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EC.1. Electronic companion: additional models and deferred details
The main body develops the two core adversarial models in Part —online fractional matching and edge-
weighted matching with free disposal-—and keeps the technical discussion focused on the reusable design-
and-analysis template introduced there. This electronic companion records the broader development behind
that template. In particular, it collects the richer deterministic extensions that would otherwise interrupt the
flow of the main exposition, together with the deferred proofs whose full details are useful for reference.
Throughout the electronic companion, the notation table in Table 2 remains in force. Any additional
symbol is defined locally at first use. The guiding philosophy is also unchanged: identify the right state,
regularize the post-decision state rather than the current reward, extract the dual update from the KKT system,
and then choose the regularizer so that approximate dual feasibility collapses to a one-dimensional identity
or recursion.
More specifically, the electronic companion contains the following pieces.

1. Batch arrival. We study the K -stage arrival model, introduce the stage-dependent polynomial regularizers
that yield the optimal factor I'(K) =1 — (1 — 1/K)¥, and record the recursive dual-fitting argument that
replaces the scalar identity from the fully online setting (Section EC.2 and Section EC.5).

2. Configuration allocation / whole-page optimization. We move from scalar or reward-indexed states to
a price-level state vector and show how direct convex duality replaces the support-graph decomposition
that was available in matching (Section EC.3 and Section EC.6).

3. Other extensions. We explain how the same template specializes to AdWords, costly cancellations,
and several nearby allocation models. The emphasis is on reusability of the main ideas rather than on
developing a separate proof for every variant (Section EC.4).

The companion is therefore meant to be read in two ways. A first pass can follow only the model statements
and the high-level proof roadmaps. A second pass can then use the supplementary sections as a self-contained

reference for the detailed primal—dual calculations.

EC.2. Batch arrival: multi-stage fractional matching

We next record the K -stage arrival model studied in Feng and Niazadeh [15]. Relative to the fully online
setting of Section 3.2, the main new issue is temporal heterogeneity: a fixed regularizer is no longer
appropriate across the entire horizon. Early stages should hedge more aggressively because much of the
future is still unknown, whereas late stages should behave more like the residual greedy problem. The
resulting analysis is still primal—dual, but the scalar identity from the one-arrival model is replaced by a

recursion across stages.

EC.2.1. How the universal recipe changes

The five-step recipe from Section 3.1 survives almost verbatim, with three modifications.
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1. The state remains the offline load vector, but it is updated stage by stage rather than arrival by arrival.

2. The regularizer is stage dependent: the stage-k program uses Fj, rather than a single function F'.

3. The KKT conditions are now written for an entire batch. As a result, the relevant structure is no longer
the one-arrival water-filling picture, but a decomposition of the positive-support graph of the batch.

The conceptual message is unchanged: the regularizer determines the online rule, and the KKT system

determines the dual update.

EC.2.2. Stage-dependent polynomial regularizers

The appropriate stage-wise regularizers are determined by a backward recursion.
PROPOSITION 3 (Optimal stage-dependent regularizers). Let K € N. Define functions f1,..., fx on
[0,1] by
fr(z)=1{z =1}, fr(z)= max (1—y)frui(z+y) Vk e [K —1].

y€(0,1—x]

fule) = (1 - ;{:“;{)K_k.

(i) each fy is increasing on [0,1], and therefore F( fo fr(u) du is differentiable and strictly convex;
(ii) fr(x) <e*~! forevery x €[0,1];
(iii) fi converges pointwise to e*~! as K — 0o;

(iv)

Then, for every k € [K — 1],

Moreover:

() =1- (1= ) = min[1- A= DA0).

yE[O,l]
The proof is given in Section EC.5. The degree of f;, is K — k, so the regularization intensity decreases
with the stage index. In particular, when K is large and the batches are correspondingly small, the polynomial

family approaches the exponential rule from the fully online model.

EC.2.3. The stage-wise algorithm
Let y](-k) denote the cumulative load on offline node j after stage k, with yj(-o) = 0. After observing the batch

U}, and its edge set I}, the algorithm solves

Ig%;ax Z wa: Zw Ey, yj(k R Z xﬁf)

;20 (1 el jev t:(t,j)EEy
st Y @) <1l Vel (EC.1)
J:(t,g)EEY

Yooa <1y vjew

t:(t,j)EEY
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and then updates the state by
y](' )= yj(‘ ) + E 37,(:]‘)'

t:(t,5)EE

() is the fraction of batch vertex ¢ € Uy, assigned to offline node j during stage k.

Here z,;

The unweighted case is a useful special case. There, the optimizer of (EC.1) is simply batched water-filling:
within a batch, mass is pushed toward the least loaded feasible offline vertices until one either exhausts
the batch supply or saturates a subset of offline vertices. The polynomial family is therefore not needed to
describe the primal rule in the unweighted model; it is needed to analyze that rule and to obtain the sharp

factor I'( K).

EC.2.4. What the KKT conditions reveal
Fix a stage k < K — 1, and let () = {xif)} denote the optimizer of (EC.1). Consider the positive-support
graph

Gl = (Uk UV, {(t,j) € By al? > 0}).

Let
Vio:={j€V: y](k) =1},

and let U, o be the set of their neighbors in &},. Remove those vertices, and denote the connected components

of the remaining support graph by (U ¢, Vi.r), £ =1,..., Ly.

PROPOSITION 4 (KKT decomposition of a batch). For every stage k < K — 1, there exist numbers
0=cpo<cp1<--<cyr, such that:

(i) Uniformity. For every component £ € {0,1,..., Ly} and every j,j’ € Vi,

Wj (1 - fk’(yj(‘k))) = wy (1 - fk(@/](iv)» = Cl -

(ii) Saturation. Every online node in Uy, 4, ¢ > 1, is fully matched in stage k.

(iii) Monotonicity. If ci, o < ci, ¢, then no edge of Ey, joins Uy, ¢ to Vy, pr.

The proof is given in Section EC.5. This is the stage-wise analogue of the KKT picture from Section 3.2. In
the one-arrival model the KKT conditions describe how a single request splits its mass. In the batched model
they describe how the support graph decomposes into components with a common marginal “matchability

level” ¢y, ;.

EC.2.5. Dual construction and the scalar recursion
The offline dual benchmark is still (7). Guided by Proposition 4, we define the fitted dual solution stage by
stage. For stages k < K — 1, set

Q1= Chp for every t € Uy, 4,
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and increment Bj by

ABY = w; (v — N A viev (EC.2)

At the last stage, F'x =0, so the stage problem reduces to the residual maximum-weight matching LP. We
therefore use an optimal dual solution of that residual LP for the final dual increment.

Approximate dual feasibility is governed by the scalar recursion

k—
1—(1—2) fu(up +2) Z (g1 — Us) fs(usi1) > T(K) (EC.3)

for every nondecreasing sequence 0 =u; < --- <wu, <1 —z. The proof is elementary but recursive, so we
record it in Section EC.5. Equation (EC.3) is the stage-wise counterpart of the identity 1 — f(y) + F(y) =T

from the fully online model.

THEOREM 8 (Optimal competitive ratio under K -stage arrival). For K-stage fractional vertex-

weighted matching, the stage-wise algorithm defined by (EC.1) is I'( K )-competitive, where

F(K):1—<1—I1{>K.

Proof.  The theorem is proved in full in Section EC.5. The argument follows exactly the same structure as
in the main body. First, the KKT decomposition in Proposition 4 yields an online dual update for which the
stage-wise dual increment matches the stage-wise primal reward exactly. Second, the scalar recursion (EC.3)
implies approximate dual feasibility on every edge. Weak duality then gives the competitive ratio I'(K). [J

REMARK 8. For K = 2, the theorem gives the sharp ratio I'(2) = 3/4, already strictly larger than the
fully online benchmark 1 — 1/e. As K — oo, I'(K) | 1 — 1/e, so the stage-wise model converges back to

the online limit. The upper bound proved in Feng and Niazadeh [15] shows that this ratio is tight.

EC.3. Configuration allocation

Configuration allocation is the most general deterministic model treated in Part I. It contains vertex-weighted
matching, AdWords, edge-weighted matching with free disposal, and the whole-page optimization model of
Devanur et al. [10] as special cases. The same convex-programming viewpoint still applies, but the state is
now multi-dimensional and the clean support-graph decomposition from matching is no longer available.

The natural replacement is direct convex duality.

EC.3.1. Why this model is harder

Three new issues appear at once.

1. Multiple price levels. In matching, all mass assigned to a fixed offline node has the same value. In

configuration allocation, advertiser j may value different user—configuration pairs at very different prices.
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2. No useful graph decomposition. In batch matching, the KKT system induced a graph decomposition of
the positive-support edges. Here an advertiser may be tight at some price thresholds and slack at others,
so a graph-only description no longer captures the relevant structure.

3. Allocation and preemption are coupled. At each stage, the algorithm must decide not only what new

mass to keep, but also which previously retained mass to discard.

These are precisely the reasons the analysis moves from combinatorial structure to direct convex duality.
EC.3.2. State, stage program, and interpretation of the variables
Assume there is a finite price universe

O=wy < Wy <-+-<Wrp.

For each advertiser j and price index T, let 772?” denote the amount of mass retained by advertiser j at price
level w, before stage k.

Once batch U}, arrives, the stage-k convex program chooses three families of variables.

Variable Meaning

Zie fraction of user ¢ € U, assigned to configuration ¢

Tte. amount of new mass from (¢, ¢) that advertiser j still pays for affer stage k

Yjr amount of previously retained mass of advertiser j at price level w, that survives stage k

The input data are the prices w; . ;, the consumptions &, . ;, and the pre-stage state 77](’1@7—1)‘

For any candidate solution (x,y, z), define the cumulative post-stage mass of advertiser j above threshold
w, by
Hjr(2,y) == > Teejt Y Ui (EC4)
t€Uy, c€C: wy ¢ j>Wr T'>7
This is the price-level analogue of the cumulative state Y;(r) from Section 3.3.

The stage-wise regularized convex program is

max E E g Wi e ilt e
21,230 t,c,jt,cj

teU;, ceC jev

- Z Z ﬁ](kT ! ~Yjr)

JEV T€[T)

-2 > @ ) F(Hj-(2,y)) (EC.5a)

JEV T€[T)

subject to

DD Trest D Yir < Viev, (EC.5b)

teU;, ceC TE[T)

Z z2e<1 VteU,, (EC.5¢)
ceC

Lt c,j _ftmztc VtG Uk, VCEC, VJ S ‘/, (ECSd)
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yir < h VjeV, VrelT]. (EC.5¢)

JsT

The three lines of the objective have a direct interpretation: the first is the retained revenue from the new
batch, the second subtracts the value of previously retained mass that is discarded in stage &, and the third

regularizes the post-stage cumulative mass of each advertiser at every threshold. The state update is

k
77J(7—) = Z Tt,c,j + Yjrs

teU}, c€C: wy ¢ j=Wr
so n*) is exactly the retained price distribution after stage k.

EC.3.3. Offline benchmark
The standard offline LP benchmark is

max E E E Wt c,jLt,c,j

teU ceC jeVv

st YY) ;<1 VieV,

teU ceC

S vew (EC.6)

ceC

Tiej <& cjZte VteU,VeeC,VjeV,

xt,c,j? Zt,c 2 0.

Its dual is
min Z oy + Z B;
teU JEV
S.L Ve + Bj > Wi c,j Vt, C7j7

(EC.7)

ap > th,c,j%,c,j Vi, c,
JjeEV
oy, B, Ve > 0.
EC.3.4. How the universal recipe specializes
In this model, the five steps from Section 3.1 become:
1. State: the retained price-level vector 1.
2. Regularized stage problem: solve (EC.5a)—(EC.5¢).
3. KKT signal: read off the multipliers associated with the configuration, linking, and carry constraints.
4. Dual construction: use the Lagrangian dual of the stage program directly rather than a graph decomposi-
tion.
5. Scalar inequality: apply the same one-dimensional recursion from batch arrival, now threshold by
threshold.

The next two subsections make these points precise (with proofs and details in Section EC.6).
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EC.3.5. Structural lemmas from convex duality

The first lemma records the KKT identities that later drive the offline-dual construction.

LEMMA 10 (Stage-wise KKT relations). Fix a stage k < K — 1, and let (x*,y*, z*) be the optimizer of
(EC.5a)—~(EC.5e). There exist nonnegative multipliers )\Ek , M§’? 7 1/),5 o and ¢>§’? such that:
(i) complementary slackness holds for the configuration-choice and linking constraints;
(ii) for every user—configuration pair (t,c),
k k k
Z£t7€7jui(5 (')j - ( ) + ¢( )=
jev

(iii) for every triple (t,c,j),

Wi,c,j — Z (ﬁ}\ w‘r 1)fk( T( *ay*)) Ht ,C\J +sz)§kc),j =

T '@TSwt,c,j

The next lemma identifies the preemption rule induced by optimality.

LEMMA 11 (Optimal preemption discards the lowest retained prices first). Fix k < K — 1, and let
(z*,y*, z*) be the stage optimizer. If

k—1 *
e =y, >0,

then

H (a"y) = 1.

Equivalently, whenever some previously retained mass at price level W, is discarded, the retained post-stage

state is already full at that threshold.

COROLLARY 1 (Monotonicity of the price-level state). For every advertiser j, threshold T, and stage
k<K —1, we have:

(i) Distribution monotonicity:

Ay =D gl

/ZT

(ii) Only the smallest retained prices are discarded:
Do —yr) = D (5 — i) e (Hs (7, y7)).
'>T T'>T

The detailed proofs are deferred to Section EC.6. Conceptually, these statements play the same role
as the graph decomposition in Section EC.2: they explain how the state evolves and therefore how the

advertiser-side dual mass should be charged.
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EC.3.6. Dual construction and competitive ratio
Recall the offline dual benchmark (EC.7). Guided by Lemma 10, we construct a fitted dual solution stage by

stage. For stages k < K — 1, set

and define the advertiser-side increment by

ABP =N N (@, — @) fi(HLY)

teUy ceC T Wr Swy e

= a (Y -yl

T€[T]

(EC.8)

At the final stage, Fix = 0, so the stage problem is linear and we use an optimal dual solution of the residual
LP to define the last advertiser-side increment.
The important point is that approximate dual feasibility reduces to exactly the same scalar recursion as in

Section EC.2, but now one threshold at a time.

THEOREM 9 (Competitive ratio for K -stage configuration allocation). Let f1,..., fx be the polyno-
mial family from Proposition 3. Then the stage-wise algorithm defined by (EC.5a)—(EC.5e) is I'(K)-

competitive for K-stage fractional configuration allocation.

Proof.  The full proof is given in Section EC.6. The argument follows the same two-step pattern as before.
First, the KKT multipliers in Lemma 10 yield a dual update for which the stage-wise increment of the fitted
dual objective matches the stage-wise primal reward exactly. Second, Lemma 11 and Corollary 1 reduce
approximate dual feasibility to the scalar recursion from Section EC.2, applied separately at each threshold.
Weak duality for (EC.7) then gives the factor I'( K). O

REMARK 9. This theorem subsumes the preceding adversarial models in a clean way. The reward-indexed
state from Section 3.3 reappears here after discretizing the reward axis into price levels, and the stage-
dependent regularizers from Section EC.2 reappear unchanged. What disappears is the helpful support-graph

decomposition; direct convex duality replaces it.

EC.4. Short extensions and further directions

This section collects nearby models that fit the same convex-programming viewpoint with only modest
changes in state and scaling. The purpose is not to reproduce a full proof for each variant. Rather, the point is
that once the state variable, the regularized one-step objective, and the KKT-based dual update are written

down correctly, the earlier arguments can usually be reused with little additional work.
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EC.4.1. AdWords / online budgeted allocation

The AdWords problem is the canonical budget-allocation analogue of online matching. Advertiser j has
budget B; and submits bid b,; for query ¢. The platform may assign at most one advertiser to each arriving
query, and if (¢, 7) is selected then advertiser j pays b;; and the remaining budget decreases accordingly.

The right state variable is the normalized budget consumption

1
Y= § stjxsj S [0, 1]

J s<t
With this normalization, the arrival-wise regularized program is

by by .
max »  byay — ZBjF(yj + Bt{xtj> sUY <1, g+ éﬂ‘ 2 <1 V. (EC.9)
J J J j

520 J

Geometrically, this is the same object as vertex-weighted matching: the unit-capacity state y; is replaced by
normalized budget load, and the load increment induced by query ¢ is b;;/B; rather than ;. This is exactly
the scaling that appears in the inventory-balancing view of AdWords [6, 32]. The fitted dual construction is
still arrival-by-arrival: after solving the convex program, one fixes the online dual for the arriving query and

increments the advertiser-side dual variables according to the normalized budget consumption.

PROPOSITION 5 (Buchbinder et al. [6], Mehta et al. [32]). With the exponential regularizer, the algo-
rithm defined by (EC.9) is (1 — 1/e)-competitive for fractional online budgeted allocation in the small-bid

regime.

The proof is the same dual-fitting argument as in Section 3.2: the KKT system yields the online dual
update, convexity of F' yields the lower bound on the advertiser-side dual variable, and the telescoping lower
bound is written for normalized budget load. The only substantive change is that all loads are measured
relative to budgets. In short, AdWords does not require a new primal—dual philosophy; it only requires the
correct notion of load.

EXERCISE 1. Derive the KKT conditions for (EC.9) and show that the fitted dual update takes the form
a; = a; and B\j — Ej + xz‘j(btj — a7 ). Verify that the analogue of the primal-gain-equals-dual-gain lemma

from Section 3.2 holds with the same complementary-slackness argument.

EC.4.2. Costly cancellations

In the free-disposal model of Section 3.3, previously allocated mass may be discarded at no cost. In many
applications, however, revoking an allocation incurs a buyback cost. Suppose that disposing of one unit of
allocation at reward level r costs xr for some buyback parameter x > 0. Then the cancellation term in (30) is

scaled by (14 k):

/Ooo(yj(r) —zj(r))rdr — (1+k) /Ooo(yj(r) —x;(r))r dr.
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When k = 0 we recover free disposal. As k increases, the algorithm becomes more reluctant to replace old
allocations with new ones.

The convex-programming template extends directly. The stage program is unchanged except for the factor
(1+ k) in the disposal term, the KKT system yields the same style of threshold condition, and the dual-fitting
proof again reduces to a one-dimensional identity. The effect of the buyback parameter is to decrease the
advertiser-side dual increment and therefore the attainable competitive ratio. Ekbatani et al. [12] show that
the optimal ratio varies continuously with k, interpolating between 1 —1/e at k =0 and 1/2 as k — 0.

EXERCISE 2. Show that with buyback parameter x > 0, the threshold from Lemma 6 becomes G(r) =
(L+r)yr— [ f (Yj(t) (w)) dw. Verify that G remains nondecreasing when f(y) = e, and explain why the
threshold is higher than in the free-disposal case.

EXERCISE 3. Assume f(y) = e¥~!. Show that the slack-capacity case still yields the identity ' =

1— f(y)+ F(y), while the active-capacity case is weakened by the cancellation cost through the smaller

B-increment. Recover the resulting competitive ratio as a function of x; see Ekbatani et al. [12].

EC.4.3. Vertex-weighted v-matching
Suppose offline node j has capacity B; > 1 rather than unit capacity, and each unit of that capacity is worth

w;. The offline LP benchmark is
max Z wjl‘tj

(t.j)eE

s.t. Z ;<1 Yt
ji(t,j)EE (EC.10)

> 2, <B; Vi,

t:(t,j)eE
Lj > 0.

The right state variable is the normalized load

_ 1
vi=go Y wyel01].

J s:(s,j)EE
After this normalization, the fully online regularized program becomes

_ Ty
giag(() Z | WLy — Z Bjw,; F (yj + B]>

JEN(t jev J

st Y wy <1, (EC.11)
)

JEN(t
The factor B; in front of the regularizer is exactly what preserves the geometry of the unit-capacity model:
the penalty is applied to the fraction of capacity consumed rather than to the raw amount of consumed

capacity.
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The same normalization works in the batch-arrival model after replacing F' with the stage-dependent
family F}, and replacing ¥, by the normalized pre-stage load. Every statement from the matching sections

then carries over with y; replaced by y;/B;.

PROPOSITION 6. In fractional vertex-weighted b-matching, the convex-regularization recipe yields the
same optimal competitive ratios as in the unit-capacity case after normalizing loads by B;. In particular, the
exponential regularizer gives the classical (1 — 1/e) guarantee in the fully online model, and the polynomial

family from Section EC.2 gives the factor T'(K) =1— (1 —1/K)X in the K -stage model.

The integral problem can then be handled by rounding. Under standard large-capacity assumptions,

independent rounding of the fractional solution after a slight capacity reduction gives the usual loss of order

O(+/10g Buin/ Bmin), Where B, :=min; B;.

EC.4.4. Choice-based assortment and configuration views

The configuration-allocation model also captures assortment-style decisions. One may think of an arriving
user ¢ as a customer and a feasible configuration ¢ € C, as an offered assortment, ranked menu, or page
layout. The coefficients &, . ; specify how much resource j is consumed when configuration c is chosen,
while w, . ; specifies the associated revenue contribution. Under this interpretation, the stage-wise program
from Section EC.3 is already an online assortment problem with resource constraints.

The modeling advantage is that one does not need a separate theorem for every such variant. Once an
online assortment or whole-page decision can be written as “choose one configuration from a feasible family,”
the same price-level state, the same regularized stage program, and the same KKT-based dual construction
apply. This is one reason the configuration model is a natural endpoint for Part I: many seemingly different
online-allocation problems become different faces of the same convex-programming template.

For representative examples of this broader viewpoint, see Devanur et al. [10] for whole-page optimization

and Aouad and Saban [2] for online assortment optimization on two-sided platforms.

EC.5. Supplementary proofs for batch arrival
For this appendix only, it is convenient to index the stage loads one step earlier than in the main text. For a

fixed run of the algorithm in Section EC.2, write

1 k+1 k k
=0, =M Y el k=1, K),
t:(t,j)EE}
(k)

where z(*) = {xﬁf)} is the optimizer of the stage-k convex program. Thus y;

;" 1s the load on offline node j

before stage k, while yj(.kﬂ) is the load after stage k.
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EC.5.1. Proof of Proposition 3
Proof of Proposition 3. Fix a stage k < K — 1, and write n:= K — k > 1. Then

Jily) = (1 - 1_y>”

Differentiating gives
1 y n—1
(y)=(1-—= >0
fk (y) ( n > - %

so f is increasing on [0, 1]. Since F}(y) = fx(y) and fj, is nonconstant and increasing, F, is differentiable
and strictly convex.

Next, set z = (1 —y)/n € [0, 1]. The elementary bound 1 — z < e~ * yields
)= (1-2)" e —or

which proves the domination by the exponential rule.

For the pointwise convergence, let £k = 1 and write n = K — 1. Then

fily) = (1 - 1_‘”)” vl

n n—00

by the standard limit (1 —a/n)" — e~ “.

Finally, define

o) = (- i) = (1) (1—}(‘}1> -

With the change of variable u = 1 — y, this becomes

g(u):u<1— K“_1>K1, we 0, 1].

g'u)= (1_ Ku— 1>K_2 <1_ KK—u1> ‘

Hence ¢ is maximized at u = (K —1)/K, i.e., at y = 1/ K. Substituting gives

K—1 1\ " 1\"
yrg[%ﬁ](l—y)fl(y):iK (1_K> :(1_K> :

The last display is equivalent to

Differentiating,

N(K)=1- <1 - 11() = min [1—(1-y)fi(y)],

y€(0,1]

which is the required formula. U

The competitive-ratio proof relies on the following one-dimensional recursive inequality.
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LEMMA 12, Fix KeN, ke {l,...,K —1}, and x € [0, 1]. For every nondecreasing sequence
O=ur<us<---<u,<l-uz,

we have

k—1
(1 —2) fr(us + ) Zus+1 s fs(usrr) <1 -T(K).
s=1

Equivalently,

Ead

1-(1—2)fr(up +z)+ 7 (Ust1 — us) fs(us1) >T(K).

s=1

Proof. 'We argue by induction on k.

For k£ =1, the claim reduces to
(1—2)fi(z) <1-T(K),
which is exactly the maximizing identity proved above with y = .

Assume now that the statement holds for k£ — 1, and consider stage k. By the recursive definition of the

polynomials,

Je—1(ux) = max (1 —y)fr(ur +y).

y€[0,1—uy]

Choosing y = x is feasible because u;, <1 — x, hence

(1 =) fr(up + ) < fr—q(ur).

Therefore

E

-1

k—1
(1_1: fk uk—i_l‘ Z us+1 fs uerl) <fk l(uk) (us+1 _us)fs(uSJrl)

1

w
Il

S

-2

= (1_uk+uk—1)fk—1(uk)_ (u5+1—us)fs(us+1).

w
Il

Now apply the induction hypothesis to the shorter sequence

O=u; Sup <+ <wupy

with the choice =’ := uy, — uy_1. Since uy, < 1, we have u;_; <1 — 2/, so the induction hypothesis yields the

desired bound. OJ
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EC.5.2. Proof of Proposition 4
Proof of Proposition 4. Fix a stage k < K — 1, and abbreviate the optimizer of (EC.1) by z = {z,,}.
Introduce Lagrange multipliers A; > 0 for the online row constraints, §; > 0 for the offline capacity con-

straints, and ~;; > 0 for nonnegativity. The KKT system is

w(1= S+ > @) = h—047=0 V(.)€ By, (EC.12)

t:(t,j)EEY

together with complementary slackness:

Ty >0 = 7, =0, (EC.13)

y;k) + Z ;<1 = 60;=0, (EC.14)
t:(t,j)EE

> ay <l = \=0. (EC.15)
J:(t,4)€E

Let G}, be the positive-support graph formed by the edges with z;; > 0. Define

Vio = jEV:y](-k)—i— Z xy =1

t:(t,j)EFRy
and let U}, o be the set of neighbors of V. o inside GG,. Remove these vertices and let (Uy, ¢, Vi), £ =1,..., Ly,

be the connected components of the remaining support subgraph.

Uniformity. If j € Vo, then its post-stage load is one, so

w; (1= fr(y" ™)) = w;(1 - fi(1)) =0.

Set ¢ 0 :=0.

Now fix £ > 1 and two offline vertices j, j' € V), that share an online neighbor ¢ € U, , in the positive-
support graph. Since z;; > 0 and z,;» > 0, we have 7;; = ;;» = 0 by (EC.13). Also, because j, j' ¢ Vj o, both
are unsaturated and (EC.14) gives 0; = 0;; = 0. Applying (EC.12) to (¢,5) and (¢, j') yields

wi (1= fy®)) = A =wy (1 - filyF)).

Since any two vertices in the same connected component can be joined by a path, the quantity above is
constant on V), ,; call the common value ¢y, ;.

Saturation. Fix ¢ >1 and t € Uy, ,. Choose a neighbor j € V. , with z;; > 0. Because j ¢ V; o, we have

y§k+1) < 1, and thus fk(y<k+1)

;) < 1. Hence

At = w; (1 - fk(y('kﬂ))) = ¢k > 0.

J

Complementary slackness (EC.15) therefore implies | ;= 1.

J:(t.J)EE)
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Monotonicity. Suppose there were an edge (¢, j') € Ejy, with t € Uy, , and j' € Vy »». Choose j € V., such
that z;; > 0; then ~,; = 0. Applying (EC.12) to (¢, j) and (¢, j’),

Ck’g—)\t—ej :0, Ci.0/ —)\t—9j1+'ytj/ =0.

Thus
Crot = A+ 9j’ — Vg’ <A< Ck.e

whenever ¢’ > 1, because then §;; = 0. If ¢/ = 0, then ¢, o = 0 anyway. Consequently, whenever ¢, ; < ¢ ¢/,

no edge can join Uy, o to Vy, 4. ]
EC.5.3. Proof of Theorem 8

Proof of Theorem 8. Let 2(*) be the optimizer of the stage-k convex program for each k =1,..., K, and
let (Uy ¢, Vo) and ¢y o be the decomposition from Proposition 4 for every k& < K — 1. Consider the weighted

min Zat—i—ZBj

teu JEV

offline dual

Qg /Bj Z 0.
We construct a feasible scaled dual solution.

For stages k < K — 1, set

o~

Ol 1= Cpy for every t € Uy 4,

and define the stage-wise increment of Ej by
AR = (g —y ) (wy — cre) = w; (yF — ") @) forj € Vi (EC.17)

At the last stage K, the regularizer vanishes, so the stage problem is just the residual maximum-weight
fractional matching problem with capacities 1 — yj(-K). Let (a4 )sevy» (B;) ev be an optimal dual solution of

that residual LP, i.e.,

O_ét_‘_Bijj V(taj)EEKv

and

Z&t—FZ(l—y](»K))Bj: Z wjxg().

teUg JEV (t.J)EEK

Set

ag:=a, (teUg), AB§K) =(1- y§K))Bja

and define Bj = Zk{(zl ABJ(‘IC)‘
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Primal and dual objective increments agree. Fix a stage k < K — 1. Since only edges inside the

support graph contribute, it is enough to compare the primal and dual contributions componentwise.

If =0, then ¢, o = 0, and hence

k k
Dodt p ABN= 3 3wl
teUy, 0 JEVL 0 JEVE ot (t:j)eEk

which is exactly the primal reward collected on that block.

If ¢ > 1, then by saturation from Proposition 4, Zj:( 1) E By ng) =1 for every t € U}, 4. Therefore

Z Qg+ Z Aﬁ(k) U o e + Z () (k)) (wj—Ck,z)

teUy, Vi JEVL N JEVE N4
= > wi (Y =) s | Ul = D @Y =)
JEVg e J€Vk e
_ (k+1) (k)
- Z w; (y] — Y )
JEVk,e

The last equality uses conservation of mass inside the component: every edge carrying positive mass from a

node in U}, , ends in Vj, 4, and every node in U, , is fully matched. Therefore

Z (y](k+1) (k) Z Z ;v U,

JE€VE e teUy, 0 JE€VE ¢

So the displayed quantity is exactly the primal reward collected on that block. At stage K, equality of the
primal and dual objectives follows from the optimality of the residual dual solution (&, 3). Summing over all
stages gives

Y a+Y B =ALG.

teU jeV

Approximate dual feasibility. We show that every edge satisfies
at +Bj 2 F(K) ’LUj.

Fix an edge (¢,7) € Ey with k < K — 1. Suppose t € Uy, , and j € V;, . By monotonicity, ¢ o < ¢x ¢ = Q4.
Hence, using (EC.17),

k k—1
G+ Y AR > e+ AR+ ABY
s=1 s=1

=w; (1= fily,")) oy (o5 = o)) fuly™ +ZAB“)

k—
L (1 g ) ) + 3 — 40 L)

s=1
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Apply Lemma 12 with
x::y§k+1)—y§k), —yj(s) (s=1,...,k),
and note that u;, = y( and uy +x = k“) . This yields
k
G+ ABY >T(K)w

s=1

Since the remaining increments of B\j are nonnegative, the full dual constraint is satisfied.

Now consider an edge (¢,j) € Ex from the last stage. By construction,

G+ AR =a, + (1 -y N3 > (1— ;.

If y(K) 0, then this is already at least I'(/{) w;. Otherwise, let £’ </ K be the last stage with positive incre-
ment on node j, so yJ(K) = yj(k Y. Since fu(y) = (1 - k/)Kik >y for every y € [0, 1] by Bernoulli’s
inequality,

(1= 9wy > (1= fu ) w;.
Therefore

k/
Q+ B> (1 -y w; + Z ABY
s=1

k)l
> (1= frr @ ))w; + ) ABY
s=1

E -1

= w, 1_(1 (k+1 +y )k (k+1 +Z (s+1) _ s) fs( (s+1)

by one more application of Lemma 12. This proves approximate dual feasibility. Weak duality now gives

ALG >T(K)OPT. 0

EC.6. Supplementary proofs for configuration allocation

Throughout this section, write

Aw, i =W, —W,_

and, for each stage k, let

k
HY = H, (2", y™)

7,7

for the cumulative price-level state of advertiser j at threshold w,. We also set H J(OT) =0.
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EC.6.1. Proofs of the structural lemmas
We begin with the offline benchmark. The K-stage fractional configuration-allocation LP is

max E E E Wt,c,jTt,c,j

teU ceC jeV

st Y mye; <1 Vjev,

teU ceC

Y ae<i Vte U,

(EC.18)

ceC
Ttej < Eteje Vt, e, j,

xt,c,jv Zt,c Z 0

min Zat—FZﬁj

teU jev
St Viej T 0i ZWiey Vi,
oy > Z§t7c7j’}/t,c,j Vi, c,
jev
oy, By Vise,; = 0.
For the stage-wise analysis, fix a stage k < K — 1, and let (z*, y*, z2*) be the optimizer of (EC.5a)—(EC.5e).

Its dual is

(EC.19)

Introduce Lagrange multipliers )\, > 0 for the configuration-choice constraints, 6, > 0 for the advertiser-
capacity constraints, ;. ; > 0 for the link constraints, 7; - > 0 for the carry constraints, v, .; > 0 for
nonnegativity of x; . ;, ¢; . > 0 for nonnegativity of 2, ., and ¢; ; > 0 for nonnegativity of y; .

Proof of Lemma 10. The KKT system consists of primal feasibility, dual feasibility, complementary

slackness, and stationarity. The complementary-slackness relations needed later are

A (Z - 1) —0, (EC.20)

ceC
Ptes (T) ;= Erezre) =0, (EC.21)
T (i, =) =0, Lyl =0, (EC.22)
ViejTie; =0,  brezp,=0. (EC.23)

The stationarity relations with respect to z, . and z, . ; are

D ittt — M+ bre =0, (EC.24)
jev
Wies— > Aw filH) =05 — e+ e =0, (EC.25)
T Wr Swy e j
Similarly, stationarity with respect to y; » gives
By — > Aw fil(HE)) =0, — 7).+ 15, =0 (EC.26)

T <T
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It remains to show that 6, = 0 for every advertiser j and stage k¥ < K — 1. Suppose instead that 6; > 0.
Then complementary slackness for the capacity constraint forces advertiser j to be exactly full after stage k.
Choose the smallest price index 7* that appears with positive retained mass after the stage, in the following
sense: either y; . > 0, or there exists some (t, c) with z; . ; > 0 and w; . ; = w,+. By minimality of 7*, every
retained unit of mass for advertiser j has price at least w,«. Since the total retained mass equals one, we must

therefore have H;li)/ =1 for every 7/ < 7*. Because f,(1) =1,

> Awpfi(HY) =" Awy =,

/ST* /ST*

We now distinguish two cases.

If y; .« >0, then ¢; .« = 0 by (EC.22). Plugging the previous display into (EC.26) with 7 = 7* gives

_ § : (k) _
O—'lU.,—* - AwT/fk(ijT,) —0]' — T rx = —9j — T %,
T <7
a contradiction.

If instead ;. = 0, then by definition of 7* there exists some pair (¢, c) with z7 . ; >0 and wy . ; = W,

In that case ¢, . ; = 0 by (EC.23), and (EC.25) yields

0= ﬂ)\r* - Z AwT’fk(H;’k;)/) - 0]' — Mt = _0j — Mt,e,j5

TI<T*
again a contradiction.

Thus 6, = 0 for every advertiser j and every stage k < K — 1. Substituting this fact into (EC.24) and
(EC.25) yields exactly the identities stated in Lemma 10. U

(k—1)

Proof of Lemma 11.  Assume thatn); =" —y7 > 0. Then the carry constraint at (j, 7) is slack, so7; , =0

by complementary slackness. Since we already know that §; = 0, (EC.26) gives

P= Y Aw fil(HE) + 1, =0.

/ST

Hence

> AwfiH)D) > @, = Z

,ST
Because each term fy.(H; (k) /) lies in [0, 1], equality can hold only if fy.(H; ) =1 for every 7/ < 7. The
polynomial f;, is increasing and attains the value one only at the point one. Thus H ;77) =1, asclaimed. [

Proof of Corollary 1. Fix (j, 7). If

Z(W(k 1)_yj7'):07

T'>7
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then no previously retained mass at levels 7,7+ 1,...,7 is discarded, so
(k) _ (k 1)
Hj’T o xt N + yj T = TI .
teU), c€C: wy ¢ j>Wr >r >

This proves part (i), and part (ii) is immediate because both sides are zero.

Otherwise,

> () = yi) >0,

'>T

(k= 1)

Then there exists some 7' > 7 with N —Y;>0.By Lemma 11, H;i)/ = 1. Since cumulative states are

nonincreasing in the threshold, J(kT) > H 7(7]?, =1, and hence
(k) _ (k 1)
H i =1> Z s
IZT
which again proves part (i). In this case f;.(H ](’CT)) = fr(1) =1, so part (ii) follows immediately as well. [

For the last stage we need one additional observation about the optimal LP dual.

LEMMA 183. Fix an optimal extreme-point dual solution of the stage-K linear program. Without loss of

generality, 0; € {@y, ..., W} for every advertiser j. Let 0; = @, +. Then, for every T € [T},
r<rr = i Va, =0, (EC.27)
>t = (@, vg,. EC.28
Mw (W7 = Tjr) =57 (EC.28)

Proof. At stage K, the problem is linear, and the dual constraints involving (j,7) are

0; + 7. >, > 0.

Because the dual objective contains the term nj(-fifl)

;- optimality sets 7, , to its smallest feasible value
whenever T]J(-I:_l) >0.Ifr < 75 that minimum is zero, giving (EC.27). If 7 > 75 that minimum is @, — éj,

giving (EC.28). If n(K Y =0, both displays are trivial. U

EC.6.2. Proof of Theorem 9
Proof of Theorem 9.  For each stage k < K — 1, let (z®), y*) | 2(¥)) be the optimizer of the stage program
and let \%) 1) 1)) »(*) be the multipliers supplied by Lemma 10. For the last stage K, let (), 0, fi, 7) be
an optimal extreme-point dual solution of the residual LP, chosen as in Lemma 13.
We define a candidate dual solution for the offline LP (EC.19) as follows.
* For every user t € Uy, with k < K — 1, set a; := A(k).
* For every triple (¢,¢,j) witht € Uy and k < K — 1, set 3, . ; M,E’?J
* For every advertiser j, define the stage-k advertiser-dual increment

=Y > at, Y Aw M) =Y @ (T —y) (k<K —1). (EC29)

teUy ceC T Wy <wi e T€[T)
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At stage K, set

Qp = Ay, Vtej = Bi,c,j (teUk),

and

ABS) == 3 5V (@, — 7;.0). (EC30)

T€[T]

Finally define Bj = ZkK:l AB}k).
Objective equality for stages k < K — 1. Fix such a stage. By (EC.20) and (EC.24),

D a=) A

teUy teUyg ceC
_ E E E (k) (k)
- gtc,jztcutc,j_ (Z)tc tc
teUy ceC jeV teUy ceC

- Z ZZ tc,]lu’tc,]7

telUy, ceC jev

where the last equality uses (EC.21) and (EC.23). Now apply (EC.25) with §; =0 and wt(kc) Ja:,EkC) ;=0

(k) (k) (k) (k) (k)
xtcgl“tcg xthwtcj_':UtC] Z Awak( )

T Wr <wy .

Summing over all (¢, ¢, j) and then adding (EC.29) gives

YIRS DICLED 35 3 DU pb DAL E

teUy JjEV teUy ceC jeVvV JEV T€[T)

k

m/—\
RN
~—

which is exactly the stage-k contribution to the primal objective.

Objective equality at stage K. The stage-K problem is linear. Its dual objective is
PO DUED DD DL /et
teUg JEV JEV r€[T)

By strong duality, this equals the stage- K’ primal objective, and by (EC.30)
PIEEDILUAEDIREDSULS DD DL AL D DY /S
teUgk JjeV teUg JjeEV JEV T€[T) JEV €T

which is again exactly the stage- K primal contribution. Therefore

> @+ Bj=ALG.

teU JEV
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Nonnegativity of the advertiser dual increments. For k < K — 1, reorder the summation in (EC.29):

B(k) Z A'U)T Z xik(')J fk(HJ(,]Z')) - Z Wr (Ték’f’ Y yj(]z'))

TE[T] teUy, ceC: wy ¢ j>Wr T€[T]
_ (k) (k) (k) (’f ) (k)
-3 dun (1 ) A - X s S )
TE[T] T'>T TE[T] T'>T
By Corollary 1(ii),
k—1 k k—1 k k
Z (?7](',7" )~ yJ(,T)’) = Z (77](‘,‘r’ )~ yj(ﬂ')/)fk(H](,T))
T'>T T'>T

Substituting and simplifying,
AR =7 Aw (H = H57V) fi(H)) > 0,
TE[T]
where the last inequality uses Corollary 1(i). For stage K, dual feasibility implies w, — 7, , < éj, and hence
AK) < 7 (K—1)
AR >0,-0; > nY >0,
T€[T]
Thus every advertiser-dual increment is nonnegative.
Feasibility of the a-constraints. For k < K — 1, (EC.24) gives
A =M"=Y "ot i+ > oA Veed.

JjeV JeV

For stage K, the same inequality is one of the LP dual constraints. So the a-constraints of (EC.19) are
satisfied.
Approximate feasibility for stages k < K — 1. Fix atriple (¢,c,j) with t € Uy, and let 7(t, ¢, j) denote
the price index of w; . ;. Since d)(k) >0, (EC.25) gives
//y\t»cJ lut cg >wtc - Z Awak:(HJ(fi.))
TiWr Swi e j

Combining this with the expression for A B j(-s) derived above,

k k
Teed + O AR > 3T Aw |1 f(HE) Y (HS) - HETY) £HE)|
s=1 s=1

T @ <wp e

For each threshold 7 in the sum, apply Lemma 12 to the nondecreasing sequence
_ 17(0) (1) (k)
0=H;; <H;] <---<H;7

with o = H") — H*~"_ This yields
k

L= fo(H) + Y (H)Y = Hy V) fo(H)) = T(K).
Hence

k
Yot D ABT >T(K) > Aw, =T(K)w;.

s=1 TiWr Swy e j

Since all later increments of /3; are nonnegative, the full approximate constraint holds.
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Approximate feasibility at stage K. Fix a triple (t,c,j) with t € U, and let 71 :=7(¢, ¢, j). Also write

0, = @T; as in Lemma 13. We distinguish two cases.

Case I: 77 < Tj*, e, Wy ; < éj. By Lemma 13,

AR =0, Y Yl

T>T T<T

Split the second sum at 7' and use w, < 6; for 7 <7 < T

AR 28,(1- ) - Xt

>7t r<rt

Since figcj +0; > wy . ; and figc; >0,

ﬁt,c,j+AB§K) Z( Z n(K 1)) fire, +0,) Z n(K Vi,

>t r<rt
z : (K-1) z : (K-1)

77] Wt c,j ’I’] U)T.
>7t r<rt

The right-hand side can be rewritten as
> A (1 HE),
<7t

which equals

> Aw (1 fra(HT))

<7t
because fr_1(z) = .
Case 2: 71 > 77, i.e., wyc; > 0;. Again by Lemma 13,

ﬁ(K) Z n(K 1)9 Z 77(K 1),&3
7T T*

T>T T<T
Now use ; < @, for TF<T < 7t to obtain
AK) K-1)7 K—1) ~
AB 28, A X
>t r<rt
Using again fi; . ; +0; > w, . j,

/jtxcaj —‘I_A/B‘](K) Z ( Z 77‘517(' 1)) lu’t C,j +9 Z 77§I: 1)@7-

>t r<rt

<1 - Z 77(K 1)>wt,c,] Z 77(K 1)@7--

>rt r<rf
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The same telescoping rewrite as in Case 1 shows that the right-hand side equals

> Aw (1 fra(HT).

r<rt

Thus, in both cases,

:y\t70=j+ABJ(‘K)Z Z AwT(l_fK—l(Hj(ffil))).

T7<7(t,c,j)
Adding the earlier advertiser-dual increments and applying the same threshold-by-threshold recursion as

above, we obtain

Ve + B 2 T(K) wye,s.

This proves approximate dual feasibility for every triple (¢, c, j). By weak duality for (EC.19), the constructed
dual satisfies ALG >T'(K) OPT. O



