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Abstract

Previous ad auctions predominantly relied on rule-based
mechanisms, which selected winning advertisements (ads)
at the ad-level and subsequently combined them into page
views (PVs), leading to suboptimal allocations in multi-round
auctions. This limitation stems from the significant compu-
tational burden required to design ranking score rules and
select winning ad sets, as well as the inability to fully cap-
ture contextual information within PVs during ad-level selec-
tion. In this paper, we propose a key-performance-indicator
(KPI) based auction mechanism that selects winning PVs at
the PV-level, modeling the ad allocation as a constrained op-
timization problem. This approach enables us to address both
short-term and long-term KPIs while leveraging the compre-
hensive contextual information available within PVs. Based
on this framework, we design GenAuction, a generative auc-
tion mechanism utilizing a Generator-Evaluator architecture
powered by Transformer algorithms. The Generator swiftly
generates multiple candidate PVs, while the Evaluator selects
the optimal PVs based on contextual information, adhering to
the objectives and KPIs of multi-round auctions. We conduct
extensive experiments using real-world data and online A/B
tests to validate that GenAuction efficiently handles multi-
objective allocation tasks, demonstrating its efficacy and po-
tential for real-world application.

Datasets — https://drive.google.com/drive/folders/
1xHsLdHJRPWXCF2s2kdat7xUnQ6cFIILN?usp=
drive link

Introduction
Online advertising (ad) plays a pivotal role in search plat-
forms, with ad auction constituting a primary source of rev-
enue for platforms. An auction mechanism comprise an al-
location mechanism and a payment mechanism. In Ad auc-
tions, advertisers (bidders) submit bids representing their
valuations for an ad impression (or click, conversion), and
the platform runs the allocation mechanism to display the
winning bidders while charging them based on the pay-
ment mechanism. Traditional research on auction mecha-
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nism primarily focused on designing single-objective auc-
tions. Vickrey, Clarke, and Groves designed the Vickrey-
Clarke-Groves (VCG) mechanism, which aims to maxi-
mize social welfare (SW) (Vickrey 1961; Clarke 1971;
Groves 1973). Subsequently, Myerson designed the Myer-
son auction to maximize the auctioneer’s revenue (Myer-
son 1981). Building upon these foundations, Overture and
Google proposed the Generalized First-Price Auction (GFP)
(Despotakis, Ravi, and Sayedi 2021; Han and Liu 2015) and
Generalized Second-Price Auction (GSP) (Edelman, Ostro-
vsky, and Schwarz 2007; Varian 2007; Chawla and Hartline
2013), respectively, for selling ads and implemented them in
their ad systems.

As ad systems evolved, a single objective became insuf-
ficient to satisfy the needs of platforms, advertisers, and
users, as their key performance indicators (KPIs) often con-
flict. For instance, a revenue-maximizing mechanism might
compromise user experience by displaying numerous high-
bid but low-quality ads. Consequently, research shifted to-
wards multi-objective auctions (Lahaie and Pennock 2007;
Thompson and Leyton-Brown 2013), aiming to optimize a
combination of multiple KPIs (e.g., SW, revenue, conver-
sion volume) (Geyik et al. 2016; Bachrach et al. 2014).
Multi-objective auctions often employ rule-based mecha-
nisms, which pre-design an aggregation function. This func-
tion serves to integrate the scores across various dimensions
of a bidder, resulting in a rank score. By designing aggre-
gation functions, various multi-objective auctions can be
achieved, such as simultaneously maximizing SW and rev-
enue (Zhang et al. 2021; Liu et al. 2021) or balancing short-
term and long-term revenue (e.g., user retention) (Zhang
et al. 2019; Lahaie et al. 2018; Deng et al. 2020; Deng and
Lahaie 2019). Once rank scores are determined, mechanisms
like GSP can be employed to maximize the sum of rank
scores. Designing an aggregation function that caters to plat-
form’s objectives poses a significant challenge and is a focal
point of related research. In multi-slot scenarios, rule-based
mechanisms necessitate computing rank scores for all bid-
ders and selecting an optimal combination of bidders, lead-
ing to complex computations. Moreover, rule-based mecha-
nisms are static, using fixed aggregation function across all
auctions (Liu et al. 2021; Zhang et al. 2021). However, with
billions of rounds occurring daily in ad systems, applying
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the same rule with unchanged aggregation function results
in suboptimal solutions for multi-round auctions.

To obtain the optimal allocation of multi-round auctions,
we proposes a novel approach distinct from rule-based
mechanisms, termed KPI-based mechanisms. Specifically,
we model the multi-objective allocation problem as a con-
strained optimization problem, with the primary KPI (ob-
jective) serving as the objective function and other KPIs as
constraints. KPI-based mechanisms incorporate the KPIs of
various stakeholders in the advertising system directly as
constraints, whereas rule-based mechanisms necessitate an
intermediary step where an aggregation function is devised
based on these KPIs, followed by the computation of rank
scores for all bidders. Consequently, KPI-based mechanisms
is a more straightforward approach. Furthermore, KPI-based
mechanisms can address both short-term (single-round) and
long-term (multi-round) KPIs, thereby mitigating the subop-
timal performance issues encountered by rule-based mecha-
nisms in the context of multi-round auctions.

In a page view (PV), multiple ads are typically dis-
played. A prevalent assumption in existing research is that
ads are mutually independent, implying that their click-
through rates (CTRs) and conversion rates (CVRs) are in-
dependent, disregarding any inter-ad effects (Bachrach et al.
2014; Huang et al. 2021). However, this assumption con-
trasts with the realities of ad systems, where users instanta-
neously assess the quality of ads in a PV, thereby influencing
CTRs (Gatti, Lazaric, and Trovò 2012; Gomes, Immorlica,
and Markakis 2009; Hummel and McAfee 2014). While re-
cent studies have begun to account for inter-ad influences,
most of them have focused solely on the interactions within
a given ad set (Liu et al. 2021; Wang et al. 2022; Goel et al.
2023). Nevertheless, in a PV-level, variations in the com-
position and even the arrangement of ads can alter user en-
gagement, necessitating the integration of contextual infor-
mation into CTR estimation. Only a handful of studies have
considered the contextual interplay within a PV, yet these
efforts remain inadequate, primarily capturing the influence
of preceding ads on subsequent ones while neglecting the
reverse effect (Fotakis, Krysta, and Telelis 2011; Dupret and
Piwowarski 2008; Farina and Gatti 2016; Kempe and Mah-
dian 2008), thus rendering the contextual influence incom-
plete. The inherent complexity of rule-based mechanisms,
particularly in selecting ad combination, escalates signifi-
cantly when contextual factors are introduced. While deep
learning techniques have been used in mechanism design,
substantially reducing computational load (Dütting et al.
2019; Feng, Narasimhan, and Parkes 2018; Rahme, Jelassi,
and Weinberg 2020; Shen, Tang, and Zuo 2018), no existing
work concurrently addresses PV-level information.

In this paper, we devise a Transformer-based generative
auction mechanism, GenAuction, which not only handle
short-term and long-term KPIs but also incorporates com-
plete contextual information in PV-level, achieving optimal
allocation for multi-round auctions. Specifically, GenAuc-
tion’s allocation mechanism comprises two primary mod-
ules: Generator and Evaluator. The Generator generates mul-
tiple candidate PVs, while the Evaluator selects the optimal
PV based on contextual information, adhering to the objec-

tives and constraints across multiple rounds. Notably, the op-
timal PV is chosen to maximize performance across multi-
ple rounds, rather than merely optimizing for single round.
Furthermore, to ensure GenAuction satisfies Incentive Com-
patibility (IC), we employ the VCG payment mechanism.

Our contributions can be summarized as follows:
KPI-based mechanism Design. We formulate the al-

location problem as an constrained optimization problem
and first propose a KPI-based mechanism. This approach
circumvents the rank score calculation procedures in rule-
based mechanisms and directly aligns with the KPIs of all
stakeholders within the ad system.

Complete Contextual Information. To avoid the issue
of incomplete contextual information being considered dur-
ing ad-level selection, we directly select PVs at the PV-level.
This approach enables us to evaluate the comprehensive con-
textual information encapsulated within each PV.

Generative Auction Mechanism. Employing a
generator-evaluator architecture and grounded in the
VCG payment mechanism, we introduce GenAuction,
a novel generative auction mechanism. GenAuction is
a KPI-based mechanism where the Generator produces
multiple candidate PVs, while the Evaluator selects the
optimal PV, guided by contextual information and adhering
to objectives and constraints across multiple rounds.

Rigorous Experimental Evaluation. We conducted ex-
tensive experiments using real-world data, complemented by
rigorous online A/B testing, to demonstrate that GenAuction
can efficiently achieve multi-objective allocation.

Further Related Work
The Generator-Evaluator architecture is a computationally
efficient framework that has emerged in recent years in
the context of recommendation system (RS) (Ren et al.
2024; Feng et al. 2021; Lin et al. 2024; Shi et al. 2023;
Xi et al. 2021). However, unlike RS, ad systems necessi-
tate the consideration of bidders’ strategic behaviors, ren-
dering the direct application of recommendation algorithms
insufficient to satisfy the game-theoretic properties crucial in
auction mechanisms, such as IC and Individual Rationality
(IR). Similar to our approach, EdgeNet utilizes Transform-
ers to devise its allocation mechanism (Shen et al. 2023).
Nevertheless, EdgeNet is unable to handle long-term KPIs
and fails to use complete contextual information. Similar
to DeepGSP (Zhang et al. 2021), DNA (Liu et al. 2021),
and NMA (Liao et al. 2022), GenAuction adopts a payment
mechanism based on GSP. Nevertheless, DeepGSP, DNA,
and NMA are rule-based mechanisms, primarily focusing
on single-round auctions. GenAuction is a KPI-based mech-
anism for multi-round auctions. By doing so, it effectively
addresses more complex short-term and long-term KPIs, en-
abling better allocation outcomes.

Online Ad System
In the realm of ad systems, we consider a setting where
N bidders participate in a T -round auction. When a user
searches a query in t, there are K bidders occupying K ad
slots in a PV. In round t, the CTR and CVR of bidder n in
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slot k are denoted as αntk and βntk, respectively. γnt denote
the relevance of ad n to PV t. In this paper, we delve into the
OCPC (Optimized Cost per Click) pricing model, a preva-
lent pricing model within multi-round auction frameworks.
In OCPC pricing model, bidder n submits a bid bn, claim-
ing that bn represents the value vn of a conversion. Upon
receiving the bid profile b = (b1, · · · , bN ) from all bid-
ders, the platform runs the auction mechanismM(x,p) in
each round, yielding an allocation outcome x and a payment
outcome p. If bidder n wins the impression and then being
clicked, she pays pnt to the platform. The utility of bidder n
across all T rounds is un =

∑
t,k (vnxntkαntkβntk − pnt),

where xntk is an indicator variable for whether bidder n is
displayed at slot k in round t.

In this paper, we delve into the realm of multi-objective
mechanism design, where the primary objective of the plat-
form is to maximize SW, defined as the aggregate values
across all bidders, while taking into account both user expe-
rience and advertiser business requirements. Specifically, to
ensure user experience, the ads displayed must maintain a
certain level of relevance to the current PV and refrain from
an excessive number of ads. Consequently, the platform im-
poses three KPIs pertaining to user experience: Γt, Xt, and
X . Here, Γt governs the relevance threshold for ads within
each PV, Xt restricts the number of ads per PV, and X im-
poses a cap on the total number of ads across all PVs. Fur-
thermore, the platform should also consider the advertisers’s
business demands that, albeit prevalent in real-world adver-
tising systems, have been overlooked in pertinent research.
Notably, some advertisers may refrain from their ads appear-
ing alongside certain others due to potential brand image
damage. For instance, advertisers promoting luxury prod-
ucts may avoid being placed alongside those selling low-cost
items, as this could undermine their respective brand per-
ceptions. Additionally, ads espousing conflicting political or
religious viewpoints must never be displayed together. To
our knowledge, our work is the first to consider such busi-
ness demands. We denote the set of bidders incompatible
with bidder n as Nn. If bidder n can coexist with any other
bidder, then Nn = ∅. Moreover, advertisers aim to avoid ad
redundancy within the same PV, as users click at most one ad
per PV, rendering repeated exposures futile for advertisers.
Moreover, the slot is indivisible, i.e., a slot is either occupied
by an ad or remains empty. Consequently, the platform con-
fronts the optimization problem Allo when allocating ads.

max
∑
n,t,k

bnxntkαntkβntk (Allo)

s.t.
∑
n,k

γntxntk ≥ Γt, ∀t (1)

∑
n,k

xntk ≤ Xt, ∀t (2)

∑
n,t,k

xntk ≤ X (3)

xntk ·
∑

i∈[Nn],k

(xntk + xitk) ≤ 1, ∀n, t (4)

∑
k

xntk ≤ 1, ∀n, t (5)

xntk ∈ {0, 1}, ∀n, t, k. (6)

In auctionM(x,p), bidders strategically submit bids bn
with the objective of maximizing their individual utilities,
implying that bn does not necessarily equate to vn. Untruth-
ful bidding undermines the stability of the auction. To en-
courage advertisers to bid truthfully, the auction mechanism
implemented by the platform ought to satisfy the property of
Incentive Compatibility (IC).

Definition 1 (Incentive Compatibility) An auction mecha-
nism satisfies the property of Incentive Compatibility (IC)
iff the best strategy for each bidder is truthful bidding, i.e.,
bn = vn, ∀n.

To ensure that the mechanism satisfies IC, we have de-
vised an auction mechanism named GenAution, building
upon the foundation of the VCG mechanism.

Definition 2 (GenAution) The GenAution mechanism com-
prises an allocation mechanism x and a payment mecha-
nism p, defined as follows:

Allocation Mechanism x: The allocation is determined by
the optimal solution of problem Allo.

Payment Mechanism p: For each bidder n, the payment
pn is calculated as the difference between the total value
accruing to all other bidders in the optimal allocation when
bidder n is present, and the total value accruing to all other
bidders in the optimal allocation when bidder n is absent.

pnt =max
x

(
∑
i̸=n,k

vixitkαitkβitk)

−max
x−n

(
∑
i̸=n,k

vix
−n
itkαitkβitk),

(7)

where x indicates that bidder n is present, and x−n indi-
cates that bidder n is absent.

It is noteworthy that while we employ the VCG payment
mechanism within GenAution, alternative payment schemes
could also be utilized to ensure IC, contingent upon the na-
ture of the bidders. For instance, in scenarios where adver-
tisers are value-maximizers, the first-price payment mecha-
nism could potentially be adopted within GenAution. How-
ever, the focus of this paper is not on the payment mecha-
nism itself but rather on efficiency allocation.

Methodology
In this section, we present the overall structure and detailed
design of GenAuction. As illustrated in Figure 1, GenAuc-
tion consists of three primary components: the Generator,
which is to create a set of candidate PVs, the Evaluator,
which assesses the candidate PVs to select a winning PV,
and a VCG Payment module.

The Generator begins by receiving the feature of Ads and
user information as input, mapping them into embeddings.
These embeddings are then processed by the transformer-
based encoder, which integrates information from selected
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Figure 1: The overall structure of GenAuction, including the Generator responsible for producing candidate PVs and the Eval-
uator used for assessing candidate PVs and selecting the optimal one.

ads and generates embeddings for subsequent ads based on
the previously generated ad sequences. This process is ca-
pable of capturing representation of ads. Ads that fail to
meet the predefined constraints are subsequently filtered out
through a masking strategy. The final set of candidate PVs is
produced by the beam search module.

Following the Generator, the Evaluator takes the gener-
ated candidate PVs as input, re-embeds these PVs, and ap-
plies the attention and final optimization modules to identify
the winning PV, which is then displayed to the user. Addi-
tionally, the payment module calculates and charges the win-
ning ads in the PV shown to the user. Next, we will provide
a detailed description of each module.

Structure of the Generator
In each round t ∈ T , the Generator is composed of XT

cascading PV-Generators, ultimately generating M candi-
date PVs, which are then passed to the Evaluator. Each PV-
Generator primarily consists of two components: a Selector,
which chooses M ads from the set of candidate ads, and a
Concator, which concatenates these M ads into candidate
PVs.

Selector To start with, the first PV-Generator adopts a
parameter-sharing embedding layer for all the candidate ads
and user information. As shown in Figure 1, we use embed-
ding layers to extract the embeddings from raw sparse fea-
tures and then concatenate dense features with the embed-
dings to form dg-dimensional feature vector zn ∈ Rdg for
the n-th ad and zu ∈ Rdg for the user’s information. Then
we stack the features of all candidate ads into the feature
matrix ZA ∈ RN×dg .

Afterward, the first PV-Generator utilize a self-attention
unit (Vaswani 2017) to model the interaction among candi-
date ads:

HA = SelfAtt
(

QA,KA,VA
)
= softmax

(
QA(KA)⊤√

dg

)
VA,

where QA, KA, VA represent query, key, and value, respec-
tively. Here query, key, and value are transformed linearly

from feature information of all candidate ads:

QA = ZAWQ,KA = ZAWK ,VA = ZAWV .

For a multi-head version of self-attetion unit, the input is
linearly projected into QA, KA and VA with h times using
individual linear projections to small dimensions (e.g. d′g =
dg

h ). Finally, the output of self-attention (SA) is

SA = [head1, · · · , headh]WO,

headi = SelfAtt(Qi,Ki,Vi).
(8)

Afterward, we utilize a multi-layer perceptron to generate
the allocation probabilities (WPA) of all ads.

WPA = softmax(FC(MLP(HAWin)))Wout, (9)

where Win and Wout represent the weight matrices for lin-
ear projection.

Then the Transformer layer passes the winning probabil-
ity matrix WPA to the Masking layer, which is responsible
for filtering out ads that violate two pre-determined criteria.
The first principle is that ads that have already appeared in
the candidate list PVm cannot be added to PVm again (for-
mula (5)). The other principle is a few of constraints in the
industrial ad system, such as diversity constraints, ad qual-
ity constraints, etc (formula (4)). Upon passing through the
Masking layer, the allocation probability of ads that violate
the constraints will be set to zero. Notably, as the initial Se-
lector, the output corresponds to the first ad in the candidate
PV. In this case, the constraints do not apply, and the Mask-
ing layer does not modify the allocation probability.

Finally, the first Selector can output M optimal ads,
Ad11, · · · , Ad1M , as the input of the Concator. Let Ad1 =
(Ad11, · · · , Ad1M ) represent the set of ads generated by the
Selector of PV-Generator-1.

Concator The first Concator takes Ad1 as input and
concatenates these ads onto the M empty PVs in a hi-
erarchical manner, thereby generating M candidate PVs,
PV 1

1 , · · · , PV 1
M . Let PV 1 = (PV 1

1 , · · · , PV 1
M ) represent

the set of candidate PVs generated by PV-Generator-1.
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Next, the input to PV-Generator-x includes the input to
PV-Generator-1, with x ∈ XT . However, within the Trans-
former layer of the Selector, the feature embeddings of
PV x−1 are incorporated. The Selector then outputs M op-
timal ads, denoted as Adx = (Adx1 , · · · , AdxM ). The Con-
cator takes Adx as input and concatenates these ads onto
PV x−1 in a hierarchical manner, generating M2 candidate
PVs. Afterward, the Concator utilize beam search module
to select M PVs, PV x

1 , · · · , PV x
M , as the output of the

PV-Generator-x. Let PV x = (PV x
1 , · · · , PV x

M ) represent
the set of candidate PVs generated by the Selector of PV-
Generator-x.

Loss Function We use the Lagrangian method to solve the
constrained training problem Allo:

Lg = −
∑
n,t,k

[bnxntkαntkβntk + λi

∑
i

(fi (xntk)− thri)]

where fi(xntk) is the i-th performance metric, and λi is a
Lagrangian multiplier with thri serving as the correspond-
ing threshold.

Structure of the Evaluator
In round t, after receiving M candidate PVs from the Gener-
ator, the Evaluator assesses these PVs and computes the re-
wards for the winning PV. Unlike the Selector in the Gener-
ator, which selects the winning ads at the ad level, the Eval-
uator performs evaluations at the PV level. Intuitively, since
PVs are filled incrementally in the Generator, the ads placed
below will take the information of the ads above into con-
sideration. However, once Adx is concatenated to PV x−1 in
the Concator, Adx can exert an influence on the ads above
it. Furthermore, if all Xt ad slots within a PV are filled
with ads, the contextual information throughout the entire
PV may change. The Evaluator evaluates the candidate PVs
based on the contextual information within the entire PV and
then selects the optimal PV t.

In each round t ∈ T , For each candidate PV PV Xt
m ∈

PV Xt , containing Xt ads, the embedding layers of the Eval-
uator will map the PV level features into embeddings. Then
the contextual aware CTR model will re-evaluate and up-
dates the CTR information of these ads in candidate PV
PV Xt

m . We adopt the position-aware context aggregation
(Hou et al. 2023) as the core technique of the contextual
aware CTR model. Notably, in order to model the display
context for the k-th in each PV, we use the attention mech-
anism to capture the absolute position and relative position
of the k-th ad. With the utilization of contextual aware CTR
model, we are capable of enhancing the representation abil-
ity of the Evaluator, thereby leading to better performance.

The attention layers of the Evaluator is similar to these of
the Generator. We initialize an embedding vector for the k-
th ad in the candidate PV as zk ∈ Rde . The feature matrix
of the candidate PV PV Xt

m is represented as ZM ∈ RXt×de .
Then we apply projection to the feature matrix:

QM = ZMWQ
e ,KM = ZMWK

e ,VM = ZMWV
e .

Afterward, we apply the transformation in Eq. (8) to QM,
KM, VM to obtain the output representation. Finally, we ap-
ply Eq. (9) to generate the winning probability WPm for

each PV and screen out the optimal one PV t. Similar to
the generator, the loss function is also a Lagrangian version
of the constrained optimization problem Allo:

Le = −
∑
t

[max
n,k

∑
n,k

(bnxntkαntkβntk+

λi

∑
i

(fi(xntk)− thri))]

VCG Payment
Upon determining the optimal PV PV t, the subsequent task
is to calculate the payments for winning ads within PV t.
GenAuction adopts VCG mechanism (in Eq. 7) for this goal,
uitlizing its capability of ensuring IC and maximizing SW.

Training Procedure
We model our problem as a constrained optimization prob-
lem. Although we can integrate the constraints into the ob-
jective function using the Lagrangian method, in industrial
practice, the process of optimizing the loss function may
lead to some constraints being violated, which could af-
fect the efficiency of the platform or harm the user expe-
rience. This phenomenon is similar to reinforcement learn-
ing, where, after taking certain actions, the agent receives
positive or negative feedback and needs to dynamically ad-
just her actions to maximize the reward. Similarly, the plat-
form needs to ensure that the performance is optimized
while obeying certain constraints. With this connection, we
model the multi-round optimal PV selection problem as a
Constrained Markov Decision Process (CMDP) and solve
it through a model-free method, Deep Deterministic Policy
Gradient (DDPG). Now we introduce the core elements:

State Space S . A state s ∈ S contains the information
of ads. Specifically, the following information are essential
to represent state: 1) continuous features, such as bid, tCPA,
CTR and CVR. 2) discrete information, like the account id,
trade id, title, etc. Specifically, for the n-th ad, sn equals to
zn, which is defined in methodology.

Action Space A. Formally, we denote

am =


x11 · · · x1Xt

...
. . .

... ,
xN1 · · · xNXt

by decision whether to select the n-th ad to form the candi-
date PV PV Xt

m , where

xnk =

{
1, the n-th ad displayed at slot k
0, otherwise

Afterward, the action a ∈ A is defined as a =
(a1, · · · , aM ), representing the decision matrix for PV Xt .

Transition Function T . Concretely, T : S × A × S →
R represent the transition from state st to state st+1 after
adopting action a ∈ A.

Reward Function R. Specifically, S × A → R. The re-
ward r ∈ R contains multiple metrics, e.g., social welfare,
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query landing page relevance, show ratio. Formally,

rt =
∑
n,k

{bntxntkαntkβntk−∑
i

max [0, |λifi (xntk)− thri|]},

where fi(xntk) is the i-th performance metric, and λi is a
Lagrangian multiplier with thri serving as the correspond-
ing threshold.

Discount Factor γ. The factor γ determines how much
the agent cares about rewards in the future.

Then we define the allocation policy ϕ(a|s) : S → A
mapping from state space to action space. With the alloca-
tion policy, we can directly form a Q-function Qϕ(s, a) to
obtain reward on taking action a at state s:

Qϕ(st, at) =

E(st′ ,at′ )∼ϕ[r(st, at) +
∞∑

t′=t+1

γ(t′−t) · r(st′ , at′)]

Our goal is to optimize the policy ϕ(a|s), with which the
agents can maximize their cumulative reward:

max
ϕ
J (ϕ) = Est∼ρϕ

t (·),at∼π(·|st)[Q
ϕ(st, at)],

where ρϕt (·) represents the discounted state distribution un-
der the policy ϕ. The whole training algorithm process is
presented in Algorithm 1.

Experiments
In this section, we conduct both offline and online experi-
ments using real-world datasets to evaluate the performance
of GenAuction in multi-objective allocation tasks.

Experimental Settings
Dataset The dataset we use for experiments comes from
Baidu, a prominent search engine in China. We randomly
sample 500 advertisers’ participation in 5.5 million auc-
tion rounds from a 30-day online log. This comprehensive
dataset is then partitioned into a training set and a test set at
a ratio of 9:1 to ensure the rigor and validity of our experi-
ments. For each auction round, our dataset contains a com-
prehensive suite of information, encompassing the times-
tamp of the query, user-specific details pertinent to the query
(such as user features and search keywords), and advertiser-
related attributes (including bid amounts, pCTRs pCVRs,
advertisement content, and sets of mutually exclusive ads).

Additionally, the dataset incorporates various constraints
reflecting real-world business demands. These constraints
can be grouped into three categories: the first pertains to
style restrictions for individual ads, the second to exposure
constraints within a PV, and the third to exposure limitations
across different PVs.

To facilitate a direct comparison with the optimization
problem Allo, we setup our experiments with a fixed num-
ber of advertisers N = 500, engaging in a total of T =
5 × 106 auction rounds. For each round t, we imposed a

Algorithm 1: Transformer-based DDPG

1 Initialize a M + 1 dimensional random process P;
2 Initialize replay memory D with capacity C;
3 Initialize actor ϕθ with weight θ and critic Qζ with

weight ζ;
4 while not convergence do
5 for t = 1 to T do
6 Set cnt = 0;
7 while be able to add new ad do
8 Observe state scntt ;
9 Take action acntt and get reward rcntt ;

10 end
11 Store (s0t , a

0
t , r

0
t , s

1
t , a

1
t , r

1
t , s

2
t , a

2
t , r

2
t ) in D;

12 Sample a random batch of S samples from D;
13 Update critic network Qζ by minimizing the

loss L =
1

T |S|
∑|S|∑T

t (Qϕ(st, at)− y(st, at, d))
2,

where y (st, at, d) =

recpm
t + γ(1− d)Qtarg

ζ

(
st+1, ϕ

targ
θ (st+1)

)
;

14 Update actor network ϕθ by policy gradient
∇θJ =

1
T |S|

∑|S|∑T
t ∇θϕ(s

k)∇aQ
ϕ(sk, a)|a=ϕ(sk);

15 Update target network parameters θtarg ←
ρθtarg + (1− ρ)θ, ϕtarg ← ρϕtarg + (1− ρ)ϕ

16 end
17 end

limit of slots for display up to Xt = 3 ads and a maximum
of X = 2T ads being displayed across all T PVs. Further-
more, we introduced a tunable threshold Γt to quantify the
relevance of ads to individual PVs.

Baselines In our experimental setup, we utilize four auc-
tion mechanisms prevalent in industrial ad systems as the
baselines for comprehensive evaluation and comparison.

• uGSP. Utility-based Generalized Second Price Auction
is an extensive version of traditional GSP, adopting the
rank score rntk as a linear combination of bid and other
metrics: rntk(bn) = ω1bnαntkβntk + ontk, where ontk
is the weighted score of other metrics, such as user expe-
rience: ontk = ω2γnt. The payment of the n-th bidder is
pnt = xntk · r−1

n,t,k+1(b
k+1), where rn,t,k+1 is the rank

score of the advertiser in slot k + 1, and bk+1 is the bid
of the advertiser in slot k + 1. Notably, uGSP is capable
of selecting ads in greedy manner within single PV.

• VCG. VCG is the mechanism aiming to maximize SW
(Vickrey 1961; Clarke 1971; Groves 1973). The payment
of VCG is the same with GenAuction.

• tVCG. The VCG mechanism necessitates the enumera-
tion of all permutations of bidders, followed by the selec-
tion of the PV that maximizes the SW. However, this ap-
proach becomes computationally prohibitive as the num-
ber of bidders grows. To mitigate this issue, the truncated
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Figure 2: The relationship between cumulative SW and other performance metrics under different mechanisms.

VCG (tVCG) mechanism initially filters the set of bid-
ders by selecting those with high bids, effectively reduc-
ing the pool of candidates. Subsequently, VCG is applied
solely to this reduced set of high-bidding bidders.

• EdgeNet. EdgeNet employs a Transformer-based algo-
rithm to sequentially select ads for constructing PVs
(Shen et al. 2023).

Evaluation Metrics To verify GenAuction’s superiority
over baselines, we adopt several metrics for evaluations:
• Social Welfare. SW =

∑
n,t,k bnxntkαntkβntk.

• PV Relevance. We denote γ−
t as the upper bound on the

total quantity of ads for which the relevance metric γnt is
negative, indicating a lack of correlation between ads and
the PV. Conversely, γ+

t represents the upper limit on the
aggregate number of ads whose γnt is positive, signifying
a positive correlation between ads and the PV.

• Show Ratio (SR). We denote SR =
∑

n,t,k xntk∑
t Xt

by the
show ratio of displayed ads across (at most) K slots
within T rounds.

• Ad Show Ratio (ASR). We define 1t as the indicator of
whether the PV containing ad or not in round t. Hence,
ASR =

∑
t 1t

T .

Offline Evaluations
We compare GenAuction with other baselines through of-
fline experiments. For ease of presentation, we only com-
pare two performance metrics simultaneously in the form
of SW + λ · C, where C is a performance metric selected
from {γ+

t , γ−
t , SR,ASR}. We plot the curve of the SW as it

changes with other performance metrics for different mech-
anisms, as shown in Fig. 2, where the range of λ variation is
marked on the x-axis of each subplot. We begin by selecting
a set of metrics {γ+

t , γ−
t , SR,ASR}, conducting the exper-

iment under the tVCG mechanism, and obtaining the corre-
sponding SW for this set of metrics. Subsequently, we run
the experiment using other mechanisms to obtain their re-
spective SW values, which are then normalized by dividing
by the SW value from the tVCG mechanism to yield a rel-
ative SW index. Finally, we adjust metrics and observe the
variations in the calibrated SW. Notably, each offline exper-
iment is repeated 5 times over different random seeds.

Metric Social Welfare

Improved Ratio +8.1%

Table 1: The result of online A/B test.

We have found that the curves of GenAuction are above
the curves of uGSP, tVCG and EdgeNet, while just below
these of VCG, which is the optimal solution to our problem.
However, due to the vast scale of candidate ads in the in-
dustry, using VCG to compute the scores of all potential ad
pages formed by combinations of candidate ads and select-
ing the optimal ad page not only consumes significant com-
putational resources but also leads to high latency, which can
negatively impact user experience. Therefore, VCG can only
serve as a theoretical optimal solution. In real-world scenar-
ios, our GenAuction is more practical and valuable for use.

Online A/B test
We present the online experiments by deploying the pro-
posed GenAuction on Baidu through online A/B test. For
each PV, the platform returns an ordered list with up to three
ads at the top. We choose tVCG as our baseline, a rule-based
method, which balance the efficiency and performance. In
detail, we calculate hundreds candidate PVs’ social wel-
fare under tVCG. To evaluate the performance of tVCG and
GenAuction, we conduct online A/B tests using 10% of pro-
duction traffic over a span of 30 consecutive days.

We mainly focus on the performance of social welfare in
the experiments. The results in online A/B tests are shown
in Table 1. From the results, we can find that GenAuction
achieves obvious promotion for social welfare while these
constraints maintaining obeyed compared with tVCG.

Conclusion
In this paper, we propose a KPI-based auction mechanism
for ad allocation at the PV-level. To this end, we design a
generative auction mechanism, GenAuction, which incorpo-
rates a Generator-Evaluator structure based on Transformer.
Through extensive evaluations with real-world data, we val-
idate that GenAuction can efficiently handle multi-objective
allocation tasks, demonstrating its effectiveness and suitabil-
ity for addressing complex advertising scenarios.
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