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Introduction
• Facility location mechanism design on a compact interval.
• Envy ratio objective: a fairness metric defined as the maximum 

ratio between the utilities of any two agents [DLC+20].
• Open problem: no randomized mechanism exists breaking the 

approximation ratio bound of 2 w.r.t. the envy ratio objective.
• Learning-augmentation: incorporating ML/DL based prediction 

model from historical data with mechanism design [ABG+22].
• An ideal augmented mechanism: optimum with accurate 

predictor (consistency) and worst-case guarantee in general 
(robustness).
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Model 
- A set of agents 𝑁 = 1,2, … , 𝑛  are located on an interval with

private locations 𝒙 = 𝑥!, 𝑥", … , 𝑥# ∈ 0, 1 #.
- A deterministic (resp. randomized) mechanism 𝑓 𝒙 : 0, 1 # → [0, 1] 

(resp. 0, 1 # → Δ([0, 1])) locates the facility at some point (resp. 
with a distribution over some points) on the interval.

- For any location distribution Δ 0, 1 , utility of agent 𝑖:
 𝑢$ Δ 0, 1 , 𝑥$ = 1 − 𝔼%∼' (,	! |𝑦 − 𝑥$| .	

- Envy ratio objective: ER 𝑓 𝒙 , 𝒙 = max
$+,

-!(/ 𝒙 ,1!)
-"(/ 𝒙 ,1")

.
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- Strategyproofness: no agents has incentive to misreport his/her 
location information.

Model 
- Learning-augmented mechanism 𝑓(𝒙, F𝑦) with F𝑦	as extra input 

(representing prediction of optimal facility location).
- Consistency: approximation ratio when F𝑦 is always accurate.

          𝛾 = sup
𝒙∈ (,! #
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, with F𝑦 = OPT 𝒙 . 

- Robustness: approximation ratio for any arbitrary F𝑦.

𝛽 = sup
𝒙∈ (,! #, ;%∈[(,!]
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, for arbitrary F𝑦	.

Deterministic Mechanism
 In classical setting [DLC+20]: Placing the facility at 𝑓 𝒙 = !

"
 

achieves an approximation ratio of 2 (tight).

 With learning-augmentation: 
𝛼-Bounding Interval Mechanism (𝛼-BIM)

Return 𝑓 𝒙, F𝑦 = F𝑦 if F𝑦 ∈ [1 − !
>
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] , otherwise return 𝑓 𝒙, F𝑦  with the 

nearest endpoint 1 − !
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 to F𝑦.

ü 𝛼-BIM is strategyproof and satisfies 𝛼-consistency, and 
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robustness. No deterministic strategyproof mechanism can be 
(𝛼 − 𝜀)-consistent and ( >

>:!
− 𝜀)-robust for any 𝜀 > 0. 

ü (Fine-grained analysis) Approximation ratio parameterized by 
prediction error 𝜂 where 𝜂 = sup

𝒙∈ (,! #
|OPT(𝒙) − F𝑦|. 
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Randomized Mechanism

New mechanism in classical setting:  
(𝛼, 𝑝)-LRM Constant Mechanism

Consider parameter 𝑝 ∈ [0,½], 𝛼 ∈ 0,½ ; With Prob. 𝑝 
return 𝑓 𝒙 = !

"
− 𝛼; With Prob. 1 − 2𝑝 return 𝑓 𝒙 =

!
"
;	With Prob. 𝑝 return 𝑓 𝒙 = !

"
+ 𝛼.
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)-LRM constant mechanism is strategyproof and 

achieves an approximation ratio of 1 + "
!
≈ 1.8944, which is 

optimal among all the (𝛼, 𝑝)-LRM constant mechanisms.

With learning-augmentation: 
Bias-Aware Mechanism (BAM)

Compute bias 𝑐 ← F𝑦 − !
"

 and probability 𝑝 ← !
"
− 𝑐; With 

Prob. 𝑝 return 𝑓 𝒙, F𝑦 = F𝑦. With Prob. 1 − 𝑝 return 𝑓 𝒙, F𝑦 = !
"
.

Key idea of BAM: For any learning-augmented mechanism 
with bounded robustness, when F𝑦 → 0 or F𝑦 → 1, 
Prob 𝑓 𝒙, F𝑦 = F𝑦 → 0.
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Comparison of 𝛼-BIM (red solid) and BAM (blue dashed)

Comparison of 𝛼-BIM (red solid), BAM (blue dashed), α-Bounding Interval 
Randomized Mechanism (green dashdotted), and Biased-aware LRM Mechanism 
(orange dotted)
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