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• A parsimonious model of conversational elicitation 
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sharpen matching but raise abandonment and effort 
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• Engagement → quick recos, minimal probing (elicitation rarely pays) 

• Commission → deeper elicitation is optimal can hurt consumer welfare 
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• Real long-form queries → personas that reveal preferences turn by turn 

• Measures incremental conversion and revenue as information accrues
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u( j, j) = vNα−β, ∀j ∈ [n]

vN > 0, β ≥ 0

u(θ, j) = − 1{θ ≠ j}, ∀θ ∈ Θ, j ∈ [n]
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Platform Objectives

• Conversion 

• Platform earns some constant payoff 
whenever the user adopts platform 
recommendation 

• e.g. Netflix earns ad revenue as long 
as you watch something

Γ( f, π) = R ⋅ s( f ) ⋅ 𝔼[σ(u(θ, π))]
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Model 

Platform Objectives

• Commission 

• Platform earns a commission based 
on the price of the product that is 
chosen  

• e.g. Amazon earns commission on 
the price you pay for chosen item

Dj( f, π, p) = s( f ) ⋅ 𝔼[1{π = j}
⋅ σ(u(θ, j) − pj)]

Πj(pj; f, π) = (1 − τ) ⋅ pj ⋅ Dj( f, π, p)

demand for product   with price j pj

probability user 
doesn’t abandon

probability user adopts 
recommendation

seller  chooses price  to max rev.j pj

Π𝖼𝗈𝗆( f, π) = τ ⋅ ∑
j

p⋆
j Dj( f, π, p⋆)

commission 
rate

equilibrium price

equilibrium 
demand



Analytical Result: stark differences in how much we ask
our analytical results focus on the small niche regime, α → 0



Analytical Result: stark differences in how much we ask
our analytical results focus on the small niche regime, α → 0

Engagement

For  sufficiently small, it is engagement 
optimal is recommend  (minimal probing)

α
P

Theorem 1 (Informal)



Analytical Result: stark differences in how much we ask
our analytical results focus on the small niche regime, α → 0

Engagement

For  sufficiently small, it is engagement 
optimal is recommend  (minimal probing)

α
P

Theorem 1 (Informal)

Purchase probability is quickly saturated, so 
the gains to elicitation are bounded

Intuition



Analytical Result: stark differences in how much we ask
our analytical results focus on the small niche regime, α → 0

Engagement

For  sufficiently small, it is engagement 
optimal is recommend  (minimal probing)

α
P

Theorem 1 (Informal)

Purchase probability is quickly saturated, so 
the gains to elicitation are bounded

Intuition

User welfare optimization requires deep 
elicitation which implies misalignment 

between engagement & welfare optimization

Implication for user welfare



Analytical Result: stark differences in how much we ask
our analytical results focus on the small niche regime, α → 0

Engagement Commission

For  sufficiently small, it is engagement 
optimal is recommend  (minimal probing)

α
P

Theorem 1 (Informal)

For  sufficiently small, it is commission 
optimal to have  (deep elicitation)

α
f ⋆ ≈ 1

Theorem 2 (Informal)

Purchase probability is quickly saturated, so 
the gains to elicitation are bounded

Intuition

User welfare optimization requires deep 
elicitation which implies misalignment 

between engagement & welfare optimization

Implication for user welfare



Analytical Result: stark differences in how much we ask
our analytical results focus on the small niche regime, α → 0

Engagement Commission

For  sufficiently small, it is engagement 
optimal is recommend  (minimal probing)

α
P

Theorem 1 (Informal)

For  sufficiently small, it is commission 
optimal to have  (deep elicitation)

α
f ⋆ ≈ 1

Theorem 2 (Informal)

Purchase probability is quickly saturated, so 
the gains to elicitation are bounded

Intuition

Conversation improves screening. More 
niche customers are correctly matched which 

implies higher equilibrium prices

Intuition

User welfare optimization requires deep 
elicitation which implies misalignment 

between engagement & welfare optimization

Implication for user welfare



Analytical Result: stark differences in how much we ask
our analytical results focus on the small niche regime, α → 0

Engagement Commission

For  sufficiently small, it is engagement 
optimal is recommend  (minimal probing)

α
P

Theorem 1 (Informal)

For  sufficiently small, it is commission 
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α
f ⋆ ≈ 1

Theorem 2 (Informal)

Purchase probability is quickly saturated, so 
the gains to elicitation are bounded

Intuition

Conversation improves screening. More 
niche customers are correctly matched which 

implies higher equilibrium prices

Intuition

User welfare optimization requires deep 
elicitation which implies misalignment 

between engagement & welfare optimization

Implication for user welfare

Induced user welfare effect can be positive or 
negative depending on parameters.  

(Paradox of Personalization)

Implication for user welfare
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sharpen matching but raise abandonment and effort 

• Platform objective drives stark differences in how much to ask 

• This has implications for the design of search on different platforms 

• LLM-based testbed for the value of elicitation 

• Dataset & Evaluation framework to measure the incremental value 
of conversation and how it impacts conversion and revenue.

https://github.com/AkshitKumar/crs-sandbox
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