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Background Contribution

In recent years, a novel auction scenario
known as “joint advertisement” emerge on
online advertising platforms such as

Platform Supplier(Participants in the ad auction)
Bundle Bid=$a Bid=S$b
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(a) Traditional advertising (b) Joint advertising

* Existing mechanisms for joint advertising
fail to realize the optimality, as they tend to
focus on individual advertisers and overlook performance.
bundle structures.

Optimal Joint Auction Design in General Case
RegretNet-Like Method(JRegNet):

min —E, [ Yicrus pi(v; w)]

First, we 1dentify the optimal
mechanism for single-slot
joint advertisement.
Facebook. Additionally, we propose a
novel neural network
architecture and introduce a
| new incentive compatibility
- e N constraint method for multi-
: =l slot joint advertisements.
Our approach not only
improves platform revenue
but also ensures approximate
incentive compatibility and
individual rationality .
Extensive experiments
demonstrate that our method * Optimal Joint Auction:
achieves state-of-the-art
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Figure 1. A diagram of BundleNet, including the Graph Feature Fusion, Allocation
Network and Payment Network, where N ads and M slots are input.
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Settings

Yece X6(v) < 1,,.

max U,
M=(xp)

, Am)-

S.t. ui(vi, Ui) > ui(vi; 17:) ;vvi; vzk € Vi:
ui(vi, Ul') = 0,Vv;e V;

Retailer advertisers set R and Supplier advertisers set S: RN S = @.
njointad : E = (eq, €y, ...,e,), E € RXS. Bipartite Graph G = (R, S, E)
The click-through rates for m ad slots : 4 = (44, 1,, ...
b;: the bid of advertiseri,i € RU S.
v; ~ F;: the private value of advertiser i, i € R U S.
b & v the bid profile and private value profile of all advertisers.
Joint ad auction mechanism M = (X, p):
Allocation Rule: x¢(v) = x£ (v) = x$(v),Ve = (1,s) €EE.
Payment Rule: p€(v) = ps(v) + pS(v), Ve = (r,s) EE.
xi(v) = ZeEEi x¢(),p;i(v) = ZeEEipie(v)» VieERUS.

The utility of advertiser i: u;(v;, v{) = Ey_y_ [v; - x; (], v_) AT — p;(vi, v_)).
DSIC : u;(v;, v;) = u;(vy, v;) , Vv, v €V;
IR: u;(v;,v;) = 0,Vv;€ V.

Revenue: Uy = Epoy[Yeeep® (V)]

Optimal Joint Auction Design with Single Slot
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Theorem: For the single-slot joint advertisement with regular bidders, A
deterministic joint auction mechanism M 1is optimal if and only 1f for all i €

RUS,

(1) Step Function: xiM (v;,v_;) =

(ii) Critical Value: p (v;, v_;)

1 vy >0 (voy)
otherwise
v (vo) vi> U (v

0

0

otherwise

where the critical value 7; (v_;) 1s defined as follows:

* For r € R, the critical value 7, (v_,) is:

By (v_y) = inf{b,|c® (by, vgm) = vo AT (by, vem) = c®(vy, v5), V& € E_,}

* For s € §, the critical value U5 (v_;) 1s defined similarly:

s (v_g) = inf{bs|cey(vrSM, bs) > vy /\ceéw(vry, bs) > c®(vp,v5),VE € E_ )

Our Method:

min —E, y[Yecgp®(v; w)]
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Algorithm 1 BundleNet Training

Input: Minibatches B, ..., Br of size C
Parameters: Vi, p: >0,y >0,n>0,T'e N, K €N
Initialize: w° € R%, \° € R™
fort =0to7T" do

Receive B; = {G,...,GP)}

Initialize v, € V,,v.” € V.,V € [B],r € R,s € S
forr=0toI' do
for / =1to Bdo
Ve e [Cl,i€ RUS :

vl o 4 Vo ful (07 (vh, v, o

end for
end for
Comlpute Lagrangian gradient and update w*
T w' = nVul,, (v, p)
if ¢ is a multiple of H then
pbtt — ut + ptrgte(wt+1),‘v’e cFE
else
At+1 — At
end if
end for

Experiment
Single slot:

Multi-slots:

Table 1: The experimental results compare BundleNet, JRegNet, Revised VCG, and the Optimal Mechanism as the number
of bundles increases under different settings in the single-slot scenario with CTR A = (1). The notations U, Uz, Uy, Us
represent cases where the number of bundles is 2, 3, 4 and 5, respectively, under the uniform distribution U(0,1). Similarly,

Alg. Setting Alg. Setting
U, Us Uy Us E; E3 E, Es Usxs Usxs U7xs Ugxs Ugxs Uioxs Ujixs Ui2xs
Ours Ours
BundleNet 0.5286 0.6681 0.7805 0.8802 0.4248 0.5460 0.6354 0.7215 BundleNet 1.4982 1.7162 1.9233 2.0890 2.2210 2.4047 2.5649 2.6495
IC Violation 0.0006 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 IC Violation <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
IC Baselines IC Baselines
RVCG 0.3811 0.6003 0.7455 0.8607 0.2820 0.4649 0.5927 0.7041 RVCG 0.8420 1.2854 1.6142 1.8831 2.0991 2.2800 2.4564 2.5868
Optimal 0.5247 0.6705 0.7826 0.8819 0.4249 0.5479 0.6470 0.7376
Baseline with IC Baseline with IC
Violation Violation
JRegNet 0.5622 0.7287 0.7791 0.7882 0.4727 0.5892 0.6306 0.6943 JRegNet 1.4972 1.6849 1.8244 1.9350 1.9804 1.9622 1.9763 1.9973
IC Violation 0.0005 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 IC Violation <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

E,, E3, E4, E5 correspond to scenarios with 2, 3, 4 and 5 bundles under the truncated exponential distribution E(2). In this
table, we use bold to indicate the method among BundleNet, JRegNet, and RVCG that is closest to the optimal mechanism,
rather than the one with the highest revenue.
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Table 2: The experimental results of BundleNet, JRegNet, RVCG as the number of bundles increases under different settings
in the multi-slots scenario. Similar to those of Table 1, the notation Usys, ... , Uj2x5 represent the settings where the number
of bundles varies from 5 to 12, while letting the CTRs of these 5 slots as (1, 0.8, 0.6, 0.4, 0.2).

Alg. Setting
BundleNet JRegNet LNsys  LNgxs  LN7xs  LNgxs  LNoxs  LNjgoxs  LN1ixs  LNppxs
) Ours
BundleNet 2.6560 3.0093 3.4346 3.7031 3.9952 4.2366 4.4618 4.6038
IC Violation <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
IC Baselines
RVCG 1.4365 2.1764 2.7130 3.1579 3.5104 3.8332 4.1019 4.3449
Baseline with IC
Violation
JRegNet 2.6020 2.9237 3.1845 3.4139 3.441 3.2535 3.2747 3.3848
IC Violation <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Table 3: The experimental results of BundleNet, JRegNet, RVCG as the number of bundles increases under different
settings in the multi-slots scenario. Similar to those of Table 2, the notation LNsys, ... , LN;,«5 represent the settings where

(0,1),while letting the CTRs of these 5 slots as (1, 0.8, 0.6, 0.4, 0.2).

the number of bundles varies from 5 to 12, under the truncated lognormal distribution LN (0.1,1.44) over the interval




