at all, beyond a hilarious 2017 April 
fool’s joke.4  In the last few years, presentations on machine 
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Fig. 1. Number of papers per year (in thousands) returned by 
Harvard's Astrophysics Data System abstract archive.  Blue dots 
show results of a search on “machine learning” while red dots 
show results of a search on “deep learning.” No detailed analysis 
was performed to filter results on actual paper content—numbers 
should be interpreted as indicative, not exhaustive.
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Fig. 2. Static version of plotly 3D scatter plot of 100,000 galaxies
out to z = 0.05 (axis numbers in MLY) from the SDSS. Viewed live
through the Jupyter Notebook, the plot can be rotated around 
any axis as well as zoomed in and out. Putting the mouse over 
any single dot will yield a pop-up box with the xyz-coordinates. 
Students can identify filaments and voids as well as understand 
how the survey observing strategy leads to large gaps in cover-
age.
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taught students to extract and plot locations of SDSS galaxies.  
Using Jupyter Notebooks13 for this activity had several advan-
tages over Excel: the plotly library allows for interactive 3D 
graphs that can be rotated and zoomed to give a better sense 
of the galaxies’ locations in space than a 2D slice would.  One 
need also not restrict oneself to a slice, but all 100,000 galax-
ies can be plotted in a single graph, as shown in Fig. 2.  In the 
notebook, galaxy location numbers pop up when you put the 
mouse over each dot.  

This activity refreshed students’ memory about galaxies, 
enabled them to explore the properties of large scale struc-
ture, and also gave them working experience with Jupyter 
Notebooks, which they would need for the next two sessions, 
bringing in machine learning for the last two weeks of the 
semester. The students spent a week working through a note-
book that covered the building blocks of machine learning 
tools for image classification: how you can use an array of mil-
lions of numbers to calculate the probability that a given input 
image is associated with one of a given array of output labels.  

The final lab activity, based on the work of the Galaxy10 
project,14 brought the students full circle back to Galaxy Zoo, 
but this time the students used 18,000 SDSS images to train 
a program to classify galaxies into 10 morphological types. I 
wrote a Jupyter Notebook that allowed the students to import 
those images, train a network to classify them, and test their 
own instincts for classification (reaching back to their experi-
ence in week two) against the performance of their network.

One challenge in trying to develop pedagogy for machine 
learning is that the fast-moving nature of the field means 
that tools quickly become obsolete. At the time I needed it 
in the course, the Galaxy10 code as written by H. Leung & J. 
Bovy was no longer consistent with the most recent version 
of Tensorflow. I had to rewrite it myself. Worse, I finished and 
successfully tested the galaxy classification network two weeks 
before the class date, but in class, the galaxy images exceeded 
the available RAM of the virtual machine created by the Goo-
gle Colaboratory. Google seems to, exactly during those two 
weeks, have chosen to restrict the available RAM offered to 
users. I had to very quickly rewrite the code to downsample 
the galaxy images. If you are going to try to use machine learn-
ing tools in the classroom, you have to be prepared for exter-
nal/cloud resources to change without warning.

Although students were able to complete my activities, I 
would not claim they gained a robust understanding of AI 
concepts. Many of them balked at even trying to make sense 
of the quantitative output (the probabilities assigned to each 
possible classification label). For a very rough introduction 
to the topic, it was moderately successful, but to really gain an 
understanding of machine learning concepts, I would need 
more activities and more time.

Although the tools are not ready for easy distribution and 
implementation yet, if you have the time and the energy to 
help the students get through them (and if you’re ready to be 
nimble when the command libraries change under you), it’s 
a rewarding experience. Students found it fascinating, albeit 
challenging. Several spoke to me of making connections be-
tween what we were doing and stories about machine learning 

that they were hearing in the news.  The students clearly rec-
ognized that knowing something about what machine learn-
ing tools do would be useful for their future.
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