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WOCMAN:
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Difficult 
problems in 
computer 
science.

Should I eat 
this donut?
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“Is it within my calorie budget?”

“Is it healthy to eat this donut?”
≈
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“How many calories are in this 
donut?”
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“How many calories are in this 
donut?”

isoperibol oxygen 
bomb calorimeter 

photo courtesy UL
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“How many calories are in this 
donut?”

isoperibol oxygen 
bomb calorimeter 

iCalorieCounter

Photograph Your Food

OK

photo courtesy UL
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calorimeter cellphone app
• $30,000.00 • free-ish

• expert labor 
$50-100/hr

• anyone

• advanced degree • Homer-approved 
button-pushing

• several hours 
(calibration, 
running, analysis)

• seconds to minutes

• Lavoisier, c1780 • ???
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“How many calories in this donut?”

458 326 214

318 283 274
median=300.5
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“How many calories in this donut?”

458 326 214

318 283 274
median=300.5

Is this a good answer?
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• There exists a true estimate of 
the donut’s calories. 

• Unlikely that any given friend can 
tell me precise calorie count. 

• Unlikely that I can discern which 
friend knows the right answer.

• None of my friends are donut 
experts.

Facts
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• There exists a true estimate of 
the donut’s calories. 

• Unlikely that any given friend can 
tell me precise calorie count. 

• Unlikely that I can discern which 
friend knows the right answer.

• None of my friends are donut 
experts.

Facts

How COULD it be good?!!
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• No one person knows the answer.
• Taken together, everyone knows.
• The “wisdom of the crowd.”
• Expert estimates from non-experts.
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“How many calories in this donut?”

median=275.5

251 434 303 215 244 490 157 251

420 188 245 356 395 160 442 325

357 277 91 299 113 90 209 317

317 386 274 437 161 141 160 367
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“How many calories in this donut?”

median=275.5

251 434 303 215 244 490 157 251

420 188 245 356 395 160 442 325

357 277 91 299 113 90 209 317

317 386 274 437 161 141 160 367

Is this better? Maybe.
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“How many calories in this donut?”

median=275.5

251 434 303 215 244 490 157 251

420 188 245 356 395 160 442 325

357 277 91 299 113 90 209 317

317 386 274 437 161 141 160 367

There’s something 
different about this 

answer…
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Insight:
inference about pop.’s opinion
a proxy for the real thing
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Insight:

median(X1)= 300.5 kcal ± 76

300200 400
interval that contains true population 
parameter with (say) 95% probability

small n:

inference about pop.’s opinion
a proxy for the real thing
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Insight:

median(X1)= 300.5 kcal ± 76

300200 400
the set of estimates that are 
indistinguishable due to sampling error

small n:

inference about pop.’s opinion
a proxy for the real thing
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Insight:

median(X1)= 300.5 kcal ± 76

300200 400

± 55median(X2)= 275.5 kcal

small n:

large n:

inference about pop.’s opinion
a proxy for the real thing
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Insight:

median(X1)= 300.5 kcal ± 76

300200 400
margin of error for an estimate is a 
function of sample size

± 55median(X2)= 275.5 kcal

small n:

large n:

inference about pop.’s opinion
a proxy for the real thing
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Insight:

median(X1)= 300.5 kcal ± 76

300200 400

To get a better estimate, ask more Homers!

± 55median(X2)= 275.5 kcal

Where can we find more Homers…?

small n:

large n:

inference about pop.’s opinion
a proxy for the real thing
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• human task market; lots of Homers!

• available via API call
• lots of problems, e.g., payment, scheduling, 

quality control (esp. bad actors!)

• small fees for simple tasks
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UTOMAN 

95% conf. not due to random chance.

read_plate(      )

767-JKF
767-JKF 76-JFK AZHG6A 767-JKF 767-JKF
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UTOMAN 

get_calories(      )

Pr[agree] = nil
Different kind of consensus needed.

???
Pr[correct] = nil

13



UTOMAN 

get_calories(      )

Pr[agree] = nil
Different kind of consensus needed.

???
+ WOCMAN

Pr[correct] = nil
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WoCMan increases sample size until either
1) interval meets user-defined “tightness”

2) budget is exhausted

def numCalories(url: String) = Estimate ( 
  budget = 5.00, 
  confidence_interval = SymmetricCI(50), 
  confidence = 0.95, 
  text = "How many calories are in the food 
          pictured?", 
  image_url = url, 
  estimator = Mean 
)  

14



nose finder

where’s waldo?

calorie counter

NPR planet money’s ox
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calorie counter
• run 30x w/varying CI (±250 to ±50 kcal)
• MAE with fixed n=200 was 83.6 kcal (±41)

• ±250, median cost: $0.32; ±50 cost: $1.28
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calorie counter

• IM2Calories needs access to your GPS

• IM2Calories MAE: 152.95, SE: 15.61

vs
Google’s IM2Calories

• huh?
• essentially a constraint solver: searches 

nearby restaurant menus using labels 
generated by vision algorithm

• WoCMan MAE: 103.08, SE: 6.00
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nose finder
• 15 images from Google image search

• 100% correct; CIs are in PIXELS

• cost ranged from $0.72 to $5.76

• CIs ranged from ±3.8 to ±41.3 (asked: ±15)

(aka nose picker)
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where’s waldo?
• 5 very large Where’s Waldo images

• 100% correct

• all cost max of $5.76

• CIs ranged from ±22 to ±943 (asked: ±15)
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planet money’s ox
• run 30x w/varying CI (±25 to ±250 kcal)
• error with fixed n=17k was 83.6 kcal (±41)

• ±25 cost: $89; ±250: $0.91
• ±25 MAE: 110.9; ±250 MAE: 121.3
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UDSA: 450 kcal; Dunkin’ Donuts: 280 kcal
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WOCMAN

http://automan-lang.org

• easy to use

• allows cost/accuracy tradeoff
• enforces quality on input data
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