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Motivation Solving for the Optimal Contract

@ Information Assumption Two-type case

N number of participants The coordinator does not know the exact cost type of each Optimal eantmBution m; Optimal reward ¢;
| number of possible cost types party but knows the population distribution of cost types. | -~

Training a model is no mean feat o

Notation

Training a state-of-the-art model requires an enormous amount of data and compute.

Optimal contract design depends
crucially on the distribution of cost
types and less so on the number of
participants.

Collaborative Machine Learning (CML)

n; number of type-i parties n ~ Multinomial(N, p)
m; contribution of type-i party

c; per-unit cost of type-i party

Coordinator’s

A pooling contract is more likely to be
optimal when high-cost type is
dominant in the population.

fi opportunity cost of type-i party Ep~Multi(n,p) [a(2{=1 nimi)]

Utility Function

r;  model reward for type-i party

l
a(-) accuracy function

Small parties can join their resources and Party’s ek | oo
train a good-performing model collectively. v(-) valuation function (%) Utility Function Enz1[v(r)] — cimy SR PE oHeeR R
Information cost Av(amax) Information rent Au;
The incentive problem of CML Constrained optimization R Low-cost type gains information
Despite the promise, CML schemes may not work with the wrong incentives. ; 9 Individual Rationality YPE & :
Joinine the CML should b - rent when the coordinator cannot
_ _ . . max . _ _ a z N1 oining the should be . .
Conflict of interests Private Information ompl_, " Multi(N,p) A better than opting out. o observe contribution costs.
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2 The private goal is to max L (M)l < a(Z{=1 nimi), vn € Multi(N, p) Budget Constraint
n ﬁ"’ net profit from joining CML. . . The coordinator cannot MU Itl'type case
The problem is hard to solve directly. over-compensate parties.
A i : Collaboration failure Reward distributions Data contributions .
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solve an easier convex problem through constraint

Value of reward v(r)

relaxation and then map its solution to that of the original probler map solution back to 0.0 ] Scenario 2
. . - the original bl P
Optimal contract design for CML original problem. eongmrm - sce',‘a"oz i:i 05 All parties would not train a model if on
We can design contracts to address the incentive , , their own.
, & , : Q Budget constraint transformation 4 52051
problem, using models with different accuracy levels s
as the rewards. The budget constraint in the original problem implies the - F . Incentivized CML scheme can help small
budget constraint in first moments: _ﬁL 69.03 1 parties overcome the hurdle of model
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Scheme coordinator Participants sign contract Fewer variables [ Fewer constraints [ Convex & Contract design is a viable tool for democratizing CML in an incentive-driven economy.
publishes the contract and select the option in Collaborative Machine Learning
with menu of options. their best interest. Contract gets executed.
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