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Human annotations are prone to errors..

Preferred caption:
A young boy wearing a orange 
helmet riding a scooter.
Noisy caption:
A person scating on the road.



Harms of noisy annotations
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• Harms training accuracy

• Invalidate model performance

• False sense of fairness

• Leads to biased treatments

..and more
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Incentives
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N data to be labeled

Running example

Y
<latexit sha1_base64="zzCJ4FmIYbihxERnDhQ4Mhrf2Jk="></latexit>

X
<latexit sha1_base64="U9nIr1MH+S40xwP4MrMTPthv2Zc="></latexit> Yi or P(Y |Yi)
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Can we incentivize high-quality prediction when 
the ground truth is unavailable?

Main Question
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Can we incentivize high-quality prediction when 
the ground truth is unavailable?

Main Question

Two meanings:
Ø Incentivize truthful reporting
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Can we incentivize high-quality prediction when 
the ground truth is unavailable?

Main Question

Two meanings:
Ø Incentivize truthful reporting

ØAccurate prediction get higher expected rewards
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Information Elicitation with Ground-truth
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Strictly Proper Scoring Rules (SPSR)

ØHow likely will it rain tomorrow?
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Strictly Proper Scoring Rules (SPSR)

ØHow likely will it rain tomorrow?

Ø The principal pays:
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SPSR: 𝑆 𝑞! , 𝑌
Report of agent 𝑖
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Strictly Proper Scoring Rules (SPSR)

ØHow likely will it rain tomorrow?

Ø The principal pays:

Ø Truthfulness: 𝑆 𝑞! , 𝑌 is SPSR if and only if 
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ØHow likely will it rain tomorrow?

Ø The principal pays:

Ø Truthfulness: 𝑆 𝑞! , 𝑌 is SPSR if and only if 
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SPSR: 𝑆 𝑞! , 𝑌
Report of agent 𝑖

Ground truth 𝑌 ∈ {0,1}

∀𝑝! , 𝑞! ≠ 𝑝! , 𝔼"~$! 𝑆 𝑝! , 𝑌 > 𝔼"~$! 𝑆 𝑞! , 𝑌

Belief of agent 𝑖 From agent 𝑖’s perspective



Strictly Proper Scoring Rules (SPSR)

Ø Example: 𝑆 𝑞! , 𝑌 = 1 − 𝑞! − 𝑌 %
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Strictly Proper Scoring Rules (SPSR)

Ø Example: 𝑆 𝑞! , 𝑌 = 1 − 𝑞! − 𝑌 %

ØAccurate predictions get higher rewards
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Strictly Proper Scoring Rules (SPSR)

Ø Example: 𝑆 𝑞! , 𝑌 = 1 − 𝑞! − 𝑌 %

ØAccurate predictions get higher rewards
Ø 𝑝∗ - true distribution of 𝑌 (fixed)
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𝔼"~$∗ 𝑆 𝑞! , 𝑌 = 𝑐𝑜𝑛𝑠𝑡 − ||𝑝∗ − 𝑞!||

A divergence functionThe true 
expected reward



True belief: p = 0.6 for an event happening

Report a q in [0,1]

Expected scores

q* = 0.6

Truth telling > Deviation

0.6 ·
�
1 � (1 � U)2

�
+ 0.4 ·

�
1 � (0 � U)2

�

=1 � 0.6 · (1 � 2U + U2) � 0.4 · U2

= � U2 + 1.2U + 0.4
<latexit sha1_base64="XrdEWF2guYXZlLUXM8tg8xl0t1k="></latexit><latexit sha1_base64="XrdEWF2guYXZlLUXM8tg8xl0t1k="></latexit><latexit sha1_base64="XrdEWF2guYXZlLUXM8tg8xl0t1k="></latexit><latexit sha1_base64="XrdEWF2guYXZlLUXM8tg8xl0t1k="></latexit>
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Costly or impossible (e.g., significant delay) to verify 
reports against observable ground truth
§ Label collection
§ Peer review/grading
§ Personal record
§ Q: will people land on Mars by 2030?

Challenges

20

[Prelec 04, Miller et al. 05, Jurca & Faltings 09, Witkowski & Parkes 12, 
Radanovic & Faltings 13, Dasgupta & Ghosh 13, Shnayder et al. 16] 

Peer Prediction: A family of algorithms
mechanisms to truthfully elicit private or high 
quality signals at equilibria 



Peer Prediction
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Person A Person B Payment for A

$1.50

$0.10

$0.30

$1.20

Key Idea: verify the reports against one another
§ Reward = how well each report correlates with other reports
§ Truthful equilibrium

A Scoring rule: 𝑆 𝑞", 𝑞#



Design Goal
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Ø A Scoring rule: 𝑆 𝑞", 𝑞#

Ø Truthfulness at Bayesian Nash Equilibrium

∀𝑞' ≠ 𝑝', 𝔼$#|$$ 𝑆 𝑝', 𝑝) > 𝔼$#|$$ 𝑆 𝑞', 𝑝)



Ø Two agents i, -i

Ø Reporting cateogrical signals

Ø Predicting peer agent’s prediction

Eliciting Informative Feedback: The Peer-Prediction Method, Miller et al. 2005.
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SPSR: 𝑆 𝑞! , 𝑦*! , 𝑞! = Pr(𝑦*!|𝑦!)

Peer Prediction

𝑦! , 𝑦*! ∈ {0,1}



Ø Inherits guarantees from SPSR at a Bayesian
Nash Equilibrium
Ø If everybody else is truthfully reporting, the best to do

is also truthful reporting

Ø Caveat: Has to know the information structure to
update

Eliciting Informative Feedback: The Peer-Prediction Method, Miller et al. 2005.
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Peer Prediction

SPSR: 𝑆 𝑞! , 𝑦*! , 𝑞! = Pr(𝑦*!|𝑦!)



Solution: Bayesian Truth Serum
§ A surprisingly more popular answer is the correct answer

§ Each participant also answers the question: how much they believe
that others will agree with themselves (f)

Drazen Prelec, Bayesian Truth Serum, Science 2004, Nature 2017 25

“What is right is not always popular and what is popular is not 
always right.”

--- Albert Einstein

Bayesian Truth Serum

BTS(x = i, f) = log
x̄i

f̄i| {z }
information score

�
X

j

x̄j log
fj
x̄j

| {z }
prediction penality

x̄i =average of (xn = i)

f̄ =geometric average of(fn)
<latexit sha1_base64="Q4lSJ9pa/TG4jUXW5f8afFyTdhI="></latexit>



Multi-task Setting
PP and BTS are single task mechanisms

Ø Each has limitations

Using correlation among tasks

Ø 𝑁 – A set of agents (index 𝑖)

Ø 𝑀 – A set of tasks (index 𝑘)

Ø 𝑌! ∈ {0,1} – the ground truth of task 𝑘

Ø 𝑍",! – the report of agent 𝑖 on task 𝑘

26
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Annotator 1

Annotator 2

Using agreement metric = 1 😀

What went wrong with agreement

🧐

🧐
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Cheap signal

Hmm…
Long article
Good..

Hmm…
Long article
Good..

§ Cheap signal for collusion
§ Common mistakes
§ Better equilibrium for agents to follow



Correlated Agreement
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Zk

𝑍k

Zp1

Zp1

Zp2

Zp2~~ ~

Eval(Zk, Z̃k) = Eval(Zk, Z̃k)| {z }
Evaluation on the same task

� Eval(Zp1 , Z̃p2)| {z }
Evaluation on di↵erent tasks

<latexit sha1_base64="qFv74xJhr1Hnz+7Q0mh0+/OpxEQ="></latexit>

Informed Truthfulness in Multi-Task Peer Prediction, Shnayder et al. EC 2016.
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Annotator 1

Annotator 2

Correlated agreement = 1 – 1 = 0 🙁

🧐

🧐

Correlated Agreement



Why CA works?
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Expectation of CA calibrates:

Be different!Agreement

Theorem:CA induces truthful report at a Bayesian Nash 
Equilibrium. 

P
�
Z = Z̃

�
| {z }

Joint Distribution

� P
�
Z = Z̃rand

�
| {z }

Punishment Distribution
<latexit sha1_base64="xkZe02gVKJbKK1YFkV/tvJ06c0A="></latexit>



ML aided Peer Prediction

32

§ No ground-truth verification
§ Predict via ML
§ No requirement of others’ report

E[S(Ỹi,ML(I�i))] > E[S(Zi 6= Ỹi,ML(I�i))]
<latexit sha1_base64="0/EXRYwAcsXL1SVkqJW5Ui3wDrc="></latexit>

J(x) � y

7(]VITSVXM ,10)

Machine Learning aided Peer Prediction. Liu and Chen. EC 2017.
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Equilibria v.s. DominantTruthfulness

Caveats and What We Want

Hmm…Does
she follow NE? 

Hmm…Does he
follow NE? 
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Equilibria v.s. DominantTruthfulness

Caveats and What We Want

Which NE does
she follow ?? 

Which NE does
he follow ?? 



Strictly Proper 
Scoring Rules SSR SSR 

Mechanism

Known 
ground truth

No 
ground truth

35

Previous work Our work

Noisy ground 
truth with 

known bias

✅ Truthfulness
✅ Reward accuracy

Surrogate Scoring Rules (SSR)

Surrogate Scoring Rules. Liu et al. EC 2020.



Surrogate Scoring Rules (SSR)
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A noisy ground truth with known error rates:
• 𝑒+,: = Pr 𝑍 = 0 𝑌 = 1 (False negative rate)
• 𝑒+*: = Pr 𝑍 = 1 𝑌 = 0 (False positive rate)

𝑅(𝑞! , 𝑍; 𝑒$%, 𝑒$&)



Surrogate Scoring Rules (SSR)
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𝑅(𝑞! , 𝑍; 𝑒$%, 𝑒$&)

A noisy ground truth with known error rates:
• 𝑒+,: = Pr 𝑍 = 0 𝑌 = 1 (False negative rate)
• 𝑒+*: = Pr 𝑍 = 1 𝑌 = 0 (False positive rate)

ØUnbiasedness property (how SSR are defined):

𝔼- 𝑅 𝑞! , 𝑍; 𝑒+,, 𝑒+* = 𝔼"[𝑆 𝑞! , 𝑌 ], ∀𝑞!



An implementation of SSR
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𝑅 𝑞", 𝑍 = 1 =
1 − 𝑒$% ⋅ 𝑆 𝑞", 1 − 𝑒&' ⋅ 𝑆(𝑞", 0)

1 − 𝑒$% − 𝑒$'

𝑅 𝑞", 𝑍 = 0 =
−𝑒&' ⋅ 𝑆 𝑞", 1 + 1 − 𝑒$% ⋅ 𝑆 𝑞", 0

1 − 𝑒$% − 𝑒$'



Degenerate to SPSR when 𝑒-* = 𝑒-, = 0

An implementation of SSR
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𝑅 𝑞", 𝑍 = 1 =
1 − 𝑒$% ⋅ 𝑆 𝑞", 1 − 𝑒&' ⋅ 𝑆(𝑞", 0)

1 − 𝑒$% − 𝑒$'

𝑅 𝑞", 𝑍 = 0 =
−𝑒&' ⋅ 𝑆 𝑞", 1 + 1 − 𝑒$% ⋅ 𝑆 𝑞", 0

1 − 𝑒$% − 𝑒$'



An implementation of SSR
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𝑅 𝑞", 𝑍 = 1 =
1 − 𝑒$% ⋅ 𝑆 𝑞", 1 − 𝑒&' ⋅ 𝑆(𝑞", 0)

1 − 𝑒$% − 𝑒$'

𝑅 𝑞", 𝑍 = 0 =
−𝑒&' ⋅ 𝑆 𝑞", 1 + 1 − 𝑒$% ⋅ 𝑆 𝑞", 0

1 − 𝑒$% − 𝑒$'

ØWeights are designed for unbiasedness property:

Lemma 1. For this implementation,
𝔼-|" 𝑅 𝑞! , 𝑍; 𝑒+,, 𝑒+* = 𝑆 𝑞! , 𝑌 , ∀𝑞! , 𝑌



Roadmap

Strictly Proper 
Scoring Rules SSR SSR 

Mechanism

Known 
ground truth

No 
ground truth

41

Previous work Our work

Noisy ground 
truth with 

known bias

✅ Truthfulness
✅ Reward accuracy

✅ Truthfulness
✅ Reward accuracy



Multi-task Setting

Ø𝑁 – A set of agents (index 𝑖)
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Multi-task Setting
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Ø𝑀 – A set of tasks (index 𝑘)

Ø𝑌. ∈ {0,1} – the ground truth of task 𝑘
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Multi-task Setting

Ø𝑁 – A set of agents (index 𝑖)

Ø𝑀 – A set of tasks (index 𝑘)

Ø𝑌. ∈ {0,1} – the ground truth of task 𝑘

Ø 𝑝!,., 𝑞!,. – the belief/report of agent 𝑖 on task 𝑘
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Multi-task Setting

Ø𝑁 – A set of agents (index 𝑖)

Ø𝑀 – A set of tasks (index 𝑘)

Ø𝑌. ∈ {0,1} – the ground truth of task 𝑘

Ø 𝑝!,., 𝑞!,. – the belief/report of agent 𝑖 on task 𝑘

Ø Each task is assigned to at least 3 agents

46



SSR Mechanisms
When score a prediction 𝑞!,.:
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SSR: 𝑅(𝑞!,( , 𝑍; 𝑒$%, 𝑒$&)



SSR Mechanisms
When score a prediction 𝑞!,.:
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SSR: 𝑅(𝑞!,( , 𝑍; 𝑒$%, 𝑒$&)

Ø Construct 𝑍

Ø Estimate 𝑒+,, 𝑒+*

Ø Apply SSR



SSR Mechanisms
When score a prediction 𝑞!,.:
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SSR: 𝑅(𝑞!,( , 𝑍; 𝑒$%, 𝑒$&)

Ø Construct 𝑍

Ø Estimate 𝑒+,, 𝑒+*

Ø Apply SSR

1



SSR Mechanisms
When score a prediction 𝑞!,.:
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SSR: 𝑅(𝑞!,( , 𝑍; 𝑒$%, 𝑒$&)

Ø Construct 𝑍

Ø Estimate 𝑒+,, 𝑒+*

Ø Apply SSR

2
1



SSR Mechanisms
When score a prediction 𝑞!,.:

51

SSR: 𝑅(𝑞!,( , 𝑍; 𝑒$%, 𝑒$&)

Ø Construct 𝑍

Ø Estimate 𝑒+,, 𝑒+*

Ø Apply SSR

2
1

3



Construct 𝑍
Ø For a task 𝑘, uniformly randomly pick an agent 𝑗 ≠
𝑖, draw 𝑍 = 1 with probability 𝑞0,.

52

the report of agent 𝑗
on task 𝑘



HOC
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Using high-order consensus to infer the noise transition matrix

Surrogate Scoring Rules,ACM EC 2020.Liu,Wang and
Chen.

Clusterability as an Alternative to Anchor Points When 
Learning with Noisy Labels, ICML 2021. Zhu, Song,Liu.
Best paper award at IJCAI workshop on weakly
supervised representation learning.

Data Noise rate
(without training)

Solver and Implementation: https://github.com/UCSC-REAL/HOC



• Binary classification: Cat or Dog

• 1st-order (2 patterns)

Pattern “CAT”

54

Calculate the probability

This is a 
CAT

This is a 
CAT

True: CAT. Report: CAT (Correct) True: DOG. Report: CAT (Wrong)

Population of true Cat Noise rate of class Cat



Calculate the probability (Binary example)

• 2nd-order (4 patterns)

Pattern “(CAT, CAT)”

55

This is a 
CAT

True: CAT. Report: CAT, CAT (Correct) True: DOG. Report: CAT, CAT (Wrong)

This is a 
CAT

This is a 
CAT

This is a 
CAT



• 3rd-order (8 patterns)

Pattern “(DOG, CAT, CAT)”
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Calculate the probability (Binary example)

This is a 
CAT

True: CAT. Report: DOG, CAT, CAT True: DOG. Report: DOG, CAT, CAT

This is a 
CAT

This is a 
CAT

This is a 
CAT

This is a 
DOG

This is a 
DOG



High-Order Consensuses (HOC)

57

T := Noise transition matrix
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Three noisy labels are necessary and sufficient

Kruscal’s Identifiability results:
the identifiability of unobserved
model Z -> X relies on the
informativeness of three
observations X.

58

Our theorems: (1) Three labels are
necessary and sufficient at instance
level (2) Informative features help too.

Identifiability of Label Noise Transition Matrix,
Liu, 2022.

Kruskal, J. B. Linear algebra and its applications, 
18(2):95–138, 1977.



Apply SSR

SSR property: 𝔼-|"& 𝑅 𝑝!,. , 𝑍; J𝑒+,, K𝑒+* = 𝑆(p!,. , 𝑌.)

SSR mechanisms inherit two properties of SPSR:
Ø Incentivizing truthful reporting
Ø Accurate predictions get higher rewards

59

Theorem 1. Under A1~A4, in SSR mechanisms, truthful reporting 
is the uniform dominant strategy when M,N → ∞



Apply SSR

SSR property: 𝔼-|"& 𝑅 𝑝!,. , 𝑍; J𝑒+,, K𝑒+* = 𝑆(p!,. , 𝑌.)

SSR mechanisms inherit two properties of SPSR:
Ø Incentivizing truthful reporting
Ø Accurate predictions get higher rewards

60

Theorem 1. Under A1~A4, in SSR mechanisms, truthful reporting 
is the uniform dominant strategy when M,N → ∞

𝜖 ∼ O
1
N
+

1
𝑀



Other challenges & extensions
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Learning to design optimal mechanism

62

Workers are effort sensitive

Ø Exerting effort leads to better data

Ø Exerting effort incurs unknown cost

Ø Goal: learnig to design best payment mechanism

pi,ei = Pr(s0 = s|s, ei) 1 � pH > pL � 0.5

c 2 F (c), c 2 [0, cmax]

ei 2 {H,L}

Sequential Peer Prediction: Learning to Elicit Effort using Posted Prices. Liu and Chen. AAAI 2017.



Use peer prediction mechanisms to identify experts

Aggregation using peer prediction

0.3
0.50.1

Expert? Expert? Expert?

Forecast Aggregation via Peer Prediction.Wang et al. HCOMP 2021.



Online Aggregation Using Peer Prediction

64

How to compute the weights w.o. yt??

� 1EMRXEMR E WIX SJ [IMKLXW JSV IEGL EKIRX [M(X)

� %KKVIKEXI�
�2

M=1
[M(X)�
N [N(X)

TM(X)

� %X IEGL VSYRH X� SFWIVZI SYXGSQI SJ XLI IZIRX�
IEGL EKIRX M MRGYVW E WGSVI �7X(TM(X), ]X)


� 9THEXI [IMKLX SJ M YWMRK [M(X + 1) := [M(X) · (1 + � · 7X(TM(X), ]X))
<latexit sha1_base64="XZ/ej3Eo1bpDUrUfjQ3xZuUPmVo="></latexit><latexit sha1_base64="XZ/ej3Eo1bpDUrUfjQ3xZuUPmVo="></latexit><latexit sha1_base64="XZ/ej3Eo1bpDUrUfjQ3xZuUPmVo="></latexit><latexit sha1_base64="XZ/ej3Eo1bpDUrUfjQ3xZuUPmVo="></latexit>

Online Learning Using Only Peer Prediction. Liu and Helmbold.AISTATS 2020.



LETTER RESEARCH

2 6  J A N U A R Y  2 0 1 7  |  V O L  5 4 1  |  N A T U R E  |  5 3 3

Study 3 asked professional dermatologists to diagnose 80 skin lesion 
images as benign or malignant. Studies 4a, b presented 90 20th  century 
 artworks (Fig. 3) to laypeople and art professionals, and asked them 
to predict the correct market price category. All studies included a 
dichotomous  voting question, yielding 490 items in total. Studies 1c, 
2, and 3 additionally measured confidence. Predicted vote frequencies 
were computed by averaging all respondents’ predictions (details in 
Supplementary Information).

We first test pairwise accuracies of four algorithms: majority vote, 
SP, confidence-weighted vote, and max. confidence, which selects 
the answer endorsed with highest average confidence. Across all 
490 items, the SP algorithm reduced errors by 21.3% relative to 
 simple  majority vote (P <  0.0005 by two-sided matched-pair sign 
test). Across the 290 items on which confidence was measured, the 
 reduction was 35.8%  relative to majority vote (P <  0.001), 24.2% relative 
to  confidence-weighted vote (P =  0.0107), and 22.2% relative to max. 
confidence (P <  0.13).

When frequencies of different correct answers in the same study are 
imbalanced, percentage agreement can be high by chance. Therefore we 
assess classification accuracy within a study by categorical correlation 
coefficients, such as Cohen’s kappa, F1 score, or Matthews correlation. 
The SP algorithm has the highest kappa in every study (Fig. 4); other 
coefficients yield similar rankings (Extended Data Fig. 1–3).

The art domain, for which majority opinion is too conservative, 
 provides insight into how SP works. Art professionals and  laypeople 
estimated the price of 90 artworks by selecting one of four bins: 
<$1,000; $1,000–30,000; $30,000–1,000,000; and >$1,000,000. 
Respondents also predicted the binary division of their sample’s votes 
relative to $30,000. Monetary values throughout refer to US dollars.

Both professionals and laypeople strongly favoured the lower two 
bins, with professionals better able to discriminate value (Fig. 5). The 
preference for low price is not necessarily an error. Asked to price 
an unfamiliar artwork, individuals may rely on their beliefs about 
 market prices, and assume that expensive (>$30,000) pieces are 

rare. This shared knowledge creates a bias when votes are counted, 
because  similar, hence redundant, base rate information is factored 
in  repeatedly, once for each respondent. Indeed, Fig. 5 shows that 
the majority verdict is strongly biased against the high category. For 
example, facing a $100,000 artwork, the average professional has 
a 30% chance of making the correct call, while the majority vote of 
the  professional panel is directionally correct only 10% of the time. 
It is difficult for any expensive artwork to be recognized as such by a 
 majority. The SP algorithm corrects this by reducing the threshold of 
votes required for a high verdict, from 50% to about 25%.

The two studies on propositional knowledge yielded different results 
(Fig. 4). On capital cities (Studies 1a, b, c), SP reduced the number of 
incorrect decisions by 48% relative to majority vote. SP was less effective 
on the knowledge questions in Study 2 (14% error reduction, P =  .031, 
two-sided matched-pair sign test). This is the only study that used the 
Amazon Mechanical Turk respondent pool. In contrast to other  studies, 
the predicted vote splits in Study 2 were in the 40–60% interval for 81% 
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Figure 1 | Two example questions from Study 1c, described in text. 
a, Majority opinion is incorrect for question (P). b, Majority opinion is 
correct for question (C). c, d, Respondents give their confidence that 
their answer is correct from 50% (chance) to 100% (certainty). Weighting 
votes by confidence does not change majority opinion, since respondents 
voting for both answers are roughly equally confident. e, Respondents 
predict the frequency of yes votes, shown as estimated per cent agreement 
with their own answer. Those answering yes believe that most others will 
agree with them, while those answering no believe that most others will 
disagree. The surprisingly popular answer discounts the more predictable 
votes, reversing the incorrect majority verdict in (P). f, The predictions 
are roughly symmetric, and so the surprisingly popular answer does not 
overturn the correct majority verdict in (C).
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Figure 2 | Why ‘surprisingly popular’ answers should be correct, 
illustrated by simple models of Philadelphia and Columbia questions 
with Bayesian respondents. a, The correct answer is more popular in the 
actual world than in the counterfactual world. b, Respondents’ vote 
predictions interpolate between the two possible worlds. In both models, 
interpolation is illustrated by a Bayesian voter with 2/3 confidence in yes 
and a voter with 5/6 confidence in no. All predictions lie between actual 
and counterfactual percentages. The prediction of the yes voter is closer to 
the percentage in the yes world, and the prediction of the no voter is closer 
to the percentage in the no world. c, Actual votes. The correct answer is the 
one that is more popular in the actual world than predicted—the 
surprisingly popular answer. For the Philadelphia question, yes is less 
popular than predicted, so no is correct. For the Columbia question yes is 
more popular than predicted, so yes is correct. The example also proves 
that any algorithm based on votes and confidences can fail even with ideal 
Bayesian respondents. The two questions have different correct answers, 
while the actual vote splits and confidences are the same. Confidences  
2/3 and 5/6 follow from Bayes’ rule if the actual world is drawn according to 
prior probabilities that favour yes by 7:5 odds on Philadelphia, and favour no 
by 2:1 odds on Columbia. The prior represents evidence that is common 
knowledge among all respondents. A respondent’s vote is generated by tossing 
the coin corresponding to the actual world. A respondent uses their vote as 
private evidence to update the prior into posterior probabilities via Bayes’ rule. 
For example, a yes voter for Philadelphia would compute posterior probability, 
that is, confidence of  = × ÷ × + ×( )2
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Answer “No” received: [Vote: ~30%, Peer Prediction: ~20% ]

30% < 50%,but

30% > 20% <= surprisingly more popular

We are developed a machine learning version of this method.
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Takeaways

§ A lot of practical challenges

§ budget constraints

§ human-level information structure

§ A lot of practical concerns

§ Interpretability of the mechanisms

§ Human-in-the-loop => Machine-in-the-loop



Questions?

yangliu@ucsc.edu



Is this a fake news?
What’s your answer? How many others would agree with you?

Expert 1: (NO, 20%) (I know I have the minority answer)
Expert 2: (YES,70%) (Easy, most ppl know)
Expert 3: (YES, 80%) (Easy,most ppl know)

NO: 0.3333 > (20%+30%+20%)/3 = 0.2333 (TRUTH)
YES: 0.6666 < (0.8+0.7+0.8)/3 = 0.7777

An answer is the correct answer only if (surprisingly popular)

Percentage of the answer > Percentage of peer predicted answer
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