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(CAM) where:

trial in front of a judge

Current Mechanism:

Mediator Capability Modeling:
* We use Value Added Model [1]
* Reveals substantial heterogeneity in mediator skills
k 1 SD increase in VA= 11 pp increase in probability of agreement

qntroduction & Motivation

Kenyan Judiciary introduced Court Annexed Mediation

* Civil cases assigned to court appointed mediators
* If mediation fails to reach a resolution, cases go to

e CAM enables faster case resolution, reduces
administrative costs, and provides a less
adversarial dispute-resolution process.
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B Related Work

MABs [2] have been used extensively in social resource allocation settings [6, 11]
Existing methods in the literature that are ill suited for this problem:
* Classic MABs can learn mediator quality but ignore capacity and accreditation constraints [2].
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Accreditation:
1)Children & custody

immediate assignment and soft constraint violations.
Mathematical programming has often been used for bipartite resource matching:
* [7-9] use Linear Programming (LP) to model online bipartite matching
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* CAM officers assign mediators case-by-case at own discretion.
* Mediators licensed by court station and case type.

* Rules: accreditation + max 3 open cases per mediator
Observations and Shortcomings:
* 58% of cases return unresolved
* Success rates vary widely across mediators
* Mediator capability judged subjectively by CAM officers

* Capacity constraints often violated by substantial numbers
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and known service times.

Mediator Pool

* BwWK[3], it’'s replenishable extension [4], and generalization with penalties [5] cannot accommodate

* OM-RR-PA[10]uses LP and supports reusable resources, but assumes delayed assignment, hard capacity,

/Selecting Mediators that are Right for the Task (SMaRT)

Allocation: With i) full knowledge of future cases,
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Ii) Knowledge of mediator true Value Addeds (VA), and
Iii) Relaxation allowing fractional allocations,
The allocation problem can be expressed with a QP.
To overcome imperfect knowledge of future arrivals:
* Shadow cases (V) are sampled from case-arrival distribution

 Represent likely arrivals over a 10-day planning horizon.
0.2 .

W,

0.1
The QP then becomes:

u — a mediator

U — a case

max er(uu+pv)—/12€i

ec€k uev e — (u,v) pair

FO bjective

Our goal is to propose an automated case allocation system that:
* Maximizes case agreement rate while reducing mediator overload

Key questions:

* How much value do mediators add?
* Historical data suggests agreement rate varies by mediators. Accurately assessing their contribution is

crucial for making allocation choices.
* Mediator experiences can vary and new mediators can enter with no history
 Value added by mediators needs to be learned online

* As such, the system must trade off exploration and exploitation to find good mediators and utilize them

* Is there a benefit to holding back mediators occasionally?
* Capacity limits make mediator assignment a long-term tradeoff
* Greedy assignment isn’t always optimal under capacity limits

* High opportunity cost assignment: Mediators who can take cases in multiple (type-stations) cells should

be held back in mediator-rich cells, allowing for better capacity management in mediator scarce cells. o
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* This QP finds a solution that:
* Maximizes case agreement rate while getting penalized for mediator overloads
 Cantrade off agreement rate for better capacity management

Learning:
Mediator case outcome histories are used to compute mediator VAs
* Bayesian posterior centered around VA point prediction provides a belief

* How to allow inevitable constraint violations efficiently:

* Low case history = more spread out and less confident belief
* High case history = narrow and confident belief
* Exploration vs. Exploitation:
* Mediators with short case history may have a high true VA
 Low A and case-capacity constraint enforces some exploration
* Like Thompson Sampling, sampling u from VA belief ensures exploration

Used to anticipate future demand and preserve mediator capacity for cases likely to arrive.

ﬁ s.t. xe =1 Vvel X, — assignment of e
e€E(v) U — fractionalset of all mediators
z v <1 Vo eV . — set of all real cases

¢~ sh Vsn, — set of all shadow cases

e€E(v) . .
T — Time Horizon

L(w) + xe 1[ta(v) < t] < C(w) + &, vVu € U,vt € [T] A — Penalty multiplier, tunable

e€E(u) L(u) — CaseLoad of Mediator u
0<x,<1 Ve € E C(u) — Capacity of Mediator u
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* 1D cu fuz term in the objective penalizes over capacity assignments quadratically
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* High case-volume may make capacity constraints impossible to maintain i N N N N A
A trade off exists between constraint violation and case resolution rate E 2 282 ] 1) /\Q
k We propose a novel allocation algorithm that deals with all 3issues J oo || sove@? || g ropese
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@Xperlments W 3 variants of SMaRT depending on how u in the QP is defined
Stylized Scenarios 1. SMaRT(GS): u is the true Mediator VA. Intended as a benchmark where learning is not needed
2. SMaRT(E): i is Mediator VA point estimations from the VA model; learning is enabled
Value K P
Med.1 Mediator Added — Med-1 — 3. SMaRT(S): u is sampled from a VA belief distribution; learning is enabled and exploration is
CellA | — Med-2 CellB ] 0.1 Cell A [+— Med-2 CellB encouraged
- _ ' Med-3 — Benchmarks: 1) Upper Bound: All cases go to best true VA mediator with no capacity constraint
Med-3 PP P y
Scenario ] 2 0.05 Scenario 2 2) Least Load: Cases go to mediator with least cases assigned
3 -0.1 3) Greedy* and TS*: Modified Greedy and Thompson Sampling. Mediators at capacity are retired until other
eligible mediators are equally overloaded.
Algorithm A Known VA Learning + Mean VA Learning + Sampled VA Algorithm A Known VA Learning + Mean VA  Learning + Sampled VA
(SMaRT(GS)) (SMaRT(E)) (SMaRT(S)) (SMaRT(GS)) (SMaRT(E)) (SMaRT(S))
Agreement OCDM Agreement OCDM Agreement OCDM Agreement OCDM Agreement OCDM Agreement OCDM
Rate Rate Rate Rate Rate Rate
Least Load — 0.406 25.13 - - — — Least Load - 0.380 4.13 — — — - 1 Year Of Real Case Data j
Greedy* - 0.439 41.71 0.425 36.31 - - Greedy* = 0.406 0.394 5.06 - -
Tor - - . - - 0.404 34.17 TSt - - - - 0% 482 e B d on mediation data from Kenyan Judiciar llected during 2016-2025
0.01 0.453 94.12 0.438 79.16 0.437 67.67 0.01 0.452 94.30) 0.417 62.06 0.417 53.80 ased o ediatio ata Iro enya udicClary collecte uring
5 £ 9 5 3 75 32 79 . .
s OB DEDEgmwnogm o BT ews %00 GR 0% BX 0@ 9% |+ 30,633 cases; 2100 mediators across 13 case types and 87 Court stations
050  0.439 38.53 0.422 33.04 0.423 32.00 0.50 0410 5.43 0.394 5.54 0324 .67 e Case arrival rates calibrated from data
Uppcr Bound — 0.460 132.15 — — — — Uppcr Bound - ().460 132.15 - - - -
. . . .
Table 1: Scenario 1 Results Table 2: Scenario 2 Results Casg allocation §|mulated for a 1 year duration
* Mediator VAs calibrated from past data
Under Capacit : __ . .
@ Overload P . ¢ Tra d eOff: Ag reement Rate — Ove I’loa d Algorithm A Agreement Rate OCDM Caseload Gini Index Algorithm A Initial belief set to /(0 aﬁ] Initial belief calculated from data
s - “ . Low A: High Agreement Rate + More Overload Coatye 0.565 032 26.1% Asrgement OCDM. - Cuscond Areement OCDM. - Casclone.
GURERRRRE 111 ‘e P i . . . . -
S ?353“%:33225228*5**255&2255555*5':“5aéﬁgEE*m: for high VA mediators — Greedy* - 0.489 044  684% 0.473 038  63.1%
0 | — « High 1: Cases distributed more eauitably + gg; E:'Z[l}: Eg’g :z;rﬁ’ 0.01 0518 72.17 86.4% 0.448 37.22 74.0%
o : - o 3.5 : . 005 0.499 24.69 76.1% 0.461 8.77 64.6%
’§10 s o o 8 , 9 y 0.03 0.596 24.30 81.8% SMaRTE) 010 0494 1477 7329 0462 425  62.9%
9 o baans ....:aes;n:n?;puugge;? I Agreement Rate is lower SMaRT(GS) 0.04 0.593 19 75 0.7% 0.50 0.491 4.20 69.6% 0.465 0.57 61.0%
. . p y ye ] . , 0.05 0.590 15.96 79.8% TS* - 0.484 0.34 53.7% 0.489 0.31 50.8%
§10 Med-3 * Tunmg A: More Greedy like, ‘Best Mediator g;g E:gﬁj ﬁgi Ej‘-“‘f 0.01 0.499 27.31 61.0% 0.495 9.31 52.3%
; . P . : : 14.77% . . 005 0.488 8.08 53.1% 0.492 3.17 49.1%
= 0 - llke’ ora hybrld in between o —— 0659 — o6 5% SMaRT() 10 0.488 431 51.4% 0.490 .48 47.3%
= . . . . er Boun - : : .59 0.50 0.484 0.54 49.5% 0.489 0.29 47.3%
©10/Med-1 * Simulations are run 128 times for each setting, i
< T — - w———t | LTI T : :
= 0;“”.““’““3.“"‘”‘”"“‘“‘“EE“"””S“‘EE‘M‘ and the results are averaged Table 3: Known VA Table 4: VA learned during allocation
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O aanaRRRRRARRRERARARRRRERRARERR R unnnn,. C||> + 0.8, LENGTO + 0.8 cENaAllo A=0.01 * SMaRT(GS) outperforms Greedy
v1g oy = > ° S A =0.05  Low A = Higher agreement rate, high A = better capacity management
ed- 0.4 2 0.4 — :
S s ] 5 | & A=0.1 * Similar tradeoffs when learning from scratch:
0 . = Nco c N s A=0.5 * *
2 T TT] IR rrrPPTTY . . . .  With warm start before learning:
S Fﬂﬂﬂ:::i&aeag!:::M:liaﬁﬁggg:‘:”ﬁ:ua&hHg:s:”ﬁgaa: F|gure 2: Mean shadow price by mediator for varying A . g .
0 | 2 * Exploration helps agreement rate (SMaRT(S) in general and SMaRT(E) at low A)
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  𝜆    ∑  u ∈ U     𝜉 u 2  


  u → a   mediator


  v → a   case


  e →  (  u , v )   pair


   x e →   assignment   of   e    


  U → fractionalset   of   all   mediators


   V r → set   of   all   real   cases


   V  s h → set   of   all   shadow   cases


  T → Time   Horizon


  𝜆 → Penalty   multiplier ,   tunable


  L  ( u ) → CaseLoad   of   Mediator   u


  C  ( u ) → Capacity   of   Mediator   u


   V  s h


          max  x , 𝜉 ⁡     ∑  e ∈ E   x e  (   𝜇 u +  p v ) − 𝜆  ∑  u ∈ U   𝜉 u 2    s.t.     ∑  e ∈ E  ( v )   x e = 1               ∀ v ∈  V r          ∑  e ∈ E  ( v )   x e ≤ 1                   ∀ v ∈  V  sh         L  ( u ) +  ∑  e ∈ E  ( u )   x e 𝟏  [   t a  ( v ) ≤ t ] ≤ C  ( u ) +  𝜉 u                             ∀ u ∈ U ,   ∀ t ∈  [ T ]       0 ≤  x e ≤ 1                           ∀ e ∈ E          𝜉 u ≥ 0                                             ∀ u ∈ U    
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