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AUGMENTED INTELLIGENCE:
CROWDSOURCING CREATES LABELLED DATA FOR ML
ALGORITHMS

We Make Al Work in
the Real World




CROWDSOURCING AND
THE SEMANTIC WEB =

Semantic applications SR S
developers use e
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thieve d gOCII o

The Semantic Web is o
giant crowdsourcing -
project

QROWD platform

More than just technology

Cruwdsourcing and the Scmantic Web:
A Research Manifisto
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skllls, not easily replicable "¢
. i by machines ‘
: .. Editing knowledge graphs

¥"wiy Adding semantic annotations to
15 media

.. Adding multilingual labels to entities

Defining links between entities
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BACKGROUND

Varying quality of Linked Data sources

dbpedia:Dave Dobbyn dbprop:dateOfBirth “3”.

Detecting and correcting errors may require
manual inspection




Approach MTurk interfaces Findings

Q v

Find Verify Incorrect object
"Dave Dobbyn"
(Contest ) (Microtasks\ PN =
LD Experts Workers T DBpedia
Difficult task P Easy task Date of birth: 3]anu;;y;957 3
Final prize Micropayments
- Incorrect data type

Kyoto University Experts detect a range

\) About:
| g

Given the property "name", is the value "IR&EX?" of type "english"? Of ISSU eS' b Ull- WI I I no.l-

TrioleCheckM MTurk . .
ripleCheckMate ur invest additional effort

Incorrect outlink

About
John Two-Hawks

Turkers can carry out the

Results: Precision

three tasks and are

Object values Data types Interlinks
exceptionally good at
Linked Data 0.7151 0.8270 0.1525 d .
SETE ata comparisons
MTurk 0.8977 0.4752 0.9412

(majority voting)
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BACKGROUND

ltems and statements in Wikidata are edited by teams of
editors

Editors have varied tenure and interests

Group composition impacts outcomes
Diversity can have multiple effects
Moderate tenure diversity increases outcome quality

Interest diversity leads to increased group productivity




STUDY

Analysed the edit history of items

Corpus of 5k items, whose quality has been manually
assessed (5 levels)*

Edit history focused on community make-up
Community is defined as set of editors of item

Considered features from group diversity literature and
Wikidata-specific aspects




HYPOTHESES

_ Adivity

ltem quality !

HI1 Bots edits
H2 Bot-human interaction ltem quality f
H3 Anonymous edits ltem quality

H4 Tenure diversity g ltem quality

H5 Interest diversity ltem quality




RESULTS

ALL HYPOTHESES SUPPO

RTED

Model 1 Model 2 Model 3 Model 4
Coef. SE P | Coef. SE P Coef. SE P Coef. SE P
Label> = D —0715 .0609 —13024 1037 = 11739 1779 ** | —2.6487 2125 =
Label> = C ~1.2553 0642 ** |-25499 .1081 ** -2.3874 .1815 ** | -4.1062 2175
Label> = B —4.4452 1028 ** | -57677 1361 *** -5.8900 .2145 ** | -7.5732 2450 ***
Label> = A -6.2173 1320 *** | -7.6024 1628 **  -7.4843 2262 ™ | 92759 2573
Item age .0003 .0001 ** | .0001  .0001 .0002  .0001 -.0008 .0001 ***
Group size 0279  .0014 ** 0330  .0015 *** 0152 .0015 ** 0248 0016 ***
# Edits 0029 0003 ** | 0033 .0003 **  .0039 .0003 *** | .0040  .0003 ***
» Bot edits H1 14005 1029 ) 24695 1237 _*
Bot X Human H2 46909 3377 *™)— 3.7688 3618 ™)

# Anonymous edits ~3,8258 12218 **}- —3.6628 1.2403
Tenure diversity H3 H4 1.5502 .1104 ** | 2.8043 .1166 **
Interest diversity 1.0104 1972 ™ ] 11004 _.1999 **

H5



SUMMARY AND IMPLICATIONS
O1 02 03 04

The more is Bot edits are Registered Diversi-ry

t al key for quality, editors have
not-atwdys but bots and matters

humans are a positive

the merrier

better impact
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BACKGROUND

Wikipedia is available in 287 languages,
but content is unevenly distributed
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STUDY

Enrich ArticlePlaceholders with textual summaries generated from Wikidata
triples

Train a neural network to generate one sentence summaries resembling the
opening paragraph of a Wikipedia article

Test the approach on two languages, Esperanto and Arabic with readers and
editors of those Wikipedid’s

Page Statistic Esperanto Arabic English Wikidata

Articles 241.901 541,166 5,483,928 37,703,807
Avg edits/page 11.48 8.94 2144 14.66
Active users 2,849 7,818 129237 17,583

Vocab. size 1.5M 22M 2.0M -




APPROACH

NEURAL NETWORK TRAINED ON WIKIDATA/WIKIPEDIA

Feed-forward architecture encodes
triples from the ArticlePlaceholder into
vector of fixed dimensionality

RNN-based decoder generates text
summaries, one token at a time

Optimisations for different entity
verbalisations, rare entities etc.

,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂ

Article-

Placeholder

Triples

f1: Q490900 (Floridia) P17 (Stato) §38 (Italio)
f2 : Q490900 (Floridia) P31 (estas) Q747074 (komunumeo de Italio)
fa : Q30025755 (Floridia) P1376 (cefurbo de) 0490900 (Floridia)

Textual
Summary

Floridia estas komunumo de Italio.

Vocab.
Extended
Summary

[[Q420900,

Floridial] estas komunumo de [[P17]].




AUTOMATIC EVALUATION
APPROACH OUTPERFORMS BASELINES

Trained on corpus of Wikipedia sentences and corresponding Wikidata triples (205k Arabic; 102k Esperanto)

Tested against three baselines: machine translation (MT) and template retrieval (TR, TR_,,)

Using standard metrics: BLEU, METEOR, ROUGE,

BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGEpr METEOR
valid. test walid. test wvalid. test wvalid. test wvalid. test walid. test

MT]|31.12 33.48 19.31 21.12 12.69 13.89 849 9.11 29.96 30.51 31.05 30.1
TP|41.39 41.73 34.18 34.58 29.36 29.72 25.68 25.98 43.26 43.58 32.99 33.33
TPy | 49.87 48.96 42.44 41.5 37.29 36.41 33.27 32.51 51.66 50.57 34.39 34.25
Ourg|53.18 52.94 45.86 45.64 40.38 40,21 35.7 35.55 57.9 57.99 39.22 39.37

MT| 5.35 547 1.62 162 059 056 026 0.23 4.67 479 0.66 0.68
TP|43.01 42.61 33.67 33.46 28.16 28.07 24.35 24.3 46.75 45.92 20.71 20.46
TPexe| 52.75 51.66 43.57 42.53 37.53 36.54 33.35 32.41 58.15 57.62 31.21 31.04
Ourq|56.51 56.96 47.72 48.1 41.8 42.13 37.24 37.52 64.36 64.69 28.35 28.76

Model

Arabic

Esperanto




USER STUDIES O 2%
SUMMARIES ARE USEFUL FOR THE COMMUNITY

Fluency |Appropriateness

Mean SD|Part of Wikipedia Editors study, 15

g Ous |47 12|77% days, 30 summaries
'© Wikipedia|4.6 0.9 |74%
< News 5.3 0.4 35% Category Examples Y%

Ly Slash S ole (s o Lealls TS Jiapaal] U p50asS S0 faipil] 0,988 punlen,
R R AR T e e TR 'E — —————————— A

. Ours 4.5 1.5 |69%

—_
@ 4 ¥ : oy 5 lasly K ol 13S0y ((ARCIU208E Yiisuall 4 (o318 (S50 50 il i€ sl
= Wikipedia|4.9 1.2 (84% . WD s * 45.45%
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[ ]
] : ; d q y S m I X e d Zederik estas kemunume en la nederlanda provinee Zuid-Halland,

o Zederik estas komunume en la nederlanda province Zuid Hc|c|<and__' ka} estas &rkalata de la municipaj Lopik kaj Zederk. o
s WD 78.98%
=
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Love and glory keep costs
down
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EXPERIMENT |

Workers will perform better if tasks.are more
| engaging

Increased accuracy through higher inter-annotator 8
agreement

Cost savings through reduced unit costs

Micro-targeting incentives when players
attempt to quit improves retention

e




MICROTASK DESIGN

Image labelling tasks, published on microtask
platform

Free-text labels, varying numbers of labels per image,
taboo words

Workers can skip images, play as much as they want
Baseline: ‘standard’ tasks w/ basic spam control

\4

Gamified: same requirements & rewards, but
crowd asked to complete tasks in Wordsmith

VS

Gamified & furtherance incentives: additional
rewards to stay (random, personalised)

Create keywords for an image

eV |

32



EVALUATION

N Wle S B o 2
ESP data set as gold standard

Hlabels, agreement, mean & max
#labels/worker

Three tasks

Nano: 1 image

Micro: 11 images

Small: up to 2000 images 5
Probabilistic reasoning to predict worker P8
exit and personalize furtherance A
incentives




RESULTS (GAMIFICATION, T IMAGE)
BETTER, CHEAPER, BUT FEWER WORKERS

Metric CrowdFlower Wordsmith
Total workers 600 423

Total keywords 1,200

Unique keywords 111

Avg. agreement 5.72%

Avg. images/person ] 32

Max images/person ] 200



RESULTS (GAMIFICATION, 11 IMAGES)
COMPARABLE QUALITY, HIGHER UNIT COSTS, FEWER DROPOUTS

Metric CrowdFlower  Wordsmith
Total workers 600 514

Total keywords 13,200

Unique keywords 1,323

Avg. agreement 6.32%

Avg. images/person 11
Max images/person 1 351



RESULTS (WITH FURTHERANCE INCENTIVES)
MORE ENGAGEMENT, TARGETING WORKS

Increased participation
People come back (20 times) and play longer (43 hours vs 3 hours without incentives)

Financial incentives play important role

Targeted incentives work
77% players stayed vs. 27% in the randomised condition
19% more labels compared to no incentives condition

Incentive C3: Randomised C4: Targeted

Power 26.09% 30.16%
46.17%

Money 19.65%

Leaderboard] 16.59% : o
Levels 3. Ulve 7.34%
Badges 13.04% 5.98%
Access 11.61% 4.35%
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MICROTASK DESIGN

Image labelling tasks published on microtask platform

Free-text labels, varying numbers of labels per image,
taboo words

Baseline: ‘standard’ tasks w/ basic spam control
Vs

Pairs: Wordsmith-based, randomly formed pairs, people
join and leave all the time, in time more partner switches

\A)

Pairs & social incentives: let’s play vs please stay
offered to worker when we expect their partner to leave

nmms Your partner 1111111215 has entorsd 2 guosses

2 keyword matches required (1 match tound)

© 0poirs Qa3

Nest Guess

Multi Player Game To Create Keywords For An Image

Click the link below (required)

You are required to click here to go to the game page:
Type in your Contributor ID and tag at least 11 (ELEVEN) images with a paired game partner

Enter your exit code here

You can continue playing the game afterwards if you wish
g g

38



INCENTIVES

Leaderboard
# Username Rank Score
1 1111111a15 Novice 600 pis
2 111111175 Novice 500 pts

Recent Activities What's this?

1 111111175 unlocked the Second e
Shot Badge
22 minutes ago

1 1111111a15 unlocked the Second Q
Shot Badge
22 minutes ago

1 1111111a15 has eamed single S
bonus points
22 minutes ago

1 1111111a15 unlocked the Take Off ﬂ
Badge
23 minutes ago

1 1111111a15 has eamned single S
bonus points

23 minutes ago
No global leaderboard

Empathic social pressure: stay (and help your partner get paid)

Social flow: keep playing and having fun together

39



EVALUATION

O Wl B NS 2 |
ESP data set as gold standard

Evaluated #labels, agreement, avg/max
#labels/worker
Two tasks

Low threshold: 1 image

High threshold: 11 images

Probabilistic reasoning to predict worker
exit® and offer social incentive

* [Kobren et al, 2015] extended w/ utility
features




RESULTS (COLLABORATION)

BETTER, CHEAPER, FEWER WORKERS, ADDS COMPLEXITY

Experiment Results

Low Threshold High Threshold

Traditional Collabo-rative Traditional Collabo-rative Social Incentive
Total workers 402 865 514 499 508
Total tags 21,538 48,171 27,652 108,950 158,716
Unique images tagged | 200 200 2,196 2,200 2,200
Inter-annotator 29.44% 34.55% 14.26% 25.82% 29.35%
ESP tags agreement | 41.26% 25.39% 43.96% 37.94% 40.11%
Avg. images tagged / | 26.68 9.77(8D=13.23) | 26. 75 25.05 29.00
person (SD=38.21) (SD=42.07) (SD=17.92) (SD=28.30)
Avg. tags / person h3.57 131.97 53.80 218.34 312.43
Avg. new tags / person | 2.78 (1,117/402)] 8.69 (3,172/365) § 1.80 (925/514) 11.83 16.21

(5,903/499)

(8,236/508)




RESULTS (SOCIAL INCENTIVES)
IMPROVED RETENTION, PLEASE STAY MORE EFFECTIVE

Social incentive responses Social incentive responses
I 1000
- &
5 § 100
s B
-
3 3
E 2 10
E
z 5
z
l will stay I will go | will stay | wnll go
1
Request: Pleasestay |  Request: Let's play Request: Please Request: Let's Request: Please
. has been paid 102 . 32 | 34 | 17 stay play | stay & let'splay
¥ has not been pa;d 789 43 77 1 Responses 891 .1 I .

(a) Breakdown of worker responses to please stay and let’s  (b) Number of i will stay responses including responses from
play requests (on logarithmic scale) both request types (on logarithmic scale)

42



5, SUMMARY OF FINDINGS

¥ 5

e

s RER VL ORGSR e VT T B 1 Al

Paid worker 76% more likely to stay after social pressure, unpaid worker:
25% more likely to stay

Paid workers annotate more if they decide to stay than unpaid workers

Social flow more effective than social pressure in generating more tags: 99% /&%
of unpaid workers are likely to stay F.

Social pressure works more often overall
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ONE DOES NOT SIMPLY
CROWDSOURCE THE SEMANTIC WEB



_'if.nCONCLUSIONS
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