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Quality Assurance Techniques

Ground Truth Seeding
Expert Review

Automatic Check
Redundancy (Vote-based)

— Majority vote
— Quality adjusted vote
— Gold Testing

Active Data Collection
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Ground Truth Seeding

Start with a small number of tasks for which ground
truth has been provided by a trusted source

Mix in questions with known answers

Used in post-processing to estimate the true worker
error-rate

— For instance, we have the true labels of 10 examples

— Worker A gives 8 accurate labels among these 10
examples

— P, (Worker A’s error-rate) = 0.2
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Expert Review

* A trusted expert skims or cross-checks
contributions for relevance and apparent
accuracy

— For example, with Mechanical Turk, people who
post tasks may review the work and choose
whether to pay or not
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Automatic Check P2

* Reasoning - Paradox Detection

 Example: Image Search

— Task: Given each search query, select which of the two
alternative results (images) is more relevant

— Query: sky

Example 1 Example 2 Example 3
P




Majority Voting and Label Quality

* Ask multiple labelers and keep majority label
as “true” label

* Quality is probability of being correct
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What if Qualities of Workers are
Different?

E.g., p= 0.6, d=0.3. Three workers’ quality: 0.3, 0.6, and 0.9.

0.5 -
0.45 \ In this case the quality of majority vote is lower than that of
_picking the label of the worker whose quality is 0.9.

0.35 \\ 3workers, qualities: p-d, p, p+d

Maximum d
o
. |
-4
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Region where majority better
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Individual labeling quality p

Majority vote works best when workers have
similar (and high) quality

Otherwise better to just pick the vote of the best worker

...or model worker qualities and combine
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Example

 Build an “Adult Web Site” classifier

— Need a large number of hand-labeled sites
— Get people to look at sites and classify them as

G (general audience) R (restricted) X (porn)

Cost/Speed Statistics:
Undergrad intern: 200 websites/hr, cost: S15/hr
Mechanical Turk: 2500 websites/hr, cost: S12/hr
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Spammers!

ttp://oldvintageporn. net

http:/fhotxxxasia.com .

B1lOZ5GG9A122548T3AQZ ATAMRO447HWIO
23 2KHEMORTMEPMEDZS0  ATAMRO447HWAC

free asian XXX galleries

Site Navigation

» Main Page

» Asian Movies Only
» Asian Pictures Only
» Japanese Sex

» Free Asian XXX

» Hot AV Idols

» Thai girls and porn
» Hentai Toons

» Full Text Version

Worker atamrosa7HwiIQ

labeled X (porn) sites as G (general audience)
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From Aggregate Labels to
Worker Quality

Look at our spammer ATAMRO447HWIJQ together with other 9

PR7MQ44W2XAZ6FYTYB70 @ A2VL24C5P7Y3D] http://25u.com http://30plus40plus.com
PR7MQ44W?2 6FYTYB70 = ADU3MDAGZDOUX http://25u.com http://30plus40plus.com
PR7MQ44W?2 6FYTYB7 ASLIIDEMXCRZSR http://25u.com http://30plus40plus.com

PR7MQ44)\
PR7MQ44W?2
PR7MQ44W?2
PRZMQ44W?2
PR7MQ44)
PR7MQ44\
PR/MQA44\

6FYTYB7I
6FYTYBY!
6FYTYB7I

AZ0OHOQRF1IMDQ99B http://25u.com
A35GERSTWMHOVP  http://25u.com
A3FNSSONSINALG  http://25u.com
6FYTYBY/( A2IP3HEL3]25A] http://25u.com
6FYTYB7 A179HLOLABTSN] http://25u.com
6FYTYB70 ATAMRO447HWIQ | http://25u.com
OoFYTYB/0 | AZVLOLSDAAMZT1 http://25u.com

http://30plus40plus.com
http://30plus40plus.com
http://30plus40plus.com
http://30plus40plus.com
http://30plus40plus.com
http://30plus40plus.com
http://30plus40plus.com
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Using redundancy, we can compute the error rate for each
worker
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Algorithm of (Dawid & Skene,
1979)

[and many recent variations on the same theme]
* [terative process to estimate worker error rate

1. Initialize “correct” label for each object (e.g., use majority vote)
Estimate error rates for workers (using “correct” labels)
3. Estimate “correct” labels (using error rates, weight worker votes
according to quality)
 Keep labels for “gold data” unchanged (coming later)
4. Go to Step 2 and iterate until convergence

I

Error rates for ATAMRO447HWIQ ATAMRO447HWIQ

P[G - G]=99.947% P[G > X]=0.053% - marked almost all sites as G.
- 0, - 0,
P[X = G]=99.153% P[X = X]=0.847% Seems like 3 spammer...

The probability of labeling X websites as G websites is 99.153%
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Challenge: From Confusion
Matrixes to Quality Scores
Confusion Matrix for ATAMRO447HWIQ

P[X = X]=0.847% P[X = G]=99.153%
P[G - X]=0.053% PG & G]=99.947%

How to check if a worker is a spammer
using the confusion matrix?
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Challenge 1:
Spammers are Lazy and Smart!

" N [ N
Confusion matrix for a spammer Confusion matrix for a good worker
P[X - X]=0% P[X > G]=100% P[X > X]=80% P[X > G]=20%
P[G - X]=0% P[G - G]=100% P[G - X]=20% P[G > G]=80%
- ~ 4

 Spammers figure out how to fly under the radar...

* Inreality, we have 85% G sites and 15% X sites

e Total Error rate of the spammer =0% * 85% + 100% * 15%
=15%

* Total Error rate of the good worker =85% * 20% + 85% * 20%
=20%

False negatives: Spam workers pass as legitima
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Challenge 2:
Workers are Biased!

/Error rates for CEO of AdSafe: =
P[G = G]=20.0% P[G - P]=80.0% P[G = R]=0.0% P[G = X]=0.0%
P[P > G]=0.0% P[P - P]=0.0% P[P - R]=100.0% P[P - X]=0.0%
P[R = G]=0.0%  P[R = P]=0.0% P[R - R]=100.0%  P[R = X]=0.0%

N P[X = G]=0.0% P[X = P]=0.0% P[X = R]=0.0% P[X = X]=100.0% Y,

* We have 85% G sites, 5% P sites, 5% R sites, 5% X sites

* Total Error rate of spammer (all G) =0% * 85% + 100% * 15%
=15%

e Total Error rate of biased worker =80% * 85% + 100% * 5%
=73%




Solution: Reverse Errors First,
Compute Error Rate Afterwards

/Error rates for CEO of AdSafe: =
P[G = G]=20.0% P[G - P]=80.0% P[G = R]=0.0% P[G = X]=0.0%
P[P > G]=0.0% P[P - P]=0.0% P[P - R]=100.0% P[P - X]=0.0%
P[R = G]=0.0%  P[R = P]=0.0% P[R - R]=100.0%  P[R = X]=0.0%

L P[X > G]=0.0%  P[X = P]=0.0% P[X = R]=0.0% P[X = X]=100.0% -

* When biased worker says G, it is 100% G
 When biased worker says P, it is 100% G
* When biased worker says R, it is 50% P, 50% R
 When biased worker says X, it is 100% X

Small ambiguity for “R-rated” votes but other than that, fine!
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Solution: Reverse Errors First,
Compute Error Rate Afterwards

/Error rates for CEO of AdSafe: =
P[G = G]=20.0% P[G - P]=80.0% P[G = R]=0.0% P[G = X]=0.0%
P[P > G]=0.0% P[P - P]=0.0% P[P - R]=100.0% P[P - X]=0.0%
P[R = G]=0.0%  P[R = P]=0.0% P[R - R]=100.0%  P[R = X]=0.0%

L P[X > G]=0.0%  P[X = P]=0.0% P[X = R]=0.0% P[X = X]=100.0% -

Assume equal priors:

* When spammer says G, it is 25% G, 25% P, 25% R, 25% X

The results are highly ambiguous. No information provided!
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Expected Misclassification Cost

* High cost when “soft” labels have probability
spread across classes

* Low cost when “soft” labels have probability
mass concentrated in one class

Assigned Label Corresponding “Soft” Label Soft Label Cost
Spammer: G <G: 25%, P: 25%, R: 25%, X: 25%> 0.75
Good worker: G <G:99%, P: 1%, R: 0%, X: 0%> 0.01

[***Assume misclassification cost equal to 1, solution generalizes]

soft label cost =1 — P(correct labeling)
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Quality Score

* A scalar measure of quality

A spammer is a worker who always assigns

labels randomly, regardless of what the true
class is

ExpCost(Worker)

QualityScore(Worker) =1 -
ExpCost(Spammer)

e QualityScore is useful for the purpose of
blocking bad workers and rewarding good
ones
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Empirical Results and Observations

500 web pagesin G, P, R, X, manually labeled
* 100 workers per page

* Lots of noise on MTurk. 100 votes per page:
— 95% accuracy with majority

— 99.8% accuracy after modeling worker quality

* Blocking based on error rate: Only 1% of labels
dropped

e Blocking based on quality score: 30% of labels
dropped
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Gold Testing

e Algorithm of (Dawid & Skene, 1979)

>

Initialize “correct” label for each object (e.g., use majority vote)
Estimate error rates for workers (using “correct” labels)
Estimate “correct” labels (using error rates, weight worker votes
according to quality)

* Keep labels for “gold data” unchanged
Go to Step 2 and iterate until convergence
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0.20

0.18

0.16
0.14
0.12
0.10
0.08
0.06
0.04
0.02

Average cost error

http://www.behind-the-enemy-lines.com/2010/09/worker-evaluation-in-crowdsourcing-gold.html, crawled on May 15, 2013.

Gold Testing

3 labels per example

2 categories, 50/50

Quality range: 0.55:0.05:1.0
200 labelers

1 1
0% known examples

25% known examples
50% known examples
75% known examples
100% known examples

Number of labels per worker
No significant advantage under “good conditions”

(balanced datasets, good worker quality)
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* 5 labels per example

e * 2 categories, 50/50
G O | d Te Sh n g * Quality range: 0.55:0.05:1.0

e 200 labelers

0.20 I I I I
0% known examples
018 N 25% known examples ====---- B}
016 ) o 50% known examples -------- |
: . : 75% known examples

S 0.14 100% known examples

2012

3

© 0.10 )

Q | RR Ry | |

© 0.08 | TS o

) : f"-'-'.'.ff."h-'.-

Z 0.06 R R D ST
Y71 S — AU S— A— -
0.02 | A —— S— -

0 | i | |
5 10 15 20 25 30

Number of labels per worker

No significant advantage under “good conditions”
(balanced datasets, good worker quality)
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Average cost error
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0.20
0.18
0.16
0.14
0.12
0.10
0.08
0.06
0.04
0.02

Gold Testing

10 labels per example

* 2 categories, 50/50

* Quality range: 0.55:0.05:1.0
* 200 labelers

0% known examples
25% known examples
50% known examples
75% known examples

100% known examples

15 20 25

Number of labels per worker

No significant advantage under “good conditions”
(balanced datasets, good worker quality)




* 10 labels per example

. » 2 categories, 90/10
G O I d Te SU n g * Quality range: 0.55:0.05:1.0

e 200 labelers

0.28 T I I I
0% known examples
0.24 | 25% known examples ==s===- |
’ 50% known examples =----=--
75% known examples
& 0.20 100% known examples -
@
§ 0.16
(&)
% 0.12
@
-
<< 0.08
0.04
0 1 | 1 |
5 10 15 20 25 30

Number of labels per worker

Advantage under imbalanced datasets
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* 10 labels per example

Gold Testing & e ossoss

* 200 labelers

0.28 : : . l
0% known examples
0.24 25% known examples ======= i
| 50% known examples =-------
oS 75% known examples
§ 0.20 [uls 100% known examples .
6 .
3 016
(&)
% 0.12 |-
2
<< 0.08
0.04 N Bt
0 | 1 1 |

Number of labels per worker

Advantage under bad worker quality
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0.32
0.28
0.24
0.20
0.16
0.12

Average cost error

0.08

0.04

Gold Testing

* 10 labels per example
2 categories, 90/10

Quality range: 0.55:0.65

e 200 labelers

Number of labels per worker

' 0% known examplesl e
— -+ 25% known examples =====--- -
50% known examples «-------

. L 75% known examples i
100% known ex S
] e

A [
| | ; ;
5 10 15 20 25 30

Significant advantage under “bad conditions”

(imbalanced datasets, bad worker quality)

The Chinese University of Hong Kong, CMSC5733 Social Computing, Irwin King




Active Data Collection

* |ntuition: we do not need to label everything
same number of times

/Rule of Thumb Results: h

With high quality labelers (85% and above): One worker per
example (Get more data)

With low quality labelers (~¥60-70%): Multiple workers per
example (Improve quality)

o /

e Solution: selective repeated-labeling
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Selective Repeated-Labeling

 We do not need to label everything the same
way

* Key observation: we have additional
information to guide selection of data for
repeated labeling

—>the current multiset of labels

 Example: vs. {+,+,+,+,-,+}

2 ) ) ) )
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Natural Candidate: Entropy

Entropy is a natural measure of label
uncertainty:

ST ST ST ST
E(S)=- log - log
S| S| S| TS|
E({+,+,+,+,-’+}):O.65 | S™ |: positive— | S™ |: negative

E({+1-1 +,-, -t })=1
Strategy: Get more labels for high-entropy
label multisets
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Labeling quality

What Not to Do: Use Entropy

0.95

ot
Ne)

0.85

o
o

0.75

o
~

0.65
0.6

Entropy: Only improves
at first

e Round Robin

1000

2000

=== ENTROPY

3000 4000

Number of labels (mushroom, p=0.6)
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Why?

* |n the presence of noise, entropy will be high
even with many labels

* Entropy is scale invariant

— {3+, 2-} has same entropy as {600+, 400-}, i.e.,
0.97

* Entropy measures the level of noise
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Uncertainty, Not Entropy

* /f we knew worker quality g, we could
estimate class probabilities

Pr(p,n|+) - Pr(+)

| . Pr(+
Pr(+‘p, n) — Pr(p }"l) — qp . (1 — q)T ( )

Pr(p,n)

 But we do not know (exact) worker quality q!

* Estimate first worker quality g for each
example
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Probability density

-h

w
1

N
1

Bayesian Estimate of Labeler

/

Quality

\

/

_/

0.2

04

low €& quality of labelers = high
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1

Quality=0.7 (unknown)
10 labels (8+, 2-)

* Observe assigned labels
and estimate what is the
noise level

* Find the distribution of
possible quality of
labelers for the example




Label Uncertainty A

Estimate the (distribution of) quality of the
workers

For each quality level, estimate the correct
class

Integrate across all qualities

Label examples with Pr(class| votes) close to
0.5
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Package for Quality Assurance

Open source implementation available at:
http://code.google.com/p/get-another-label/

* Input:
— Labels from Mechanical Turk
— [Optional] Some “gold” labels from trusted labelers
— Cost of incorrect labelings (e.g., XG costlier than G =>X)

* Qutput:
— Corrected labels
— Worker error rates
— Ranking of workers according to their quality
— [Coming soon] Quality-sensitive payment
— [Coming soon] Risk-adjusted quality-sensitive payment
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Questions

 What the advantages and disadvantages of
the above techniques?

* When would you choose majority voting in
crowdsourcing/human computation?

* Why a spammer’s error rate can be lower
than normal workers in some cases? Please
give an example.
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Summary

Advantage Disadvantage

Ground Truth Seeding

Expert Review

Automatic Check

Redundancy

Active Data Collection
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Easy to control the
quality of workers

Easy to control the
quality of workers

Avoid manual labels

Works well when there
are enough labels;
Avoid manual labels

Adjust the number of
workers based on worker
quality

Sometimes it is not easy
to get the ground truth

Sometimes it is not easy
to get the labelers from
experts

Not applicable
everywhere

Need more labels when
worker quality is low

Quality estimation may
not be so accurate when
the number of labels is
small




Agenda

* Introduction
 Examples
— Task Matching
— Drug Design
* Game Theory Basics
e Case Studies Based on Game Theory

e Quality Assurance Techniques
* Conclusion
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The grass is greener on the other side...
Be inspired!

Stories and more stories...
Be informed!

The devil is in the details...

Be challenged!
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Auction (F432) * Spammer (B A 2£3E)
Quality assurance (Jii & {1iF)

Social computing (tt<=11E)

Aggregate labels (= AYFRE)

Ground truth (I EAH)

Paradox detection ({1 #&0)

Error rate (§#123%)

Misclassification (1% ¥])

Entropy ()
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