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Abstract

Currently, e-commerce platforms integrate ads and organic
content into a mixed list for users. While platforms seek
to maximize profit from advertisers, organic items enhance
user experience. To ensure long-term development, platforms
aim to design mechanisms that optimize both revenue and
user satisfaction. Current methods rank ads and organic items
separately before integrating them. Even if each part is lo-
cally optimal, the combined result may not be globally op-
timal. In this paper, we come up with the Joint INTEgrated
Regret Network (JINTER Net). Unlike traditional methods,
which pre-order ads and organic items separately, JINTER
Net directly selects from the combined set of candidate ads
and organic items to generate an optimal list. This approach
aims to optimally balance platform revenue and user experi-
ence while satisfying approximate dominant strategy incen-
tive compatibility and individual rationality. We validate the
effectiveness of JINTER Net using both synthetic data and
real dataset, and our experimental results show that it signifi-
cantly outperforms baseline models across multiple metrics.

Introduction

Over the past two decades, online advertising has become
the primary revenue stream for many internet platforms,
reaching a staggering global value of $225 billion by 2023.
Currently, most advertisements are allocated through auc-
tion systems known as sponsored search auctions. When a
user performs a search or query, platforms conduct these
auctions among relevant advertisers and display the winning
ads on the search results page. With billions of searches oc-
curring daily due to the rapid growth of the internet, these
platforms generate substantial revenue.

In addition to advertisements, search result pages also fea-
ture organic items, which are allocated by the recommen-
dation system. Unlike auction systems that focus on maxi-
mizing immediate revenue, recommendation systems aim to
enhance user experience, thereby supporting the platform’s
long-term profitability. Consequently, from the platform’s
perspective, it is crucial to optimize the placement of both
ads and organic items on search result pages to balance these
two often conflicting objectives.
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Traditionally, platforms allocate a fixed number of top
slots for advertisements. The auction system and recommen-
dation system then independently select items from their re-
spective candidate sets to fill these slots. While both systems
can operate optimally within their domains using established
techniques, the overall display on the search result page may
not be globally optimal. Recently, advanced machine learn-
ing methods have offered new perspectives on integrating
ads and organic items. Some Internet companies have begun
incorporating auction-winning ads into the recommendation
system’s candidate set, using reinforcement learning to gen-
erate a complete search result page. This approach addresses
the challenge of determining the optimal number of fixed ad
slots. However, these methods still fall short of providing an
integrated treatment of both ad and organic candidate sets
and lack robust theoretical support.

inFrom the perspective of mechanism design, this prob-
lem presents unique challenges that make conventional
mechanisms potentially inadequate. Unlike classic auction
settings where goods are predetermined, ads and organic
items compete for slots, and only ads submit bids. This
means we cannot pre-determine which subset of slots will be
occupied by bidders. Furthermore, when integrating ads and
organic items into a single list, designing an optimal mech-
anism requires incorporating Myerson’s auction framework
while accounting for the externalities introduced by organic
items. This complexity makes the calculation of advertisers’
payments highly intricate.

Despite these theoretical challenges, recent advancements
in machine learning have introduced the concept of au-
tomated mechanism design. This approach transforms the
mechanism design problem into a learning problem, using
neural network architectures to determine allocation and
payment rules. However, current neural network architec-
tures are not yet equipped to handle the complexities of
this problem effectively. Thus, finding an optimal method to
blend ads with organic items in a way that balances revenue
and user experience remains a significant and meaningful
challenge for both academia and industry.

Main Contributions

To address the research problem outlined, this paper exam-
ines a scenario where multiple advertisers and organic items
compete for various heterogeneous slots, each with differ-



ent click-through rates. Since the blending display of ads
and organic items are common on e-commerce platforms,
we use the concept of “merchandise volume” to represent
the user experience associated with each item, while gross
merchandise volume (GMV) measures the total user expe-
rience. Merchandise volume encompasses various aspects
such as purchase tendency and the decision-making process
based on price and product quality. E-commerce platforms
often use GMV to gauge their market presence. Our objec-
tive is to design an optimal integrated ad auction that bal-
ances revenue and GMV while ensuring some key proper-
ties in the field of auction theory, such as dominant strat-
egy incentive compatibility (DSIC) and individual rational-
ity (IR). However, many conventional and commonly-used
mechanisms may not be suitable for this challenge. To over-
come these challenges, we introduce the Joint INTEgrated
Regret Network (JINTER Net), a neural network architec-
ture specifically designed to generate the optimal mecha-
nisms. We evaluate JINTER Net through extensive exper-
iments on both synthetic data and real dataset, demonstrat-
ing its superior performance compared to established bench-
marks. Our key contributions are as follows.

JINTER Net For the integrated ad auction design prob-
lem, in this work, we generate the optimal integrated auction
by JINTER Net, a neural network architecture. The gener-
ated auction satisfies the approximate DSIC and IR, and op-
timally balances revenue and user experience. The distinct
features of JINTER Net specially designed for this problem,
can be summarized as:

* Joint relationship graph between bids and volumes.
Since advertisements contribute to both revenue and
GMYV, whereas organic items contribute only to GMV,
JINTER Net addresses this by incorporating a joint rela-
tionship graph of bids and volumes as input. This graph
is crucial throughout all stages of JINTER Net, as it de-
termines the contribution of each item.

Allocation probability matrix based on bids and vol-
umes. Based on the relationship graph, an item can be
viewed as a bundle consisting of a bid node' and a vol-
ume node. JINTER Net calculates the allocation proba-
bilities for these bundles, which are equivalent to the al-
location probabilities for individual items. This approach
addresses the challenge of reconciling the dimensions of
contributions from ads and organic items.

Payment rule with externality. Determining payments
for each advertiser is complex, particularly when consid-
ering the externalities of organic items. To address this,
JINTER Net introduces a parameter that scales each ad-
vertiser’s total expected value based on the allocation
probability matrix (derived from the bundle’s allocation
probability) and defines this scaled value as the payment.
This parameter is optimized during training while ensur-
ing IR for all advertisers. Since the allocation probability
matrix is derived from the bids and volumes, this pay-
ment rule naturally incorporates externalities.

'If the item is an organic item, there exists a dummy node link-
ing its volume node.
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Related Works

With the prevalence of the Internet, ad auctions have become
a highly regarded research direction in the field of mecha-
nism design. Classic mechanisms, such as Generalized First
Price (GFP) and Generalized Second Price (GSP), have been
widely applied in internet ad systems due to their computa-
tional simplicity (Edelman, Ostrovsky, and Schwarz 2007,
Varian 2007; Han and Liu 2015; Despotakis, Ravi, and
Sayedi 2021). Our work mainly focuses on the intersection
of ad systems and recommendation systems in online plat-
forms, specifically in optimally integrating ads and organic
items into a list to present to users. A series of studies have
modeled this problem as a Markov decision process, using
reinforcement learning to generate the optimal list (Wang
et al. 2019; Zhao et al. 2020, 2021, Liao et al. 2022b). Ad-
ditionally, there has been a few of work investigating inte-
grated ad auction design in theory. Li et al. (2023) propose
a truthful optimal mechanism to balance platform’s revenue
and the user experience. Li et al. (2024) focuses on the set-
ting that each candidate item can be displayed in ad or or-
ganic and design two mechanisms to solve the problem.

Meanwhile, with the continuous development of machine
learning, automated mechanism design (AMD) has gained
widespread attention, aiming to design the approximately
optimal auction mechanisms. The key approach in AMD
is to parameterize the auction and optimize it automatically
through machine learning. One technical route is to param-
eterize the VCG mechanism (Vickrey 1961; Clarke 1971;
Groves 1973), such as virtual valuations combinatorial auc-
tions, affine maximizer auctions (Likhodedov and Sandholm
2004; Likhodedov, Sandholm et al. 2005; Sandholm and
Likhodedov 2015) and Lottery AMA (Curry, Sandholm, and
Dickerson 2023). The technical route we adopt is based on
RegretNet (Diitting et al. 2019), which transforms the DSIC
condition into a quantifiable regret, and then designs allo-
cation and payment networks to maximize revenue while
satisfying approximate DSIC and IR. Based on RegretNet,
a few of works have explored other scenarios, integrating
budget (Feng, Narasimhan, and Parkes 2018), incorporating
fairness (Kuo et al. 2020), focusing on human preferences
(Peri et al. 2021). Moreover, some works have modified the
structure of RegretNet, such as applying transformer in con-
textual auctions (Duan et al. 2022) and attention mechanism
in the optimal auction design (Ivanov et al. 2022). Besides,
certain works employ data-driven methods to design the op-
timal auction (Liu et al. 2021; Liao et al. 2022a).

However, the methods described are suitable only for bid-
ders and cannot handle candidates with ads and organic
items. Specifically, these architectures do not account for the
externalities of organic items. In contrast, JINTER Net over-
comes this limitation and generates an optimal integrated ad
mechanism while ensuring approximate DSIC and IR.

Model and Preliminaries

In this section, we formally introduce our model. We be-
gin by defining the basic concepts of integrated ad auctions.
Then we transform our problem into a learning problem, en-
abling the implementation of automated mechanism design.



Integrated Ad Auction

In this paper, we focus on a search result page in modern
e-commerce platforms, where advertisements and organic
items are mixed for display to users. We consider a page
with K € N, heterogeneous display slots. For each slot
ke [K]={1,2,---,K},let 8 represent the click-through
rate (CTR) of that slot>. Without loss of generality, assume
that 81 > By > --- > Pr > 0, reflecting the heterogeneity
of the slots. There are m candidate advertisers and n candi-
date organic items competing for these K ad slots. We use
[m] ={1,2,--- ,m}and [n] = {1,2,--- ,n} to denote the
sets of advertisers and organic items, respectively.

We focus on the pay-per-click model, where the advertiser
only pay when her ad is clicked by a user. For each advertiser
i € [m], let v; denote her private value per click, represent-
ing the amount she is willing to pay for an additional click.
This value is independently (and possibly non-identically)
drawn from a publicly known distribution F;. Define b; as
the bid of advertiser ¢, which depends on her value v;. Let
b = {b1,bo, - ,b,,} and v = {v1,v9, -+ ,v,,} represent
the bid profile and value profile of all advertisers, respec-
tively. Similarly, b_; and v_; represent the bid profile and
value profile of all advertisers except for .

To account for user experience, we use a metric called
“merchandise volume” to reflect the user experience of an
item. For each advertiser ¢ € [m] and organic item j € [n],
let g; and g; represent the expected merchandise volume
per click, respectively. We denote the volume profile by
g =991, y9m,gm+1," " s Gm+n}» Which includes both
advertisers and organic items. Unlike bids, which are pri-
vate, volumes are public information for the platform. While
volume is one way to represent user experience, it can be
substituted with other related metrics without impacting the
integrated mechanisms.

An integrated ad auction, denoted by M = (x,p), con-
sists of an allocation rule x(b, g) = {z;(b, g) }iemun and a
payment rule p(b, g) = {p;(b, g) }:ic . Specifically, the al-
location rule, {z;(b,g)} = >,k Zir(b, g) Bk, represents
the expected CTR for each item ¢, where z;;(b, g) € {0,1}
is an indicator function denoting whether item ¢ is allocated
to slot k. The payment rule {p;(b,g)}icns specifies the
amount that the advertiser ¢ will pay when her ad is clicked.

Since each slot can be allocated to only one item and each
item can occupy just one slot, the allocation rule z;(b, g)
must satisfy the following feasibility constraints:

Z zip(b,g) <1, Vi€ [m]UIn],
ke[K]
Z xik(b7g) = 17 Vk € [K]7
i€[m]U[n]

zix(b,g) € {0,1}, Vi € [m]U[nl,k € [K].

Note that we use separable CTR for clarity in introducing our
model. Alternatively, there is the inseparable CTR, where [3;; de-
notes the CTR when item ¢ is assigned to slot £ and may not sat-
isfy monotonicity. Importantly, the results and methods presented
in this paper can also be adapted to inseparable CTR with minor
modifications.
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With the definition of an integrated ad auction established,
we can define the utility of an advertiser as the difference
between the value derived from the allocated slot and the
payment made, i.e.,

zi(b,g) — pi(b, ).

In our model, we focus on two key economic properties:
dominant strategy incentive compatibility (DSIC) and indi-
vidual rationality (IR). DSIC ensures that truthfully bidding
is the optimal strategy for participants, while IR guarantees
that each bidder’s utility is non-negative. The precise defini-
tions of these concepts are as follows:

ui(ba g) =V -

Definition 1 (Dominant Strategy Incentive Compatibility)
An integrated auction is dominant strategy incentive com-
patible, if for any advertiser, her utility is maximized by
truthfully telling. Formally, for any advertiser i € [m)], any
b_; and any misreporting bid b, it holds that

u; (v, b, 8) > u; (b, b_;, g).

Definition 2 (Individual Rationality) An integrated auc-
tion is ex-post individually rational if for any advertiser, she
always can receive a nonzero utility when participating, i.e.,

From the platform’s perspective, we focus on two opti-
mization metrics: revenue and gross merchandise volume
(GMV). For an integrated mechanism M = (x, p) that sat-
isfies DSIC and IR, the expected revenue and GMV of the
platform are:

Rev(v,g) == Eyor| Z pi(v,8)]
i€[m]

Z gi - xi(v g)]

JU[n]

i€[m

where F' = X ¢y, F; is the joint distribution over all adver-
tisers’ values.

We aim to optimize a blend of revenue and GMV while
ensuring DSIC and IR. We introduce a hyperparameter o >
0 to balance revenue and GMV, and formulate our problem
as a constrained optimization problem:

szVg Z gi - szg)

1€[m] 1€[m]U[n]
DSIC, IR, Feasibility.

max E,op
(x,p)

S.t.

Integrated Ad Auction Design as a Learning
Problem

We formulate our problem as a learning problem and intro-
duce the concept of ex-post regret. Ex-post regret is defined
as the maximum increase in utility that an advertiser ¢ could
achieve by misreporting her bid, while keeping the bidding
profiles of all other advertisers fixed:

i)

rgt;(v) = max [u;(v; (v, v_;)) — u;(vi; V)]
vl EF;
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Figure 1: A schematic diagram of JINTER Net, including the input layer, the allocation network and the payment network,

where m ads, n organic items and K slots serve as input.

According to the definition of regret, an integrated ad auc-
tion is DSIC if and only if

Evr| Z rgt;(v)] = 0.
i€[m]

Then we can rewrite the problem of designing the optimal
integrated ad auction as a constrained optimization:

minM — Evor Z pi(v,8) +a Z gi - vi(v,8)
(x.p)€ ic[m] i€[m]Uln]
rgt;(v)] =0,

s.t. B[ Z
i€[m]

where M is the set of all integrated auction mechanisms that
satisfy IR and feasibility. Due to the complexity of the con-
straints, solving this optimization problem is generally in-
tractable (Conitzer and Sandholm 2002). To address this, we
parameterize the auction mechanism as MY = (z%, pY),
where w € R represents the parameters of the neural net-
work, and d is the dimension of parameters w. Our goal is to
compute the mechanism M™ that maximizes the objective

Eyv~r [Zie[m] pi’(v.g) +« Zie[m]u[m] gi - (v, g)}’
while ensuring DSIC and IR, by optimizing parameters w.
Given a sample set £, consisting of L value profiles drawn
from the joint distribution F', the empirical ex-post regret of
advertiser 7 under the mechanism M™ (z%, p%) is:

L

.

¢
(0, (@)

— 1
rgt(w) = — 3 maxul (o (vf, v

L = viEF;

) —ul (v v ).
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Note that g is fixed in advance and does not require sam-
pling, so we usually ignore g in 2" and p", when there is no
ambiguity. We can then formulate our constrained optimiza-
tion problem as a learning problem:

L

|2

=1 |i€[m]

s.t. T/g\tz(w) = 07

. 1
mm - —
weRIw L

w
7

VN +a D g (v

i€[m]U[n]
Vie M

Additionally, we ensure that IR is met through our network
architecture, which we will introduce in the following sec-
tion.

JINTER Net

In this section, we present the Joint INTEgrated Regret
Network (JINTER Net) architecture, outlining it in two main
parts: the network structure and the training process.

Overall Structure

The JINTER Net consists of two primary components: an
allocation network that determines the allocation probabili-
ties for ads and organic items, and a payment network that
calculates the payments for ads. Figure 1 illustrates the de-
tailed structure of JINTER Net, and the following parts will
describe its core components.

Input and Output of JINTER Net Given that each ad-
vertiser ¢ has both a bid and a volume, while an organic item
j is evaluated solely by its volume, we assume that organic
item j is capable of bidding with a bid set to zero but does



not engage in any strategic behavior and payment. In other
words, organic item j will not misreport its bid. Based on
this assumption, the input layer of the JINTER Net consists
of gk, ei and 1;;, defined as:

qik = gi - Br, Vi € [m]U[n], Vk € [K],
eik:waBI“ VZG[m],VkG[K},
€k = 0, Vi e [n], Vk € [K]

Specifically, g;; and e;;, denote the expected volume and bid
for ad (or organic item) ¢ in slot k, respectively. The term
1;; represents the relationship between the bid and volume
of all ads and organic items. Since each ad 7 (or organic item
7) has a unique bid and volume profile that do not overlap
with others, the joint relationship can only be formed by a
bid and volume within the same ad or organic item. Thus,
{15 }4,5€[m)upn) forms a diagonal matrix used as input.

The JINTER Net generates two key outputs: allocation
results and corresponding payments for ads. Allocation net-
work produces an allocation probability matrix x for all ads
and organic items. Each element z;; in x represents the
probability that ad (or organic item) ¢ is allocated to slot k.
Payment network provides a payment vector p1 x ., for all ad
items. Each element p; € p denotes the payment required
from the advertiser 7, when her ad is clicked.

Allocation Network The allocation network processes the
bidding and volume profiles as inputs, combining them into
m + n bundles based on the joint relationship of ads and
organic items. It then passes these bundles through a fully
connected neural network, producing two matrices, C and
R. The matrices C and R each have K + 1 columns. The
additional column represents a dummy neuron, accounting
for the possibility that an item might not be assigned to any
slot. The dummy neuron’s output indicates the probability
that the item remains unassigned.

To ensure feasibility, we apply row-wise softmax on R
to obtain R’, which satisfies the constraint that each slot is
assigned to only one item. We then apply column-wise soft-
max on C to obtain C’, which ensures that each item is al-
located to at most one slot. The final allocation matrix x is
computed as the element-wise minimum of R’ and C'.

Although x is generated for m + n bundles, due to the
joint relationship being confined within the same ad or or-
ganic item, it can be equivalently interpreted as the alloca-
tion probability matrix for the items. The rigorous formula
for the allocation matrix x is as follows:

i = min{ri,, .}, Vi€ [m]U[n], k€ [K + 1],

elik eCik

o ro_
where 7}, = 0 and ¢, e Serve

. Zte[m]u[n]. K B Zte[K+1 R
as the row-wise normalization of r;; and column-wise nor-

malization of ¢;j.

Payment Network After obtaining the final allocation
probability matrix x from the allocation network, we propa-
gate it to the payment network to calculate the payment vec-
tor for the ads. The payments in p are calculated as follows:

K
pi=pi Y ewtin, Vi€ [m],
k=1
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where p; € [0, 1] is a normalization factor computed us-
ing a sigmoid function. This payment rule ensures that the
utility of each advertiser, u; = > kelk) €ikTik — Di» is non-
negative, thus satisfying the IR condition.

Training Procedure

In the training process of JINTER Net, we use the aug-
mented Lagrangian method to convert the original con-
strained optimization problem into an unconstrained prob-
lem within the w parameter space of the neural network. The
augmented Lagrangian function is defined as follows:

m+n

L m
1 w w
Colw; ) == 5> 1D (v ) +a Y gy (v1?)
(=1 |i=1 j=1

m

=1

m

£ (rgti(w))”,

i=1

where A € R" represents the Lagrangian multipliers and
p > 0 is the penalty weight factor on quadratic term.

We summarize the training procedure for JINTER Net
as follows. We begin by dividing the dataset £ into mini-
batches of size B. Over T iterations, each round processes
a randomly selected minibatch £;, which is denoted by
Ly = {vW ... vB)} During each training round, we
first compute the optimal misreport values. Notably, since
organic items do not engage in strategic behavior, optimal
misreports are calculated only for ad items. In the ¢-th it-
eration, we initialize a set of misreport values for ad items
randomly and then optimize these values using gradient as-
cent method. The updating procedure is as follows:

)

We then update the Lagrange multipliers and model param-
eters alternately:

{

where {p; }+[7] and 7 are given parameters. During the pro-

1(2) 1(0)
U, = ; .
i i ! :v;(f)

+ 7V {Ufj (Uz@);

AFL = A+ pergt (wi)
wttl «— wt — NVuwCp, (W', A")

Vi € [m]

cess of updating )\, we calculate the empirical regret 7:gvtl
based on the ¢-th round minibatch £;.

Given X', the gradient of the loss function with respect to
parameters w, is given by

VuC, (w;/\t)

Lo~ | w (o0
Sp (2 Vel (+)

m+n

+a Z 9 Vi (V(Z))
j=1
m—+n

Z 7:\9}1 (w)hf,i] )
=1

B
2
=1

where

> Ahgi+p
=1

hi

max u;’
vieV;

=V, { (vz@; (v;,v(_‘?

)) - ur (o250 )].



Method A:2x3x2 B:3x2x2
SW Rev GMV Rev+aGMV SW Rev GMV Rev+aGMV
GSP and Fixed Positions 0.466 0.232 0.625 0.858 045 0.301 0.458 0.760
IAS 0.356 0.300 0.671 0.971 0.476 0.380 0475 0.855
JINTER Net 0426 0.351 0.657 1.008" 0.425 0.328 0.611 0.939f

Table 1: The notation m x n x K represents a setting where m advertisers and n organic items compete for K slots. In the
metric Rev+aGMYV, the hyperparameter « is set to 1 across different settings. For the GSP and Fixed Positions mechanisms,
the first slot is reserved for advertisements. The regret of mechanism generated by the JINTER Net is less than 0.001. The best
performance is highlighted in bold. “{” indicates a statistically significant improvement in a paired ¢-test at p < 0.05 level.

Experiments

In this section, we conduct a series of experiments to vali-
date the superiority of JINTER Net in integrated ad system.
Our experiments were run on a Linux server equipped with
NVIDIA Graphics Processing Unit (GPU) cores.

Experimental Settings

Baseline Methods We compare the JINTER Net with the
following two representative auction mechanisms that can
apply to the integrated ad system:

¢ GSP (Varian 2007) with Fixed Positions, a commonly-
used method in reality, is executed in two steps. First,
the number and positions of ad slots are predetermined.
In the initial phase, the order of organic items is estab-
lished based on their volumes. In the second phase, ads
are ranked through a GSP auction; the winning ads are
then placed into the predefined slots and charged accord-
ing to the next highest bid.

* IAS (Li et al. 2023), a Myerson-based mechanism, ranks
ads and organic items using a ranking score of ¢;(v;) +
ag;, where ¢;(v;) = v;—(1—F;(v;))/ fi(v;) is the virtual
value. Payments are determined according to the Myer-
son payment rule (Myerson 1981).

Evaluation Metrics To assess the performance of JIN-
TER Net and other baselines, we evaluate the empirical

social welfare: SW = 1 25:1 > ielm) vf’x@“(v“)), the the
empirical revenue: Rev = %25:1 > icm] pw(v®), the

empirical GMV: GMV = 1 S Y icpmlupm 9i (v9)
and the empirical combination of revenue and
GMV with the hyperparameter a: Rev + aGMV =

% 25:1 [Zie[m] PP (v9) +a Zie[m]u[n] gz’ (vO)].

Synthetic Data

For the synthetic data, we generate a training sample of
640,000 value profiles and a testing sample of 25,600 pro-
files. Both the training and testing sets use a minibatch size
of 128. During the training of JINTER Net, we update w?
for each minibatch using the Adam optimizer with a learn-
ing rate of 0.001. For testing JINTER Net, we initiate 100
misreports and perform gradient ascent method on them for
2,000 iterations to obtain 100 empirical regrets.

We conduct several experiments across JINTER Net and
baseline methods in the following settings:

(A) 2 ads, 3 organic items and 2 slots with CTR 8 = (0.7,
0.3). The value of each ad is independently drawn from
U10, 1]. The volumes of these 2 ads and 3 organic items
are [0.6, 0.5] and [0.8, 0.7, 0.6], respectively.

(B) 3 ads, 2 organic items and 2 slots with CTRs 5 = (0.6,
0.4). The value of each ad is independently drawn from
UJ0, 1]. The volumes of these 3 ads and 2 organic items
are [0.6, 0.5, 0.4] and [0.7, 0.6], respectively.

The results under Settings (A) and (B) are summarized
in Table 1. Notably, the integrated mechanism generated
by JINTER Net consistently achieves a significantly higher
value for the Rev+aGMV metric compared to other mech-
anisms, while maintaining a regret lower than 0.001. This
highlights that the JINTER Net architecture performs effec-
tively on blending ads and organic items.

To further validate the superiority of JINTER Net, we
conduct experiments across various settings. These include
different value distributions, different hyperparameter «-
values, different numbers of slots, and different ratios of can-
didate ads to organic items. The results for the first two ex-
periments are presented in the main body of the paper, while
the results for the latter two are provided in the appendix.
Below are the detailed experimental setups.

Different Value Distributions To demonstrate the gener-
alization capability of JINTER Net across various value dis-
tributions, we select Setting (B) and perform three sets of
experiments with different distributions. Each experiment is
repeated five times. We sample the value profiles from three
distinct distributions: a uniform distribution U[0, 1]; a nor-
mal distribution N (0.5,1) truncated to the [0, 1] interval,
and a lognormal distribution LN (0.2, 1.69) also truncated
to the [0, 1] interval.

The experimental results presented in Table 2 show that
JINTER Net consistently achieves the highest Rev+aGMV
across three different value distributions. This performance
significantly surpasses that of the other two mechanisms,
demonstrating the stability and robustness of JINTER Net
in handling various value distributions.

Hyper-parameter Analysis To assess the impact of the
hyperparameter o on the experimental outcomes, we adjust
a within the interval [0.5, 2.0] based on Setting (A). We then
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Method Uniform Normal Lognormal
Rev+ Rev+ Rev+
SW Rev GMV U0 SW  Rev GMV ool SW  Rev GMV oo
ngoz?goilsxed 0450 0302 0455 0757 0377 0305 0523 0828 0296 0201 0532 0733
IAS 0476 0381 0474 0855 0306 0273 0645 0919 0324 0216 0.659 0.876
JINTER Net 0411 0322 0.614 0.936" 0272 0.197 0.728 09257 0393 0301 0619 0.920

Table 2: The results of experiments for different value distributions. The setting is 3 ads and 2 organic items with 2 slots. The
regret of mechanism generated by the JINTER Net is less than 0.001. The best performance is highlighted in bold. “t” indicates
a statistically significant improvement in a paired ¢-test at p < 0.05 level.

plot the Pareto-curves for various mechanisms, with the re-
sults illustrated in Figure 2.

Performance of Different Mechanisms with a €[0.5, 2.0]
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Figure 2: The Pareto curves of JINTER Net and other base-
line mechanisms.

From Figure 2, it is evident that the JINTER Net curve is
positioned in the upper right compared to the other curves.
This indicates that, across a wide range of « values, the
mechanism generated by JINTER Net effectively balances
revenue and GMYV, resulting in a more desirable blended list
compared to the baseline methods.

Avito Dataset

The Avito public dataset, sourced from the platform avito.ru,
includes user search logs over a period of 26 days, cover-
ing more than 4.2 million users and 36 million items across
over 112 million page views (PVs). For our experiments, we
partition the dataset as follows: 17-day records serve as the
training set; 3-day records are used for validation; and 3-day
records are reserved for testing.

The dataset does not include complete records for all
items and slots in every PV. Specifically, only items in slots
1, 2, 6, 7 and 8 are recorded. Furthermore, in some PVs,
only the CTR for slots 1 and 7 is available, while in others,
only the CTR for slot 1 is recorded. To conduct our experi-
ments with the Avito dataset, we pre-process dataset as fol-
lows. Denote CTR,. by the CTR of the r-th slot. We focus
on the CTR for the 1st, 2nd, and 7th slots. For PVs where
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the CTRs for slots 1 and 7 are available, we estimate the
CTR for slot 2 using the formula: CTRy; = N(0.4CTR; +
0.5CTR7,0.1CTR;). For PVs where only the CTR for slot
1 is recorded, we simulate the CTR for slot 7 using a normal
distribution N(0.4CTRy,0.1CTR;) and estimate the CTR
for slot 2 as CTRy = 0.4CTR; + 0.5CTRy. In each sample,
we specify the 1st and 2nd items as ads and the remaining
three items as organic. Consequently, there are 5 items com-
peting for 3 slots within the Avito dataset.

Rev+
Method SW Rev GMV aGMV
GSP and
Fixed Positions 0.377 0.252 0.621 0.873
IAS 0.392 0.308 0.608 00916
JINTER Net 0.375 0.287 0.641 0.948"

Table 3: The results of experiments for Avito dataset. The
best performance is highlighted in bold. The regret of mech-
anism generated by the JINTER Net is less than 0.001. Sym-
bol “” indicates a statistically significant improvement in a
paired ¢-test at p < 0.05 level.

We present the experimental results on the test set of the
Avito dataset in Table 3. Compared to the two baseline meth-
ods, JINTER Net achieves a significantly higher value for
Rev+aGMYV, with paired ¢-tests at the p < 0.05 level. Addi-
tionally, the mechanism generated by JINTER Net demon-
strates approximate DSIC, with a regret of less than 0.001.
These results imply the effectiveness of JINTER Net in real-
world auction scenarios.

Conclusion

In this paper, we focus on the integrated ad auction, where
multiple advertisers and organic items compete for limited
slots. To design an optimal mechanism that ensures DSIC
and IR, we present JINTER Net, a neural network archi-
tecture specifically developed to generate such integrated ad
auctions. Our extensive experiments demonstrate the superi-
ority of JINTER Net compared to existing baselines. Future
research could explore applying additional techniques from
automated mechanism design to integrated ad auctions or
investigate other promising avenues in this domain.
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