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As a form of targeted advertising, sponsored search auctions attract advertisers bidding for a limited number of slots
in paid online listings. Sponsored searchmarkets usually change rapidly over time,which requires advertisers to ad-
just their advertising strategies in a timely manner according to market dynamics. In this research, we argue that
both the bid price and the advertiser (claimed) daily budget should be dynamically changed at a fine granularity
(e.g.,within a day) for an effective advertising strategy. By doing so,we can avoidwastingmoney on early ineffective
clicks and seize better advertising opportunities in the future.We formulate the problemof dual adjusting (claimed)
daily budget and bid price as a continuous state— discrete action decision process in the continuous reinforcement
learning (CRL) framework. We fit the CRL approach to our decision scenarios by considering market dynamics and
features of sponsored search auctions. We conduct experiments on a real-world dataset collected from campaigns
conducted by an e-commerce advertiser on amajor Chinese search engine to evaluate our dual adjustment strategy.
Experimental results show that our strategy outperforms two state-of-the-art baseline strategies and illustrate the
effect of adjusting either (claimed) daily budget or bid price in advertising.
© 2013 Elsevier B.V. All rights reserved.
1. Introduction

With the recent trend of “economics meets search” [16], there is a
rapid growth of search engine-based advertisements. Such sponsored
search is often managed through a form of auctions, where a bidding
contract is triggered once a query of certain keywords is submitted.
Advertisers need to carefully manage their advertising strategies
through the parameters of the bidding setup in order to compete with
other advertisers. The high volume of search demands makes bidding
in sponsored search auctions a continuous and dynamic process. Once
an advertiser adjusts her advertisements and/or advertising strategies,
rankings of the sponsored links and cost-per-click will be changed
accordingly. Thus, to achieve an effective campaign, advertisers should
continuously monitor the auction market and adjust their strategies in
response to market dynamics.

Among all factors to be managed, budget is one critical factor that is
endogenous to the auction process [3]. Previous research usually
assumes budget to be fixed and take it as a constraint in strategy devel-
opment. For example, some research [18,24] studied the allocation of
budget over keywords. This method cannot effectively deal with the
dynamic sponsored search auctions provided by major search engines
(e.g., Google). It is necessary to examine budget allocation at finer
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granularity, such as real-time adjustment within a day, for advertising.
At this level, so far, most studies considered only bid price adjustment
[13,22] and ignored budget control.

In the lifecycle of advertising campaigns in sponsored search, budget
decisions occur at three levels [35]: allocate budget across searchmarkets
[34], distribute budget over a series of temporal slots (e.g. day) [36,37],
and adjust the claimed budget within a temporal slot (to simplify the
wording, this paper uses ‘day’ to replace ‘temporal slot’ hereafter). Note
that after deciding each day's budget during a given promotional period,
an advertiser can claim a daily budget (named daily budget in short)
which is different from their actual internal budget (named daily budget
limit in short). By changing the (claimed) daily budget, the advertiser can
restrict the amount of clicks to be directed to their sponsored links by the
search engine in a unit time. Thus, in a sponsored search auction, after an
advertiser determines her daily budget limit for a campaign (or each
keyword of the campaign), she should monitor the advertising perfor-
mance and adjust the daily budget together with bid prices correspond-
ing to market dynamics, until the end of the daily advertising schedule
or when the day's remaining budget is zero. Thus she can avoid wasting
money on ineffective clicks and save money for future opportunities.

In a previous work [35] we developed a hierarchical budget
optimization framework (BOF), which considers all three levels of
budget allocation in the entire lifecycle of advertising campaigns in
sponsored search auctions. Following that, this work aims to tackle
the advertising strategy optimization problemby dynamically adjusting
daily budget and bid price within a day. To the best of our knowledge,
our work might be the first effort in this direction.
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We address the dual adjustment problem as a continuous state —

discrete action decision process in the continuous reinforcement learning
(CRL) framework, since it can be viewed as a special multi-stage
dynamic decision problem. Specifically, we employ continuous-time
and continuous-state reinforcement learning [7] to capture the contin-
uous state variables in the problem (such as the day's remaining budget,
click dynamics, etc.). We adapt the CRL framework from two perspec-
tives to meet the requirements of the advertising decision problem in
sponsored search auctions. First, in classic CRL, behaviors of the envi-
ronment were usually given as prior knowledge. However, we don't
have information due to the complicated nature of sponsored search.
Thus, we employ a Back Propagation Neural Network (BPNN) to
approximate the parameters of the environment using historical data.
Second, since some search engines (e.g., Google) only permit making
a limited number of changes on (claimed) daily budget during a day,
we employ step functions to represent the multiple discrete actions,
which can occur at any time of the day. We provide an algorithm to
solve our CRL-based dual adjustment model that iteratively optimizes
the actions along the decision temporal points. In order to evaluate
the effectiveness of our proposed approach, we conduct some experi-
ments using a real-world dataset collected from search advertising
campaigns conducted by an e-commerce advertiser on a major Chinese
search engine. Experimental results illustrate that our strategy outper-
forms two state-of-the-art baseline strategies. They also show that
budget adjustment plays a more important role in the dual adjustment
strategy.

The contributions of this work can be summarized as follows:

(1) We frame the dual adjustment problem(on changing daily budget
and bid price within a day) for advertising strategy development
in sponsored search auctions.

(2) We build a continuous-time, continuous-state, and discrete action
model under a CRL framework that fits the decision scenarios of
the dual adjustment problem in sponsored search auctions.

(3) We develop an iterative numerical approach that can efficiently
solve our proposed model for online applications.

The rest of this paper is organized as follows. The next section briefly
reviews some relevant literature. In Section 3, we describe budget
decision scenarios in sponsored search auctions and state the research
problem under consideration. Section 4 presents our dual adjustment
model based on CRL. Section 5 provides a numerical solution to our
proposed model. Sections 6 and 7 report the experiments to evaluate
our dual adjustment model and discuss the implications of results.
Section 8 concludes this work.

2. Literature review

Effective advertising strategy is an important problem in marketing.
In themiddle of the last century, [33] proposed the concept of advertising
effectiveness and equations on sales response dynamics. They provided
an optimal solution for the allocation of limited budgets considering
sales dynamics. [23] introduced the concept of advertising goodwill to
reflect the flow of current advertising expenditures. They considered
that aggregated advertising effectiveness would influence future budget
decisions and built a dynamic adjustment framework to optimize adver-
tising strategies and price policies. The framework was later generalized
by [28] into the case with limited budgets.

In recent years, many researchers have attention on the impact of
market dynamics on advertisers' decision, such as budget allocation
and adjustment [12,19,26,27,30]. Some studies recognized that the
shape of the advertising response function plays an important role in
advertising strategies [20,21,29,32]. Particularly, the S-shaped response
function was carefully examined [10,14] since its convexity at low
expenditure levels makes it easy to obtain the periodic optima in prac-
tice. Krishnan and Jain [17] investigated the optimal advertising policy
for new products considering the influence of information diffusion
and concluded that optimal advertising strategies are determined by
the advertising effectiveness, discount rate, and the ratio of advertise-
ment to profits.

The increase in sponsored search auctions has lead to advertising
competitions in this unique auction market environment [15]. In such
environments, various mathematic programming algorithms have
been developed to improve advertising strategies. Integer programming
and nonlinear programming were used to find optimal solutions for
budget allocation over sponsored keywords [18,24]. OZluk and Cholette
[24] showed that price elasticities of the click-through rate and response
functions were key factors for budget decisions, and investing in more
keywords under a certain threshold could help improve advertisers'
profits. Fruchter and Dou [11] established an optimal control model to
study the optimal budget allocation problem among web portals, and
used dynamic programming to derive the analytical solution to the
problem.

Considering the dynamic nature of sponsored search auctionmarkets
[36], it is natural to formulate the budget optimization problem as a
Markov decision process [8] or an optimal control model [1,11]. Archak
et al. [1] showed that under a reasonable assumption, online advertising
has positive carryover effects on the propensity and form of user interac-
tionswith the same advertiser in the future. Based on theNerlove–Arrow
advertising framework [23], Rutz and Bucklin [25] proposed a dynamic
linear model to capture the potential spillover from generic to branded
paid search. The budget optimization problem can also be established
as an online (multiple-choice) knapsack problem [4,5], from which
advertisers can achieve a provably optimal competitive ratio. By con-
sidering bid dynamics and rankings of advertisers, a cyclical bid ad-
justment model in a two-player competition game was studied by
Zhang and Feng [38], where an equilibrium bidding price for two ad-
vertisers can be obtained. Some researches have explored periodical
budget allocation strategies by considering temporal features, such
as weekday, weekends, andmonths of a year [9]. However, this explo-
ration is not detailed enough for real-time strategy adjustment.
3. Budget decisions in sponsored search auctions

3.1. Budget decision scenarios

Three different budget decision scenarios occur during the lifecycle
of sponsored search advertising campaigns. Fig. 1 describes budget
decision scenarios according to temporal granularity, with two dimen-
sions: over time (the horizontal axis) and across markets (the vertical
axis). The interested reader is referred to see article [35] formore details
of budget decision scenarios in sponsored search auctions.

Suppose the advertiser intends to conduct a sponsored search
marketing campaign. First, at a long-term level, an advertiser needs to
decide how to allocate her search advertising budget across multiple
markets, given a predetermined total budget. Second, at a medium-
term level, the advertiser needs to distribute her advertising budget
across a series of temporal slots/days (named daily budget limit).
Here, if necessary, the advertiser can optimize one day's budget limit
based on historical advertising performance. However, once determined,
the advertiser would expect to use up all budget in that temporal slot.
Third, in each temporal slot of an ongoing advertising campaigns, an
advertiser can also adjust some factors, such as (claimed) daily budget
and bid price, in real-time to affect the ranking of the advertiser's
sponsored links in response to advertising dynamics.

Budget strategies at these three levels complement each other and
form an integrated budget optimization problem chain. That is, results
of higher-level decisions constrain lower-level decisions, and operational
results at lower levels create feedback for decisions at higher levels.
Moreover, budget operations at these three levels all interact with
outside environments, which contain great uncertainties ranging from
advertising resources to advertising performance.



Fig. 1. A multi-level framework of budget decisions in search advertisements.
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3.2. Problem statement

As explained above, in sponsored search auctions an advertiser can
tweak advertising strategies at multiple levels of temporal granularity.
However, in terms of real-time adjustment of advertising strategies,
previous literature often relied on adjusting bid prices. Nevertheless,
from a budget perspective, advertisers can set a claimed daily budget
(named daily budget) in real-time to affect advertising performance.
The search engine would use the (claimed) daily budget to decide
whether to stop directing traffic towards the sponsored links. If the
(claimed) daily budget is reached, the advertisements will not appear
on the search engine. Note that the (claimed) daily budget may not
equal the actual remaining budget of the day (which is a non-increasing
function due to the cumulative consumption of budgets by received
clicks). Thus, by changing (claimed) daily budget, an advertiser can assign
her budget to specific temporal periods. For instance, when search
demands are relatively high but conversion rates are relatively low, it
would be wise to lower the daily budget and save budget for later traffic
Table 1
List of notations.

Notation Definition

B The overall budget for search advertisements
n1 The number of search markets
xi The allocated budget for the ith search market
n2 The number of temporal slots/days during a promotional period
yi,j The allocated budget for the jth temporal slot/day in the ith search market
t Current time (within a temporal slot/day)
c Cost-Per-Click (CPC)
ρ Effective CTR
b Remaining budget (within the temporal slot/day)
m State of environment, andm = (c,p,b)
X A set of environment states, X = (m1,m2,⋯)
N The number of adjustments during each temporal slot/day allowable by

search engine
d (Claimed) daily budgets
β Bid price
u An action, u = (d, β)
U A set of actions, U = {u1,u2,⋯}
μ A policy, which is a map from statem to action u
with higher potential to purchase. Both bid price and daily budget can be
used in managing sponsored search auctions.

This study focuses on the use of real-time budget adjustment in
advertising strategy management. Specifically, suppose the budget
for a temporal slot (i.e., a day) is specified, we want to know how
to dynamically adjust daily budget and bid price to improve advertising
performance.

The notations used in this paper are listed in Table 1. In this paper,
we assume that a daily budget limit yi,j can be determined using the
BOF framework given the overall budget B and requirements ofmultiple
search engines and the length of the campaign. Thus, an advertiser
cannot spend over yi,j in a day. Under this constraint, at any time t the
advertiser can change bid price, β, and (claimed) daily budget, d, consid-
ering the change of market environments, specifically Cost-Per-Click
(CPC) c, effective click-through rate (CTR), ρ, and remaining budget of
a day, b. Here, CPC is affected by the bidding of all advertisers on the
market. Defining clicks on sponsored links that can generate value to
the advertiser as effective clicks, effective CTR measures the percentage
of effective clicks among all clicks:

Effective CTR ¼ effective clicks
total clicks

: ð1Þ

(Note that the effective CTR is equivalent to the conversion rate if
these kinds of user behaviors are defined as conversion actions by
advertisers.) CPC and effective CTR determine the cost and reward for
the advertiser on the sponsored search campaigns. Given the con-
straints of search engines, the advertiser can only change daily budget
N time a day. In this problem, an advertiser aims to find the adjustment
policy that will bring the highest reward.

4. The dual adjustment of budgets and bids within a day

The strategic decisions on advertising budgets and bids can be
viewed as a special multi-stage dynamic decision problemwithMarkov
properties [1]. Decisions at time t depend on both the currentmarketing
state and decisions at time t-1. This makes Reinforcement Learning (RL)
an appropriate technique to model budget and bid adjustments in
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sponsored search auctions. Note that sponsored search auctions are a
continuous process due to the high volume of search queries, which
demand a CRL approach with flexible components suitable to encode
the various states and actions in sponsored search auctions. In a previous
study [35], a BOF framework was built that incorporates interactions
between the different levels of decisions in advertising management.
This research extends this framework to the dual adjustment setting.
We first describe the formulas for the first two levels of decisions and
then discuss our extension of the BOF framework on real-time dual ad-
justment. For the sake of simplicity, we do not differentiate the keywords
contained in each campaign.

The budget for each of the n1 search engines is determined by max-
imizing the total reward, as in:

max
Xn1

i¼1
g 1ð Þ
i xið Þ

s:t: Xn1

i¼1
xi−B≤ 0

xi ≥ 0; i ¼ 1;2; ⋯;n1;

ð2Þ

where gi
(1) is the maximized campaign reward in the ith search engine,

given as:

g 1ð Þ
i xið Þ :¼ max

Xn2
j¼1

g 2ð Þ
i; j yi; j

� �
s:t: Xn2

j¼1
yi; j−xi≤0

yi; j ≥ 0; j ¼ 1;2; ⋯;n2;

ð3Þ

where gi,j
(2)(yi,j) is the maximized campaign reward in the jth temporal

slot of the ith search engine.
Within the scope of a temporal slot (i.e., a day), the adjustment

advertising strategy depends on the dynamics of the market, namely,
the CPC c, the effective CTR ρ, and the remaining budget of the day b.
We thus take them as state variables in m = (c,ρ,b) and compose a set
of environment states X = {m1,m2,…} to represent the sponsored
search auction environment. Furthermore, an advertiser can only control
the daily budget d and bid price β. Thus, we take them as action variables
in u = (d,β) and compose a set of actions U = {u1,u2,…}. A policy μ is a
mapping from the set of states to the set of actions, which are optimal
advertising actions for each corresponding state.

The environment state in sponsored search auctions varies with
time. Thus we represent it with differential equations as:

ċ tð Þ ¼ f 1 m tð Þ;u tð Þð Þ
ρ̇ tð Þ ¼ f 2 m tð Þ;u tð Þð Þ
ḃ tð Þ ¼ f 3 m tð Þ;u tð Þð Þ

which depict the changing rate of the environment state. Note that we
don't have access to f = (f1,f2,f3) in advance. However it's possible to
estimate the variation tendency of f from historical data.

Assume actionu(t) is taken at time t, when the system is in statem(t).
After a short temporal period Δt, the system state transits to m(t + Δt).
Within this period, the day's remaining budget reduces from b(t) to
b(t + Δt). Thus the cost from t to t + Δt is b(t) − b(t + Δt). Note
that, b is non-increasing as fees are deducted by the search engine.

Given this cost value, the advertiser gets b tð Þ−b tþΔtð Þ
c tð Þ clicks, among

which ρ tð Þ b tð Þ−b tþΔtð Þ
c tð Þ are effective clicks. We use r(t) = r(m(t), u(t))

to denote these effective clicks,which is ameasure of the instant reward
at time t. Based on it, we can derive the cumulative reward from time t
to the end of temporal slot, T, as reward function V(t):

V tð Þ ¼ ∫T

t
e−

s−t
τ r m sð Þ;u sð Þð Þds;

in whichwe apply discount factor τ ∈ (0, 1] to reflect the time value of
money.

In practice, the number of allowed budget adjustments is limited by
search engine auction providers. In this research, we assume that an
advertiser adjusts the daily budget and bid prices simultaneously,
which are both N times during a day. Thus, u can be represented as a
step function with N pieces:

u tð Þ ¼
u1 ; if 0 ≤ t b t1
u2 ; if t1 ≤ t b t2
…
uN ; if tN−1≤ t b T:

8>><
>>:

The advertiser thus needs tomakeN decisions. At time t, an advertiser
needs to choose the optimal control variable u(t) to maximize V(t).

With the above derived state variables and cost/reward values, we
formulate the budget and bids adjustment problem within a day as:

g 2ð Þ
i; j yi; j

� �
:¼ max

u∈U
V 0ð Þ

s : t : ċ tð Þ ¼ f 1 m tð Þ;u tð Þð Þ
ρ̇ tð Þ ¼ f 2 m tð Þ;u tð Þð Þ
ḃ tð Þ ¼ f 3 m tð Þ;u tð Þð Þ
V tð Þ ¼ ∫T

t
e−

s−t
τ r m sð Þ;u sð Þð Þds

c0 ¼ ci; j ; ρ0 ¼ ρi; j ; b0 ¼ yi; j

ð4Þ

where the advertiser's purpose is to find out the optimal action
u(t)⁎ characterizing a policy of budget and bids adjustments with
the maximized profits in terms of effective clicks. Models (2)–(4)
reflect advertisers' three levels of decisions during the lifecycle of a
campaign.

Model (4) has two unique features that are different classic CRL
models due to the characteristics of sponsored search auctions. First,
due to the complexity of sponsored search auctions, it is impossible to
get an explicit dynamic system in the CRL, i.e., f is not a determined func-
tion given in advance. We need to train it from historical data. Secondly,
constraints on allowed budget changes make the decision space dis-
continuous, which hinders the derivation of optimal actions. Here we
design u as a step function with limited steps. The changes of the step
function can happen at any time during a day though. These features
raise difficulties in reaching a closed form optimal solution for the
model.

5. Numerical solution

To solve our proposed dual adjustment model, in this section, we
discuss a numeric solution algorithm. Note that since an advertising
schedule is time-bounded, our numerical approach got to be efficient.

5.1. Estimation of function f

In order to estimate the function of f(m,u), we use a back-propagation
neural network as the universal approximation f m;u;νð Þ, where v is a
parameter of the function approximator, and use a reward-basedmecha-
nism to improve the approximation. We initialize the parameters of f
based on the domain knowledge, then at time t the parameters can be
improved based on the difference of system states from the function esti-
mation by minimizing

E1 tð Þ ¼ 1
2

ṁ tð Þ−f m tð Þ;u;νð Þ
��� ���2: ð5Þ

After iterations, the approximation function f will approach to the
exact f, following the Cybenko Theorem [6,31].

Theorem 1. Cybenko Theorem

Given any f ∈ C1 Rn;Rmð Þ, and any � N 0, we can always find a neural
network f x;νð Þ that approximates f(x), i.e.

max
x

f x;νð Þ−f xð Þj j ≤ �: ð6Þ
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5.2. Finding the optimal action u⁎

In sponsored search auctions, the control variableu can only be a step
functionwith limited number of adjustments, whichmakes it difficult to
find the optimal actions. Given the N allowed changes, the advertiser
faces N decisions. At time t, an advertiser needs to choose the optimal
control variable u(t), considering the remaining adjustment times n
and the system status vector m, to maximize V(t). If an advertiser has a
different number of remaining decision points, she may have different
choices and expected payoffs. Here we denote Vn as the value with n
remaining adjustment chances and propose a recursion method to find
the optimal action series.

According to Bellman's Principle of Optimality [2], the optimal payoff
for Model (4) is:

V� m tð Þð Þ ¼ max
u tþΔtð Þ

∫tþΔt

t
e−

s−t
τ r m tð Þ;u tð Þð Þdsþ e−

Δt
τ V� m t þ Δtð Þð Þ

h i
: ð7Þ

Let Δt → 0, we have:

V� m tð Þð Þ ¼ τmax
u tð Þ

r m tð Þ;u tð Þð Þ þ ∂V�

∂m f m tð Þ;u tð Þð Þ
� �

: ð8Þ

For the decision related to Vn, considering the actions in two subse-
quent temporal points t and t-, we have

If u(t) = u(t−):

V�
n m tð Þð Þ ¼ τ r m tð Þ;u t−ð Þð Þ þ ∂V�

n

∂m f m tð Þ;u t−ð Þð Þ
� �

: ð9Þ

If u(t) ≠ u(t−):

V�
n m tð Þð Þ ¼ τmax

u tð Þ
r m tð Þ;u tð Þð Þ þ ∂V�

n−1

∂m f m tð Þ;u tð Þð Þ
� �

: ð10Þ

Hence, for the last decision point, n = 0:

V�
0 m tð Þð Þ ¼ τ r m tð Þ;u t−ð Þð Þ þ ∂V�

0

∂m f m tð Þ;u t−ð Þð Þ
� �

; ð11Þ

and for earlier decision points with n N 0:

V�
n m tð Þð Þ ¼ τmax

�
max
u tð Þ

r m tð Þ;u tð Þð Þ þ ∂V�
n−1

∂m f u tð Þð Þ
� �

;

r m tð Þ;u t−ð Þð Þ þ ∂V�
n

∂m f m tð Þ;u t−ð Þð Þ
� ��

: ð12Þ

For the scenario where n N 0, if we define ‘action indicator’ h as

h ¼ max r m tð Þ;u tð Þð Þ þ ∂V�
n−1

∂m f m tð Þ;u tð Þð Þ
� �

− r m tð Þ;u t−ð Þð Þ þ ∂V�
n

∂m f m tð Þ;u t−ð Þð Þ
	 


;

ð13Þ

then we get:

u� tð Þ ¼ argmax
u tð Þ

r m tð Þ;u tð Þð Þ þ ∂V�
n−1

∂m f m tð Þ;u tð Þð Þ
� �

; ifh N 0; ð14Þ

u� tð Þ ¼ u� t−ð Þ; ifh b 0: ð15Þ

Let Vn(m;wn) be the universal approximation of the total discounted
reward function Vn

∗ , where wn is the parameter vector generated from
the back-propagation neural network. We can compute the mean
squared TD error, which should beminimized during the reinforcement
learning process:

E02 tð Þ ¼ 1
2

r m tð Þ;u tð Þð Þ þ ∂V�
0

∂m f m tð Þ;u tð Þð Þ−V0 m tð Þð Þ
����

����
2

; ð16Þ

En2 tð Þ ¼
1
2

r m tð Þ;u tð Þð Þ þ ∂V�
n−1

∂m f m tð Þ;u tð Þð Þ−Vn−1 m tð Þð Þ
����

����
2

; if d≤ 0;

1
2

r m tð Þ;u tð Þð Þ þ ∂V�
n

∂m f m tð Þ;u tð Þð Þ−Vn m tð Þð Þ
����

����
2

; otherwise:

8>>><
>>>:

ð17Þ

5.3. The solution algorithm

Based on the above discussion, we propose a solution algorithm to
find the optimal actionu⁎ of themodel. Algorithm5.1 aims to iteratively
find a near-optimal action at time t. In each round, we also updated the
BPNN's estimation of function f andminimize the TD error for reinforce-
ment learning. The computing procedure is illustrated in Fig. 2. The
convergence of this algorithm is guaranteed by Theorem 1.

Algorithm 5.1.
Next, we discuss the computational load of Algorithm 5.1. The algo-
rithm can be divided into two cases. If n = 0, then it simply records the
current state generated by the system and updates parameters of the
two neural networks. The computational complexity for this step is
polynomial. If n N 0, then it needs to compute 2 local optima using the



Fig. 2. The flow chart of computing procedure.
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interior point method in addition to updating the two neural networks.
The computational complexity for this step is also polynomial. Note that
if n is large, this algorithmmight need a largememory to store the neural
networks. Nevertheless, major search engines (e.g., Google) restrict the
number of changes on daily budget, which eliminates this concern. In
this sense, Algorithm 5.1 is an efficient solution for the dual adjustment
problem for online deployment.

6. Experimental validation

In this section, we conduct two sets of experiments to evaluate the
proposedmodel and optimization algorithm. First, we assess the perfor-
mance of our dual adjustment strategy by comparingwith two baseline
strategies. Second, we assess the necessity of adjusting both daily
budgets and bids by comparing with strategies adjusting only one of
them.

6.1. Dataset

Wecollected a dataset about campaigns conducted by an e-commerce
advertiser on one of the largest search engines in China for the ex-
periment. The dataset includes field reports and logs of search adver-
tising campaigns from September 2008 to August 2010. The dataset
contains 4 campaigns covering 170 keywords. In the data collection
period, 476,832 sponsored links to the e-commerce website were
triggered.

6.2. Evaluation metrics

In this research,we employ the reward advertisers received from the
campaigns to evaluate the effectiveness of optimization strategies.
Search engine users may click on sponsored links and initiate a visit to
the target website. The advertiser will be charged for all clicks going
through her sponsored links. (In practice, advertisers generally would
use up all their budget on the received clicks.) However, among these
clicks, only the effective clicks bring the advertiser a reward. In this re-
search, we consider that a click generates value if it causes purchase,
registration, staying on (i.e., viewing) the landing page for more than
5 s, surfing the target website for more than 2 links, or bookmarking/
downloading of relevant pages. (In our dataset, 1402 clickswere counted
as effective clicks.) We assume that the reward associated with each
effective click is the same. Thus, the reward can be represented by the
number of effective clicks received. A higher reward means that the
advertiser can earn more money from investing the same amount in a
campaign.

6.3. Baseline methods

The literature review uncovered only a few studies on dynamic ad-
justment of daily budgets and bids in sponsored search auctions. For
comparison purposes, we implement two baseline strategies. The first
baseline strategy (denoted as Fixed-strategy) fixes daily budgets and
bids during the scope of a campaign. It is a simple butwidely usedmethod
when advertisers don't have sufficient resources and knowledge to keep
track of advertising performance. The second baseline strategy (denoted
as TwoBid-strategy) randomizes bid prices between two values q1
and q2 on all keywords in the campaign until the actual daily budget
is exhausted [13].

Moreover, we tweak our dual adjustment strategy (denoted as
DynAdjustment) to derive two other baseline methods to evaluate
the effect of adjusting only daily budgets or bids in the campaigns.
Specifically, the Budget-Adjustment strategy is a special case of
DynAdjustment that fixes the bid as a constant (i.e., 2.0) and employs
the daily budget as the only control factor. The Bid-Adjustment strategy
is a special case of DynAdjustment that fixes the daily budget as a con-
stant (i.e., 60.0) and employs the bid as the only control factor.

6.4. Experimental procedure

In practice, advertisers (especially for small enterprises) don't have
sufficient budget, so it is necessary to deal with the budget constraint.
In the experiments, we assume that the (insufficient) daily budget
limit is B = 100. Thus, the advertisers' links can only be shown among
the sponsored links during some temporal periods of a day. By conducting
simulation on adjustment strategies and comparingwith the actual clicks
and effective clicks in the dataset, we can calculate the reward for each
strategy.

In the experiments, the parameters of our dual adjustment model
need to be specified based on the data. Particularly,we obtain the average
values of cost-per-click (CPC), daily budget limits, bid prices, and total
clicks directly from reports provided by search engines. We extract the
dynamics of cost-per-click (CPC) from reports of the campaigns,
and the dynamics of effective click-through-rate (CTR) and clicks
from log files on the advertisers' websites. We extract effective clicks
from weblogs using regular expression matching and calculate
corresponding effective CTR according to Eq. (1). Fig. 3 illustrates
changes of CPC and effective CTR over time. This information is used
to initialize and train function f by following formula (5). The baselines
on adjusting only daily budgets or bids can be trained in a similar fash-
ion. The Fixed-strategy and TwoBid-strategy do not require parameter
tuning.

Since our model is based on strategy adjustments within a day, we
mainly compare the dynamics of the strategies' performances within a
one-day scope.We alsoprovide amonthly performance curve to illustrate
how our strategy may affect the advertising performance at a coarser
temporal granularity level. For each of the experiments, we conduct sim-
ulation 30 times and report their averaged performance.



Fig. 3. CPC and effective CTR during a day.
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6.5. Results

6.5.1. Performance as compared with existing strategies
The first experiment is intended to evaluate the performance of our

dual adjustment strategy by comparing it with two baseline strategies.
We first assess the results of various strategies within a typical day.

Fig. 4 reports the change of a) daily budgets, b) bid prices, and c) the
day's remaining budget (caused by changes of bids and budgets) after
implementing our method and two baseline methods. As we can see
from the figure, the Fixed-strategy also takes both a fixed bid price
and a fixed budget on the entire day. The TwoBid-strategy takes a
fixed budget but tweaks the bid price a little bit. As a result, both
methods' remaining budgets reduce from the very beginning of the
day and are used up by about 3 pm. Our dual adjustment strategy, how-
ever, shows a quite different behavior. In general, the strategy gradually
increases the budget limit along with time, so that the budget won't be
used up at the beginning of the day. The strategy also increases the bid
prices at two peak hours of the day. As we can see in Fig. 3, the effective
CTR is relatively higher during these times. The increased price thus
attracts more clicks and brings more reward. The remaining budget,
under our strategy, starts to decrease at about 6 am and lasts until 9 pm.

Fig. 5 reports the rewards accumulated by executing these three
strategies during a day. As a direct result of manipulating bids and
budgets to the temporal slots with higher effective CTRs, our dual ad-
justment strategy obtains the highest reward (19,681 effective clicks)
among the three. The TwoBid-strategy receives 16,000 effective clicks
and the Fixed-strategy receives 14,634 effective clicks. Within a day,
our strategy outperforms the two baseline strategies by about 23%
and 34.5%, respectively. We also notice that the accumulation of
rewards starts later with our strategy. However, it experiences a much
faster increase from 7 am to 12 pm and from 2 pm to 9 pm, which
leads to its high reward.

Fig. 6 further reports experiment results for the three strategies
over a one-month temporal period (where daily traffic varies).
Since each strategy generally receives the same amount of rewards
per day, the increase of the total reward is roughly linear. In a longer
temporal scope, the TwoBid-strategy performances are relatively
better than before, which is still worse than our proposed strategy.
Within a month, our strategy obtains 607,926 effective clicks. The
TwoBid-strategy receives 550,064 effective clicks. The Fixed-strategy
receives 520,833 effective clicks. Our strategy outperforms the two
baseline strategies by 10.5% and 16.7%, respectively.

6.5.2. Effects of adjusting budget and bid in our strategy
The second experiment explores which part of our dual adjustment

strategy is more important, daily budget adjustment or bid adjustment.
For comparison purposes, the figures include our dual adjustment
strategies' performances, which are actually the same as reported in
the previous subsection.
Fig. 7 reports the change of a) daily budgets, b) bid prices, and their
caused c) remaining budgets within a day by adjusting only daily budget
or bid prices. When we take a Bid-Adjustment strategy, the daily budget
remains the same while bid price varies (peaks from 6 am to 12 pm)
during the day. Using the Budget-adjustment strategy, the bid price re-
mains the same while daily budget varies (gradually increases from
7 am to 4 pm) during the day. Due to the model's learning abilities,
none of the strategies uses their budget at the beginning of a day. The
Bid-adjustment strategy starts using budget at about 5 am and the
Budget-adjustment strategy starts 2 h later. Note that both strategies
spend their budget faster than our dual-adjustment strategy.

As a result of their abilities to tweak bids and budgets, the two strat-
egies receive different rewards. Fig. 8 shows that the budget adjustment
strategy and the bid adjustment strategy have steeper reward increases
but less total rewards. The Bid adjustment strategy has a quick reward
increase after 5 o'clock and ends up with 16,759 effective clicks. The
budget adjustment strategy shows a two-stage rapid increase and
ends up with 17,951 effective clicks.

When viewing the three strategies in the scope of one month, their
performance differences are even clearer (Fig. 9). Among the three
strategies, the bid adjustment strategy has the lowest performance
with 516,667 effective clicks per month. However, the budget adjust-
ment strategy has a performance (591,667 effective clicks per month)
that is much closer to the dual adjustment strategy. Obviously, the bud-
get adjustment part plays amore important role in our dual adjustment
strategy in directing budgets to the most appropriate temporal slots for
effective clicks.

7. Discussion and managerial insights

From the experiments,we can see that our proposed dual adjustment
strategy is a feasible solution to the advertising strategy optimization
problem in sponsored search auctions. It outperforms two state-of-
the-art baseline strategies in terms of daily level rewards and monthly
level rewards. From the behavior of this strategy in the experiment,
we notice that it prevents the budget from being exhausted too early
in the day, reserving it for later intervals with higher possible rewards.
The two baseline strategies, however, tend to consume the budget at a
relatively stable rate from the very beginning of each day. In general,
all strategies took advantage of all chances provided by the search
engine to tweak budgets, which means that our proposed optimization
strategy is effective in capturing market dynamics and altering ad-
vertising strategies in a timely manner.

The experiments also illustrate the effects of adjusting daily budget
vs. adjusting bid price. The effect of budget adjustment is slightly
stronger than the effect of bid adjustment on the accumulated re-
ward. This phenomenon provides another lens on the keyword bidding
problem currently under investigation by researchers: instead of solely
relying on change of bid prices, it may be more effective (and less

image of Fig.�3


Fig. 5. The change of the rewards during a day.

Fig. 6. The rewards of these strategies during a month.

a) Change of Daily Budgets

b) Change of Bid Price

c) Change of Remaining Budgets

Fig. 4. The variations of daily budgets and bid prices of three strategies and their caused
remaining budget during a day.
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computationally intensive) to inspect the alteration of daily budget as a
control variable in designing advertising strategies.

In addition to the algorithm contributions, this research provides
important managerial insights for advertisers in sponsored search
auctions. First, advertisers should not solely conduct long-term and
medium-term budget optimization and leave budget and bid price
fixed within a day. In response to the inherent dynamic nature of spon-
sored search auctions, advertisers should carefully track the advertising
performance, and adjust the daily budget and bids correspondingly. Our
work indicates that a simple strategy of daily budget adjustment can, to
some degree, improve the advertising performance in terms of effective
clicks. For example, amanager should tune down budgetwhen the traffic
is high but the effective CTR is low. Second, most advertisers pay more
attention to bidding strategies in order to maximize advertising perfor-
mance. In this research,we provide opportunities for advertisers to adjust
both the daily budget and bid prices for management. The improved
performance of the dual-adjustment method indicates the interaction of
the two factors and illustrates the possibilities of including other types
of factors to control advertising. It is worthwhile for advertisers to empir-
ically explore such opportunities and for researchers to investigate such
problems. Third, since more changes of budgets/bids enable better track-
ing and response to market status, advertisers should take advantage of
all chances provided by search engine to reinspect their advertising
strategy, especially in competitive markets and during hours with rapid
change of effective CTRs. In our experiments, our proposed approach
used up all change opportunities allowed by search engines.

image of Fig.�5
image of Fig.�4


a) Change of Daily Budget
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c) Change of Remaining Budget

Fig. 7. Effects of the daily budget and bids adjustment on the remaining budget for these
strategies during a day.

Fig. 8. Effects of the daily budget and bids adjustment on the rewards of these strategies
during a day.

Fig. 9. Effects of the daily budget and bids adjustment in a month.
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8. Conclusions and future work

In this paper, we propose a reinforcement learning approach to deal
with the problem of adjusting daily budget and bid price for better
advertising output. Since the sponsored search auction market changes
rapidly, we propose a continuous-time, continuous-statemodel for dual
adjustment of daily budget and bid price. In addition, since budgets can
only be changed a limited times during a day, we incorporate discrete-
time-action with step functions in the model, where the actions can be
taken at any time of a day. We also provide a numerical solution to our
model, considering the difficulty of deriving close form solutions. We
conducted some experiments to validate our proposed approach with
the real-world data about campaigns conducted by an e-commerce
advertiser on a major Chinese search engine. Experimental results
illustrate that our strategy outperforms the two baseline strategies.
It is also found that the daily budget adjustment plays amore important
role than bid adjustment in affecting advertising effectiveness in our
model.

This work opens a new venue for advertising strategy development.
In the futurewe intend to explore (a) the theoretical basis and empirical
evidence for co-optimization of daily budget and bids; (b) the inter-
operations of dynamic budget adjustment across search markets; and
(c) more efficient computational algorithms to facilitate online applica-
tions of advertising strategy optimization.
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