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ABSTRACT

Mobile livestreaming ads are becoming a popular approach for
brand promotion and product marketing. However, a large number
of advertisers fail to achieve their desired advertising performance
due to the lack of ad exposure guarantee in the dynamic advertising
environment. In this work, we propose a bidding-based ad delivery
algorithm for mobile livestreaming ads that can provide advertisers
with bidding strategies for optimizing diverse marketing objectives
under general ad performance guaranteed constraints, such as ad
exposure and cost-efficiency constraints. By modeling the problem
as an online integer programming and applying primal-dual the-
ory, we can derive the bidding strategy from solving the optimal
dual variables. The initialization of the dual variables is realized
through a deep neural network that captures the complex relation
between dual variables and dynamic advertising environments. We
further propose a control-based bidding algorithm to adjust the
dual variables in an online manner based on the real-time adver-
tising performance feedback and constraints. Experiments on a
real-world industrial dataset demonstrate the effectiveness of our
bidding algorithm in terms of optimizing marketing objectives and
guaranteeing ad constraints.
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1 INTRODUCTION

With the rapid development of mobile computing, many new for-
mats of advertisements have emerged, such as mobile social media
ads [29], location-based ads [27] and mobile livestreaming ads.
Among them, mobile livestreaming ads [26] can promote products
through real-time product demonstrations and frequent interac-
tion between hosts and users. Such intensive host-user interaction
and vivid demonstrations make mobile livestreaming ads more en-
tertaining and attractive than traditional advertising formats. The
market scale of livestreaming ads achieved over 170 billion dollars
in China in 2021 [20], and will reach 25 billion in US by 2023 [26].

Despite the rapidly growing market scale, mobile livestream-
ing ads also bring several new challenges to efficient ad delivery
within dynamic advertising environments. First, ad exposure guar-
antee: a good ad delivery strategy should guarantee livestreaming
ads receive adequate exposure or page views (PVs) within a short
period of time, e.g., two to three hours, quite different from the
traditional ad campaigns lasting for a long time. A guarantee on ad
exposure can enable advertisers to estimate expected advertising
performance in advance, and reduce the risk of their ad investments.
Second, dynamic advertising environments: the advertising context
can fluctuate significantly, since the user impression distribution of
the ad platform varies greatly in both quality and quantity, and the
host can promote various products at different times. Furthermore,
the specific products within livestreaming ads are always unknown
to the ad platform in advance, and thus each ad is considered as a
new ad, resulting in the notorious cold start problem. Thus, a good
ad delivery strategy should adapt to the dynamic environment and
handle the cold start problem well. Finally, multi-objective under
multi-constraint: livestreaming ads have diverse marketing objec-
tives, such as increasing gross merchandise volume (GMV) and the
popularity of hosts. At the same time, advertisers also set multiple
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constraints on performance metrics, such as Return On Investment
(ROI) and Pay-Per-Click (PPC), to ensure the cost-efficiency of ad
delivery. This leads to a challenging multi-objective optimization
problem with general ad delivery constraints.

The existing works are not sufficient to jointly solve the above
three challenges. A common solution to satisfy the required ad ex-
posure is guaranteed delivery (GD) [5, 8, 14], in which advertisers
sign contracts with the ad platforms in advance for delivering a
guaranteed amount of ad exposure at negotiated prices. The ad plat-
form then executes these contracts by matching advertisers with
pre-selected user impressions, resulting in inefficient ad allocation
in dynamic environments. Furthermore, in most cases, GD only
considers the performance of ad exposure, but not other marketing
objectives and constraints. A potential solution for overcoming
the disadvantages of GD is real-time bidding (RTB) [33, 34]. By
participating in online ad auctions, the advertisers could optimize
multiple marketing objectives in a flexible manner [22, 32]. How-
ever, the bidding environment experiences an erratic fluctuation
due to the uncertain quantity and quality of user impressions and
the dynamics of bidding strategies from competing advertisers, so
the performance obtained by RTB is quite unstable.

In this work, we consider a new format of e-commerce adver-
tisement: mobile livestreaming ads, and investigate the problem
of its exposure guarantee in dynamic advertising environments.
We jointly leverage the advantages of GD and RTB, and propose a
control-based bidding algorithm to maximize advertisers’ diverse
marketing objectives under general constraints. We formulate the
problem as an online integer programming, and show that the opti-
mal bidding strategy can be derived based on the corresponding
optimal dual variables. To achieve this, we first design a deep neural
network, namely A-Network, and build the connection between
dual variables and environment features. With this connection,
we can establish a good initialization for the dual variables, over-
coming the cold-start problem. To further adjust dual variables in
dynamic environments, we leverage the idea of Model Predictive
Control (MPC) [7], and update dual variables based on the real-
time advertising performance feedback. To enhance the control
capability of MPC, we jointly consider a proposed historical model
and a real-time model, exploiting both historical knowledge and
real-time information simultaneously. The historical model is a
multi-variable feedback control module, and the real-time model
is implemented by a periodic linear programming (LP) over the
collected information during the ongoing ad campaign. We conduct
comprehensive experiments over an industrial dataset to evaluate
the performance of our algorithm. The experiment results demon-
strate that the control-based bidding algorithm can simultaneously
satisfy the requirement of exposure guarantee and optimize the mul-
tiple marketing objectives in dynamic advertising environments.

Our contributions in this work can be summarized as follows:

e We investigate the problem of exposure guarantee for mo-
bile livestreaming ads in dynamic advertising environments. We
formulate this problem of bid optimization as an online integer
programming and build a connection between the bidding strat-
egy and the corresponding dual variables. We detour the challenge
of searching for an appropriate initialization of dual variables by
approximating this process through a deep neural network.
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e We propose a control-based bidding algorithm that combines
a historical model and a real-time model to dynamically adjust dual
variables. The historical model overcomes the cold start problem
at the early stage, and the real-time model can fully leverage the
newly collected information. Our theoretical results show that such
a control-based bidding algorithm can well optimize marketing
objectives and keep performance constraints at the same time.

e We conduct extensive experiments on a real-world industrial
dataset. The experiment results demonstrate the superiority of the
proposed control-based bidding algorithm in terms of ad perfor-
mance constraints satisfaction and marketing objective optimiza-
tion, achieving 95.75% of ad exposure and 93.03% of marketing
objective of the optimal offline solution on average.

2 RELATED WORKS

Guaranteed Delivery: The GD allocation problem can be formu-
lated as an online matching over a user-advertiser bipartite graph.
The online matching problem is solved in [15, 21] under the assump-
tion that the arriving user impressions are drawn independently
from a certain distribution. The primal-dual method is introduced
in [10], under which Chen et al. further proposed High Water Mark
(HWM) algorithm by assigning an equal fraction of available user
impressions for each contract [8]. SHALE algorithm is designed
in [5] by converting the optimal dual variables to a good solution
for the primal GD allocation problem. Fang et al. modeled the prob-
lem at an individual level and developed a real-time pacing strategy
for fulfilling contracts smoothly [14]. Different from these GD ap-
proaches, we guarantee ad exposure by finding a proper bidding
strategy instead of directly matching user impressions and ads.
Bid Optimization with Multiple Constraints: In online ad-
vertising, the bid optimization problem is well studied [23, 25, 35].
The classical formulation is budget constraint bidding (BCB) with
a single optimization objective [6, 30, 34]. In [34], Zhang et al. pro-
posed a bidding strategy with the form of 2, where v is the value
of each impression, and the budget constraint can be satisfied by
adjusting the pacing parameter A. In [30], Wu et al. solved the
budget constraint bidding by applying a model-free reinforcement
learning method to learn a proper A. However, these works did
not consider other objectives and constraints, such as PPC and PV.
In [33], by applying a feedback control method to adjust the bidding
strategy based on real-time performance, other KPIs such as PPC
and auction-winning-rate could be optimized. In [16], Ghosh et al.
proposed an algorithm to acquire the given number of ad exposure
within the preset budget. The work [18, 22, 32] attempted to extend
BCB to multiple constraints bidding (MCB) with diverse optimiza-
tion objectives. In [22], Kitts et al. proposed a generic algorithm to
address multiple constraints as well as optimize the target adver-
tising value by truncating bid prices. In [32], the problem of GMV
maximization under budget and PPC constraints is formulated as an
online LP problem. By leveraging the primal-dual method, Yang et
al. derived the bidding strategy based on the optimal dual variables.
In [18], He et al. further proposed a policy-based reinforcement
learning method to adjust the bidding strategy during advertis-
ing. However, none of these approaches considered the guaranteed
delivery of ad exposure, which is critical to livestreaming ads.
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Figure 1: A Guaranteed Ad Delivery System.

Online algorithms with guaranteed competitive ratios have also
been proposed to solve the online LP in the literature of operation
research [2, 17]. In [2], the optimal dual variables are approximated
by solving an offline LP on the observed information until the cur-
rent time slot. In [17], Gupta et al. solved the online LP problem by
converting it to the load balance problem, which can be solved with
the expert algorithm. Different from previous works, we consider
not only packing constraints about advertisers’ limited resources
(e.g., budget) but also covering constraints for ensuring the ad ex-
posure. The dynamic advertising environment also brings high
exploration costs and intensifies the cold start problem, requiring
us to jointly consider the historical knowledge from previous LP
instances and real-time information from ongoing environments.

3 PRELIMINARIES AND PROBLEM
FORMULATION

In this section, we review ad guaranteed delivery process in dy-
namic advertising environments. We then give the formal mathe-
matical formulation for multi-objective optimization under general
constraints. We finally derive the optimal bidding strategy.

3.1 An Ad Delivery System

We first present the classical ad delivery system as shown in Fig.
1, which usually contains three entities: users, advertisers, and ad
platform. A typical workflow of the advertising system contains five
steps: 1) Once a user visits the ad platform, an ad display request
would be sent to the auto-bidding agents that may be interested in
displaying ads to this user. 2) The ad platform provides the predicted
advertising performance of the user-advertiser pair, such as Click-
Through Rate (CTR) [9, 36] and Conversion Rate (CVR) [31] for
the auto-bidding agents. 3) The auto-bidding agents submit bid
prices along with the ads back to the ad auction. 4) After receiving
bidding prices of all agents, the ad platform launches a Generalized
Second Price (GSP) auction [13] to determine the winning ad. 5) The
user interacts with the displayed winning ad, and the interaction
feedback is used as a reference for payment calculation. In this
work, we adopt Cost-Per-Click (CPC) method [19], in which the
winning advertiser would be charged only if the user clicks her ad.

Our bidding-based guaranteed ad delivery components can be
integrated into the above procedure by introducing three additional
steps: A) At the beginning of ad campaigns, advertisers submit
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targeting advertising performance to auto-bidding agents, that is,
specific marketing objectives and multiple constraints over ad ex-
posure, budget, expected PPC and other KPIs. B) After receiving
the ad delivery requests, the auto-bidding agents evaluate the feasi-
bility of these requests, and initialize bidding strategies. C) Within
the dynamic advertising environments, agents adaptively adjust
the bidding strategies based on real-time feedback to fulfill the ad
delivery requests.

3.2 Problem Formulation

We formulate the problem of guaranteed ad delivery in mobile
livestreaming ads by specifying the advertiser’s marketing objec-
tives and constraints. Instead of simply optimizing a single KPI, we
model the advertiser’s general optimization objective by a weighted
linear combination of multiple ad performance indicators. During
the ad campaign, we assume there are a total of N users visiting
the ad platform in sequence. For each user impression i, the ad
platform can predict the ad performance, such as predicted CTR
ctri, expected GMV gmo;, and also the expected cost; of displaying
the ads to user i. We can formulate the problem of guaranteed ad
delivery as the following online integer programming (Online IP):

N

m)z(ix Z xi X (& X gmo; + f X ctry), (1)
i=1
N

s.t Z xi X cost; < Budget, (2)

i=1
Zﬁl xj X cost;

< PPC, 3
Zf\i 1 Xi Xctr;
N
Z x; > PV, ©)

i=1
x; € {0,1},Vi € [1,N],

where the vector X = (x1,x2, ..., xn) indicates whether user i is
selected to display the ad, i.e., x; = 1 when user i is selected, and
x; = 0, otherwise. We consider three types of representative ad
performance constraints in the above formulation. The constraint in
(2) is the classical budget constraint [34]. Inequality (3) represents
the constraints for the ratio of performance indicators, such as
average Pay-Per-Click (PPC). ROI constraint also falls into this type
of constraint. Inequality (4) is about constraint over guaranteed ad
performance, such as PV constraint for guaranteeing ad exposure.

There exist several challenges in solving the above online inte-
ger programming. First, advertisers participate in ad auctions by
offering bids. Instead of directly deciding X, we need to design
an algorithm to provide an appropriate bidding strategy. Second,
the designed algorithm needs to be an online one, which requires
deciding a bid price once a user impression arrives, without the
knowledge about the subsequent user impressions and future com-
petition. The erratic fluctuation in dynamic environments further
complicates the design of online bidding algorithms, making pre-
vious approaches mainly leveraging historical data [32] hard to
adapt to the dynamic environments. Third, the newly introduced
PV constraint in (4) makes it hard to fulfill all the constraints by
simply focusing on budget pacing or PPC controlling [22, 33], and
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it may make the optimization problem infeasible. That is, the ad
delivery request from advertisers may not be fulfilled by the cur-
rent advertising environments, and we should figure out infeasible
instances before solving the optimization problems.

3.3 Optimal Bidding Strategy

We overcome the above challenges by converting the original prob-
lem to searching for the optimal dual variables. We first relax the
online IP as an online LP problem, in which X are relaxed to be
continuous variables, that is, x; € [0, 1].

To solve the LP problem, we refer to the classical primal-dual
method [12]. Let the dual variables of Budget, PPC, and PV con-
straints be A1, A2, and A3, respectively, and y; be the dual variable
of x; < 1. Then, the dual problem of LP can be defined as:

N

min A1 X Budget + i —A3 X PV
/11112,/1331—11' I ; vi
s.t o X gmo;+ B Xctri — (A1 + A2) X costj+ (5)

A2 X PPC X ctri+23 <vyi, Vi,
M, A2, A3,yi 2 0, Vi

For the optimal solution x* in the primal problem, we denote
the corresponding optimal solution in the dual problem as A* =
{41, 43,43}, and y*. With this dual problem formulation, we can
build a connection between dual variables and the bidding strat-
egy. It can be shown that solving the user impression selection
of the LP is (almost) equivalent to setting the following bidding
strategy [2, 32]:
a X gmo; + f§ X ctri + Ay X PPC X ctr + A3

bid; = N3
i A+ 23) X ctry ©)

We illustrate the intuition behind the analysis here. On the one
hand, according to the rule of GSP auction, the selection decision
for user impression i under this bidding strategy is as follows:

r_ )L
xX; = 0

On the other hand, according to the complementary slackness
and the constraints in (5), we can have

if bid; X ctr; > cost;,
Otherwise.

™

5

bid; X ctr; — cost; — % <0, (xj-1)xy;=0,
AL+ 45 ®

x; % (bid; X ctr; — cost; — ) =0, ALAL ALy >0, Vi

1
With these two aspects in (7) and (8), we can verify that the decision
variable x] is equal to x; as long as bid; Xctr; # cost;. In the dynamic
advertising environment with a high volume of ad auctions, the
proportion of instances with bid; X ctr; = cost; is quite small,
which implies that the user impression selection result from the
bidding strategy in (6) is almost equivalent to the optimal solution
of LP. Since the decision variables in the LP are integers as long as
bid; X ctr; # costj, we also have demonstrated the relaxation from
IP to LP would not cause much distortion. Thus, once we have the
optimal dual variables, we can derive the optimal bidding strategy
by (6). In the following discussion, we design an efficient online
algorithm to search for the optimal dual variables A* = {A], /1’2“, /1%‘ 1
from the perspectives of initialization and dynamic adjustment.
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4 AD ENVIRONMENT REPRESENTATION

In this section, we introduce a deep neural network to represent
the dynamic advertising environment, which is critical to both the
initialization and dynamic adjustment of the dual variables in (6).

4.1 Network Design

To calculate the dual variables, classical approaches need to collect
historical LP instances and then conduct an offline LP. We abstract
this process as a mapping from user impression information and
constraint parameters to the optimal dual variables, which can
be defined as A* = f(Users, Budget, PPC, PV), where Users repre-
sents the predicted advertising performance for user impressions,
including their predicted ctr, gmo, and cost, and Budget, PPC, and
PV are the parameters of the performance constraints in (2), (3),
and (4). However, there exist three difficulties in finding such a
mapping function. First, the information of all user impressions is
not available until the end of ad campaigns in the online setting.
Second, it is time-consuming to solve the large offline LPs in (1)
repeatedly, which involves thousands of decision variables in adver-
tising environments. Third, the mapping function f could be quite
complicated, and cannot be expressed as a closed-form expression.

To overcome the above challenges, we design a deep neural
network to approximate the mapping function f in a data-driven
manner. We introduce a representation layer to model the dynamic
advertising environment, which can capture the unavailable user
impression information in the future to some extent. This idea
comes from the observations that we can regard each arriving user
impression as a sample from the overall user impression distribu-
tion condition on the current ad’s features, which is directly decided
by the advertising environment. Compared with user impression
information, advertising environment encodes much richer infor-
mation, such as the information of ad auctions, the ad features like
ad category, product price, and etc. Thus, we replace the unavailable
user impression information with the environment information in
the mapping function as A* = f(Env, Budget, PPC, PV), where we
transform high dimensional features into dense embedding, i.e.,
Env = Embedding(ad features,env features...).

We next illustrate this idea of approximation by designing a
A-network and show the network architecture in Fig. 2. The A-
network first concats the performance constraint parameters and
the environment embedding, and then feeds them into three sepa-
rate regression networks. The output of each regression network is
the corresponding dual variables. When training A-network, the
loss function is the mean square error between the outputted dual
variables and the ground truth optimal dual variables A*, and we
update the network parameters by minimizing the average loss. It
is worth noting that we can integrate a more general neural net-
work to approximate the mapping function by leveraging more
advertising features and using more complex network structures
to enhance the approximation ability. The detailed design of more
complicated neural networks is out of the scope of this work.

4.2 Applications

A direct application of the above A-network is to initialize the dual
variables using the collected information about the advertising
environment and the constraints. Another important application is
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that we can quantify the relation between the constraint parameters
and the dual variables, which would be exploited for the dynamic
adjustment of dual variables. Specifically, we can use the derivatives
of the mapping function f, approximated by the gradient of the
A-network, to represent the linear relation between the change of
the constraint parameters and that of the dual variables:

dAy dBudget
dAy |=T- dPPC R
dis dpv

where J is a 3 3 Jacobi matrix and can be derived from the gradient
of the A-network with inputs Env, Budget, PPC, PV:

fy, Iy fy,
dBudget  dPPC 9PV

J=| i ol ©
- JBudget OPPC PV '

o ohy o
JBudget  OPPC  oPV

We discuss how to use such a relation for dynamically adjusting

the dual variables in the next section.

We can also apply the A-network to evaluate the feasibility of
the LP in advance, which is non-trivial due to the newly added PV
constraint for guaranteed delivery. Based on duality theory [12],
we can derive that the primal problem is infeasible if and only
if the dual problem is unbounded. According to the optimization
objective in (5), the dual problem is unbounded implies A; — inf.
i.e., the value of PV reaches infinite. This can be reflected by certain
patterns in the predicted dual variables outputted by the A-network,
and we leverage Support Vector Machine (SVM) [28] to capture
such patterns. In the simulation experiment where we generate
181,953 groups of constraints based on real-world ad campaign
logs, our approach can achieve an accuracy of 85.9% and AUC of
89.4% for the feasibility validation task.

5 FEEDBACK CONTROL FOR DYNAMIC
BIDDING

In this section, we design a feedback control algorithm under Model

Predictive Control (MPC) [7] framework to timely adjust the bid-

ding strategy in a dynamic environment.

5.1 Model Predictive Control Framework

As shown in Fig. 3, Model Predictive Control (MPC) is a feedback
control framework that can handle the coupling effects of multiple
inputs and outputs of a dynamic system. The goal of MPC is to keep
the outputs (system feedback) close to the pre-defined references by
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Figure 3: A Model Predictive Control framework.

searching for the best dynamic system inputs. A classic MPC con-
tains two important components: a model for the dynamic system
and an optimizer for inputs. By the model, we can predict the possi-
ble output for a given input to the dynamic system. The optimizer
searches for the best inputs in the next time step by minimizing
the error between the predicted output and the desired reference.
We next show the MPC framework for control-based bidding
in advertising. We regard the whole advertising environment and
bidding strategy as the dynamic system. The inputs of this dynamic
system are the dual variables, and the outputs are the current ad-
vertising performance, such as the spent cost, average PPC, and
acquired PV. The goal of the MPC is to ensure the total cost, the
average PPC, and the accumulated PV at the end of the campaign
approach to the preset constraints by keeping the outputs close to
the references in each time period. Specifically, suppose the dura-
tion of the ad campaign is MT with M time periods and each with
T time slots. The input of the system in the period n is {A], A}, A7},
which determines the bidding strategy and the system outputs,
i.e., Costy, PPCy, and PVy, indicating the total cost, averaged PPC
and PV acquired within time period n. At the end of each time
period, the MPC adjusts the dual variables according to the error
between the (dynamic) references and performance feedback. A
simple definition of the references for time period [nT, (n+ 1)T) is:

Budget,rlef = %Budget, PPC,rlef = PPC, PV,:ef = %PV,

where W = {wg, wy, .., wyr_1} with Z?ﬁal w; = M are weight
factors describing the environment fluctuation in different time
periods. By building the connection of input, output, and the ref-
erences of the dynamic system in this way, the preset constraints
can be satisfied through dynamic adjustment of the dual variables.
However, one problem is still unclear: whether this MPC can maxi-
mize the advertiser’s optimization objective? For this question, we
give the following theorem. The detailed proof is displayed in the
supplementary material [1].

THEOREM 5.1. For dual variables A’ = {Ai,/l;,lé}, suppose the
corresponding ad allocation result for (Online IP) is X’ = {xi, xé, x}\]}
and the optimal solution is X* = {xik, x;, x;]}. The upper bound of

the gap between the optimization objective achieved by X’ and X* is:

N
Z(x;f —x}) X (a X gmov; + f X ctr;) <A} X B+, x C+A; X D,
i=1

N N N
where B = Budget — Z xj cost;, C=PPC Z X; ctri — Zx; cost;,

i=1 i=1 i=1
N

D=)"x]-PV.
i=1
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Figure 4: The control-based bidding algorithm.

According to Theorem 5.1, when we keep the total cost, the aver-
age PPC, and the accumulated PV close to the required constraint
parameters, ie., B, C, and D vanishes to zero, the gap of the opti-
mization objective would also disappear. We can conclude that the
MPC feedback control framework can maximize the advertiser’s
objective and keep constraints in the feasible region simultaneously.

The major problem in the above MPC is to model the dynamic
system and design the output optimizer. However, the dynamic
advertising environment is too complicated to have a concise model
as in traditional dynamic systems [32]: the bidding landscape from
competitive advertisers is quite different in various ad auctions;
user impressions experience erratic fluctuation in terms of quantity
and quality. Without a precise model for the dynamic system, the
result from the optimizer can be quite unstable, and the searching
process is time-consuming. We next propose an end-to-end control-
based bidding algorithm, combining the dynamic system model
and the output optimizer together.

5.2 A Control-based Bidding Algorithm

The complete process of the proposed control-based bidding algo-
rithm is shown in Fig. 4, where the main algorithm components are
highlighted in the red box, including dynamic reference calculation,
historical model, real-time model, and model combination. Design-
ing this algorithm only using historical experiences can cause huge
performance degradation in dynamic environments. While sim-
ply relying on real-time information may cause a severe cold-start
problem and suffers from incorrect dynamic references due to the
incompleteness of data. Thus, we design a historical model as well
as a real-time model, and combine them in an appropriate way.
Historical Model with Multi-variable Feedback Control: As
shown in Fig. 5, the historical model is based on the multi-variable
feedback control [24], which decouples multi-inputs (error between
ad performance feedback and references) and multi-outputs (the
adjustments to the dual variables) by using the relation between
the change of dual variables and the fluctuation of constraint pa-
rameters, captured by the A-network. Similar to Section 4.2, when
the change of constraint parameters (error) ABudget, APPC, APV
are small, we can use a linear model to approximate this relation as
shown in (10). Since the control signals are generated based on the
linear combination of error, the change of constraint parameters
can be transformed to the control signals of dual variables in (11).

ANy ABudget
Al |=A-| APPC . (10)
AV ES APV

uy (1) ubudget(t)

uy, () [=A-|  uppe(t) . (11)

uy, () Upo(t)
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Figure 5: The Historical Model.

Instead of fixing the coupling effect matrix A, we use the Jacobi
matrix in (9) from A-network to represent the coupling effect!.

We next set the controller, reference, and the actuator to generate
the control signals of constraint parameters, i.e., Upydger> Uppe: Upo-
Different from the classic PID controller [4], we require the con-
troller to be simple and robust to keep the basic performance as
we have another real-time model for further adjustment. Thus, we
use Water-Level (WL) controller [11] with the control function:
u(t) = u(t — 1) + y X e(t), where the error in the n-th time period
can be calculated as?:

M
ebudget = (Budget,rlef - COStn) X W—,
n

eppe = PPCyS — PPC,, (12)

M
epo = (PV = PV x —.

n

It is worth noting that we rescale the error from the single period
with T time slots to the entire advertising process with a total of MT
time slots. This is because the gradient of A-network approximates
the relation between dual variables and the constraint parameters
over the whole advertising period. Due to the lack of the integral
controller, WL controller can not well handle the accumulative er-
ror [33]. We further enhance the control capability of WL controller
by using dynamic references instead of fixed references:

ref  Wntl X max(0, Budget — ZZ:O Costy) W

Budget ,
9etn M- ZZ:O Wi Wn+1
max(0, M X PPC — 37w PPCy)
ppcrel = _Zk=0 , (13)
M - Zk:() Wk
PV,:ef _ Wn+1 X max (0, IZlV - ZZ:O PV,) o W
M- Zkzo Wk Wn+1

The above dynamic references are the cost, PPC, and PV we need
to achieve in the next time period if we want the overall ad perfor-
mance to satisfy the desired ones based on the realized performance
so far, and we rescale them from time period (n+1) to n. The actuator
we use in WL controller is linear-form: A((n+1)T) = A(0) +u, (nT).

Real-time Model with Periodic Linear Programming: We
introduce a real-time model to leverage the fine-grained online
information, enabling the bidding algorithm to adapt to the current
ongoing environment rapidly. At time slot ¢, the advertising plat-
form can collect the advertising instances during a period [t — Tp, t)
with an observing interval Tp. We denote the user impressions in
period [t —Ty, t) as a set U(t, Tp). We use this information to predict

The main advantage is that the A-network encodes the knowledge learned from
historical instances, and can be generalized to calculate the matrix A.

’We use €budgets €ppe and ep, instead of ABudget, APPC, and APV, to represent
the error of the constraint parameters as in literature.
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the optimal dual variables in the following observation period. The
key assumption behind this is that the advertising environment is
relatively stable during a short period, meaning that the user im-
pressions arriving in [¢, t + Tp] are likely to follow the identical and
independent distributions with U (¢, Tp). We can then combine the
current references with the user impressions in U (t, Tp) to calculate
the optimal dual variables through offline linear programming. We
use the dynamic references defined in (13) with rescaling as the
constraints in this offline linear programming. The offline linear
programming is shown as follows:

max Z xi X (& X gmo; + B X ctry)
ieU(,Ty)

_
ieU(t,Tpy)
2ieU(1,Ty) Xi X cost;
2ieU(4,Ty) Xi X ctri

Z Xi > PV,:ef X —ZkTe[t*T‘]’t) Wk
icU(t,Ty) Wn
x; € [0,1],Vi € U(t, Tp).

DkTe[t-To.t) Wk
X; X cost; < Budget,rlef X %
Wn

14
< PPC,rlef R (14)

>

Although the real-time adaption model can capture the current
advertising environment better than the historical model, it suffers
from the cold start problem and the incompleteness of data. We next
combine the historical model and the real-time model to improve
the overall performance.

Combination of Historical model and Real-time model:
At the time slot ¢, we denote the dual variables of the histori-
cal and real-time model as A1 (t) and Ay(t), respectively. The fi-
nal output of the combined model can be formulated as: A(t) =
7(8) X A1 () + (1 —7(t)) X A2(¢), where 7(t) is the weight factor and
(t)=1- min(k(ﬁ),p), where p € [0,1] and k > p. The weight
factor z(t) is close to 1 at the beginning and gradually reduces to
1 — p as t increases. The intuition behind this 7(t) is that we pay
more attention to the historical model at the beginning due to the
cold start problem. As time evolves, the advertising environment
becomes relatively stable, and we rely more on the real-time model
in the later stage. The parameter k controls the speed of shifting the
attention from the historical model to the real-time model and is de-
cided based on the severity of the cold start problem. The parameter
p reflects the quality and the credibility of the collected real-time
information, which should be small when the incompleteness of
data is severe, or the latency to collect the data is large.

6 EXPERIMENT RESULTS
6.1 Dataset and Metrics

The experiments are based on an industry dataset from Mobile
Taobao, the largest e-commerce platform in China. The dataset
consists of 94 ad campaigns within six sequential days with a total
of 7.4 GB ad logs. Each ad campaign contains hundreds to tens
of thousands of ad logs, each of which represents an advertising
opportunity, including the user impression arrival time, predicted ad
KPIs and expected cost. We group these ad logs by their arrival time
and the ad campaign they belong to. As livestreaming ads usually
last for a short period of time, we set the advertising duration to
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be an hour in the following experiments and generate constraint
parameters based on the statistic user impression distribution to
avoid infeasible or invalid constraints. We divide the ad logs in the
first five days as the training data and the last day as the test data.

From this data set, we observe that the ad environment is signifi-
cantly dynamic in practice. The difference in CTR and CVR between
different days reaches over 15%, and the fluctuation in user impres-
sion volume can even exceed 450%. The user impression volume
and ad KPIs can also change greatly at different time periods within
the same day: compared with the early morning between 4 am and
6 am, the user impression volume between 9 pm and 11 pm is 5
times larger and the average CVR increases by 70%. These results
demonstrate the necessity of a proper environment representation
and adaptive bidding algorithms®.

The evaluation metrics can be divided into three categories:

1) Gap between the achieved marketing objective and the optimal
offline solution (refer as M.O. for short).

2) Gap between the obtained ad KPIs and the preset constraint
parameters, measuring the ability to keep the bidding algorithm in
line with dynamic environment*.

3) Constraint satisfaction ratio indicates the proportion of sam-
ples with the three constraints satisfied (refer as Ratio for short).
Due to the difficulty in satisfying the three constraints rigorously,
we allow a 10% drift for these constraints.

6.2 Control Frequency Selection

The frequency of feedback control is critical for the trade-off be-
tween the control capability and the efficiency of online systems.
We evaluate the impact of feedback control frequency on the per-
formance of the historical model, and show the result in Fig. 6(a).
We can observe that a high control frequency reacts quickly against
environment fluctuation and indeed improves the performance, in-
creasing the constraint satisfaction ratio from 65% to 78%. Such im-
provement diminishes with the increase of frequency, and reaches
a bottleneck when the frequency exceeds 12 times per hour, which
is then chosen for the control frequency of the historical model.
For the real-time model, its control frequency should be smaller
than the historical model since the offline LP on large-scale data is
much more complicated than the multi-variable feedback control.
The real-time model needs detailed information about all the arrived
user impressions, which is always incomplete due to data loss
and data delay in practice. We model the probability that the user
impression’s information is not available at time T as a time-varying
function L(T — T,), where T, is the user impression’s arrival time
and L(t) = pioss + Pdelay (t)- Here pjog, is the probability that the
data is lost during transmission, and pgej4y(t) is the probability that
the data is temporarily delayed. We set pjoss = 5% and pgejay (£) =
max(0,30%—3%Xt) in the experiment. The experiment result under
different control frequencies is shown in Fig. 6(b). We observe that

3In the following experiments, the dynamic ad environments mainly refer to various
user impression volumes and ad performance indicators for different ad campaigns on
different days/hours. The user impression volume within a short period, e.g., one hour,
is relatively stable.

“The gap between performance A and preset constraint B is evaluated as max(B —
A, 0)/B, and we calculate the average gap over all the test samples. The advertising
process will terminate when the budget is exhausted. Since spending too much money
on cheap user impressions can harm the overall ad performance, we consider both

’

insufficient and abundant parts when calculating the gap of PPC, which is W(}figm.
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Figure 6: Control frequency analysis.
Table 1: The ablation study of Historical Model.
Exp.Index Budget PPC PV M.O. Ratio
1 29.76% 10.50% 28.76% 23.18%  22.94%
2 24.98%  9.09% 24.35% 19.85% 27.41%
3 5.66% 42.66% 8.19% 14.03% 7.22%
4 9.56% 5.05% 10.46% 9.25%  60.49%
5 10.89%  4.85% 11.24% 9.45%  58.75%
6 4.79% 6.25% 6.25% 991%  75.88%
Our Alg. 517% 4.10% 6.83% 7.78% 75.92%

the low control frequency lacks enough control capability, while
the high control frequency can cause severe data delay, increasing
the average L from 10% to 27.5%. Considering the control capability
and computation resources, we set the frequency of the real-time
model to be 4 times per hour with the average L to be 15%.

6.3 Ablation Study

We evaluate the effectiveness of different components in our control-
based bidding algorithm through ablation study.

Historical Model. We conduct the ablation experiments of
the historical model from high-level components to fine-grained
components. We consider the following six ablation experiments:

1) Remove the feedback control system and fix the dual variables
generated by A-network during the whole advertising process.

2) Replace the feedback control system with the periodic pre-
diction of A-network by applying the updated dynamic references
with rescaling as the network input at the end of each time period
to re-generate the dual variables.

3) Remove the advertising environment features in A-network.

4) Remove the dynamic references of WL controller.

5) Replace the WL controller with the PID controller with hyper-
parameters decided through grid-search on training data.

6) Replace the feedback control with three independent WL
controllers. That is, setting all the elements of the coupling effect
matrix A except the main diagonal to 0.

The experiment results are shown in Tab. 1, and we can get the
following observations/insights for each of the above experiments:

1) It is necessary to adjust the bidding algorithm in line with
the dynamic environment. The dual variables initialized by the
A-network cannot handle the fluctuation of the advertising envi-
ronment, increasing the PV gap by 21.93%.

2) Although periodically adjusting the dual variables through
the A-network prediction can improve the performance compared
with no adjustment, the dual variables are not very precise, leading
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Table 2: The ablation study of Real-time Model.

Exp. Index Budget PPC PV M.O. Ratio

1 23.53% 10.61% 22.81% 23.62% 55.11%

2 7.54% 433%  693%  9.48% 76.12%
Our Alg. 7.44% 4.28% 7.37% 8.84% 75.15%
Dynamic-7.5%  4.79% 3.11%  4.65%  6.70%  85.10%
Preset-7.5% 6.01% 3.20%  5.12%  7.35%  81.44%

to a huge degradation in the final ad performance, satisfying only
27.41% of the advertisers’ constraints.

3) The representation of the dynamic environment is critical for
the algorithm performance, and the lack of advertising environment
information in the A-network would cause huge degradation in
control capability, making the gap of PPC reach 42.66%.

4) Using WL controller alone would cause accumulative error,
and applying dynamic references can greatly improve its control
capability, decreasing the gap of PV from 10.46% to 6.83%.

5) The performance of PID controller is far worse than the WL
controller especially in PV delivery (11.24%) and constraint satis-
faction ratio (58.75%). However, it is worth noting that these two
controllers have similar performance in the training set. As PID
controller is more powerful with more parameters to decide, it is
easier to be misled by the environment in the training set and cause
"over-fitting". In contrast, WL controller is simpler and is more
robust to the dynamic environment.

6) Although the constraint satisfaction ratio in the algorithm
without considering the coupling effect is close to our algorithm in
this dataset, we find our algorithm can improve the ability in esti-
mating user impression prices and optimizing marketing objectives,
decreasing the gap of PPC and marketing objective by 2%.

From the above discussion, we can summarize that the coupling
effect matrix generated based on the A-network as well as the WL
controller and the dynamic references can improve the control
capability of the historical model.

Real-time Model. We next conduct the ablation experiments
of the real-time model, and show the results in Tab. 2.

1) Replace the A-network-based dual variable initialization with
the results of offline LP on historical data in the training set.

2) Replace the dynamic references with the preset constraints
when solving periodic offline LP throughout the advertising process.

From the results, we can also find that:

1) The real-time model suffers from the cold start problem, and
its performance drops significantly without a proper initialization
method, achieving 77.19% of the PVs.

2) Our dynamic references do not achieve significant achieve-
ment compared with using the preset constraints. This phenomenon
mainly comes from incomplete user impression information. To
prove this, we conduct two additional experiments: Dynamic-7.5%
and Preset-7.5%, which show the results when the average data
incompleteness probability L is improved from 15% to 7.5%. When
the incompleteness of data is less severe, the dynamic references
can achieve obvious performance improvements, e.g., increasing
the constraint satisfaction ratio by 3.66%.

Combined Model Finally, we compare the performance of our
combined model with 1) Using the historical model alone. 2) Us-
ing the real-time model alone. We set the weight factor z(t) as
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Table 3: The ablation study of Combined Model.
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Table 4: The results of comparative study.

Algorithm Budget PPC PV M.O. Ratio

Model Type Budget PPC PV M.O.  Ratio
Historical Model 517% 4.10% 6.83% 7.78% 75.92%
Real-time Model 7.44% 4.28% 7.37% 8.84% 75.15%

Combined Model 3.46% 3.39% 4.25% 6.97% 85.76%

1—min(2( ﬁ), 0.9) due to the problems of data delay and data loss.
The experiment results in Tab. 3 prove the combined model outper-
forms only applying the historical model or the real-time model,
narrowing the gap of PV by 2.58% and increasing the constraint
satisfaction ratio by 9.84%. The results demonstrate the necessity
of making full use of historical knowledge as well as adapting to
the current environment based on real-time information.

6.4 Comparative study

We compare our algorithm with the approaches from operation
research literature (DLA, LPviaLD) and the bid optimization with
multiple constraints (Cost-min, FB-control, and M-PID).

e DLA [2]: Dynamic Learning Algorithm (DLA) provides bids as
in (6) based on periodic LP without any historical knowledge. It uses
ad opportunities in the initial period to observe the advertising envi-
ronment without bidding. The dual variables are initialized through
solving offline LP based on the observed information, and would
be updated periodically when the new information is collected.

e LPvialD [17]: LPviaLD algorithm transforms the online LP
into a load balancing problem, which considers balancing three con-
straints and the objective. This LD problem can be solved through
the expert algorithm with Multiplicative Weights Update (MWU) [3],
and the bidding strategy can be derived from the weights of experts.

e Cost-min [22]: Cost-min is a generic algorithm that can
address multiple constraints, whose bidding strategy is set as bid; =
bo X (a X gmo; + B X ctr;), and the upper bound of bid; is set to
be PPC. by is initialized by dividing the given PPC by the average
value of (@ X gmo; + f X ctr;) and would be dynamically adjusted by
a feedback control system with three independent PID controllers
corresponding to three constraints.

e FB-control [33]: FB-control is first proposed to control PPC.
Its bidding strategy is defined as bid; = by, where by is initialized
by the preset constraint PPC. We apply a feedback control system
with three independent PID controllers to control by.

e History LP [32]: This method has the same bidding strategy
as in (6), and it initializes the dual variables by conducting offline
LP on the historical data that belongs to the same ad campaign. It
has no further adjustment for the dual variables during advertising.

e M-PID [32]: M-PID has the same bidding strategy as in (6),
and the initialization is the same as History LP. It further applies
multi-variable feedback control with PID controllers to adjust the
dual variables, and the coupling matrix A is determined based on
the training set. To avoid the influence of the dynamic environment,
we set the average A of the training set as the coupling effect matrix.

The experiment results are illustrated in Tab. 4. We next summa-
rize the performance of the above bidding algorithms.

For DLA, it achieves excellent control in PPC with a gap of
2.03% while its performance in gaining PV is not as good, having
a gap of 11.93%. Although the full user impression information in

DLA 12.18%  2.03% 11.93% 12.56% 50.77%
LPviaLD 7.18% 8.46%  637% 27.13% 44.34%
Cost-min ~ 44.52% 23.08% 47.79% 16.09% 0.03%

FB-control  5.90% 870% 11.15% 3.27% 40.21%
History LP  71.02% 21.14% 70.26% 58.05% 3.32%
M-PID 55.55% 17.41% 54.62% 47.65%  9.81%

Our Alg. 3.46% 3.39% 4.25% 697% 85.76%

the initial period can reflect the bidding landscape of the ongoing
environment, losing these ad opportunities is not affordable in
performance optimization, which shows the necessity of leveraging
historical knowledge to initialize the bidding strategy.

For LPviaLD, it is not as stable as our algorithm and is especially
poor in optimizing the marketing objective, reaching the gap of
27.13%, since LPviaLD can hardly match Theorem 5.1. After further
experiments, we find the low parameter update frequency also
weakens its performance.

For Cost-min, its PPC is significantly lower than the preset
constraint, and thus can hardly gain enough PV, resulting in the
constraint satisfaction ratio lower than 1%. Keeping cost-efficiency
simply by giving up all expensive user impressions is not applicable
after considering PV constraints. FB-control can achieve good
performance in optimizing marketing objectives while it has the
same problem in achieving PV, with the gap of 11.15%. The main
reason is that its bidding strategy only considers the value of clicks,
without the cost performance in gaining ad exposure.

For History LP and M-PID, initializing and adjusting the bid-
ding strategy simply based on the historical data without adapting
to the current environment would cause huge performance degra-
dation, making the gap of PV exceeds more than 50%.

To sum up, our control-based bidding algorithm outperforms
the other methods in both optimizing marketing objectives and
satisfying constraints. Our approach can achieve 95.75% of the ad
exposure and 93.03% of the marketing objective of the optimal
offline solution on average. The overall constraint satisfaction ratio
can exceed 85.76% with the average Budget and PPC Gap limited
to 3.46% and 3.39%, respectively.

7 CONCLUSION

In this work, we have studied the problem of generalized ad guar-
anteed delivery for mobile livestreaming ads in dynamic environ-
ments, maximizing various marketing objectives under multiple
constraints over budget, PPC, and PV at the same time. We have
designed a deep neural network, namely A-network, to approxi-
mate the process of solving the dual variables. To further timely
update the bidding strategy, we have proposed a control-based
bidding algorithm under the MPC framework, which consists of a
historical model and a real-time model. By conducting experiments
on the industrial dataset, we have found our algorithm can handle
the fluctuation of advertising environments, optimizing marketing
objectives and keeping performance constraints.
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