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How I learned  
(then later forgot)  
to write good code

• I earned my undergraduate degree from Caltech in 
2000, with a dual major in computer science and 
physics.

• As a CS student, I wrote code in various languages      
(C, C++, Java, Lisp, UNIX shell scripting) for:

• class assignments

• one semester long course project

• summer jobs

• projects for fun



How I learned  
(then later forgot)  
to write good code

• Upon graduation, I joined a small startup company 
founded by a friend of mine.

• I mostly developed a web client in PHP,  
with bits of C and Perl along the way.

• I learned that working in a group on a big project is 
different than working individually on small projects.



How I learned  
(then later forgot)  
to write good code

• Our startup eventually folded, and I joined another 
startup.

• I wrote code in C for the backend of a relational 
database.

• My code was reviewed by senior programmers with 
excellent skills, who taught me to improve my code.

• This is where I really learned how to code.



How I learned  
(then later forgot)  
to write good code

• This startup eventually laid most people off, and I 
joined a big company.

• I wrote code in C for the filesystem of a proprietary 
UNIX maintained by a relational database company.

• I learned that writing code at a big company is very 
different from writing code at a small company.



How I learned  
(then later forgot)  
to write good code

• I got bored, and decided to go get a masters & PhD 
in Operations Research at Princeton.

• I was a student from 2005 until 2009, and wrote 
code in Matlab and Java for my dissertation research, 
along with bits of C and Java.

• I learned that writing code for research as a 
graduate student is very different than writing code 
for customers as a software engineer.



How I learned  
(then later forgot)  
to write good code

• In 2009, I graduated and became an assistant 
professor at Cornell’s Operations Research 
department.

• I stopped writing lots of code myself, and started 
supervising students who write lots of the code.

• I learned that supervising students who write code 
is very different than writing code yourself.

• My coding skills slowly declined as I fell out of 
practice…



How I learned  
(then later forgot)  
to write good code

• In 2015, I went on sabbatic leave, and joined Uber’s data science team, 
first as an individual contributor,  
and then as the manager for data science on uberPOOL.

• I wrote part of the pricing system for uberPOOL in python, then 
handed the codebase off to my team. 

• I learned that knowing how to code makes you a better data scientist.   
I also learned some things about how to do useful research.

• My coding skills haven’t fully recovered from years of disuse,  
but I still help to tell you some things you can use…



Is it worth your time to 
improve your coding?

• In this talk I will make some suggestions about 
things you can do to improve your coding.

• Acting on any one of these suggestions would 
require time & energy.

• This is time & energy that you could instead be 
using to “be productive”.

• You will have to decide whether it is worth it.



Improving your coding 
has these advantages

• 1. You will be able to do research more quickly.

• 2a.Your code will be easier for others to understand 
and use.

• 2b. This will make others more likely to use your code.

• 2c. This will increase the impact of your research.

• 3. Coding well may help you get a job, and will make 
you more effective in that job after you get it.



Part 1: Coding for Researchers

• Learn from people who code well

• Split your code into functions

• Create unit tests

• Document your code

• Add error handling

• Use a good text editor or IDE

• Use version control

• Code in Python instead of Matlab

• Save the input & output to expensive experiments

• Save the raw data you use to generate plots

• Use profiling to observe which parts of your program are slow.

• Understand a bit about computer architecture.

• Use system monitoring tools to observe CPU, disk and network to find the bottleneck.



• Impact is a choice

• Ease of implementation matters

• Communicate well

• Theory is not convincing

• Own your research

Part 2:  Some things I’ve learned at Uber  
about doing useful research



Part 1: Coding for Researchers



Learn from people 
who code well

• If your office mates code well, ask them questions.

• If your office mates code badly, help them.

• If you have the opportunity:

• Look at well-written code.

• Encourage a good coder to review your code & 
make suggestions.



Split your code into 
functions

• Each function should do a specific task, 
transforming some well-defined inputs 
into some well-defined outputs, in a well-
defined way.

• Aim for no more than 200 lines of code 
in a function.

• If a function is longer, ask whether it can 
be broken into smaller functions.



Split your code into 
functions

• “A program should not require its 
readers to hold more than a handful of 
facts in memory at once”

• Breaking code into functions reduces the 
number of things you need to remember 
when writing code. 

• This reduces bugs, and allows you to 
write code faster.



Split your code into 
functions

• Splitting your code into functions makes 
it easier for others to understand your 
code.

• It also makes it easier for you & others to 
reuse your code.



Create unit tests
• A unit test is a piece of code that tests a single 

function or unit of your code.

• They are worth the work because it is easier to 
fix bugs if you find them early.

• Imagine being close to submitting a paper, or 
finishing a chapter of your dissertation, and 
discovering that your main numerical result is 
invalid due to a bug.

• Find bugs early!



Here are some 
example unit tests

• For code that solves a dynamic program, 
simulate the optimal policy and compare its 
estimated value to what the solution code 
claims it should be.

• For code that estimates something from data, 
generate lots of fake data where you know 
the something and see if your code can 
estimate it correctly.



Here are some more 
unit tests

• If you wrote some old code that computes 
something in a special case, and new code that 
computes it more generally, run both codes on 
random instances where both should work, and 
compare the output.

• If you wrote old slow code and new fast code 
that compute the same thing, run them both on 
random instances and compare the output.

• Run generic code on random inputs and see if it 
crashes.



Turn bugs into unit tests

• If a bug arises outside of a unit test:

• Write a new unit test that reproduces 
the condition under which that bug 
arose, and checks whether that bug is 
still happening.



Here’s how I  
use unit tests

• I make my unit tests functions test1(), test2(), 
etc. that take no arguments, print out a 
message “OK” or “FAIL”, and return a single bit.

• I then make another function test() that runs all 
the unit tests, one after the other, and reports 
whether everything passed or not.

• This makes it easy to test whether everything 
still works after a software upgrade, or on a 
new system.



Document your code
• Describe inputs & outputs at the beginning of your functions.

• Use variable and function names that mean something 
(without being too long).

• If you have a lot of files, separate them into directories that 
make sense, and add a README.txt file in each.

• This is useful because:

• it makes it easier for others to read your code

• it makes it easier for you to read your code, several months 
down the road when you’ve forgotten what you were 
thinking when you wrote it.

• it makes you think about the structure of your code. 



Here is some example 
documented code



Documenting your 
code is useful

• Documenting your code is useful because:

• it makes it easier for others to read your code

• it makes it easier for you to read your code, 
several months down the road when you’ve 
forgotten what you were thinking when you 
wrote it.

• it makes you think about the structure of your 
code. 



Documenting your code 
is useful some of the time
• Sometimes we write code that we are just going to 

throw away right afterward.

• If you really will throw it away, it is ok not to 
document it.

• It is often hard to know, when you write it, 
whether you will throw it away.

• If you find yourself continuing to use old code that 
is undocumented, take the time to clean it up & 
document it.



Add error handling

• If a function assumes something about its inputs, add 
code that checks whether these assumptions are met.

• If they are not, print out an error message and return 
from the function.

• This makes it easier for you to fix it when your code 
crashes.

• This makes your code catch errors that would have 
silently caused incorrect output.

• This makes your code more usable by others.



Use a good text editor or IDE
• Throwbacks like me are familiar with one of two 

reasonable choices:

• vi / vim

• emacs

• I also know good programmers that use IDEs  
(integrated desktop environments) like eclipse.

• It should be possible to move the cursor anywhere 
on the screen, or cut & paste from any location to 
any other location, with 5 keystrokes or less (and no 
mouse), most of the time.



If you use vim, also try the 
Vimium chrome extension



Use version control 
(git w/ bitbucket or github)



There is a nice tutorial on the 
bitbucket website



Code in Python  
instead of Matlab

• Python is just as easy to learn as Matlab.

• Matlab is commercial.  Python is free.  
If you release Python code, anyone can use it.   
If you release Matlab code, only Matlab users can use it.  
[You can release your Matlab as a binary, or port to octave, but for this to be useful to users, you need to actually do it.]

• If you go on the job market in Silicon Valley,  
interviewers will view knowledge of Python positively.  
They will view knowledge of Matlab negatively.



Code in Python  
instead of Matlab

• Matlab doesn’t make it easy to split code into functions.

• Matlab doesn’t make it easy to split functions across files.

• Matlab doesn’t make it easy to group files into modules.

• Matlab doesn’t make it easy to write unit tests.

• Python makes all of this easy.

• When you are writing Matlab, and are pressed for time,  
it is very tempting to write bad code.   
(e.g., 2000 lines of code in one Matlab script, with no unit tests.) 

• When you are writing Python, and are pressed for time,  
you write better code.



• Reasonable reasons to write Matlab:

• Your target users are Matlab users.

• Your code relies on a legacy Matlab codebase.

• You know Matlab and nothing else and you have a 
deadline. (but learn Python after the deadline is done.) 

• If you want to write in R or Java or C or C++,  
then that is ok, but you should still learn Python.

Code in Python  
instead of Matlab



Save the output from 
expensive experiments
• Suppose your computational experiments take several hours to run.

• Have your code output & save everything you might reasonably 
be interested in the future, subject to space constraints.

• For example, if you are calculating mean & variance using Monte 
Carlo, save each replicate.

• Have your code save its inputs & outputs to a file.

• In Matlab, .mat format is convenient.

• In many languages (R, C/C++, Matlab), .csv is convenient and 
portable.

• In object-oriented languages (C++, Python, Java), you can create 
classes that are serializable, which allows writing and reading 
complex objects directly to files.



Saving output from expensive 
experiments has advantages

• Separate your post-processing code by having it read 
from these stored data files, rather than directly from 
the expensive experiment code.

• Later, if you want to perform some other analysis on 
the data, or fix a bug in your post-processing code, 
you don’t need to re-run the experiment.

• You can write your post-processing code in a 
different language than the expensive experiment 
code.

• For example, write your expensive experiment in C, 
and your post-processing in R.



Save the input to 
expensive experiments

• Several months later, when you come back to a 
saved output file, you won’t remember the inputs 
or version of the code that you used to generate 
it.

• Have your experimental code print out & save:

• all inputs

• the current date and time

• a version number for the code.



If you use git, here is a nice 
way to get a “version number”

• Run “git rev-parse HEAD”

• This returns the hash (unique identifier) 
of the most recent commit.

• You can then look up this commit later in 
git’s version history.



If you use git, here is a nice 
way to get a “version number”
I ran this on the 

command line:

I can then compare  
the first 7 characters 

to the website:



It might also be a good idea to 
save the output of “git status”

• In theory, one would always commit all of your 
changes before running an expensive experiment 
(keep in mind that you can use a branch if this is 
just a “throw away” experiment).

• In practice, one might forget to do this.

• Saving the output of “git status” will let you know 
whether you have any uncommitted changes.



Here is some example 
output from “git status”



Similar things can be 
done with subversion

• Use “svn info” to get the current revision.

• Use “svn status” to get a list of modified 
files.



Save the raw data you 
use to generate plots

• When you generate a figure that you might 
want to later include in a paper or presentation, 
save the raw data you used to generate it.

• When (inevitably) you later decide to change 
the formatting, you will be able to do so easily.



Here’s how I make it easy 
to regenerate figures

• When I get a figure I might want to re-use, I write a script that 
reads in the raw data, creates the figure, and writes the figure 
to a file.

• I save the data, script, and figure in the repository.

• Later it is easy to find the data & script to regenerate the figure 
because:

• The script has the figure filename in it, and so will turn up 
in searches.

• I usually name the script with a similar name to the figure.





To make your program faster, 
first understand why it is slow

• Use profiling to observe which parts 
of your program are slow.

• Understand a bit about computer 
architecture.

• Use system monitoring tools to 
observe CPU, disk and network to find 
which is the bottleneck.



Here’s how to profile in Matlab

• Run “profile on” to start profiling.

• Run “profile off” to stop.

• Run “profile viewer” to see the results.



Here’s how to profile in Matlab



Here’s how to profile in Matlab



If your Matlab program 
is too slow...

• Profile it first to find out what parts are 
causing speed issues.

• Replace loops by operations on matrices 
and vectors.

• Try the matlab compiler.

• Can you use more efficient algorithms?

• Rewrite the slow parts of your code, or 
all of your code, in C.



Here’s how to profile in 
C and C++

• use the -pg and -g flags when compiling your 
source code into object files, and when linking 
your object files into an executable.

• When you run your program, it will create a file 
in the current directory called “gmon.out”

• Then run “gprof” with your executable’s name 
as the first argument.



Here’s an example in C

First, here’s my 
test program



compiling with 
profiling on using 
-g and -pg (and 
also with the 
math library -lm)

Here’s an example in C
running my 
program

my program 
computes some 
numbers

run gprof to get 
profiling output

here’s the profiling output



If your C or C++ 
program is too slow...

• understand whether your code is CPU or I/O bound

• improve efficiency and use better algorithms in portions of the 
code identified as bottlenecks by profiling

• don’t forget to turn off profiling once you no longer need it --- it 
slows down the code

• compile with the -O3 flag to tell the compiler to aggressively 
optimize for speed.

• rewrite your code to run in parallel on more cores, or on a GPU

• understand CPU cache, and design your code to reduce cache 
misses



Understand a bit about 
computer architecture

• Your computer has different ways of storing data, 
each with its own speed & size

• Level 1 cache on the CPU: ~64KB, 0.5ns

• Level 2 and higher caches, on and near the CPU: 
~2MB, 5ns

• RAM: ~4GB, 100ns

• SSD Hard Disk: ~100GB,  150,000ns=150us

• Traditional Hard Disk: ~1TB, 10,000,000ns=10ms



The time to access data 
affects your program’s speed 

• If you write your program to get more of 
its data from the CPU cache, and less 
from RAM, it will be faster.

• If you write your program to get more of 
its data from the RAM, and less from disk, 
it will be faster.



The time to access data 
affects your program’s speed 

• The operating system automatically figures out when & 
where a particular memory address will be stored 
(except for SSD vs. traditional hard disks).

• If you are only accessing a few KB of data at a time, this 
will mostly be served from CPU cache and will be fast.

• If you are jumping around within many MB of data, this 
will be slower as it will need to be served from RAM.

• If you are jumping around within many GB of data, this 
will need to be served from disk, even if you don’t 
explicitly store it on disk in your code.



Use performance monitoring tools to 
check which resources are being used

• On UNIX and Mac OSX, I use top and 
sar.  vmstat is also useful.

• On Windows, I use performance monitor.



Learn UNIX  
so you can leverage high-performance computing,  
and so you can be more productive with your Mac

• Parallel and high-performance computing environments (e.g., 
through Amazon Web Services) let you do things you can’t do 
otherwise.  These environments usually run UNIX.

• Mac OS X is a flavor of UNIX.  Knowing UNIX makes Mac 
users much more productive (through Terminal).

• Being a command-line wiz saves time, but takes time to learn.

• At Cornell there is a short course in UNIX scripting that 
students can take.

• Perhaps there is something similar here. 



Don’t be afraid to 
rewrite code

• Write code in a high-level language first, 
then rewrite in a low-level language later 
if needed for speed.

• Your code will eventually grow unwieldy.  
Depending on circumstances, it may be 
worth taking the time to refactor and 
redesign. 



Further Reading

• Wilson et al. 2013, “Best Practices for 
Scientific Computing”,                         
http://arxiv.org/pdf/1210.0530v4.pdf

http://arxiv.org/pdf/1210.0530v4.pdf


• Impact is a choice

• Ease of implementation matters

• Communicate well

• Theory is not convincing

• Own your research

Part 2:  Some things I’ve learned at Uber  
about doing useful research



Ease of Implementation Matters

• At Uber (and everywhere), some algorithmic changes are easy to make.  
Others are hard to make.

• Easy changes get made quickly.  
Hard changes get made slowly, or not at all.

• The difficulty depends on how well the change fits with  
the engineering infrastructure, product roadmap, and 
organizational structure.

• Successful data scientists propose algorithmic changes that 
are algorithmically good and easy to implement.

• If you work with a company, they will be more likely to 
implement your ideas if they are easy to implement.



Communicate Well

• At Uber, data scientists must communicate with other data 
scientists, software engineers, and product managers.

• Having an impact requires:

• understanding from others what problems are important.

• understanding from others what changes will be easy.

• convincing people that your solutions are good.

• coordinating about who will do the work.

• Engineers and product managers think differently from data 
scientists and it is easy to be bad at communicating with them.



Communication Matters

• These forms of communication matter:

• Listening.

• Speaking in conversations, meetings, and presentations.

• Slide decks.

• Writing in emails and technical documents.

• Being empathetic.



Theory is not convincing

• In academia, we prove guarantees for algorithms  
to demonstrate that they are good.

• At Uber, theoretical guarantees rarely influence decisions.

• Instead, we test algorithms in simulation and in live experiments.

• Testing a solution in the real world gives a pretty good indication 
of whether it will work in the real world.



Theory is not convincing
• Most theoretical guarantees are actually not very useful for making decisions:

• Asymptotics are only useful when the system studied is asymptotic.

• Finite-time bounds are only useful if the bound is tight enough to be 
meaningful.

• Worst-case bounds for models that only approximate reality don’t provide 
much reassurance about the actual worst-case performance.   

• Making an algorithm worse empirically so that it is easier to prove a 
performance guarantee about it does not make it likely to be adopted in 
the real world.

• We do use tight finite-time performance bounds to make decisions about 
allocating effort to projects.

• Theory is also useful if it helps us understand an algorithm.

• I imagine that for some problems (e.g., Google AdWords) that are easy to 
model, worst-case performance guarantees may be comforting.



Theory is not convincing
(But theory still matters)

• Here are some reasonable reasons to prove a theorem:

• Because it is fun.

• To get a paper published.

• To graduate.

• Because it will help you understand the system you are studying,  
or mathematics itself.

• Because the theorem you are proving could actually inform a 
decision that you or someone else will make down the road.



Thinking about projects’ impact before starting them  
will help you choose projects that matter  

(Impact is a choice)
• Let me tell you three sad stories:

• The story of a PhD student who developed a better method for solving 
an optimization problem, without thinking about whether anyone cared 
about that optimization problem.

• The story of a PhD student who developed a queuing method robust 
to errors in estimating a particular parameter, without thinking about 
whether that parameter was easier or harder to estimate than the 
other inputs required by the method. 

• The story of a data scientist solving the problem that best leveraged his 
skills, instead of the one that was most important to the business.

• And one happy story:

• The story of another data scientist listing 5 projects and thinking about 
their business impact before choosing which one to work on. 



Own your research
• Be an owner, not a renter.

• Own your research.

• You are ultimately responsible for the decisions you make.

• If you see a problem, fix it.   
Don’t think, “My advisor didn’t complain, so it must be ok.”

• If you want your research to be useful, then:  
        Go learn about the real world,  
        how people do things,  
        what practitioners know how to do and don’t know how to do,  
        what is broken.  
        Ask, “What do you worry about?” 
        Figure out what questions are relevant,  
        and try to answer some of them.



Thank you!
Any Questions?


