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Game 1

Allelopathic Harvest

* Allelopathy is defined as the effects (stimulatory and inhibitory) of a plant on the
development of neighboring plants through the release of secondary
compounds.
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Game 1
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Game 1

Allelopathic Harvest

. HIEARE _
. B REEMHRIA, MK 2 FERIE
. ISR ENE, E—PEIARIEERIER T AR
C EREIRT, RG2S Psteps T, HAWIT HARE
. EATIERAGeNt B T, T4 EIERremovedH-10 reward
R EATIDAAGeNtTE LS50 PR IR, BB ARTITIN

o

M & 55 1ERI3HS




Game 1

Allelopathic Harvest

planting
beam

unripe
berry

§ ripe
b erry

o [a]81: start-up problem

zapping beam

 Before much learning has occurred, very few individuals work consistently
toward any goal so defection is motivated by fear that too few others will
contribute to successfully establish any norm.
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planting
beam

Game 1
Allelopathic Harvest

unripe
berry

rnpe
berry

o [Q)RA2: free-rider problem

zapping beam

* |n the later phase of learning, when most individuals are engaged, then the
motivation to defect is greed since one can free-ride on the efforts of

others.

- fallil, BSMEAM, R

* They also always prefer to eat berries over spending time planting.



N-Player Partially Cabserved Decentralized Settings
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Game Theory

. BMAMBEVEIERUE SR, ERIHATETALIL?

« /N~—ZE, Social DilemmagiRI 7 X /HEavie iy

o FEUNNTERIIE
» Defecti® G {LKREK
» B2 —i#cCooperatege K E Z BN m

o DX o)EREYENE T B EGame Theory

P1\ P2

3,3

0, 4

4,0

1,

1




Social Norm

e Social norms: collective patterns of sanctioning that can prevent miscoordination and
free-riding.
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» Social normZ—MingE, RIFEB—T ARERTARIENXZTA
* reputation, indirect reciprocity, one-shot
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Sanction

Introduction
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Cooperate

 |f the costs of being punished are large enough, moralistic strategies which
cooperate, punish noncooperators, and punish those who do not punish
noncooperators can be evolutionarily stable.

 Boyd R, Richerson PJ. 1992 Punishment allows the evolution of cooperation (or
anything else) in sizable groups. Ethol. Sociobiol. 13, 171-195.
(doi:10.1016/0162-3095(92)90032-Y)



Sanction
Sanction Opportunity
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Sanction
the Context of Sanctioning Opportunity
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Sanction

Social Norms
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Sanction

Sanction-Observation Function

» A sanctioning observation § € G
B:S-> G
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Sanction

Sanction-Observation Function

. A sanctioning observation & € G

. B:S-> G
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B(se-1,de-1) = {(1, J, ¢, 2)(i, j) € T (se-1) A c
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Broadcasting Global Information on Sanctioning
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Classifier Yy

 We learn the social norm by training a classifier on the public sanctioning
observation provided by B(sg.7)

» Assuming the size of J) is M
« BINIEIR, HILETIRVEIER
1
+ Loss: binary cross-entropy loss 44 = 3 D, %108 (¥4(c)) = (1 - 2)log (1 - ¥ (c))

c,2€B

* Minimize this loss using Stochastic Gradient Descent
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Classifier Yy

Architecture

* The classifier consists of a convolutional backbone attached to a multi-layer
perceptron (MLP)




Classifier Yy

Potential Challenges

A Kkey issue
e |f a particular agent behavior is effectively suppressed,

» the classifier will no longer receive samples of approval / disapproval of that
behavior,

e and unlearn its prior pattern of disapproval.

* we stop classifier learning by setting the learning rate of the classifier to zero
after some fixed number of time-steps.

* This freezes the group norm as observed by the classifier at that point in time
but does not prevent subsequent drift in agent behavior.



Learning Polices

An Intrinsic Motivation

* The core idea of the CNM (Classifier Norm Model) agent is that an individual
embedded in a wider group Is motivated to sanction in accord with the
group’s joint pattern of approval and disapproval.
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Learning Polices

An Intrinsic Motivation
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Learning Polices

Decentralized Learning

 Each agent i learns a parameterized behavior policy that is conditioned solely only the
history of its own individual observations and actions and its estimate of the social norm
(D) ,@ ()
° 71-9 (at ‘OO:t) aO:t_]_) pt)

. Dt =stop (1[¥4(o;) > 0.5])

Mt

. Stop(*) s the stop gradient operator, ftnAd i+ E XA
 The RL algo used for each agent is A3C with a V-Trace loss for computing the advantage

 For more details, refer to the Appendix.
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Experiments

Existence of the Emergent Social Norm
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Experiments

Existence of the Emergent Social Norm
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Experiments

Existence of the Emergent Social Norm
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Experiments

Beneficial Effects of the Emergent Social Norms

 Whether the use of CNM (Classifier Norm Model) leads to better outcomes

* The effect of norms on avoiding startup problems and overcoming free-rider
problems.

* Run 20 seeds g
i = maX{ r+g+b’ > r+g+b’ r+g+b}

 The measure of success is the monoculture fraction, the percentage of the
color that corresponds to the largest number of berry spawning sites.
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Experiments

Beneficial Effects of the Emergent Social Norms
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Experiments

Beneficial Effects of the Emergent Social Norms
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Experiments

Beneficial Effects of the Emergent Social Norms
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Experiments

Beneficial Effects of the Emergent Social Norms
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Experiments

Beneficial Effects of the Emergent Social Norms
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Experiments

How does CNM establish social norms?

« RMECNM®EIE T AgentEIESFSocial Norm
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Experiments

How does CNM establish social norms?
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Experiments

How does CNM establish social norms?
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Experiments

How does CNM establish social norms?
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Experiments

How does CNM establish social norms?
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Experiments

How does CNM establish social norms?
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Experiments

Ablations on Architecture Components (CSP)

* (1) Is freezing the classifier necessary?
* we allow the classifier to continue learning throughout trainin

e (2) Is it essential to learn social norms from global sanctions or
sanctions observed by each individual themselves suffice?

Q.

will local

* we train the classifier using only the sanctioning events directly observed

by each agent.

* (3) Is our result sensitive to the relative scale between approval
disapproval pseudorewards?

( . . . d
+a if a; is disapproval

and

Qg (o, a;) =1-p if a; is disapproval
0 otherwise

\

WA T¢(Ot) < 0.5



Experiments

Ablations on Architecture Components
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