Lecture 2

The humans-in-the-loop

Ranjay Krishna | ranjay@cs.washington.edu



Course logistics

Assignment 1 due in 2 days.

't should be easy and not take much time.

| am looking for you to be insightful. It's quite open ended.
3-4 minute presentation for class.

1 min for QA.
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Assignment 1: Reflections on personal Al use

Your goal is to reflect on your personal usage of Al applications. You can approach this
assignment a number of ways. Feel free to be creative! Here are some example ways of
completing the assignment:

you could take a data-driven approach to track or measure some aspect of your reliance
on an Al application for a week.

You could do a retrospective analysis of your own interactions with Al systems or that
of a community that you are active in.

You could spend time attempting to interact with an Al model in some way, such as
switching to a new technology and reporting back on the experience.

You could interview or survey an Al engineer or Al product designer.

You could talk about the possible societal or behavioral implications of a new emerging
technology.
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Slack and canvas - our two main forms of communication

We have a slack channel for discussions.

- Ifyou are not part of it, email Jiafei (duanjl@cs)
- We will redundantly make announcements on both slack and canvas

A space where you can organize yourselves for discussions and projects
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Course project

Project teams:

- If you are looking for a team or want a team member, please post on
#project-team-search

- start thinking about course project ideas. Feel free to message us with questions
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Recap: looking at how the fields evolved together

©

Artificial Intelligence

Goal: to create an artificial rival to
human intelligence

Artifact: models of human intelligence

Long time horizon
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Human-Computer Interaction

Goal: To improve applications as they
approach widespread use

Artifact: designs for mass market products

Short time horizon



Al is now finally in mass market use

©

Artificial Intelligence The three Al winters and how HCI

. . . . hrived. Perh his time, both will.

Goal: to align Al with human intelligence thrived. Perhaps this time, both w
Artifact: models for mass market use

No longer for long time horizon
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Happening last night

[link]
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d Matthew Barnett
L. @Matthew)Bar

One of the most common arguments against AGI being
near is the following take: Al has gone through many
boom and bust cycles before in which people thought
we were close, but we ended up being far. This boom
will also bust.

Ultimately, | find this argument quite weak. l

2:54 PM - Jan 8, 2023

12.3K Views 5 Retweets 1 Quote Tweet 55 Likes


https://twitter.com/MatthewJBar/status/1612221157104832513

Lecture 2

The humans strike back,
The humans-in-the-loop
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Humans in the loop?
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The first attempts at capturing the
visual world
S i o (55
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Camera obscura by Gemma Frisius, 1545 v =
Inspired Leonardo da Vinci, ‘[ :
16th Century AD
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Examples from 18th
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._I «‘4-.-» Hubel & Wiesel, 1959

Electrical signal

How does animal <2 from brain
o i
vision work: \ K
——.
Won Nobel Prize in 1981 |-
Visual processing is hierarchical, 0 ® r
involving recognizing simpler
structures, edges, etc. Sti mUlUS

NNy LY

No response Response
(end point)
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Larry Roberts - Father of computer vision

(a) Original picture (b) Differentiated picture (c) Feature points selected
Synthetic images, building up the visual world from simpler structures
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The summer
VIsion project

Organized by
Seymour Papert

Computer vision was
meant to be just a
simple summer intern
project
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MASSACHUSETTS INSTITUTE OF TECHNOLOGY
PROJECT MAC

Artificial Intelligence Group July 7, 1966
Vision Memo. No. 100,

THE SUMMER VISION PROJECT

Seymour Papert

The summer vision project is an attempt to use our summer workers
effectively in the construction of a significant part of a visual system.
The particular task was chosen part‘z because it can be segmented into
sub~-problems which will allow individuals to work independently and yet
participate in the construction of a system complex enough to be a real

landmark in the development of "pattern recognition!l.



: : 2 >-D sketch 3-D model
Input image Edge image e
o e
Input Primal 2 %2-D 3-D Model
Image Sketch Sketch Representation
Zero crossings, Local surface 3-D models
- ,| blobs, edges, ,| orientation »| hierarchically
Perceived bars, ends, and organized in
Intensities virtual lines, discontinuities terms of
groups, curves in depth and surface and
boundaries in surface volumetric
orientation primitives
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David Marr, Stages of Visual Representation, 19/0



Until the 90s,
computer vision was not broadly
applied to real world images




The focus was on algorithms!
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First commercial success of computer vision

It came from embracing machine learning in 2001.

Does anyone know what it was?
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First commercial success of computer vision

Real time face detection
using using an algorithm
by Viola and Jones, 2001

- Fujifilm face
detection in cameras

- HPpatent
immediately
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https://patents.google.com/patent/US20020102024A1/en

Designing better feature extraction became
the focus

HoG features

- Histogram of oriented
gradients
- Handcrafted

frequency

[Dalal & Triggs, HoG. 2005]

v
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I M A G E N E T www.image-net.org

22K categories and 14IM images

* Animals * Plants e Structures * Person
e Bird * Tree e Artifact e Scenes
* Fish * Flower * Tools * Indoor
e Mammal * Food e Appliances * Geological Formations
* |Invertebrate * Materials e Structures * Sport Activities

% )

Deng, Dong, Socher L| L| & Fe| Fe| 2009

De 2




Hypothesis behind ImageNet

- Achild sees nearly 3K unique objects by the age of 6

- Calculated by Irving Biederman
[Biederman. Recognition-by-components: a theory of human image understanding. 1983]

- But computer vision algorithms are trained on a handful of objects.

Ranjay Krishna | ranjay@cs.washington.edu



Object recognition accuracy drops year after year

2010 2011 2012 2013 2014 2014 2015 Human

Sanchez and Krizhevsky et al Zeiler and %ﬁ;ﬂd Szegedy et al Heet al

Perronpin (AlexNet) Fergus (GooglLeNet) (ResNet) Russakovsky et al

Linetal
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Year 2010
NEC-UIUC

=

Dense descriptor grid:
HOG, LBP

Coding: local coordinate,

super-vector

v

Pooling, SPM

Linear SVM

[Lin CVPR 2011]

Year 2012

SuperVision

Year 2014

GoogleNet

@ Pooling
© Convolutio

[Szegedy arxiv 2014]  [Simonyan arxiv 2014]

AR BRI EAR A

VGG

conv-64

conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512

conv-512

maxpool

conv-512

conv-512

maxpool

fc-4096

fc-4096

fc-1000

softmax

Year 2015

[He ICCV 2015]



Data hungry machine learning models are now everywhere

Pretraining on ImageNet for object classification — Transfer ImageNet features for many other tasks:

Object recognition Object detection Semantic segmentation

- -

Use the features to
categorize each pixel

Train model to extract useful
features from ImageNet images

Dog

Plant

Find image patches Person

with objects

F
G Use pretrained ImageNet

features

Shirt

Classify objects using
the features

{ next to pt
: person — Two people walking
person | infrontof adogina park
l lookingat §
Generate scene graphs walking  + person Generate caption from
from features ‘— dog features
Scene graph prediction Image captioning
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VWhat we don't often talk about

How was ImageNet created?

50K human workers!!
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1. Create set of search terms

cat : cat feline, cat mammal, cat carnivore,
J& (chinese), kat (Dutch), gatto/gatta
(Italian), gato/gata (Spanish), ...

2.Search for images on Google MSN, Yahoo, Flickr

Y at 3 ™ /7 e
B M Y R
e . 't\ kG A0
° / L M
c%s 3 ~

3. Hire 50K annotators to verify each image

Final dataset with 500-1000 images per category



The humans-in-the-loop
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The humans-in-the-loop: two perspectives

Artificial Intelligence

Goal: To produce high quality labels as
efficiently as possible

Artifact: training data for models

Impacts across short time horizon
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Human-Computer Interaction

Goal: To support a labor force achieve their
financial and career goals

Artifact: automations that structure work

Impacts across long time horizon



The humans-in-the-loop
from an Al perspective
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The humans-in-the-loop: two perspectives

Artificial Intelligence

Goal: To produce high quality labels as
efficiently as possible

Artifact: training data for models

Impacts across short time horizon
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Hundreds of thousands of data labeling tasks are

completed everyday.

Ranjay Krishna | ranjay@cs.washington.edu
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Most crowd work is collected by workers who have
already completed many of the same task.

c We should study how workers
8_ perform after they have worked
ﬂ on a task for a while.
- —
] I
® © 6 6 6 6 o o o o o
e a0 lbaAaAaanna
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How does a worker’s quality on a certain task change over
long periods of time?

[Hataet al. A Glimpse Far into the Future:

Ranjay Krishna | ranjay@cs.washington.edu Understanding Long-term Crowd Worker Quality. CSCW 2017] 36



Conflicting hypotheses from previous work

A Quality increases over time:
Familiarity with a task builds expertise.

[Ho et al. 2015] [Dai et al. 2013]

Quality

Time

Ranjay Krishna | ranjay@cs.washington.edu

Retaining good workers improves quality.
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Conflicting hypotheses from previous work

A Quality increases over time:
Familiarity with a task builds expertise.

Retaining good workers improves quality.
[Ho et al. 2015] [Dai et al. 2013]

Quality

Quality decreases over time:

> Fatigue reduces productivity and performance.

Time Workers cannot identify fatigue easily.
[Perelli. 1980] [Boksem et al. 2008] [Henning et al. 1989]

Ranjay Krishna | ranjay@cs.washington.edu 38



What does every think? Which theory is correct?

=
?
@y
Time
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We collected 42K hours of work over several months

Previous Work | Workers | Time Per Worker

Dai et al. 270 1 -2 hours 540

Chandler et al. | 2471 20 minutes 701

Law et al. 496 1- 2 hours 1000

Our study 815 5 — 350+ hours 42,000

Total Worker Hours

[Hataet al. A Glimpse Far into the Future:

Ranjay Krishna | ranjay@cs.washington.edu Understanding Long-term Crowd Worker Quality. CSCW 2017] 40



We analyzed three types of tasks:

Image Descriptions
A dog wearing a hat.

Question-Answer Pairs
Q: What is that hat made of?
A: Corduroy.

Verification
Voted true to above question-answer pair.

Ranjay Krishna | ranjay@cs.washington.edu
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Long-term worker statistics

10000
(Vp)]
§ Long-term workers: completed
5 1000 80% of the work.
=
IS 815 long-term workers
g 100 Fach worked 5 - 350+ hours
% Median of 20 hours
Z
N O "JWNON O 1 O 1" O +
v o n 899N YT 0o
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Hours Worked
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Surprise: crowd workers are surprisingly consistent,
allowing us to make accurate quality predictions

\ ] | ' |
Know Predict hours, days, weeks
into the future

Quality

Time
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Individual workers are consistent.

100
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End Start End

Start  End

Each worker,
on average,
deviated 3%

from their

mean quality.
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Time spent per task decreases.

6

5

4 32%
speedup

Time Spent (min)
N WO

[EEN

Start End
Ranjay Krishna | ranjay@cs.washington.edu |_ | fet| m e
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Was the consistency due to the task design?

Crowd workers often do the minimal amount of work required
for acceptance.

\Was the observed consistency due to strict acceptance criteria?

Ranjay Krishna | ranjay@cs.washington.edu [Mason et al. 2009] [Chandler et al. 2013] 47



Controlled experiment - work accepted if
average of past 10 tasks is above threshold

Collected data from

Accept 1134 workers.

Fixed threshold Each worked from
1-12hours.

Quality Across 10 Tasks

Time
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How responsive are workers to the threshold?

Quality

Time

Ranjay Krishna | ranjay@cs.washington.edu
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Do @Wosakey s emmrie dcbedisteshold?

100 -------- ] |
90 F |

- High
80 [ 267 workers 1 Threshold

2 Low
1 Threshold
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Does knowing their performance relative to the
threshold matter?

Quality

.Threshold (Kin&nown)

Time
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Quality remains consistent even if workers know the threshold

70

Threshold Unknown

Threshold Known

267 workers

267 workers

=

o .
— ] ————

300 workers

300 workers

Start
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End Start
Time

ANOVA

] Threshold (p = 0.45)
] Visibility  (p=0.13)

Interaction (p = 0.62)

52



Workers drop out at a higher rate when they
know they are assigned to difficult tasks.

;\8 60

C 50 Bl (ow threshold, unknown

O B Low threshold, known AN O\/A

T 40 Bl High threshold, unknown <

O Bl Hich threshold, known Threshold ~ (p <0.001)
g Visibility ~ (p<0.001)
- Interaction (P <0.001)
RV

.

=

o

2 3 4 5
Elapsed Time (hours)
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Implications and Future Work

e Retaining good workers will maintain a consistently high
quality.
e Person-centric strategies may be more effective.

Limitations

e [Does consistency hold in complex tasks? For non vision tasks?
For effortful tasks? For tasks that involve more learning?
e \Vhat about observing workers across multiple requesters?

Ranjay Krishna | ranjay@cs.washington.edu 54



The humans-in-the-loop: two perspectives

Artificial Intelligence

Goal: To produce high quality labels as
efficiently as possible

Artifact: training data for models

Impacts across short time horizon
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Workers were consistent because they were slow?

0

punish errors slow, deliberate work

Irani et al. Turkopticon: Interrupting worker invisibility in amazon mechanical turk. CHI 2013
Martin et al. Being a Turker. CSCW 2014
Sheng et al. Get another label? improving data quality and data mining using multiple, noisy labelers. KDD 2008
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Can you guess how long it takes a crowd worker to answer?

Does this contain a dog?
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errors

encourage it

o
. —
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Errors



Humans-in-the-loop from an Al perspective:
Can we speed up the annotation of vision data?

Ranjay Krishna | ranjay@cswashington.edu [Krishna et al. Embracing Error to Enable Rapid Crowdsourcing. CHI 2016] 59



Human visual processing is extremely rapid

Fei-Fei, lyer, Koch, Perona, J. Vision, 2007

Ranjay Krishna | ranjay@cs.washington.edu



RSVP: Rapid Serial
Visual Presentation

- Potter et al. 1976. Short-term conceptual memory for pictures

- Fei-Fei et al. What do we perceive in a glance of a real-world scene? 61
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http://www.youtube.com/watch?v=SRyOwpjsyKU
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http://www.youtube.com/watch?v=j5a15EGRo8Y

/@ !’@ are delayed and noisy...




Number of reactions
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B

time
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Number of reactions
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time
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Number of reactions
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time
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Number of reactions
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time
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Number of reactions
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Number of reactions
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Number of reactions
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u=3/9ms

o=92ms

time
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|s there a person on

motorcycle?
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time
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|s there a person on

motorcycle?
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Worker 1

time
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|s there a personon

motorcycle?

<

L=379ms
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Worker 1

W !

.1ﬁ%; time
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|s there a person on

motorcycle?
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Worker 1

time
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|s there a person on

motorcycle?
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Worker 1

Thisis not a person riding a motorcycle.

time
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t I
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Worker 1

ime
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=

Worker 2

Is a man riding a motorcycle?
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Worker 2

Is a man riding a motorcycle?
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Worker 2

Still not a person riding a
motorcycle

Is a man riding a motorcycle?
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Worker 1

mm BN o
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Worker 1
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Worker 2

Total

90



By randomizing task ordering and
asking multiple workers, our model Is
able to perform binary classification



For a set of images: I — {119 e In}
Fach worker gives us a set of reactions: CW — {C‘i", ey C‘I’CV}

Our goal is to measure the probability of an image being
positive:
P(LIC") =
We assume that each worker reaction is independent:
w _ w w _ | ‘ w
P(C |Il)_P(Claack|Il)_ P(Cklll)
k
By asking multiple workers, we calculate which images are positive:

P(I) = > P(LIC*)P(C")

P(C"|I)P(;)
P(C")

92

Ranjay Krishna | ranjay@cs.washington.edu



Evaluation criteria: speedup

Control approach:
majority voting with 3 workers

A 2 A

1.75 1.7s 1.7s

Ranjay Krishna | ranjay@cs.washington.edu
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Evaluation criteria: speedup

Control approach:
majority voting with 3 workers

A 2 A

1.75 1.7s 1.7s

Total time per image: 5.1s

Ranjay Krishna | ranjay@cs.washington.edu
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Evaluation criteria: speedup

Control approach:
majority voting with 3 workers

A 2 A

1.75 1.7s 1.7s

Total time per image: 5.1s

Ranjay Krishna | ranjay@cs.washington.edu

RSVP:
at the same precision

244224

0.1s 0.1s 0.1s 0.1s 0.1s

Total time per image: 0.5s
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Evaluation criteria: speedup

Control approach: RSVP:
majority voting with 3 workers at the same precision

A 2 A 244242

1.7s 175 175 0.1s 0.1s 0.1s 0.1s 0.1s

Total time per image: 5.1s Total time per image: 0.5s

That's a order of magnitude
speed up of > 10X

Ranjay Krishna | ranjay@cs.washington.edu
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Recall suffered for long streams

. SE—— —— -.........7




RSVP worked for NLP tasks: sentiment analysis

4.25 ==l 025 seconds per tweet

Play

Natsume, you dont get it, do you? |

dont want a story in Harvest Moon, |
wanna farm, not spend my time
looking for Sunstones and things.



RSVP worked for NLP tasks: word similarity

6.23 == 0.60 seconds per word

Find synonyms for wide

hushing

crunch

short

99




RSVP worked for NLP tasks: topic detection

14.33 —> 2.00 seconds per article
Find articles related to "housing”

Sales of previously owned homes
dropped 14.5% in January to a
seasonally adjusted annual rate of 3.4/

min units, the national association of
realtors....




Limitations: fine grained detection

ayornis Gray Kihgbird
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Limitations: Influence of typicality

Typicality score: 0.9

Ranjay Krishna | ranjay@cs.washington.edu

Typicality score: 0.1

lordan et al. Basic level category structure emerges
gradually across human ventral visual cortex. 2011



Implications and Future Work

e Allowing Embrace errors can speed them up if algorithms can
recover the errors
e RSVP canspeed up vision and NLP tasks.

Limitations

e T[hereisatradeoff between recall and speed
e [tdoesn'twork for fine grained differences

Ranjay Krishna | ranjay@cs.washington.edu 103



The humans-in-the-loop: two perspectives

Artificial Intelligence

Goal: To produce high quality labels as
efficiently as possible

Artifact: training data for models

Impacts across short time horizon

Ranjay Krishna | ranjay@cs.washington.edu

Human-Computer Interaction

Goal: To support a labor force achieve their
financial and career goals

Artifact: automations that structure work

Impacts across long time horizon



The humans-in-the-loop
from an HCI perspective
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The humans-in-the-loop: two perspectives

Ranjay Krishna | ranjay@cs.washington.edu

Human-Computer Interaction

Goal: To support a labor force achieve their
financial and career goals

Artifact: automations that structure work

Impacts across long time horizon



A new online economy of labelers to support machine learning

amazon

& Darwin _

Automated Image '

I :: S h 31 I p Annotation

Better Al Data | Better Results

‘® = ®
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Paradox of automation’s last mile

"As ML technigues automate some work, they create new
types of work that depend on human expertise.”

- Mary Gray. Ghost Work, 2019

Ranjay Krishna | ranjay@cs.washington.edu



Gig work necessary to support Al infrastructures

Humans label the Humans score Humans test and
data the data validate models
@gﬁxﬁ
8.8

It leads to Ghost Work conditions that devalue the
humans-in-the-loop
't's not going away

Ranjay Krishna | ranjay@cs.washington.edu



Dismantling of full-time employment for on-demand work

amazon

& Darwin _

Automated Image '

:_ Sh ’il p Annotation

\| Data | Better Results

‘@ =
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Looking back at ghost work through the lens of piece work

The idea that complex tasks can be broken down into simpler tasks for individuals

Roots in intellectual work in the 18th century

- Astronomers hired teenage men to calculate equations

Alkhatib et al. Examining Crowd Work and Gig Work Through The Historical
Lens of Piecework. CHI 2017
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Industrial revolution adopted piecework- Cars in 93 mins
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Job Characteristic Model ..o

Core Job Characteristics = — Critical Psychological States = — Outcomes

=l vareny —l Experience High internal work
Skill identity - meaningfulness of FRERET G
Skill significance _J the work
High “growth”
Experience satisfaction
Autonomy > responsibility of the > _ ‘
outcomes of the High general job
work satisfaction
High work
Y
Eeedback ) Knowledge of the effectiveness

actual results of the
work —




Existing platforms do not support these job characteristics

Requester

James Billings
Research Rewards
Mayanksoniphd
Shopping Receipts
Shopping Receipts
minsVA

Shopping Receipts
VacationRentalAP| CA
Shopping Receipts
minsVA

Shopping Receipts
VacationRentalAP|
VacationRentalAP|
str11223344
VacationRentalAP|
Alexander Gutin
VacationRentalAP| CA
Company

Shopping Receipts

VacationRentalAPI CA

Ranjay Krishna | ranjay@cs.washington.edu

Tite

Market Research Survey

Quick Market Research Survey

Generate praise, given a persona.

Extract General Data & Items From Shopping Receipt
Extract General Data & Items From Shopping Receipt
Draw a polygon around the tailgate of the requested cars
Extract General Data & Items From Shopping Receipt
Address Identification - 10207 - Kelowna, BC

Extract General Data & Items From Shopping Receipt
Draw a polygon around the front hood of the requested cars
Extract General Data & Items From Shopping Receipt

Address ification - 10227 - Mil is, MN

Address Identification - 10243 - New Listing Mix

Tell us what this item is - General Contents - Batch ID #44814
Address Identification - 10242 - New Listing Mix

Run a query in ChatGPT

Address Identification - 10200 - Brampton, ON

Company Logos

Extract Data From Shopping Receipt

Address Identification - 10201 - Burnaby, BC

HITs ~

25,571

22,826

6,655

1,150

1,121

915

811

676

628

616

554

405

37

353

353

326

321

297

294

258

Reward ~

$0.05

$0.02

$0.03

$0.01

$0.02

$0.10

$0.03

$7.50

$0.05

$0.10

$0.04

$2.50

$2.00

$0.08

$2.00

$0.02

$7.50

$0.01

$0.01

$7.50

Created ~
9m ago
6m ago
15d ago
11s ago
4h ago
4h ago
3h ago
5h ago
16h ago
4h ago
12h ago
5h ago
3h ago
6d ago
4h ago
11d ago
5h ago
17s ago
1m ago

5h ago

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Preview

Accept & Work

Accept & Work

& Qualify

(3

Qualify

D

Qualify

[

Qualify

®

Qualify

Qualfy

®

Qualify

[

Qualify

L

Qualify

[

Qualify

[

Qualify

D

Qualify

[

Qualify

Qualfy

®

Qualify

Accept & Work

& Qualify

& Qualify



Humans-in-the-loop from an HC| perspective:
Can we develop a platform that supports worker
needs?

Ranjay Krishna | ranjay@cs.washington.edu



Daemo: a Self-Governed Crowdsourcing Marketplace

V1
|_ AUNc h e d Wlth or ot OJE\/D e Category Project Prototype Task Pay prototype Task
A
IEE \y
tasks -,A w— | f' - (o 1 —
o’ [a)
Select task category Enter project details Test workers Review prototype task and pay
- Improve project description 1
O pen governance Review & Pay Define milestones Approve workers
oy ¢=— osmm ¢
- 3workers Q = == |
_ 3 re q U est ers Review milestones and pay Define rest of milestones Identify the most suitable workers

- Jlresearcher

Gaikwad et al. Daemo: a Self-Governed Crowdsourcing
Marketplace. UIST 2017

Ranjay Krishna | ranjay@cs.washington.edu



ldeas

Changes to the platform
were ideated on
transparently and
collectively prioritized

Ranjay Krishna | ranjay@cs.washington.edu

IWN‘” lFﬂrW@ Transparency and repre 125

Requesters feel powerless: 6 Requester disputes:
Workers feel powerless: 8 8.9
Worker community building: 8 M.  and communities:

' Task Ul is comy
| Monotonous work: 10 =
| Cold-start problem for workers: 8  Clearer interface: 11

! Crowdturfing: 5
* Friendly to 5 Misc. ideas not echoed: 33
— - - y X:18
= o, - International population: 16
| Payment transparency: 7 "Mobile crowdsourcing: 3 Mobile crowd: 3

| Trust and coordination: 7



A reputation protocol: workers received feedback

Double blind Highly-rated workers level up,
Crowd Guild fund reviews for workers earn more money & reputation

& & Random review of worker’s
submission by N+1 level worker
N level Worker ~ N+1 level worker .

| 4 O &=
glaa':fg:rtnhfeee paid for review ] ? =‘ E E . “ level N+1
N\ /7 = = | Gl

level N
Q REVI level N-1
com

Guild Fund

Low rated workers level down,
earn less money & reputation

Whiting et al. Crowd Guilds: Worker-led Reputation and Feedback
on Crowdsourcing Platforms. CSCW 2017

Ranjay Krishna | ranjay@cs.washington.edu



A I’ati ﬂg SyStemj worker’s incentive

To trade off skill > A
vari ety of | dentity bob, worker alice, requester
@@ = |ra@® O
SVW=E| a9 oo
SV =| &a® 000

Top rated requesters from
Bob feature at the top of
his task feed.

Top rated workers from
Alice view her new tasks
before anyone else.

requester’s incentive

Gaikwad et al. Boomerang: Rebounding the Consequences of
Reputation Feedback on Crowdsourcing Platforms. UIST 2016

Ranjay Krishna | ranjay@cs.washington.edu



Building a new decentralized crowdsourcing system with a
crowd of researchers

~

Oy

&
&
&

]

———

Achieve upward educational mobility while creating research systems and co-authoring papers

Vaish et al. Crowd Research: Open and Scalable University
Laboratories. UIST 2017

Ranjay Krishna | ranjay@cs.washington.edu



Author order determined
using crowdsourced points
and page rank

Potential challenges:

- Linkring
- Quid-proquo strategy

Ranjay Krishna | ranjay@cs.washington.edu




Supporting
upward
mobility

Our authors were
more diverse than
those from other

papers at the same
venue

Ranjay Krishna | ranjay@cs.washington.edu

UIST 2016

CSCW 2017

UIST 2016

CSCW 2017

Crowd Research
All other papers

Crowd Research
All other papers

Crowd Research
All other papers

Crowd Research
All other papers

Coauthors' universities that are ranked
below 500 worldwide

- ER
2%

Coauthors whose countries are ranked
below 50 worldwide in GDP per capita

I

§2%

-
W%



Job Characteristic Model ..o

Core Job Characteristics = — Critical Psychological States = — Outcomes

=l vareny —l Experience High internal work
Skill identity - meaningfulness of FRERET G
Skill significance _J the work
High “growth”
Experience satisfaction
Autonomy > responsibility of the > _ ‘
outcomes of the High general job
work satisfaction
High work
Y
Eeedback ) Knowledge of the effectiveness

actual results of the
work —




The humans-in-the-loop: two perspectives

Artificial Intelligence

Goal: To produce high quality labels as
efficiently as possible

Artifact: training data for models

Impacts across short time horizon

Ranjay Krishna | ranjay@cs.washington.edu

Human-Computer Interaction

Goal: To support a labor force achieve their
financial and career goals

Artifact: automations that structure work

Impacts across long time horizon
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