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Digital Matching Markets

Home services platforms which provide on-
demand services like cleaning, maintenance, etc.

Salient Facets of these platforms…
• Have access to a pool of heterogeneous service 

providers which are differentiated by their features 
(eg. location, rating, hours of operation)

• Customers arrive online and specify requests and 
service preferences (eg. location, time, price)

• Customers need to be matched immediately and 
irrevocably to a service provider

Key Operational Challenge
How should centralized matching platforms match 
customers arriving over time to maximize overall 
quality of matches generated?
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The process repeats for a total of 𝑛 time steps



Objective

Platforms’ Objective 
maximize the expected average match quality
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Platforms’ Objective 
maximize the expected average match quality

equivalently, minimize the regret with respect to the fluid benchmark

fluid benchmark is the optimal transport between the demand and 
supply distribution
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than greed” ~ Laozi

0 10.5

Greedy produces a random matching between demand and supply

In the fluid limit, demand unit 𝑥 is matched to supply unit 𝑥	– 0.5

Expected average matching quality of Greedy is 3/16 for any 𝑛

Value of the fluid benchmark is 5/24

𝑥𝑥 − 0.5

Greedy is not forward-looking and hence results in non-
vanishing regret
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Optimize
for the simulated scenario

Assign
based on the optimal matching

Repeat
with the remaining supply
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Extensions

• Our model can handle the case of scarce supply by utilizing dummy 
supply units

• Vanishing regret for dot product quality function with scarce supply 
and rejection cost

• Near-optimal guarantees for a general class of quality functions 
𝜑 𝑋, 𝑌 = − 𝑋 − 𝑌 ,

(dot product is a special case with 𝑝 = 2)

• Resolves one of the open problems in Kanoria (2022)

𝑃, 𝑄 are uniform 𝑃, 𝑄 are arbitrary
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https://ssrn.com/abstract=4451799

So long, and Thanks for all the fish

https://ssrn.com/abstract=4451799
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Near-Optimality of SOAR

match quality function 𝜑 𝑋, 𝑌 = 𝑋, 𝑌
demand distribution 𝑃 and supply distribution 𝑄

𝑁𝑁𝐷 ( is a lower bound on regret and 𝑁𝑁𝐷 ∼ 𝑛&"/) ( 𝑋, 𝑌 ≡ − 𝑋 − 𝑌
!
)

𝑑 = 1 matching constraints leads to a tighter lower bound

for arbitrary distributions, a simple example implies that ⁄1 𝑛 is a 
lower bound ⁄(1 𝑛 ≫ (𝑁𝑁𝐷)! for 𝑑 ≤ 3)
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