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As many of you know, I have a background in design, and I’m a 
huge fan of it’s teaching methods.



This “technology” was introduced with 
the founding of the École des beaux-
arts in Paris in 1819, and has endured for 
nearly 200 years. 

http://upload.wikimedia.org/wikipedia/commons/f/fb/Architect.png
http://upload.wikimedia.org/wikipedia/commons/f/fb/Architect.png


Got refined at the Bauhaus in the early 20th century, and with the emigration of 
many of the faculty and alumni to the US, became the foundation for design 
education in the US.



=

I think that art and design 
education can teach us a lot. And 
the first lesson has to do with 
physical space. Barbie dolls, 
umbrellas, new ideas, old ideas, 
good ideas, and bad. Collocated, 
cluttered studios are hallmarks of 
art and design education.



When took computer science courses as an 
undergraduate at Brown, we actually had very much of a 
studio work environment. All of the programming 
assignments were done on Unix workstations. And all 
the Unix workstations -- for undergraduates -- were in 
one large lab, shown here over several different 
generations of technology. Last week I was at UIUC. I 
spoke with this about Karrie Karahalios, an MIT alum, 
and she had experienced both the before and after, 
saying that “When they got rid of the athena cluster, it 
really affected the social interaction, sense of cohort, and 
learning.”



problem-finding
as well as

problem solving



My experiments with self-assessment 
came about for several reasons. One of 
them is that, the first time I taught a 
design course of Stanford, in the fall of 
2005. 13%.





Rubric, http://cs147.stanford.edu

Use a rubric to grade. When we grade in our 
teaching staff meeting, we often also link 
submissions that excel in a particular area to that 
cell of the rubric. It would probably be better to 
also link mediocre examples. We’ve done a little bit 
of that in some years, but it’s a delicate matter.



cs147: Weekly Ritual
• Assignments due each Friday 8am
• Participate in studio
• Reflect on & self-assess your work

The in-person piece is that every Friday students gather for 12-15 
person studios, led by a TA. In studio, students provide critique to 
each other. A key piece of this is that you do the self-assessment 
immediately after seeing each other’s work. So while there’s not an 
explicit curve to the class, there is a norming effect by seeing what 
others did. In this class, there’s lots of peer critique, but no peer 
assessment. Peer assessment can work well, and it’s something you 
may choose to explore.



Submit, Share

Write only until the deadline; read only after. We link 
good examples from last year. 



Providing “Bumpers”

If your grade is close to the TA 
grade, you get your own grade.



a game-theoretic 
analysis



Duplicate slide, change 
title and circle groups 
(high perf., low perf)
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.91 correlation; 69% of students 
get their own grade.

Self grade 100%

100%

35%

35%

.91 correlation; 69% of students 
get their own grade.
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title and circle groups 
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Self grade 100%

100%

35%

35%

high performers 
underrate

low performers 
overrate*
There is a ceiling effect. And also regression to the mean.

.91 correlation; 69% of students 
get their own grade.



Evaluators->
Coaches



Other universities leveraging these 
materials
• Berkeley, CMU, U Mass, Harvard, 

Maryland, Michigan, MIT, UNC, Olin, 
Pitt, Utah, Virginia Tech, Yale, UMD, 
Hawaii

• American university of Beirut, FAST 
National University, Islamabad, Sydney, 
Tehran Polytechnic, NTU Singapore, 
National University of Singapore, 
American University in Cairo, Open 
University in the Netherlands



(How) can we bring 
projects and peer 
critique online?



Three research questions
• How can student learn to assess others 

accurately?
• How can the system be robust to 

grading errors?
• How can students receive qualitative, 

personalized feedback?



Video lectures+ embedded questions, Weekly quizzes, open ended assignments



HCI Online CS 147

7 weeks. 10 weeks.

1.5 hours of video lectures per week, 
broken up into 8-12 minute segments.

2 hours of in-person lectures per week, 
broken up into 1-hour class periods.

5 individual assignments. Weekly, group assignments.

1 quiz per week with mini-quizzes 
embedded in lecture videos. 3 quizzes in total, taken in class.

Final project: complete design cycle to 
create a website.

Final project: complete design cycle to 
create mobile web app.

Peer- and self- assessments. Staff- and self- assessments.

Statement of Accomplishment 
(“Apprentice” or “Studio”). Stanford University Credit.

No prerequisites. Enrollment at Stanford;
2 quarters of programming



Cheating?

Per Jennifer Widom’s advice, We designed for earnest students.



Student work



Summer 2012 numbers
• 29,105 students watched video(s)
• 6,853 submitted quiz(zes)
• 2,470 completed an assignment

• and 791 completed all 5

• From the 10,114 who filled out the 
initial survey...
• 124 countries

We’re really grateful that so many people wanted to participate in 
this crazy experiment. (Thankfully) unbeknownst to me ahead of 
time, a lot of my colleagues also watched the videos.



All ages; strong peak around 30
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Many self-employed students
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Anecdotally, a number of parents with young kids



10 self-organized meetup locations

• London, England
• Palo Alto, CA
• San Francisco, CA
• New York City, NY
• Buenos Aires, Argentina
• Bangladesh
• Portland, OR
• Mountain View, CA
• San Jose, CA
• Aachen, Germany



Students transcribed (some) 
lectures in 13 languages

• English, Spanish, Brazilian Portuguese, 
Russian, Bulgarian, Japanese, Korean, 
Slovak, Vietnamese, Chinese Simplified, 
Chinese Traditional, Persian, and Catalan

Through Amara





From Coimbatore
Hello Scott,

This is Arun Martin, a usability analyst from Coimbatore, India. I have 
enrolled for your online HCI course last week and require your 
suggestions for the Design Brief on "Change." 

I  plan to share my thoughts for commuters who start early from 
their offices, park their two-wheelers at a parking stand, and then 
commute to their offices through cabs or other modes of transport. 
I'm looking at the following challenge: How can technology help 
commuters to ascertain whether there are available parking spaces 
during morning hours so they can spend few minutes at home/
parking area to monitor their fitness levels and improve their health? 
Is this something that I can work on as a project? 

Thanks,
Arun

I got this email at dawn



3-Step Peer Assessment

1) Calibration 1) Assess 5 Peers 3) Self-Assess

For hci-online, students got the median of 5 grades



Creating Calibration & Ground Truth

• Assignments due most tuesdays at 
11pm PDT

• Chinmay/Robi graded 8-10 submissions

1) Calibration 1) Assess 5 Peers 3) Self-Assess



Evaluation

Intentionally Mostly numeric. Limited written. Language is an issue. 
see fortune cookie



Summary: Assessments

CS147 ONLINE

Correlation between self- 
and staff- assessments.

Correlation between self- 
and peer- assessments.

% of students who 
received their own grade.

0.91 0.54

N/A 0.78

69% 27%

While not high, these numbers are still kinda remarkable. 



6,701 students submissions 
across five assignments



Errors were pretty balanced

34%

57%

48% 42%

This results in a relatively small number of ground truth 
submissions, and lots of grades for each. How do we use these to 
get an idea of how accurate grading is?

It is kinda remarkable that errors are distributed evenly. Errors may 
cancel out across the class. you get a higher and lower grade 
roughly evenly, so your final grade may have smaller error



Curve essentially flat after 10 raters

More than five raters?

The previous graph shows what happens when we have five raters. 
What happens when we have more?



Better than median?
• Best linear model:

• 34.7% of samples within 5%, and 58.8% 
within 10%

• Median model: 34% of such samples were 
within 5% of the staff grade, 57% within 
10%.

• Also tried: trimmed mean, etc.

X1 X2 X3 X4 X5
0.035 0.170 0.208 0.329 0.329

Given a ranked list of assessments, is there a linear combination of 
grades that does better? marginally, but not by much.

This linear model gives 2% to the lowest, 32% to highest



Can we do better still?
• We hope so - and encourage your ideas

Budget-optimal Crowdsourcing using Low-rank Matrix Approximations

David R. Karger, Sewoong Oh, and Devavrat Shah
Department of EECS, Massachusetts Institute of Technology

Email: {karger, swoh, devavrat}@mit.edu

Abstract— Crowdsourcing systems, in which numerous tasks
are electronically distributed to numerous “information piece-
workers”, have emerged as an effective paradigm for human-
powered solving of large scale problems in domains such as
image classification, data entry, optical character recognition,
recommendation, and proofreading. Because these low-paid
workers can be unreliable, nearly all crowdsourcers must devise
schemes to increase confidence in their answers, typically by
assigning each task multiple times and combining the answers
in some way such as majority voting.

In this paper, we consider a model of such crowdsourcing
tasks and pose the problem of minimizing the total price (i.e.,
number of task assignments) that must be paid to achieve a
target overall reliability. We give a new algorithm for deciding
which tasks to assign to which workers and for inferring correct
answers from the workers’ answers. We show that our algo-
rithm, based on low-rank matrix approximation, significantly
outperforms majority voting and, in fact, is order-optimal
through comparison to an oracle that knows the reliability of
every worker.

I. INTRODUCTION

Background. Crowdsourcing systems have emerged as an
effective paradigm for human-powered problem solving and
are now in widespread use for large-scale data-processing
tasks such as image classification, video annotation, form
data entry, optical character recognition, translation, recom-
mendation, and proofreading. Crowdsourcing systems such
as Amazon Mechanical Turk1 establish a market where
a “taskmaster” can submit batches of small tasks to be
completed for a small fee by any worker choosing to pick
them up. For example a worker may be able to earn a few
cents by indicating which images from a set of 30 are suitable
for children (one of the benefits of crowdsourcing is its
applicability to such highly subjective questions).

Because the tasks are tedious and the pay is low, errors are
common even among workers who make an effort. At the
extreme, some workers are “spammers”, submitting arbitrary
answers independent of the question in order to collect their
fee. Thus, all crowdsourcers need strategies to ensure the
reliability of answers. Because the worker crowd is large,
anonymous, and transient, it is generally difficult to build
up a trust relationship with particular workers.2 It is also
difficult to condition payment on correct answers, as the
correct answer may never truly be known and delaying

1http://www.mturk.com
2For certain high-value tasks, crowdsourcers can use entrance exams to

“prequalify” workers and block spammers, but this increases the cost of
the task and still provides no guarantee that the workers will try hard after
qualification.

payment can annoy workers and make it harder to recruit
them to your task. Instead, most crowdsourcers resort to
redundancy, giving each task to multiple workers, paying
them all irrespective of their answers, and aggregating the
results by some method such as majority voting.

For such systems there is a natural core optimization
problem to be solved. Assuming the taskmaster wishes to
achieve a certain reliability in their answers, how can she do
so at minimum cost (which is equivalent to asking how she
can do so while asking the fewest possible questions)?

Several characteristics of crowdsourcing systems make
this problem interesting. Workers are neither persistent nor
identifiable; each batch of tasks will be solved by a worker
who may be completely new and who you may never
see again. Thus one cannot identify and reuse particularly
reliable workers. Nonetheless, by comparing one worker’s
answer to others’ on the same question, it is possible to
draw conclusions about a worker’s reliability, which can be
used to weight their answers to other questions in their batch.
However, batches must be of manageable size, obeying limits
on the number of tasks that can be given to a single worker.

Another interesting aspect of this problem is the choice
of task assignments. Unlike many inference problems which
makes inferences based on a fixed set of signals, we can
choose which signals to measure by deciding which ques-
tions to ask to which workers. This makes designing a
crowdsourcing system challenging in that we are required
to determine how to allocate the tasks as well as design
an algorithm to infer the correct answers once the workers
submit their answers.

In the remainder of this introduction, we will define a
formal model that captures these aspects of the problem.
Then, we will describe how to allocate tasks and infer the
correct answers. We subsequently describe how these two
procedures can be integrated into a single Budget-optimal
Crowdsourcing algorithm. We show that this algorithm is
order-optimal: for a given target error rate, it spends only a
constant factor times the minimum necessary to achieve that
error rate.

Setup. We model a set of m tasks {t
i

}
i2[m]

as each being
associated with an unobserved ‘correct’ solution s

i

2 {±1}.
Here and after, we use [N ] to denote the set of first N
integers. In the image categorization example stated earlier,
tasks corresponds to labeling m images as suitable for
children (+1) or not (�1). These m tasks are assigned to
n workers from the crowd. We use {w

j

}
j2[n]

to denote this

This is MIT, and there’s lots of smart people in this room. We can 
think of algorithms that get more signal from this data. As an 
example, [Student+Karger: budget optimal crowdsourcing]. 



Improving Assignments with student help

• Major Outcome: More Parallel Structure

One strategy is to try and extract more signal from the data. A 
complementary strategy is to get more signal in the data by 
improving assignments.

Logistics and clarity.



Higher agreement on final assignment
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this analysis only uses raters who rated the last 
assignment. For these raters, accuracy is higher. 10% 
more samples were within 5% of staff grade, and 35% 
more within 10%.
The 85% is kinda remarkable.



Parallel structure helps
• F (1, 39) = 

2.07, p < 0.05

example of parallel/non parallel str.





Many errors are 
variations on a 
few themes



Solution 
+ delta + “...because _____________________”

Provide Feedback as a packaged “fortune cookie” plus, optionally, a customized bit. 
Explain the metaphor in terms of how implemented



Encouraging Richer Feedback

Screen shot animation

Show fortune cookie icon, used in 
other studies

Implements important principle 
recognition over recall.

Use was optional



Fortune cookies provide personalized, 
qualitative feedback
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What do fortune cookies do?
• Recall to recognition: a time 

honored HCI principle

• Most errors are variations on a theme: 
low-cost personalization

• Clean-slate critique hard: catalyze 
critical thinking

emphasize “implements a time honored principle of changing a 
recall task in to recognition” [cite ref]



Baking Fortune cookies
Nisha Masharani

Nisha was a summer intern in our group who had just completed her freshman year. 



How to bake fortune cookies

Steady perf.Warning signs Improvement strategies

• Look at three kinds of assignments

• Write feedback for assignment 
• Aggregate
• 2/14 great, 11/14 needed minor 

changes, 1/14 not relevant
• Nisha took 3-4 hours per assignment

Nisha looked at assignments for 15 students: first and second 
assignment



Moving peer feedback earlier

Student got the answer lasted 3 hours and 49 min



• I put sufficient effort into assessing peers

• Peers put sufficient effort into assessing me

Wilcoxon W = 610, 728, p < 0.001.



Wilcoxon W = 580, 562, p < 0.001.

• How much did you feel like you learned 
from assessing your own work?

• How much did you feel like you learned 
from assessing others' work?

How useful was rating self/others’ work? (Higher more useful)
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Students Took Ownership
• Sharing cool interfaces, resources, 

articles
• Collating reading lists, creating 

assignment aids
• Doing really creative work
• Helping other students

• heuristic evaluation feedback
• answering forum questions
• extra peer assessment





Student Submissions Tapered Off

People shopping

?

I told you before that we had 6000-odd submissions. Sadly, these 
submissions are not evenly distributed. While it is understandable 
that some students are shopping, those that complete two 
assignments have made a considerable investment. 



Patriotic Grading
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Thanks to...
• Stanford: Jane, Robi, Alex, Chinmay, 

Kathryn...
• Coursera: Huy, Daniel, Pang Wei, 

Ngiam, Daphne, Andrew...
• Colleagues who let me show their 

work
• Students going above and beyond: Amy...


