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Appendix A: Missing Proofs - Section 3
A.1. Theorem 1 - Proof of negative result
Here, we establish the hardness result provided in Theorem 1. Namely, we show that no policy can

achieve a competitive ratio better than ~ 0.853. To do, we employ Yao’s minimax principle, which

in our context, stipulates that

[R(&"ln(S))
OPT(S)

max Eg.x

> max CR,,
nellp

mell

where IIp is the collection of all admissible deterministic policies, IT is the collection of the
policies that randomize over any deterministic policy np € Ilp, and X is a distribution over deposit
sequences. We therefore proceed to specify a distribution X for which

R%(S))] |

0.853 > Es-~
= max Eg.x OPT(S)

nellp

Namely, consider the following two-sequence distribution, where Pr[X = S|] =a and Pr[X = S,] =
1 — @, and two deposit sequences are defined as follow:

* The sequence S| is comprised of m identical copies of the tuple (p;, d;) = (0.413,0.707), not-
ing that if S is realized, then we clearly have that OPT(S;) =m-(0.413+(1-0.413)-0.707) =
0.828m. These parameter values were reverse engineered to give the strongest impossibility
result.

* The other sequence S> mirrors S for the first m shippers, who are followed by m subsequent
shippers with a deposit tuple of (1, 1). If S, is realized, it is clearly optimal for the clairvoyant
to reject the first m shippers, while accepting the latter m shipper, leading to a profit of
OPT(S;) =m.

Given the two-sequence distribution specified above, it is straightforward to see that any deter-
ministic policy 7 € [1p can be defined by specifying solely the number of shippers k € [m]y =
{0,1,2,...,m} accepted among the first m arrivals. From here, if sequence S, is realized, we have
crafted the parameters of the two sequences so that it is optimal to accept m — k shippers from the

second batch. In turn, by choosing the worst-case value of @, we get that

min max Eg.x

a€(0,1] nellp OPT(S) min max ( a)

a€l0,1] ke[m]o OPT(Sl) OPT(SZ)

R(ﬂ,r(S))] 0.828k 0.828k + (m — k)

k 0.828k + (m — k)
= min max a—+ (1 —-a)-
ac(0,1] ke[m]g m m
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= 0.853,

where the first equality follows by plugging in the values of OPT(S{) and OPT(S;), and the

lone inequality follows via the change of variable 8 = % We allow B € [0, 1], which relaxes the
inner maximization, thus leading to the inequality. Finally, the last equality can be verified with

straightforward calculus.

A.2. Proof of Lemma 1

Before moving to the proof of the lemma, we first present an intermediate claim, whose proof
appears at the end of this section.
Intermediate claim. The following claim establishes that higher deposits necessarily beget higher

rewards.

CLAIM 3. For shippers t,t’ with deposits that satisfy d; > dy (and hence p; > py ), we must have
that r(dl‘apl) 2 r(dl‘/’pl/)'

Proof of the lemma. We prove the lemma by considering two cases based on the number of
arriving reliable shippers. For ease of notation, we suppress all dependencies on S.

e Case 1 - |Tie| = m: In this case, A* consists of all the unreliable shippers, as well as the m

reliable shippers with the m largest rewards, which we have denoted as T (m). We will show

that the expected profit of A™* is larger than that of any alternative acceptance set A C [T].

Using (2), we have that

E[R(A)] = D, r(dup)+ ). 6(d.p)
teA: teA:
pa(t)<m pa(t)y>m
= Z r(di, pi) + Z 0(d;, ps) + Z o(d:, pr)
teA: te ANTe: te ANTynrel:
pa(t)<m pa(t)>m pa(t)y>m
< >0 rldup)+ Y. 8(dipr)
teA: te ANTunrel:
pa(t)<m pa(t)y>m
< Z r(dt,p,) + Z 6(d[,p[)
teA: t€Tnrel:
pa(t)<m pa(t)>m
< Z r(d,,p;) + Z 6(dt,pt)
tE]}:l(m) t€Tynrel:
pa(t)y>m

E[R(A],
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where the first inequality follows since the penalty of reliable shippers is non-positive, while
the second inequality follows because the penalty of unreliable shippers is non-negative. The
final inequality uses the fact that T (m) is comprised of the m shippers whose rewards are
largest, given Claim 3.

e Case 2 - |Tr1| < m: In this case, we have that A* = [T]. Consider any acceptance set A that
includes all unreliable shippers and that satisfies A N T C Tye], meaning that not all reliable
shippers have been accepted. For any shipper 7 € T such that T ¢ A, define the acceptance
set A’ =AU {t}. We will prove that E[R(A’)] = E[R(A)]. We can then iteratively apply
this result until all shippers have been accepted to establish the lemma statement. If |A| < m,

then the result trivially holds since
E[R(A)] -E[R(A)] =r(dr, pr) 2 0.

Otherwise, let £ = p;,ll (m) denote the unreliable shipper with the m-the largest deposit within
A, noting that this shipper must indeed be unreliable, since we have assumed that fewer than

m reliable shippers arrive. We have that

E[R(A)] -E[R(A)] = r(dr, p<) —r(de, pe) +6(de, pe)
> r(dT’pT) —r(df,P{f)

>0,

where the first inequality uses the fact that the penalty of all unreliable shippers is non-negative.
To see the second inequality, observe that since 7 is reliable and ¢ is unreliable, it must be the
case that d; > dy. In turn, this allows us to invoke Claim 3 to show that r(d., p;) > r(de, pe).
Proof of Claim 3. Let €4 = d; — dy and €, = p; — py, noting that €4,€, > 0 since show-up

probabilities must be non-decreasing in the deposit. We have that

r(di,p))=pi+(1=p;)-di = pr+e+(1=pr—ep)(dp +€q)
=pr+(1=py)-dv+e,—€pdy —€p€q
=r(dy,pr)+ €p - (1= (dy +€q))

—_———
=d;<1

2 ”(dt”Pt’)e

as desired.
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A.3. Proof of Claim 1

The worst-case penalty 6*(7) can be expressed as the optimal objective of the following optimization

problem
. ) r—p
0'(r)= min (1-2p)-(—),
()= min (1-2p)-(3=7)
which uses the fact that d = %. Straightforward calculus can then be used to show that the optimal
solution to the above problem matches the structure of the solution proposed in the claim statement.

A.4. Proof of Lemma 2

Let Ut ={(t,k,A,0):t € [T], ke {l,2,3,4}, A € [0.5,1]%,6 € {OFF} U [max A, 1]} denote our
original universe of states augmented by a shipper index ¢ € [T]. Moreover, for our fixed reward
tuple sequence S, let U™*(S) C U™ be the set of all states that we visit with a non-zero probability
when rolling out our RT policy 7 on sequence S. To prove the lemma, we will show that for any
(t,k,A,0) € U*(S), we have that

IS (t, k, A, 0)

oPT(s) 2 V(k,A,0). (5)

Applying this result for the initial state (2, 1, {r; }, OFF), we get that

E[R(Az(S)] _ J7(2,1,{r1},OFF)

CRx(5) = OPT(S) OPT(S)

>V(1,{r}, OFF) > CRgr,

as desired. We begin with an intermediate claim that will prove critical in the induction argument
to establish (5).

Intermediate claims. The following intermediate claim, whose proofs can be found at the end of
this section, establishes that each threshold serves as an upper bound on the highest reward shipper

seen thus far.

CLAIM 4. Forany (t,k,A,0) € U (S), we have that

0 if 8 # OFF
max r; <

reli=1l 04 if0=OFF.
Proof of the lemma. We proceed to showing (5) via induction over ¢, starting with the base case
of t =T + 1, where we consider two cases based on whether or not § = OFF.
e Case 1 - 6 = OFF: In this case, looking at (3), we have that
E[R(A)]
A

V(k,A,OFF) <
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_J3(T+1,k, A, OFF)
= 0

B J3(T +1,k, A, OFF)
- OPT(S) ’

where the last inequality uses Claim 4, along with the fact that OPT(S) = max ¢(r] 7+.
* Case 2 - 6 # OFF: Here, exploiting (4) and Claim 4, we have that

E[R(A)]
V(k,A,0) < ———

(T +1,k,A,0)
B 0

<J,§(T+1,k,ﬂ,9)
= OPT(S)

as desired. We now move to the general case of t < T + 1, where there will once again be two
cases based on whether or not 6 = OFF. Each of these two cases with be broken down into relevant
sub-cases that dictate how the roll-out policy is executed for shipper 7.

* Case la- 6 =OFF, 6.4 = co: When 6.4 = oo, it is optimal to stop accepting any future shippers

and so we have that
V(k,A,OFF) =E[R(A)] = J5(t, k, A, OFF),

and hence (5) holds, since OPT(S) < 1.
* Case 1b - 0 =0FF, r, <04 € [0.5,1]: In this case, we reject shipper ¢, so we have that

J3(t,k, A, OFF) = J5 (¢ + 1, k, A, OFF) > V(k, A, OFF) - OPT(S),

where the inequality uses the induction hypothesis.
* Case Ic- 0 =OFF, r; € [04,0,]: Here, our RT policy dictates that we flip an a#-biased coin

to determine if we accept shipper 7. As such, we have that

J3(t,k, A, OFF)
=aq-J3(t+1,k+ 1, AU{r},OFF) + (1 —agz) - Ja(t+ 1k, A,07)
> (aa-V(k+1,AU{r},OFF) + (1 —az) - V(k,A,0%)) - OPT(S)
>(azn- min V(k+1,AU{r},OFF) +(1-azn)-V(k,A,0,)| OPT(S)

re[0.a.0'4]

>V (k.A, OFF) - OPT(S),
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where the first inequality follows via the inductive hypothesis, and the second inequality
follows since in (3), the outer maximization must be satisfied by one of Cases (ii)-(iv), since
074 # oo.

* Case 1d - 6 = OFF, r; > 6',: In this final case, shipper 7 is accepted with certainty, and thus

J3(t,k, A,OFF) = J3(t+ 1,k +1, AU {r,},OFF)
> V(k +1, AU {r,}, OFF) - OPT(S)
> minl] V(k +1, AU {r}, OFF) - OPT(S)

rZ[G/ﬂ,

> V(k, A,OFF) - OPT(S).
* Case2a-6¢€[0.5 1], r, <6: In this case, we reject shipper 7, so we have that
I3t k, A0) =I5t +1,k, A, 0) >V (k, A,0) - OPT(S),

where the inequality uses the induction hypothesis.

* Case 2b-6€[0.5,1], r, > 8: Here, we accept shipper ¢ with certainty and so

I3(t,k, A, 0) = J3(t+ 1,k +1, AU {r,},OFF)
> V(k +1,AU{r}, OFF) - OPT(S)

> min V(k+ 1,70 {r},0)- OPT(S)
r=\6,

> V(k,A,,6) - OPT(S),

where the first inequality uses the induction hypothesis and the last inequality uses (4).
Proof of Claim 4 To prove the claim, we consider an arbitrary realization of the sequence of
states visited under our RT policy 7
2, kP, a2, 62y S 3,kPD,AP,0%) S ... S (T+1L, kT, ATHD Ty
——

—— ——
=1  ={r) =OFF

and we prove the claim statement for each of the realized states. We proceed by induction over ¢
with a base case of 7 = 2. Since 8 = OFF, we need to show that ¢ ‘2 =r1, which holds trivially,
since A = {r;} and so 6 a2 € [r1,1]. We now proceed to the general case of ¢ > 2 by considering

four cases based on the value of r; relative to the shipper ¢ — 1 thresholds.
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e Case 1-6U""D = QFF, r1-1 <68 gu-n: In this case , shipper 7 — 1 is rejected and thus we know
that AU~ = A® and that 87~V = §V) = OFF. Using the induction hypothesis along with the

fact that the thresholds depend only on the current acceptance set, we have that

0 a) =60 zu-1 > max{r,—;, max rr}= max rr,
Te[t-2] Te[r-1]

as desired since 8) = OFF as noted above.
e Case?2-60U"D = OFF, ri-1 > 0 gu-1: If shipper ¢ — 1 is accepted (either via the randomization

or because r,_1 > Q’ﬂ(t_l), then A® = A-Dy {r-1}, and so

0 a0 > max AY > max{r,_1,0 zu-1n}

> max{r,_1, max r;}
Te[t-2]

= max rr,
Te(t-1]

as desired, since ) = OFF. The second inequality above uses the induction hypothesis. If,
on the other hand, shipper  is rejected, it must have been because the a z-1 -biased coin flip
suggested so. The result of such a rejection is that () = 9,5—’1 (1-1)» 1-€., we move to shipper ¢ with

an active threshold of G’ﬂ As a result, we have that

(z-1)°

0" =0, = max{r, 1,040}
> max{r,_|, max r;}
Te[t-2]
= max ry,
Te[t-1]
where the first inequality uses the fact that H’ﬂ(,_l) > r;—1 since we made rejection only if
ri-1 < Q’ﬂ «_1,» and the second inequality uses the induction hypothesis.

e Case 3 -0~ £ OFF, r,_; <6D: In this case, shipper ¢ — 1 is rejected, §/~D = () and so,
0" =9~V > max{r,_;, max r;}= max rr,
T€[1-2] Te(r-1]
where the inequality uses the induction hypothesis.
 Case 4 - 0~D £ OFF, r,_; > 6"V In this final case, shipper ¢ — 1 is accepted with certainty
and so AW = A U {r,_;} and 6 = OFF. Exploiting these facts, we see that

0 a0 > max AY > max{r,_l,e(’_l)}

> max{r;—], max r;}
Te(1-2]

= max r,
Te(r-1]

where the second inequality uses the induction hypothesis.
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A.5. Proof of Lemma 3

We prove the result via induction over k. For the base case of kh =4, we have that
V(k,A,) =E[R(A)] 2E[R(A)] =B [R(G(A))| =V (k.Ge(A). ).

as desired. Moving the general case of k € {1,2,3}, we consider two cases based on whether or not
0 is an active threshold.
¢ Case 1 - 0 # OFF: We have that

E[R(A)]
0

_[E[R(G(AD]
> min G.(0) ,rg?g}] V(k+1,G.(AU{r}), OFF)

=V (k,Ge(A),G(9)),

V(k,A,0) = min{ , rr[lérh Vik+1,AU {r},OFF)}
refe,

where the inequality uses the induction hypothesis.

e Case 2 - 8 = OFF: In this second case, we have that

E[R(A
V(k,ﬂ,@FF)ZmaX{E[W, ma mm{w,
max A<l #<0", <1, 04
aﬂEGE
min @z V(k+1,AU{r}, OFF) + (1 —ax)-V(k,A,0,),

re[0a,0'4]

min V(k+1,AU {r},OFF)}},

re[6/,.1]

where the inequality follows by restricting a4 to the grid G.. Additionally, let 8.4, 6’ 7, &.x
denote the optimal thresholds and randomization probability for the discretized DP at the state
(k, G<(A), OFF), which is feasible above, since max G¢(A) > max A. Accordingly, we have
that

V(k, A, OFF)
m{ [R(ﬂ)],mm{w,
0.a
min  dxq-V(k+1,AU{r},OFF) + (1 -a&x) V(k,A,0,),

re[04.0']

min V(k+1, AU {r}, OFF)}}
re[,.1]
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E[R(Ge(A))]
Ge(éﬂ)
min &gV (k+1,G(AU{r}),OFF) + (1 -&x) -V (k,G(A),G(0)),

re[éﬂ,é

> max {E [Ié(GE(ﬂ))] ,min {

al

min V(k+1,G(AU{r}), OFF)}}
rel@1]

=V (k,G¢(A),OFF),

where the second inequality uses the induction hypothesis as well as the result from Case 1

for the active threshold.

A.6. Proof of Lemma 4

For any reward sequence S, the competitive ratio of 7 (,,) is

Bl D) R(Ax, (50)

B[R (Ar, (9)] o L&
OPT(S) - OPT(S)

B[R (4n0 50)] i
rmax (k) OPT(5)

\Y%
e
oo
—
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where the first inequality follows since the DO slot allocation mechanism will only improve our
expected profit, while the second inequality employs Theorem 1. The second equality uses the
fact that the clairvoyant’s expected profit can be computed by summing the highest reward shipper

assigned to each slot.

Appendix B: Missing Proofs from Section 4
B.1. Proof of Claim 2
We show first that OPTgyiq = OPT. For this purpose, let A* = arg max AC[T] R(A;m) denote the

optimal clairvoyant acceptance set, and note that
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OPT=Z Pr Z Y:<m|-p;—Pr Z Yezm|dip,+(1-p;)-d;|.

teA* :p(1)<p(t) 7:p(1)<p(t) —
no-show

service fee rolled/overbooked

To prove this first bound, we will define a feasible solution (£, §,Z) to Fluid IP that achieves an

objective value of OPT. To do so, for t ¢ A*, we set X, =y, =Z; =0, and for t € A", we set

.X'Al = 1

$r=Pr Yi<m|-p;
| 7:p(T)<p (1)

Z; = Pr Z Y. >m| - p;.
| 7:p(T)<p (1)

It is straightforward to see that this solution yields an objective of OPT, and that constraint (2)

holds. To see that constraint (1) holds, observe that

Zyt ZPr Z Y. <m| - p;

teA* T:0(1)<p(2)

=E min{z Yt,m}

te A*

< m.

Next, we prove the second bound, namely that 2m + Y ;c7 d; - (1 —2p;) > OPTyyig. Let

unrel

(x*,y*,z*) denote the optimal solution to Fluid IP, and observe that

OPTaig = . yi+ Zldz ((1=po) = (pr = 7))
_ tz i+ t.le di-(1-2p,) + _Zl dry;
<t2xi yi+ txi d;-(1-2p,) -
<2Z y,+:;2;1dt (1-2py)

§2m1n{Z pr,m}+ Z di-(1-2py),
te

[T] t€Tunrel
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where the first inequality uses the fact that d; < 1, and the second inequality follows because

1 —2p; >0 if and only if ¢ € Tynel. The last inequality follows since constraint (1) implies that

2re(r] Y+ <m, and constraint (2) implies that y, < p; and hence },c7) yr < Xyeqr) Pr-

B.2. Proof of Theorem 2

The reliable first mechanism. We will analyze the performance of the GUM policy using the
reliable first (slot) allocation mechanism. At a high level, the RF mechanism works exactly like
the DO mechanism except that it prioritizes all reliable shippers before those that are unreliable.
Formally, we define this alternative slot allocation mechanism works as follows.

* The slots are first allocated to the reliable shippers who show up in decreasing order of their

deposit size.

* The remaining slots are then allocated to the unreliable shippers who show up in decreasing

order of deposit size.
We reiterate that we use this RF mechanism solely for the purpose of our analysis. In practice,
the liner will actually implement the optimal DO slot allocation mechanism. We will use R(A) to
denote the expected profit earned from acceptance set A under the RF mechanism.

Intermediate results. Our proof critically relies on the following three results, all of which
concern properties of binomial random variables. Throughout this section, we use the shorthand

Binom(n, p) to represent a binomial random variable with n trials, each with success probability p.

CLAIM 5. Let X = ¥,cir) B, where B; ~ Bernoulli(p;) are independent Bernoulli trials with

success probabilities Ycr) pr = . For arbitrary integer m > 0, we have
E[min{X,m}]| > E [min {Binom (%, T) ,m}] .

CLAIM 6 (Ma et al. (2021) Lemma EC.5). Let ¢ be any real-valued positive number, T any pos-

itive integer. The function
E [min{c, Binom(7,1/T)}]

f)= ;

is non-increasing in A over the interval [0,T].

CLAIM 7 (Alaei et al. (2012) Lemma 5.3). For positive integer T and A € [0,T], let X ~
Binom(7, %), then E[min{X, b}] > APX(b) - A for any b > A.
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Proof of theorem. Let Ry and Ryyrer respectively denote the expected profit accrued by reliable
and unreliable shippers under the GUM policy, and when the slots are allocated sub-optimally
according to the RF mechanism. Accordingly, we have that ﬁ(ﬂGUM) = Ryel + Runrel. Our proof
initially proceeds by establishing lower bounds on the expected profit contribution of the two shipper

types.
Bounding reliable profit. Under the RF mechanism, we have that

Iére]: Z (dt.(l—pt)+Pr Z YT<m - Pt

teAGUMNT el TeAGuMNTrel:
p(t)<p(?)
—Pr Z Yi>m -p,dt)
TeAcuMNTel:
p(T)<p(1)
_ (pr S veem|on
teAGUMNT el Te€AGUMNTrel:
p(T)<p(2)
+ Z di-(1-py) - Z ptdt)
teAguMNTrel TeAGUMNTel:
p(t)>m
.Y (pr S veem|on
teAGUMNT el TeAGUMNT el
p(T)<p(1)
+ Z di-(1-p;)— Z ptdt)
Te€AGUMNTrel: TEAGUMNT el
p(T)<m p(t)>m
> Z Pr Z Y. <m]| - py
teAGuMNT el TeAcuMNTel:
p(r)<p(t)
Bound 1

The second equality results because any shipper ¢ € [T] with deposit rank p(¢) < m cannot be
overbooked. The first inequality results ignoring the no-show profit of reliable shippers whose rank
is larger than m. The last inequality is trivial if |[Agum N Trel| < m, since in this case, there will

not be no overbooking penalty. To the see this last inequality when we accept strictly more than
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m reliable shippers, define p~! (m) to be the m-th largest deposit among Agum N Trel, and observe

that
di-(l-p)= >, pdizdygy-| >, (=p)= > p
TEAGUMNTel: TeAGUMNTel: TEAGUMNT el TEAGUMNT el
p(T)<m p(r)>m p(T)<m p(T)>m
= dp‘l(m) : (m — Z p;)
reAgum
>0,

where the first inequality follows since for any reliable shipper t € Agum N Trer such that p(¢) < m,
we have that d; > d,-1(,,), while the opposite inequality is true with respect to the deposits of
shippers with rank higher strictly larger than m. The last inequality follows by observing that the
GUM policy never accepts more than m units of fluid demand.

Bounding unreliable profit. Initially using the fact that the GUM policy accepts all unreliable

shippers, we have that

A

Runrelz Z dl(l_zpl‘)-'_Pr Z YT+ Z YT<m (Pt(1+dt))

t€Tunrel TEANT TEANT ynrel:
p(1)<p(t)
> Zdt-(1—2pt)+ZPr Z Y, + Z Y. <m| - ps,
t€Tunrel t€Tunrel TEANT el T€ANTunrel:
p(T)<p(t)

Bound 2
where the lone inequality follows because d; > 0.

Establishing the competitive ratio. Combining the two bounds, we get that

R(Acgum) = Z di- (1-2p;) + Z Pr Z Y, + Z Y. <m|-p;

t€Tunrel t€Tunrel TEANT T€ANT yprel:
p(T)<p(1)
+ Z Pr Z Y:<m]: p;
teAGuMNT el TeAGUMNTel:
p()<p(t)
= Z d,-(l—2p,)+ Z PI‘ Z YT<m 'pl
t€Tunrel teAcuM TeAGUM:

p(T)<p(t)
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min{ > v, m}

te Agum

b

= D, di-(1-2p)+E

t eTunrel

where the first equality follows because Agum = (Agum N Trel) U Tunrel combined with the fact
that the latter two terms are precisely the expected number of slots allocated, which is agnostic to
the allocation mechanism, i.e. for any acceptance set, the expected number of slots allocated is the
same under the DO and RF mechanisms. Finally, letting 4 = >}, #,,, P1» and invoking Claim 5, we
continue this string of inequalities to yield

R(Acum;m) > Z di-(1-2p;) +E

t€Tunrel

min {Binom (lﬂGUMl, Wél—um) ,m}] .

In turn, using the upper bound on OPT given in Claim 2 yields a competitive ratio of

> dy-(1-2p,) +E | min {Binom(mGUMLmé‘—Um) m}]

R(ﬂGUM) > 1 . teTunrel
OPT ~2 > d-(1=2p)+min{ > p,,m}
t€Tunrel te[T]
E [min {Binom (lﬂGUMl, L) ,mH
1 | Acuml|
-2 min{X,¢[r) pr,m}

1 . . u
—.E B A , —|,
. [mm{ 1n0m(| GuMl| |~ﬂGUM|) m}]

%

1 m-—1
> — - |min{Bi A ,—— |, m—-1
. [mln{ 1nom(| GuMl| |ﬂGUM|) m }]
E |min { Binom | | A | m-1 1
i i ,—— |, m—
1 om-1 OUME Aguml
2 m m-—1
1
> 5 -APX(m—1).

The second inequality follows since the ratio clearly becomes smaller when no unreliable shippers
arrive. The third inequality follows by observing that when less than m units of fluid demand
arrive, we have that min{}c7 pr.m} = X e agum Pr = 4- and hence invoking Claim 6, the worst
case competitive ratio arises when ;71 pr = m. From here, we arrive at the fourth inequality by

observing that, in the worst case i = m — 1. Finally, the last inequality follows by Claim 7.

B.3. Proof of Claim 5.

The claimis trivially trueif py =po=...=pr= %, and hence we proceed under the assumption that

there exists at least one pair #1,#, € [T] such that p,, > % and p,, < %. Let e =min{p, — 5,5 - p,,},
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and define a new collection of Bernoulli random variables {é,}te[T], where for ¢t € [T] \ {t1,12}
we set B; = B, while B;, = Bernoulli(p,, — €) and B, = Bernoulli(p;, + €). By construction, it
must be the case that at least one of B;, and By, has success probability of % Consequently, letting

X = 2te[T] B,, if we can show
E[min{X,m}]| > E [min {Xm}] (6)

then the proof is complete, since the above reasoning can be applied iteratively until all success

K
T

To show (6), note that

probabilities are

E [min {X.m}] - E [min {£,m}] =

E min{X,m}—min{)A(,m} Z B;>m|-Pr Z Bi>m| +
re[T\{t1.12} te[TI\{t1.12}

term 1

E min{X,m}—min{f(,m} Z B;<m-2|-Pr Z B;<m-=-2(+
te[TI\{t1.12} ] | re[T1\{11.12}

term 2

E min{X,m}—min{f(,m} Z B;=m-1]|-Pr Z B,=m=1{.
te[T1\{t1.12} ] | re[TI\{11.12}

term 3

We proceed to show that each of the three terms is non-positive:

e term 1: For the first term, we have that

E min{X,m}—min{X',m} Z B;>m|=0,
te[TI\{11.12}

since both X and X will be larger than m with probability 1.

e term 2: In this case, we have

E min{X,m}—min{X,m} Z B;<m-=2
re[T\{t1.12}

A

=E[X-X]
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=E| > (B.-B)

te{ty,t2}

= (P +Pn) — (P, —€+py, +€)

=0.

e term 3: Here, we have

E min{X,m}—min{)A(,m} Z B;=m-—1
te[TI\{11,12}
= E [min{B[l + Bl‘z’ 1}] —E [min{é,l + élza 1}]

=(pn,+(1=p1) i) = (Pr, —€+ (1= ps, +€) - (pr, + €))

=€- (plz _pll) +€2
[ —

Appendix C: A Randomized Asymptotic 0.59-Competitive Approach

In this section, we present a randomized algorithm for the independent show-up setting that achieves
a competitive ratio of 0.59 as m tends to infinity. The following theorem formalizes the precise

competitive ratio attained by this algorithm; its proof is developed over the remainder of the section.

THEOREM 3. There exists a randomized algorithm that achieves a competitive ratio of

2
CR(m)=0.59-(1—L) (2(1— 10gm)(1—m-%+0<1>)—1),
m—1 m

noting that

lim CR(m) = 0.59.

The algorithm we consider models our online booking problem as an instance of the online knap-
sack problem and applies the algorithm of Chakrabarty et al. (2008), with a slight modification that
we describe below. We therefore begin by outlining this algorithm and its associated performance
guarantee in the online knapsack setting. We then explain how the algorithm is adapted to our

stochastic overbooking environment.
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The threshold-based algorithm of Chakrabarty et al. (2008). Consider an instance of the online
knapsack problem, where the value and weight of item j are denoted by v; and w;, respectively,
and the knapsack has capacity W. Moreover, input parameters L, U > 0 provide lower and upper
bounds on the value-to-weight ratio of all items that may arrive, i.e., the values and weights of
each item j are guaranteed to satisfy L < % < U. When item j arrives, its value and weight are
observed, and an irrevocable decision must be made regarding whether to pack the item. Letting
zj € [0, 1] denote the fraction of the knapsack capacity that has been filled upon the arrival of item
J» Chakrabarty et al. (2008) propose packing item j if doing so does not exceed the knapsack’s
capacity and vvv—fj > ¥(z;), where W(z) = (4¢)° (£). We refer to this simple threshold-based policy
as TgNAP, and we summarize its worst-case performance in the theorem below.

THEOREM 4 (Theorem 2.1 Chakrabarty et al. (2008)). The policy ngxnap achieves a competi-

maijj

w

tive ratio of (111(1(7)6+1 ), where € =
T

It is important to note that the benchmark used to compute the competitive ratio in the above
theorem is the maximum-value feasible packing for the offline problem, in which the identities of
all items are revealed upfront.

Our randomized adaptation. The policy we adopt treats each arriving shipper as an item in an
instance of the online knapsack problem, where the knapsack capacity is W = m. The weight of
shipper ¢ is taken to be w; = p;, while its value is given by

pr+(1=p;)-d; ifteTy

Vi =
pt'(1+dt) ifZ‘E’Tunrel-

As such, any feasible packing of shippers A yields a total value of

VA = Y (p+(=p)-d)+ > pi-(1+d)

te ANT el t€ANT prel
=Y pi-(1+d)+ Y (1-2p)-d;.
teA teANT )

We execute mgnap on the sequence of arriving shippers using the weights, values, and knapsack
capacity described above, and let Agnap denote the subset of “packed” shippers selected by this
algorithm. Our final accept/reject decisions for each shipper are as follows:

* We accept all unreliable shippers.
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» If 7xnap packs shipper 1, i.e., t € Axnap, then we sample Z; ~ Bernoulli(1 — §), where the
exact value of ¢ will be specified shortly to optimize the competitive ratio. If shipper ¢ is
reliable, we accept shipper ¢ if Z;, = 1 and reject shipper ¢ if Z; = 0. If shipper ¢ is unreliable,
we sample Z; solely to determine whether this shipper is ever allocated a slot; this notion will
be formalized shortly in the sequel.

Let Az = {t € Axnap : Z; = 1} denote the random set of shippers packed by rgnap for which Z; = 1
and let Ay = Az U Tunrer the final random set of all accepted shippers.

C.1. Analyzing the Competitive Ratio
In what follows, we prove an explicit expression for a lower bound on the expected profit of our
proposed policy, which we then directly exploit within a competitive analysis.

A lower bound on the expected profit. To lower bound the expected profit of A, we consider
a suboptimal slot-allocation mechanism under which only shippers ¢ € Az can ever be assigned a

slot. Under this mechanism, we have

E[R(Ap] > ) PrltedAy]: YeZe<m|-(pi+(1=py)-dp)

(Pr
1€ AKNAP TeAxnapr\{1}

+(1—Pr > YT-ZT<m)-(1—2pt)-d,)

TeArNapr\{1}
> PrltgdAL]-(1-2p)di+ Y (1-2p)-d,
teARNAPNTynrel t€Tunrel \ﬂKNAP

=(1=6)- ) Pr| Y YeZe<m|-(p-(1+d)

tEAKNAP TeAxnapr\{1}
+ Z (1=6)-(1=2p,)-d, + Z 6-(1-2p,)-d; + Z (1-2py)-d;
tEAKNAP te AKNAPNunrel 1€Tunrel \AKNAP
>(1-6)- > Pr| > Ye-Ze<m|-(p-(1+d))
rEAKNAP TEAKNAP
> (1=0)-(1=2p)-di+ Y (1-2p,)-di,
te ARNAPNT el t€Tynrel

where the first inequality follows because we evaluate the expected profit under a sub-optimal slot
allocation mechanism, further pessimistically assuming that a shipper ¢ € A receives a slot only
if fewer than m shippers show up among those in Az \ {r}. The second inequality follows from the

observation that
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b

Pr Z Y. - Z. <m|>Pr
TeArnar\{1}

which holds trivially for all 7 € Agnap.

> YeZe<m

TEAKNAP

Establishing the competitive ratio. Our proceeding analysis will make use of the following

intermediate lemma, which relates OPTgyiq to V (A*), the latter of which denotes the optimal value

of the optimal offline packing. The proof of this lemma appears in Appendix C.2.
LEMMA 5. V(A*) + Yer,  (1-2p,) -d; > (1 - 15) - OPTqyiq

From here, observe that

((V(ﬂKNAP) + Z (1-2py) 'dt) ~E[R(Ay)]

t€Tunrel

3(1—(1—5)-1% Z YT-ZT<m)- Z pe-(1+d,)
TEAKNAP teAgNAP
+ > 6-(1-2p)-d,
teAxnap e
<=0
s(l—(l—d)-Pr Z YT-ZT<m)- Z pe-(1+d,)
1/ teAxnapr

| TEAKNAP

s(l—(l—é)-Pr Z YT'ZT<m)‘2(V(~?(KNAP),

| TEAKNAP

where the final inequality follows since

2v<ﬂKNAP>:2-( D ope(+dy+ ] (1—2p,>.d,)

teAKNAP te ARNAPN el

= Z pi-(1+d;) + Z pr-(1+d;) + Z pi+2d;—3pid;

teARNAP te ARNAPN unrel 1€ ARNAP N rel -0
2 Z pt ° (1 + dl‘)
t€AKNAP
Together, this implies that
E[R(A))]
> (1—2(1—(1—6)-Pr Z Y, Zy<m )) : (q/(ﬂKNAP)+ Z (1—2pt)-d,)
B t€Tynrel

L T€AKNAP

2(1—2(1—(1—5)-Pr Z Yr-Z:<m ))-0.59(1—%)-((V(ﬂ*)+ Z(I—Zp,)-d,

L T€AKNAP 1€Tunrel

(7

|
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1 \2
Z Yo-Zr<m ))-0.59(1——) OPThyid
m—1

TEAKNAP
1 2
Z Yr-Zr<m —1)-0.59(1—m) OPTfyia (®)

TEAKNAP

2(1—2(1—(1—6)-Pr

:(2(1—6)-Pr

where the first inequality follows from (7), and the second follows from Theorem 4, noting that

within our reduction, we have that L =1, U =2 and € = % The last inequality follows from

Lemma 5. From here, we note that since Y, and Z, are clearly independent Bernoulli random

variables, it is the case that Y; - Z; ~ Bernoulli((1 —6) - p;). As a result we have that

Pr Z Y, - Z.<m| > Pr Z YT-ZT<(1—6)(1+6)-m}
TEAKNAP TEAKNAP
m-(1-6)6>
>1- - ,
> exp( 715 )

where the second inequality follows from a standard application of the multiplicative Chernoff

logm

bound, along with the fact that E[ Y. ;¢ 4,y Y7 - Z7] = (1 =) - m. From here, plugging in 6 = \/——,

we get that

2
1 1
8)> (2(1 - Ogm) : (1 —maro) 1) -0.59(1 ——) OPTiyia,

m m—1

as desired.

C.2. Proof of Lemma 5

We begin by presenting an intermediate claim, which reveals a handful of useful properties regarding

the optimal solution to (Fluid IP). The proof of this claim appears at the end of this section.

CLAIM 8. There exists an optimal solution (x*, y*, z*) to (Fluid IP) that satisfies the following three
properties:
(i) There is at most one shipper t € [T] such that p, > y; > 0.
(ii) If there exists a shipper t € [T] such that p; > y; > 0, then OPTgjyig > m — 1.
(iii) If y; =0, then x; =1 if and only if t € Typrel.
Proof of lemma. Let Y*=te[T]:y:>0and Y* =t€[T]:y’ = p,. In addition, letting A* =

t € [T] : x; =1 allows us to express the optimal objective value of (Fluid IP) as

OPTEpia = Z pi+(1—ps)-di+ Z yi-(1=d)+(1-2p;)-d; + Z (1-2p;)-d;
tey* teyY\Y* teAN\Y*
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= 3 pr(p)di+ Y pe(lrd)+ Y (1-2p)-d,

zeﬂ* NT el Z‘Ey* NTunrel t€Tunrel

D0 v (1=d) + Lyery - (1-2p) - dy.
teyY:\Yy+

The second inequality above uses property (iii) of Claim 8, which gives that A* \ Y* C Tynrel. Now,
consider the solution Y/* within the offline knapsack problem, i.e., we select all shippers ¢ € Y*.
This solution is feasible by constraint (1) in (Fluid IP), and its total value satisfies

(V(J]*)+Z(1—2p,)~d,: Z pe+(l=py)-di + Z Pz'(l"'dt)"'Z(l_ZPz)'dt

1€ unrel tey* NT el rey* NTunrel 1€ unrel

> OPTEid — Z yi- (1—=d;)
teyY*\Y*

1
> (1 = ——) - OPTgyyiq,
m-—1

as desired. The last inequality follows because if Y* \ J* # 0, then by property (i) of Claim 8, we
have |Y*\ Y*| =1 and so

1
- OPTEmid
m—1

> owe(-dy<is
tey*\Yy*
where the final inequality follows by property (ii) of Claim 8.

Proof of Claim 8 - property (i). For any optimal solution (x*, y*, z*), define Y* ={t € [T] : y; >
0} and V* = {r € [T] : y* = p;}. If [Y*\ Y*| > 1, we construct an alternative optimal solution for
which |Y*\ Y*| is reduced by at least one. This procedure can then be applied iteratively until an
optimal solution satisfying property (i) is obtained.

Specifically, consider two indices 7,7 € Y* \ Y* and assume without loss of generality that
d; > dy. Let € = min{y;,, p, — y{} and define an alternative solution (£, §,2) that coincides with
(x*,y*,2") except that §, = y/ + €, %, = z; — €, and $» =y}, — €, 2y = 7}, + €. This solution is clearly

feasible and results in an objective change of € - (d; — dy/) > 0. Moreover, by construction, we have
Kt e [T]:5>03\{re[T]:9: =p} <|Y*\Y*|

by construction and as desired.

Proof of Claim 8 - property (ii). Assume by way of contradiction that there exists shipper
7 such that p, > y7 > 0 and OPTgyiq < m — 1. To establish the contradiction, observe that if
OPTria <m — 1, then it must be the case that }},c[77 y; <m — 1. Consequently, increasing y; by
any 0 < € < p, — y; and decreasing z; by € preserves feasibility and strictly improves the objective

value, thereby contradicting the optimality of the proposed solution.
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Proofof Claim 8 - property (iii). This property follows trivially from the fact that (1-2p,)-d; >0,

only for reliable shippers.

Appendix D: lllustrative Examples
D.1. An all-knowing clairvoyant

The following example shows that if the clairvoyant had access to the show-up decision of each

shipper, then it could garner an expected profit that is arbitrarily larger than OPTgy;q.

EXAMPLE 3. Consider a setting with m = 1, where the deposit sequence is (1, 1) followed by
infinite copies of the deposit tuple (1,0.9). A clairvoyant that knows which shippers show up will
garner infinite profit in expectation; from each shipper beyond the first, the benchmark earns an
expected profit of at least (1 —0.9) = 1 =0.1 by simply accepting each shipper that is a no-show. It

is straightforward to see that for this sequence, we have OPTyqyiq = 1

D.2. Additional details for Example 2

We first describe how we determine ¢(p) for fixed p € [0.5,1]. From here, we formulate the
optimization problem to determine the worst-case p and the resulting upper bound on the best
achievable competitive ratio of any deterministic policy. In what follows, we use R(A;m) to denote
the random profit of acceptance set A given that there are m available slots.

Determining q(p). In relation to Stream 2, let A(g) denote an acceptance set that
includes g copies of the deposit tuple (1 — €,p). We define ¢(p) = max{g € Z; :
E[R(A(q);m) — R(A(g—1);m)] >0} to be the maximum number of shippers such that if the
adversary sent only Stream 2, it would be optimal to accept the entire stream. It will always be the
case that E[R(A(q(p));m)] = m.

Computing the CR upper bound. Any deterministic policy is fully specified by the number of
shippers a1, a; € Z, accepted from the first two streams. Note that since the shippers from Stream
3 are unreliable, it is always optimal to accept all of them. For any such policy, we derive its
competitive ratio based on the deposit sequence selected by the adversary among the three under
consideration:

e Case 1 - Just Stream 1: Given a/, the adversary can decide to stop the arrival process. If it

chooses to do so, the proposed policy earns a competitive ratio of
CR; (1) = =,
m

since the clairvoyant will accept the entire Stream 1 and earn a profit of m.
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* Case 2 - Streams 1 and 2: In this case, the a; accepted shippers from Stream 1 consume this
many slots (since they show up with certainty), leaving m — « slots left for the shippers from
Stream 2. Accordingly, from Stream 2, the policy earns E [R(A(az);m — a1)], leading to a
competitive ratio of

a1 +E[R(A(az2);m —ay)]
E[R(A(g(p));m)]

as the clairvoyant with reject all shippers from Stream 1 and accept everyone from Stream 2.

CR; (a1, a2,p) =

* Case 3 - Streams 1,2 and 3: In this third case, the clairvoyant will reject all of Streams 1 and
2 and accept all of Stream 3 to earn a profit of 2m. All-in-all, noting that we can represent
Stream 3 as {¢t € [T] :t >m + q(p)}, the third competitive ratio is

a1 +E[R(A(a) U{t e [T] :1>m+q(p)}im—ai)]

CR;3 (ay,a2,p) = o

b

The best possible competitive ratio plotted in Figure 1 is the objective of the following optimization

problem

min maxmin{CR; (a;),CR; (a1, a2, p),CR3 (a1, a2,p)},
pel0.5,1] a1,a2

which we solve by discretizing p and enumerating over all possible a; and «;.

Appendix E: Additional Numerical Experiments
E.1. Results - model misspecification

In this section, we evaluate the robustness of our proposed policies under model misspecification.
Specifically, we test the RT policy under the coupled shipper arrival model, and both KP and the
GUM policy under the independent shipper arrival model when the liner incorrectly specifies the
functional relationship between deposit and show-up probability. More specifically, we consider all
combinations of model misspecification, where each case is distinguished by a presumed model
P, € {Linear,Concave,Convex} , and a ground-truth model # € {Linear,Concave,Convex}. When
Py # P, the model is misspecified. In this section, we only measure the implications of model
misspecification on overall performance as measured by the optimality gaps.

The RT policy under coupled arrivals. Table 3 shows the performance of the RT policy under
the coupled arrival setting. The latter three column blocks report the assumed show-up probability
model $»; for each (potentially misspecified) model, we report the optimality gap of the RT policy

as well as the average number of accepted shippers per slot.
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Parameters Linear Concave Convex
(T,M,P) Opt. Gap (%) # Accepted CR (%) # Accepted CR (%) # Accepted
100 10 Concave 92.56 1.42 95.21 1.17 84.62 1.64
100 10 Convex 90.58 1.43 84.39 1.20 93.85 1.67
100 10 Linear 92.79 1.44 89.77 1.19 89.79 1.67
100 25 Concave 92.99 1.42 95.38 1.18 87.02 1.60
100 25 Convex 92.40 1.42 85.88 1.18 95.25 1.60
100 25 Linear 93.59 1.43 90.23 1.18 91.79 1.61
100 50 Concave 94.87 1.38 96.27 1.17 93.29 1.44
100 50 Convex 96.73 1.38 90.82 1.18 98.61 1.45
100 50 Linear 96.23 1.38 92.79 1.17 96.39 1.44
250 10 Concave 92.23 1.44 95.03 1.19 83.72 1.67
250 10 Convex 90.60 1.44 84.10 1.19 93.69 1.67
250 10 Linear 92.86 1.45 89.63 1.19 89.79 1.67
250 25 Concave 92.37 1.44 95.10 1.19 84.40 1.66
250 25 Convex 90.84 1.45 84.10 1.19 93.87 1.67
250 25 Linear 92.86 1.44 89.76 1.18 89.96 1.65
250 50 Concave 92.47 1.44 95.17 1.19 85.60 1.63
250 50 Convex 91.65 1.44 85.01 1.19 94.64 1.64
250 50 Linear 93.23 1.43 90.00 1.19 90.85 1.63
500 10 Concave 92.40 1.43 95.03 1.18 83.65 1.67
500 10 Convex 90.61 1.45 83.79 1.19 93.60 1.67
500 10 Linear 92.67 1.43 89.55 1.17 89.43 1.66
500 25 Concave 92.36 1.45 95.09 1.19 84.09 1.66
500 25 Convex 90.53 1.45 83.92 1.19 93.54 1.68
500 25 Linear 92.64 1.45 89.45 1.19 89.41 1.68
500 50 Concave 92.28 1.44 95.08 1.19 84.05 1.67
500 50 Convex 90.71 1.44 84.02 1.19 93.80 1.67
500 50 Linear 92.74 1.44 89.69 1.18 89.70 1.66

Table 3 Performance of RT policy with misspecification

Figure 3 presents a heatmap of the average optimality gap under model misspecification. The
diagonal entries correspond to correctly specified models, while the off-diagonal entries represent
performance under misspecification. Overall, the RT policy demonstrates strong robustness to
model misspecification, with optimality gaps remaining high across all scenarios.

When the true show-up probability model is Linear or Convex, misspecification leads to only
moderate performance degradation. Across these cases, assuming an incorrect model results in
optimality gap losses typically below 5%, and often substantially smaller, particularly for larger
values of m. This indicates that the RT policy is relatively insensitive to moderate errors in the
assumed show-up probability structure.

A notably different pattern emerges when the true model is Concave. In this case, correct speci-
fication yields the highest competitive ratios that are consistently above 95%, while misspecifying
the model as Linear or Convex leads to a more significant drop in performance. This decline is
accompanied by a substantial increase in the average number of accepted shippers per slot. As

shown in Table 3, when the true model is Concave, assuming a Linear or Convex model results
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in approximately 0.20—0.45 additional acceptances per slot relative to the correctly specified Con-
cave case. This behavior can be attributed to the interaction between model curvature and the RT
policy’s threshold structure. Concave show-up functions generate higher show-up probabilities and
larger effective rewards, which naturally encourage a more conservative booking strategy. When
the model is misspecified as Linear or Convex, the policy underestimates these effects and accepts
more shippers, increasing congestion and reducing overall performance. Since the RT thresholds
are computed under a worst-case reward-penalty formulation, this over-acceptance effect becomes
particularly pronounced when the true environment is Concave, revealing the cost of excessive

conservatism under correct specification.

Average Optimality Gap(%) for RT Policy

True Distribution
Linear Convex

Concave

Concave Linear Convex
Estimated Distribution

Figure 3  Model Misspecification for Coupled Case

Independent arrival setting. Table 4 shows the performance of the GUM and KP policies in the
independent arrival setting. The fourth to sixth columns report the optimlaity gap achieved by the
GUM policy when the decision-maker assumes that the relationship between deposit and show-up
probability is Linear, Concave, or Convex, respectively. Similarly, the seventh to ninth columns
present the optimality gap of the KP policy under the same model misspecification scenarios.
Figure 4 visualizes the data in Table 4 by presenting heatmaps of the average optimality gap for

both KP and the GUM policy under model misspecification, consistent in style with Figure 3.
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Parameters GUM KP

(T,M,P) Linear Concave Convex Linear Concave Convex
100 10 Concave 96.47 93.21 93.37 83.35 65.38 96.05
100 10 Convex 72.10 62.29 81.80 53.59 42.58 72.64
100 10 Linear 88.14  78.85 92.54 68.22 54.14 88.57
100 25 Concave 97.36 95.35 93.63 80.67 62.99 97.37
100 25 Convex 75.12 64.48 86.06 53.00 41.45 73.08
100 25 Linear 91.26  80.59 9455 66.54 52.06 90.24
100 50 Concave 97.92 96.68 93.99 80.25 62.32 98.23
100 50 Convex 80.38  68.92 93.12 55.81 43.54 77.27
100 50 Linear 94.31 82.61 96.80 67.28 52.32 92.46
250 10 Concave 96.43 93.34 93.30 82.96 65.45 95.85
250 10 Convex 71.91 62.24 81.51 5338 42.20 72.39
250 10 Linear 88.18 78.81 92.58 68.38 53.86 88.61
250 25 Concave 97.21 95.30 93.33  80.64 62.80 97.27
250 25 Convex 73.68  63.18 84.50 5197 40.62 71.77
250 25 Linear 90.79 80.23 94.05 66.12 51.75 89.69
250 50 Concave 97.37 96.29 93.37 79.88 61.99 97.68
250 50 Convex 7498  64.20 86.72 52.03 40.64 72.08
250 50 Linear 92.24 80.78 9476  65.72 51.15 90.47
500 10 Concave 96.47  93.33 93.16 8340 6542 95.96
500 10 Convex 71.80 61.99 81.22 5355 4197 72.18
500 10 Linear 88.06 78.66 92.58 68.38 53.71 88.66
500 25 Concave 97.24 95.24 93.47 80.50 62.89 97.29
500 25 Convex 73.33  63.00 84.28 51.82 40.44 71.56
500 25 Linear 90.63 80.06 94.06 66.24 51.72 89.66
500 50 Concave 97.37 96.17 93.52 79.71 61.95 97.68
500 50 Convex 74.01 63.47 85.76 5142  40.11 71.35
500 50 Linear 91.95 80.58 94.37  65.60 51.03 90.09

Table 4  Performance of GUM and KP policy with misspecification

Both policies continue to exhibit stable and strong optimality gaps under model misspecification.
In the vast majority of configurations, the GUM policy outperforms the KP policy, often by a
substantial margin. This dominance holds both under correct specification and across most misspec-
ification scenarios, highlighting the robustness of the distribution-agnostic design of GUM.There is,
however, a notable exception to this pattern. When the true show-up probability model is Concave
but the decision-maker incorrectly assumes a Convex model, the KP policy can outperform GUM.
As shown in Table 4, this is one of the few settings in which KP attains a higher optimality gap than
GUM. We conjecture that this reversal is driven by the interaction between misspecification and the
acceptance behavior of KP. Under correct specification, KP tends to be overly conservative in the
acceptance decision, leading to under-acceptance of shippers and suboptimal utilization. When the
model is misspecified as Convex, this conservatism is partially offset, resulting in more aggressive
acceptance and improved performance.

Fixing the estimated model $> € {Concave, Convex, Linear}, we further observe a systematic

dependence of performance on the true underlying model. For both policies—but most prominently
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for GUM—the optimality gap is consistently lowest when the true model is Convex and highest when
the true model is Concave. This pattern is robust across all values of 7 and m. The Convex model
induces lower show-up probabilities relative to the Linear and Concave models, which leads to
conservative acceptance decisions and under-utilization of available capacity. Consequently, under
any fixed estimated model, when the true model is Convex, the total realized show-up probability
of accepted shippers frequently falls below the capacity level m, resulting in inferior competitive

performance.

Average Optimality Gap Heatmaps

GUM Policy KP Policy
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True Distribution
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True Distribution
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Figure 4  Model Misspecification for Independent Case

E.2. Results - hybrid demand model
In this section, we evaluate the performance of the RT, KP, and GUM policies under a hybrid
demand model. In this model, the show-up behavior of a subset of shippers is correlated through
the attractiveness of a common outside option (e.g., a spot market), while the show-up behavior of
the remaining shippers is driven by their own individual outside option and is therefore independent
of the decisions of other accepted shippers.

The hybrid model. In essence, our hybrid model is designed to capture a mixture of independent
and coupled show-up behavior. To this end, let S ~ Unif (0, 1) denote a common market factor, and
let {U,}tT:1 be i.i.d. with U; ~ Unif(0, 1), independent of S. For each arrival ¢, we draw an indicator

I; ~ Bern(1) independently across ¢ and independent of S and U,, which determines the effective
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“type” of shipper ¢, i.e., if they will be an independent or coupled show-up shipper. Specifically,
the random attractiveness of the outside option for shipper ¢ is denoted by

S, ifl,=1,
X, = t=1,...,T.

Ul’ lfIt:O,

A shipper arriving at time ¢ with deposit d; € [0, 1] shows up if
1<d; + X;.
The resulting show-up probability is
p(d)=Pr(X;>1-d)=1-Fx(1-4d),

where Fy is the CDF of X;. Thus, with probability A the outside option is driven by the common
factor §, thereby coupling the show-up decisions of all shippers with I; = 1, while with probability
1 — A a shipper exhibits independent show-up behavior. In particular, 4 = 0 corresponds to the
independent show-up setting, whereas A = 1 recovers the fully coupled show-up setting.

Computational set-up. We set the arrival horizon to T = 300 and consider capacities m €
{50, 100,200} and mixture levels A € {0.25,0.5,0.75}. For each sample path, deposits are drawn
independently as d; ~ Unif(1/2, 1), ensuring all arrivals are reliable. We study two arrival-order
settings: random, in which deposits arrive in random order, and increase, in which deposits are
sorted increasingly so that higher deposits tend to appear later in the horizon. For each parameter
configuration and each benchmark policy IT € {GUM, KP, RT}, we generate 500 deposit sequences
and estimate the expected profit of each policy’s acceptance set using 1000 Monte Carlo trials. The
optimal gap of each policy r is estimated as

E[Rev(IT)]

GAP(II) = ,
(I OPTuig

noting that OPTyyiq continues to serve as a valid upper bound on the achievable expected revenue
under all arrival dependence regimes considered—independent, fully dependent, and mixed—since
its derivation does not require any independence assumptions on the arrival process; see the proof

of Claim 2.
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Results. Table 5 reports the performance of the RT, GUM, and KP policies across different
mixture levels A, capacity values m, and arrival-order settings. The first three columns describe
the experimental parameters, while the middle block reports the average percent optimality gap
achieved by each policy. The last two columns present the percentage improvement difference
between GUM and RT and between KP and RT, respectively, where positive values indicate that

the corresponding benchmark outperforms RT.

Parameters GAP(IT) (%) Diff with RT

Mode A m | GUM KP RT |GUM KP
increase 0.25 50 | 89.13 7899 82.88 | 6.25 -3.89
increase 0.25 100 | 90.85 76.37 87.46| 3.39 -11.09
increase 0.25 200 | 9348 71.84 89.03 | 4.45 -17.19
increase 0.50 50 | 78.66 74.15 78.37 | 0.29 -4.22
increase 0.50 100 | 81.88 75.59 80.66 | 1.22 -5.07
increase 0.50 200 | 86.99 71.83 85.50 | 1.49 -13.67
increase 0.75 50 | 67.97 65.67 7199 | -4.02 -6.32
increase 0.75 100 | 72.81 69.89 73.34| -0.53 -3.45
increase 0.75 200 | 80.45 71.81 79.76 | 0.69 -7.95
random 0.25 50 |80.26 73.62 75.19| 5.07 -1.57
random 0.25 100 | 84.45 76.86 78.21 | 6.24 -1.35
random 0.25 200 | 92.16 80.09 81.19 | 10.97 -1.10
random 0.50 50 |75.58 7248 73.57| 2.01 -1.09
random 0.50 100 | 79.21 76.14 76.86 | 2.35 -0.72
random 0.50 200 | 86.40 80.18 81.50 | 490 -1.32
random 0.75 50 | 70.30 68.83 69.96 | 0.34 -1.13
random 0.75 100 | 73.81 72.11 73.35| 046 -1.24
random 0.75 200 | 80.42 78.16 79.10| 1.32 -0.94

Table 5  performance for misspecified arrival dependency.

Several systematic patterns emerge. First, we observe that one or both of RT and GUM outperform
KP across all parameter combinations, consistent with our findings in experiments where show-up
behavior was either purely independent or fully coupled. Second, as expected, when A is small and
most shippers exhibit independent show-up behavior, the GUM policy performs best. In contrast,
when A = 0.75 and show-up behavior is largely coupled, the RT policy matches or exceeds the
performance of GUM, particularly for smaller values of m.

Second, arrival order remains a decisive factor in relative policy performance. Under the
increase mode, RT consistently outperforms KP across all values of A and m, while its perfor-
mance relative to GUM depends on both capacity and the strength of dependence. In particular,
GUM retains an advantage for small to moderate values of m when A is low, but this advantage
diminishes as either m or A increases. By contrast, under random ordering, RT generally under-

performs GUM and only marginally outperforms KP, indicating that the effectiveness of RT as a
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threshold-based policy is closely tied to structured arrival sequences in which higher-value shippers
tend to arrive later.

Finally, we observe that the performance of the KP policy may deteriorate as m increases from
100 to 200 under the increase arrival sequence. We conjecture that this occurs because, although
KP raises its acceptance threshold after each acceptance, it continues to admit early arrivals in an
increasing sequence, leading to systematic underutilization of later high-value arrivals. Moreover,
its overly conservative behavior results in acceptance levels below the fluid benchmark, causing KP

to forgo opportunities to accept the later arrival of higher-deposit shippers.
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