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Leader election in a two party system Leader election in a two party system

Social information assimilation + decision-making = Socio-Cognitive Networks
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Collective Decision Making in Socio-Cognitive Networks

Collective Decision Making in Socio-Cognitive Networks
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Drift Diffusion Model and the Free Response Paradigm

@ Models human decision making in two alternative choice tasks

@ Evidence evolution in a two alternative choice task is modeled by

dx(t) = pdt + dW(t), x(t) = xo
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Social Interaction and the DeGroot Model

@ p: vector of opinions in a network
@ A: row stochastic matrix
@ models consensus seeking in a social network by

p(t+1) = Ap(1).

@ same as the celebrated consensus dynamics in multi-agent systems

Continuous time consensus seeking in a social network modeled by

p(t) = —Lp(t), L = Laplacian Matrix

p(0) = po
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Coupled Drift Diffusion Model

@ n decision-makers collect noisy signals and interact with each other

@ the evidence aggregation process well modeled by

dx(t) = —Lx(t)dt + f1,dt + odW(t),

———

social term

~
noisy signal

@ Expected decision times

@ Error rates (probability of wrong decision)
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Asymptotic Optimality of the Coupled DDM
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@ Li is a certainty index determined purely by the interaction graph

Coupled Drift Diffusion Model

@ n decision-makers collect noisy signals and interact with each other

@ the evidence aggregation process well modeled by

dx(t) = x(0)=0, (1)

/

—Lx(t)dt + f1,dt + odW/(t),
Hf - ~ Vv

social term noisy signal

@ Expected decision times

@ Error rates (probability of wrong decision)

@ solve first passage time associated with the FP equation for (1)

@ an elliptic PDE with n variables

|. Poulakakis, L. Scardovi, and N. E. Leonard. Node classification in networks of stochastic evidence accumulators.
arXiv preprint arXiv:1210.4235, October 2012
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Asymptotic Optimality of the Coupled DDM

° X(t) = xcen(t)1, + €(t)

1
dXcen(t) = Bdt + ElIdW(t), Xcen(0) = 0

de(t) = —Le(t)dt + (I, — %lnll)dwn(t),e(o) =0,.
n 2
o e(t) > N0,/ m), A =305ku”

@ i is a certainty index determined purely by the interaction graph

Asymptotic optimality
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Numerical Illustration: Asymptotic Optimality

Interaction graph
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Decoupled Approximation to the Coupled DDM
@ decoupled approximation to €(t)
de(t) = —Le(t)dt + (I — %1,,1j)dw,,(t), €(0) = 0,

@ ¢(t) is a continuous Gaussian process and converges to N(0,1/ )
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Decoupled Approximation to the Coupled DDM

e decoupled approximation to €(t)
1
de(t) = —Le(t)dt + (I, — El,,l;)dw,,(t), €(0)=0,

@ ¢,(t) is a continuous Gaussian process and converges to N (0, 1/ )
@ approximate €,(t) by the O-U process

dey(t) = _%gk(t) +dW(t), ex(0)=0
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Decoupled Approximation to the Coupled DDM
@ decoupled approximation to €(t)
de(t) = —Le(t)dt + (I, — %mj)dwn(t), e(0) =0,

@ ¢,(t) is a continuous Gaussian process and converges to N (0,1/p)
@ approximate €,(t) by the O-U process

dey(t) = _%sk(t) +dW(t), ex(0)=0

Efficiency of approximation

_ a 1 (P2 2
i i@ el ) = g ,,; 2eig, (L + diag(u/2))(u’(‘ 7

@ approximate evidence at node k: xcen(t) + k(1)

Q need to solve n elliptic PDEs with
two variables opposed to a PDE with n variables earlier
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Numerical lllustration: Decoupled Approximation Further Approximations

@ bound the contribution by the O-U process e(t)

e for sufficiently large K, with high probability
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Further Approximations Empirical Estimates for Threshold Correction
@ bound the contribution by the O-U process £(t) o ,
o for sufficiently large K, with high probability :: ++ 2
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@ coupled DDM at each node well approximated
K K by centralized DDM with a modified threshold
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Numerical lllustration: Threshold Corrected Centralized Conclusions and Future Directions

DDM

towards rigorous modeling and analysis of socio-cognitive networks
coupled DDM as model for social decision-making in 2-AC tasks
a computationally tractable decoupled approximation to coupled DDM

further approximation by the threshold corrected centralized DDM
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Expected decision time

ideas extend to multi-alternative choice tasks
and 2-AC tasks with recency effect

2 2
Threshold Threshold

Expected decision time Log odds of error rates O relaxing the continuous communication assumption
@ heterogeneous individuals

© general decision-making tasks, e.g., multi-armed bandits
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