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This work addresses a facility location problem with customer behavior Dual form for the second-stage problem: nax Z log (E éxp Grdoom & ,th)) We use the Newton’s method (e.g.
. . . . . . 1,P2h /! h')E[|N|x|H Jt :
considerations. We develop a Decision-Dependent Distributionally Robust i, [as Z (i (5) 4. ) — Z B2 (o (z) — ) | @+ Z (BLFE — B21%) > g(z, 1¥), VK j=1 (#",h")E[|N|x|H]] SLSQP) to solve this problem.
Optimization (DDDRO) model that captures customer behavior as a second-stage By .B320a - 48T ! o e i o o R Once we have B4, B, we can finally define the ranking using utility functions by
recourse. Specifically, we utilize a ranking-based choice model informed by machine : . : o Elwu,:,| > Elw,:1/] if and only if o9(i, h) < o9(i’. h'
learring ¢ P ty, R 5 4 Here, a, B, B are the dual variables associate with ambiguity set. [tgin] > Blugy] y if o%(i, ) (7, )
carning to represent consumer preierences. , , What happens if we consider customer behavior uncertainty (BU) ?
Then, the DDDRO full model can be written as the following
- - T P~ N|x|H
| Problem Setting @ | |rmmmmmmmmm e DDDRO+BU: min {C o+ max maxElg(z, f,m)]:z€ X {0, 1}V '}
min ¢fz 4 a+ Z ;’3; (hq(z) +eb) — Z ﬁs (q(x) —€b)
. T " ]E[ ( f)] c X C { 0.1 } IN|x|H| 7€Q 4€Q Here, M can be used to indicate different rankings, based on utility values.
. INML S C & max 4 1R b . . .
DDDRO: Pl =1 st at B2 > - Y rinfrpgrtn + 30 3 ik, + F(x), VE€K
qeQ geQQ ieN heH iEN he H :
where X _] Computational Study
~ . - ~ ~ > ﬂrmzlu VgeQ,ke K
.‘7(-73 5T ) = n},lg() Z , Z , 2 rin [ q Pq Tqih + E E linLin + F (7T) ,-;v:qzh: ! Computational performance under svnthetic data. with M=1
Tr’ pa— . .
geQ i€N he H i€N he H ﬂ:!-h <z, VieENgeQheHkekK K110l IN]. |7 Gurobi CP CCG Speed up
s.t. II,(z) C 1 VI My <1 —ain, VieN,qeQheHkeK RT (s RT (s Iter | RT (s lter | Surobi P
qg € 11 < Y, ; 7 CCG CCG
(i' ,h*):09 (i’ ,h*)>a9(i,h)
> . 20, 10, 10, 2 13.49 39.37 4 2.14 3 6.30 18.40
§ : fqaPqTgin < CinTin + Lin, Vi€ N, he€ H, q € Q. > ko =0, VgeQ,ke K 20,20,20,2 | 89.09 | 17777 3 | 1060 3 | 840 16.77
qgeQ (i’,h):09 (i’ \h*) >0 9(0,0) 50, 10, 10, 2 34.75 99.02 4 2.06 3 16.87 48.07
: ili i x: First-stage facility location decisions. ke, < Cinti Pr ' : : 50, 20, 20, 2 217.49 | 430.06 3 10.70 3 20.33  40.19
N: Facility location set. g y . N Z faPamgin < Cintin+ Ly, Vie Nyhe Hik e K 100, 10, 10, 2 71 80 190.81 1 > 18 3 301 8753
H: Facility type set. 7: Second-stage customer adoption rate decisions. E 100, 20, 20, 2 | 622.30 | 862.87 3 | 11.07 3 | 5622 77.95
- .. rn<1 VieN
. L: Second-stage unsatisfied demand decisions. = . : . : : :
Cg. Customer set. g f heH * CP: Cutting-Plane; RT: Runtime; Iter: Iteration; Speed up: ratio of runtime between different methods.
: : Average consumption of customer’s capacity. ' . . . .
fq: Random demand. Pq & P Pacity zin €40,1} Vie N.he H Computational performance under California EV charging data
c: Cost of opening facilities. l;n: Penalty per unit for unmet demand. myin € {0,1},Vie Nyge Q.he H ke K -
. - N ! ' | | m=1 m=2 m=3 m— 4 m =25 | Avg. over rankings
rin: Revenue per unit of demand served. Cin: Maximum capacity for each type facility. Lin20vie N.he H ke k Average cost | 2751.14  39277.57 29447.77 43725.42 20123.18 27065.02
R BEDE . sico o coeme e | s ee e s e s e s s m e e E s EE s E s e s E s s s s s Es s s == === === DRO Std. dev. 14.71 308.43 194.74 386.40 179.49 216.75
F(m): Penalty for unsatisfied customer preference. Solution Algorithm 90% 2770.40  39678.49  29706.99  44228.66  20351.77 27347.26
Ambiguity set Column-and-Constraint Generation (CCG) method — | R | BT TR T |
K] i k K E ok , Algorithm 1 Column-and-Constraint Generation Method (CCG) 920% 3042.58  39508.02  34221.82  5997.93 18286.68 19491.41
Ur(.T) = {9 -0 € R’r . Z 0" = 1._, | z 7] f — Hq (-'T)I < Ef; 3 Vf? S Q} 1: Input: scenario set K, maximum iteration 7', tolerance ¢ > (. DDDRO+BU Average cost | 6504.11 7647.77 7641.29 7075.19 2513.21 6276.31
E—1 E—1 2: Initialize the master problem with first-stage constraints. R Std. dev. 26.99 31.98 32.55 27.46 20.54 27.90
3 for t —0.1.....T do 90% 6539.02  7689.91  7681.93  7109.63  2538.92 6311.88
‘ . I H . p 1 2 enlnst \ A \C
K: Support set. ftq(x): Expected mean with robustness parameter €/ 4 (@000 By, Byy)  solving the master problem. ) colution evaluation under worst-case ranking colution evaluation under expected ranking
5.  Fix x; and construct the second-stage solution using closed form. = oooroan e T S 3
I . 6:  Compute best_val; = maxye g {H(:Er., f5) - 2 _qeq (ﬁ;(t) - ﬁc?(t))f;c} . 2 e 2 e )
CUStOmer BehaVIOI’ 7:  Let k} be the scenario attaining best_val,. ‘é ‘E, Nl
8 if oy + & < best_val; then 2 SE
Hq(.’lf): {7(,, : Mgih = 1if (i. ll) & argmax; pyec, (a,){ WUgih },mul Wqih = () otherwise, Vi € N, h € H} 9: Add a + quq(ﬁ; {;c* — ﬁqu;c*) > g(x, _f"“:) to the master problem. % %
el 10: Add the second-stage constraints for scenario kf to the master problem. > z, °
G4 (x): available (i, h) pairs under given x. eelse i i
For every trip g, using utilities ug;,, Vi € N, h € H, we can obtain ranking 13 end if ‘ | | | | 1 : ! !
. . 14: end for : Mz(set of predi3ction modeI;) ’ M (set of prediction models )
based customer choices (see Section 5) 15: Return z,.
.  The CCG algorithm consistently achieves the fastest convergence, outperforming both
Preference Ranking Multi ial L it (MNL C hoi Model Reformulation and CP by several orders of magnitude as problem size increases
: : e . I uitinomial LOogl oice Ivioae '
Rankings {o L% .., 0 lQl} over |[N| X |H| + 1 options indicating each facility and g_( ) * Under BU with different customer rankings, DDDRO-+BU obtains the most stable results
type pair and customers not selecting any service. Utility function: Uginh = Uqih + €qih where Vgih = 53] dgin + Bop, followed by DDDRO and then DRO.
. . v * The first graph shows that DDDRO+BU achieves munch better solutions than DDDRO under
q. . . . . .
Ea(fh ranking o ; {(0,0), .., (IN| x [H])} = {0,1, ..., [N| X |[H[} is a b.1J€Ct10n th.a.t Here, d;p 1s the distance between trip q and station (i, h), f;, B2p are parameters to be the worst-case ranking in the BU uncertainty set.
. N|X|H . . eqe . . . i i i - i
Then we have m, € II,(z) € {0, 1}V, Then under this assumption, the probability of customer q choosing station i with type h baseline ranking model, but the gap is much smaller than the worst-case setting.
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