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ABSTRACT
Real-time bidding (RTB) has become a major paradigm of
display advertising. Each ad impression generated from a
user visit is auctioned in real time, where demand-side plat-
form (DSP) automatically provides bid price usually relying
on the ad impression value estimation and the optimal bid
price determination. However, the current bid strategy over-
looks the randomness of the user behaviors (e.g., click) and
the cost uncertainty caused by the auction competition. In
this work, we propose a novel adaptive risk-aware bidding
algorithm with budget constraint via reinforcement learn-
ing, which is the first to simultaneously consider estimation
uncertainty and the dynamic risk tendency of a DSP. Specif-
ically, we explicitly factor in the uncertainty of estimated ad
impression values and model the risk preference of a DSP
under a specific state and market environment via a sequen-
tial decision process. Additionally, we theoretically unveil
the intrinsic relation between the uncertainty and the risk
tendency based on value at risk (VaR). Consequently, we
propose two instantiations to model risk tendency, includ-
ing an expert knowledge-based formulation embracing three
essential properties and an adaptive learning method based
on self-supervised reinforcement learning. We conduct ex-
periments on public datasets and show that the proposed
framework achieves better performance in terms of the num-
ber of clicks under different budget constraints 1.
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1. INTRODUCTION
In the past few years, real-time bidding (RTB) has quickly
become tens of billions of markets in the globe [9; 34]. In
RTB, a demand-side platform (DSP) buys ad impressions
in a programmatic manner on behalf of advertisers. The
success of a DSP heavily relies on its bid optimization (i.e.,
the process of identifying the optimal bid price for each bid
request) capability [32], whose goal is to maximize the key
performance indicator (KPI) agreed upon with advertisers

1Our code is available at: https://github.com/
zhimengj0326/ekRLB

(e.g., the total number of clicks or return on ad spend).
In practice, bid optimization normally involves two steps,
namely user response prediction and bid price determina-
tion [30]. User response prediction is performed to estimate
the true value of a potential ad impression. Taking the es-
timated value as an input, the bid price determination step
aims to generate the optimal bid price for a bid request in
sequential decision making.

RTB is a highly competitive and dynamic marketplace. The
prerequisite for a DSP to stay competitive is the capabil-
ity of accurately predicting user responses [4; 8], e.g., click-
through rate (CTR) or conversion rate (CVR), and advanced
bid price determination algorithm. A large number of pre-
diction models [38; 27; 12; 33; 41; 6] have been proposed
in the literature, and return a point estimation for a bid re-
quest. Subsequently, such estimation is used to approximate
the true value of the corresponding ad impression. Despite
the substantial progress that has been made, their accuracy
is still far from perfect. One major reason is due to the large
randomness of the user behaviors (e.g., click) and the cost
uncertainty caused by the auction competition [1], which re-
sult in inherent uncertainties of estimated values. Motivated
by work [37], explicitly factoring such uncertainties plays a
critical role in optimizing a campaign’s performance.

On the other hand, the dynamic nature of RTB requires
modeling the correlations of bid requests under a given bud-
get constraint in view of varying market competition [7].
The latest research considers a DSP’s bidding process as
a sequential decision process and proposes model-based or
model-free reinforcement learning based bidding strategies [3;
31]. While it lays a solid groundwork for bid optimization,
these studies are based on the fundamental assumption that
the estimations of ad impressions’ values are accurate. Un-
fortunately, as explained before, this assumption can hardly
hold in practice. We point out that a reasonable bid opti-
mization solution needs to consider three inherently corre-
lated components, including the uncertainties of estimations
of ad impression values, the state of a DSP (e.g., remaining
budget and future auction number), and market competi-
tion. The latter two components determine the DSP’s risk
tendency (e.g., take more risk by bidding more aggressively
or reduce risks by bidding more conservatively).

Based on the above observations, we propose an adaptive
risk-aware bidding algorithm via reinforcement learning. To
the best of our knowledge, it is the first work that simultane-
ously considers prediction uncertainty and the dynamic risk
tendency of a DSP. We first theoretically unveil the intrinsic

https://github.com/zhimengj0326/ekRLB
https://github.com/zhimengj0326/ekRLB


Table 1: Notations and descriptions

Notation Description

x The features of bid request.
rmean(x) The mean value of predicted CTR.
rstd(x) The standard deviation of predicted CTR.
(t, b) The remaining auction numbers and budget.
θ The ad impression value.
m(δ) The probability density distribution of market price.

V (t, b)
The expected total reward with starting state (t, b)
taking the optimal policy.

a(t, b,x) The bid price for the request features x.
β(t, b) The risk tendency for the resource state (t, b).
U(t, b) The expected bid price depleting remaining budget.

relation between prediction uncertainty and risk tendency,
which helps generate a modified value of an ad impression.
With this formulation of an ad impression value, it is critical
to properly optimize a DSP’s risk tendency. To this end, we
propose two instantiations to model risk tendency, includ-
ing an expert knowledge based formulation embracing three
essential properties and an adaptive learning method based
on self-supervised reinforcement learning. We summarize
our key contributions as follows.

• We present an adaptive risk-aware bidding algorithm, which,
for the first time, considers both prediction uncertainty
and dynamic risk tendency to optimize bidding perfor-
mance. This framework is based on a new formulation of
an ad impression value by revealing the intrinsic relation
between prediction uncertainty and risk tendency. We
theoretically prove that this formulation allows achieving
the optimal bid price based on VaR analysis.

• We propose two ways to determine the risk tendency of a
DSP. We identify three basic properties of risk tendency,
which lead to an expert knowledge based instantiation.
To mitigate the extensive manual tuning efforts, we also
design a self-supervised reinforcement learning method to
learn the risk tendency based on experience.

• We conduct extensive experiments on two public datasets
to validate the superiority of our adaptive risk-aware bid-
ding algorithm and demonstrate the benefits of consider-
ing both prediction uncertainty and risk tendency.

2. PROBLEM FORMULATION
In the RTB system, each bidder of a DSP acts on behalf
of an advertiser and competes for the advertisement auc-
tion every time a bid request is generated from a user visit.
Given each auction opportunity, the bidder estimates the ad
impression value and uncertainty, and then determine the
bid price to maximize the cumulative ad impression value 2.
We aim to obtain better bidding strategy under the second-
price auction, i.e., the bidder with the highest bid price wins
the auction with the second-highest price payment. Related
notations are summarized in Table 1.

2.1 Problem Definition
Considering budget constraints in real-time bidding, we for-
mulate the bid optimization problem as a Markov decision

2In this paper, we use bidder and DSP interchangeably, and
adopt CTR to estimate the ad impression value, while other
metrics, such as CVR, can be adapted similarly.

process (MDP) in the episode level, where each episode con-
sists of T sequential bid auctions accompanied with a budget
of B. For each auction, we consider three pieces of critical in-
formation: (i) the remaining auction number t ∈ {0, · · · , T};
(ii) the remaining budget b ∈ {0, · · · , B} and (iii) the mean
value of predicted CTR (pCTR) rmean(xt) and the corre-
sponding standard deviation rstd(xt) for a bid request with
feature vector xt. Hence, the bidder’s state s is defined
as s , (t, b,xt). We define V (t, b,x) as the long-run ex-
pected ad impression value accumulated from the current
state s = (t, b,x). Our target problem is that, given the
remaining action number t, remaining budget b, the mean
value of pCTR rmean(xt) and corresponding standard devia-
tion rstd(xt) for current bid request features xt, how can we
determine the optimal bid price a(t, b,xt) to optimal cumu-
lative ad impression value in a sequential decision-making
process?

2.2 MDP Formulation
Reinforcement learning can be represented by tuple

(S,As,Ps
′

sa,Rs
′

sa), where S denotes the state space, As de-

notes the action (i.e., bid price) space for state s, Ps
′

sa and

Rs
′

sa represent the state transition probability and the im-
mediate reward (i.e., pCTR) for the transition from state s

to s
′

under action a. Note that t = 0 and b = 0 represent
the end of an episode and the state with the depleted budget
in sequential decision-making, respectively.

In the episode level bidding process, the state space S =
{0, · · · , T}×{0, · · · , B}×X, where X denotes the set of bid
request features. Given state s = (t, b,xt), the action space
As consists of all possible bid prices in set {0, · · · , b}, since
possible bid prices are constrained by the remaining budget
b. Let px(xt) denote the probability of the bid request fea-
ture xt for a potential ad impression and m(δ|xt) denote the
probability of market price δ given feature xt. As there is no
obvious dependency between winning price distribution and
bid request features [40] in iPinYou dataset 3, we assume
that market environment m(δ) ' m(δ|xt), i.e., the market
price distribution is independent of the bid request feature.
Such independent distribution assumption can be justified
by empirical evaluation via comparing winning bid distri-
bution against different features in the real-world iPinYou
dataset [40].

For the state transition, if the bid price a is larger than
the market price δ (highest bid price among other com-
petitors), then the bidder wins the ad auction, and state
(t, b,xt) will transit to (t − 1, b − δ,xt−1) with probability
px(xt−1)

∑a
δ=0m(δ). Otherwise, if a < δ, the bidder will

lose the auction and transit to state (t − 1, b,xt−1) with
probability px(xt−1)

∑+∞
δ=a+1m(δ). The immediate reward

is given by rmean(xt) for t-th auction if the bidder wins
the auction; otherwise, it is 0. Mathematically, the state
transition probability and reward function are expressed as
follows:

P(t−1,b−δ,xt−1)

(t,b,xt),a =

{
px(xt−1)m(δ), if δ ≤ a;

px(xt−1)
∑+∞
δ=a+1m(δ), if δ > a.

3The similar box plot of winning price distribution against
the features, such as hour, weekday, user browser, operation
system and location regions of bid requests, can be observed
in many campaigns of iPinYou [40].
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Figure 1: An overview of the adaptive risk-aware bidding
framework. Both pCTR and prediction uncertainty come
from the auction environment. Considering the market en-
vironment and bidder state, the framework combines predic-
tion uncertainty and risk tendency to adjust ad impression
values and decide bid prices.

R(t−1,b−δ,xt−1)

(t,b,xt),a =

{
θ(t, b,xt), if δ ≤ a;
0, if δ > a.

3. METHODOLOGY
In this section, we introduce the Risk-aware Reinforcement
Learning Bidding (RRLB) framework that effectively inte-
grates prediction uncertainty and a bidder’s risk tendency
into a reinforcement learning framework. An overview of
RRLB is illustrated in Figure 1. In the following sections,
we first explain the uncertainties of CTR prediction with
Bayesian logistic regression and then describe the risk-aware
bid optimization framework and two proposed instantiations
to determine the risk tendency. Finally, we describe the
model-based reinforcement learning method mapping the
adjusted ad impression value to the final bid price.

3.1 Uncertainty of CTR Prediction
Similar to [37], we adopt Bayesian logistic regression to ex-
plicitly measure the uncertainties of predicted CTR (pCTR)
values. In Bayesian logistic regression, each weight w is
treated as a random variable instead of a parameter, and the
variance of the random variable represents the uncertainty
of the corresponding feature. The likelihood of observing
the correct binary click label y given features x and weights
of logistic regression w is

p(y|x,w) = σ(wTx)y
(
1− σ(wTx)

)1−y
, (1)

where the sigmoid function is defined as σ(x) = 1
1+e−x . Note

that w is modeled as a random variable with a p.d.f p(w)
in the Bayesian version of logistic regression. The marginal
conditional probability p(y|x) is p(y|x) =

∫
p(y|x,w)p(w)dw.

The Gaussian prior N(µ0, q
−1
0 I) and Laplace approxima-

tion of posterior on w are adopted for weight distribution
update, where q0 is initial weight precision. The goal is to
maximize the posterior weight distribution p(w|x, y) given
a bid request’s feature vector x and label y. The model out-
put is a probability estimation of the occurrence of a click
event, defined as ŷ = P (y = 1|x). The variance of weight is
lower when the associated feature emerges more frequently,
which means that such a model can measure the data com-
pleteness for each feature. Via updating the mean and co-
variance matrix of the weight w, the distribution of CTR
pŷ|x(ŷ) can be obtained. Subsequently, we define the mean
and standard deviation of CTR as rmean(x) = Epŷ|x [ŷ] and

rstd(x) =
√

Dpŷ|x [ŷ], where Epŷ|x [·] and Dpŷ|x [·] denote the

expectation and variance over the CTR distribution pŷ|x.
The standard deviation of CTR reflects the uncertainties of
pCTR values. How to obtain uncertainties of other predic-
tion models is beyond the scope of this paper.

3.2 Theoretical Relation Between Uncertainty
and Risk Tendency

The key intuition of RRLB is to decompose the value of an
ad impression θ(t, b,xt) as the weighted sum of two parts:
the mean pCTR and a compound term that simultaneously
reflects prediction uncertainty and a bidder’s risk tendency.
Formally, the ad impression value is defined as follows:

θ(t, b,xt) = rmean(xt) + β(t, b)rstd(xt), (2)

where β(t, b) denotes the bidder’s risk tendency at resource
state (t, b), which is a subset of bidding state (t, b,xt), which
represents the intrinsic status of a bidder in terms of remain-
ing auction number t and remaining budget b in an episode.

Next we provide a theoretical motivation for the formulation
of Eq. (2). The core idea is based on the value at risk (VaR)
theory borrowed from finance [26; 19], where VaR estimates
how much the predicted CTR under/over-estimates with a
given probability. Note that the goal of a bidding strategy
is to improve the cumulative ad impression value. Given
the current bid request feature vector xt, remaining bud-
get b, and remaining auctions number t, let V a(t, b,xt) and
V astd(t, b,xt) be the cumulative estimated impression value
and uncertainty of the winning ads with the bidding strat-
egy a(t, b,xt). Then we define VaR of the cumulative ad
impression value with the bidding strategy a(t, b,xt) as fol-
lows:

V aλ (t, b,xt)
4
= V a(t, b,xt) + λ(t, b)V astd(t, b,xt), (3)

where state-associated coefficient λ(t, b) is the risk prefer-
ence that balances the cumulative estimated impression value
and uncertainty. Note that β(t, b) and λ(t, b) balance the es-
timated value and uncertainty for the current auction and
all the remaining auctions, respectively. The optimal VaR
bid price aV aR maximizes the VaR of the cumulative ad
impression value Vλ(t, b,xt) as follows,

aV aR(t, b,xt) = arg max
0≤a≤b

V aλ (t, b,xt). (4)

The theorem below shows that the linear combination in
Eq. (2) can achieve the optimal VaR bid price aV aR.

Theorem 1 (Risk Tendency Optimality). The RRLB frame-
work adopting the linear formulation in Eq. (2) can achieve
the optimal VaR bid price aV aR(t, b,xt) if the same risk ten-
dency β(t, b) = λ(t, b) is used.

Proof. Note that the bidder wins an ad impression if the
bid price a is larger than the market price δ. The cumulative
estimated ad impression value and the corresponding uncer-
tainty should satisfy

V
a
(t, b,xt) =

a(t,b,xt)∑
δ=0

m(δ)rmean(xt) +

a(t,b,xt)∑
δ=0

m(δ)V (t− 1, b− δ)

+
∞∑

δ=a(t,b,xt)+1

m(δ)V
a
(t− 1, b),



V
a
std(t, b,xt) =

a(t,b,xt)∑
δ=0

m(δ)rstd(xt) +

a(t,b,xt)∑
δ=0

m(δ)Vstd(t− 1, b− δ)

+

∞∑
δ=a(t,b,xt)+1

m(δ)Vstd(t− 1, b),

Combining above two equations, we have

V
a
λ (t, b,xt) =

a(t,b,xt)∑
δ=0

m(δ)
(
rmean(xt) + λ(t, b)rstd(xt)

)

+

a(t,b,xt)∑
δ=0

m(δ)V
a
λ (t− 1, b− δ) +

∞∑
δ=a(t,b,xt)+1

m(δ)V
a
λ (t− 1, b),

By firstly setting θ(t, b,xt) = rmean(xt)+β(t, b)rstd(xt) and
adopting the model-based method [3], it can be seen that the
linear combination in θ(t, b,xt) can achieve the optimal bid
price aV aR(t, b,xt), which maximizes the VaR of the cumu-
lative ad impression value.

Intuitively, a rational risk tendency should be a function of
the resource state, defined by (t, b), of a bidder. A budget-
restrained/abundant bidder would act very differently in
taking risks during the bid. However, we deem that the
risk tendency is independent of a random bid request x.

3.3 Expert Knowledge Based Risk Tendency
We leverage expert knowledge on RTB to design the first in-
stantiation of risk tendency β(t, b) to reveal the intrinsic risk
preference of a rational bidder. We distill three key rules as
follows. (i) The sufficiency of the remaining budget b de-
termines the sign of risk tendency β(t, b), where a positive
risk tendency indicates a strong preference to win auctions.
(ii) The partial derivative of risk tendency β(t, b) w.r.t. re-
maining budget b (remaining auction number t) should be
positive (negative) because more budget naturally allows the
bidder to take the risk of bidding more ad impressions. (iii)
When the remaining budget b and remaining auction num-
ber t are relatively large (e.g., the beginning of an ad cam-
paign), risk tendency β(t, b) depends on the ratio of b to t
and the extent of market competition. Formally, we express
the three rules as follows.

(i) Sign of risk tendency:

β(t, b)

{
≥ 0, b is sufficient at current t;
< 0, otherwise.

(5)

(ii) Monotonicity of risk tendency: ∂β(t,b)
∂t

< 0, ∂β(t,b)
∂b

> 0.

(iii) Approximation for the scenarios of large remaining bud-

get and auction number: β(t, b) ' β(t
′
, b
′
) if b

t
= b

′

t
′ .

Before elaborating the exact formulation of β(t, b), we have
to quantify the sufficiency of the budget as pointed out in the
first rule. In practice, the budget richness is highly related
to the level of market competition. Given a certain market
price distribution m(δ) and resource state (t, b), let U(t, b)
denote the expected bid price for an auction such that the
remaining budget will be depleted in the remaining future
auctions. Supposing that budget b is evenly allocated to the
remaining t auctions, we can calculate U(t, b) through the
following formula:

U(t,b)∑
δ=0

δm(δ) =
b

t
. (6)

Algorithm 1: Expert knowledge based reinforcement
learning bidding strategy

Input: market price probability m(δ), episode length
T , budget B, average pCTR and standard
deviation of CTR r̄mean and r̄std

Output: Optimal bid price a for current state
Parameter tuning for the manually designed risk
tendency;

Update Value function V (t, b) based on risk tendency ;
for δ = 0, 1, · · · ,min(δmax, b) do

if θ(t, b,x) + V (t− 1, b− δ)− V (t− 1, b) < 0 then
a(t, b,x)← δ;
break;

end

Since the bidder wins an auction only if bid price U(t, b) is
higher than market price δ, the left side of Eq. (6) represents
the expected actual cost, which should be the same as b

t
based on the assumption of even budget allocation.

Based on the above intuition of budget richness, we formally
define risk tendency as follows:

β(t, b) = tanh
(
α
U(t, b)− Û

Û

)
, (7)

where α is a positive hyperparameter that controls the slope
of risk tendency, Û is the budget richness threshold tuned
from historical data, and function tanh(·) confines risk ten-
dency within the range (−1, 1). It can be observed that the
proposed risk tendency formulation satisfies all three expert
knowledge based rules. First, the expected bid price U(t, b),
which measures the amount of budget richness, determines
the sign of risk tendency β(t, b), which is non-negative only

if U(t, b) ≥ Û as required in rule (i). Second, both U(t, b)
and β(t, b) increase with budget b, and decrease with t as
required in rule (ii). Third, the expected cost is propor-
tional to the ratio b

t
as shown in Eq. (6), which helps the

subsequent design of risk tendency to meet rule (iii).

By using the expert knowledge based risk tendency, we can
obtain the adjusted ad impression value using θ(t, b,x) =
rmean(x) + β(t, b)rstd(x). Subsequently, the model-based
reinforcement learning method is applied to obtain the final
bid price as will be introduced in Section 3.5.

Compared with the previous efforts [3], the bid price not
only reveals the estimated mean value of an ad impression
but also takes into account the estimation risk and risk ten-
dency based on the bidding state. The expert knowledge
based Reinforcement Learning Bidding (ekRLB) algorithm
is summarized in Algorithm 1, where the value function up-
date could be calculated using dynamic programming.

3.4 Self-Supervised Risk Tendency
Although the above explicit design of risk tendency may
capture the intrinsic risk preference well, it requires exten-
sive human expert knowledge and efforts on tuning Equation
(7). To be specific, a careful selection of hyperparameters α

and Û is required through many trials. With the variation
of the market environment, these presetting hyperparame-
ters tend to obtain sub-optimal performance and need to be
updated periodically. Furthermore, the computation cost
of calculating budget richness U(t, b) is prohibitive as it re-
quires considering all combinations of t and b. To avoid such
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Figure 2: An overview of the self-supervised reinforcement
learning. The risk tendency is generated from an MLP
trained by experience buffer and batch sampling in a self-
supervision way. The bidder decides bid prices based on risk
tendency and interacts with the RTB environment.

manual efforts, we propose a self-supervised reinforcement
learning bidding (ssRLB) method as shown in Figure 2 to
automatically generate risk tendency via a multi-layer per-
ceptron (MLP). Self supervised by the bidding history, we
update the mapping function βmlp(t, b) = MLP (t, b;Wmlp)
generated from an MLP to approximate the risk tendency
at resource state (t, b) with trainable weight Wmlp. The
ssRLB framework consists of a Gaussian exploration block,
an experience buffer, an MLP mapping function, and batch
sampling. We explain the details of each component as fol-
lows:

Gaussian exploration. We adopt exploration on risk ten-
dency by adding Gaussian noise to βmlp(t, b) as β̂(t, b) =
βmlp(t, b) + ε, where noise ε ∼ N (0, σ2). The noise variance
σ2 is adjustable to provide a trade-off between exploitation
and exploration in reinforcement learning.

Experience buffer. Motivated by experience replay op-
timization in reinforcement learning [35], we adopt the ex-
perience buffer to store good experiences represented by a
quaternary set B = (t, b, β̂(t, b), Vepisode) from the bidding
history, where Vepisode denotes the cumulative reward for the
entire episode. A “good” experience means that a larger re-
ward Vepisode is obtained by using risk tendency β̂(t, b). Let
N be the buffer’s total length. The samples with the low-
est reward will be removed if the buffer is full. In this way,
the experience buffer could always provide the best samples
explored so far for training the MLP.

Batch sampling. Batch sampling is responsible for sam-
pling batch Bbatch from the buffer. We apply a simple uni-
form sampling to generate Bbatch.

Training MLP mapping function. Given the experience
batch Bbatch, we update the weight in the MLP mapping
function by minimizing the mean square loss function:

L =
∑

(t,b,β̂(t,b),·)∈Bbatch

||MLP (t, b;Wmlp)− β̂(t, b)||2.

Since we only preserve the experiences with larger rewards
in the buffer, the mapping function will be updated under
supervision toward learning a good risk tendency.

In a nutshell, experience buffer stores “good” experienced
risk tendency while the sampled experienced risk tendency
is a supervised signal for MLP mapping function training.

Algorithm 2: Self-Supervised Risk Tendency Learning
Algorithm

Input: The historical data sample with pCTR, risk,
market price, and click labels, episode length
T , budget B.

Output: Optimal bid price
Initialize the risk tendency, and uniform replay policy ;
Update Value function V (t, b) based on Equation (8);
for each episode do

for each ad auction in the current episode do
Provide the bid price based on Algorithm 1;
Execute auction and observe (t+ 1, b) and
cumulative reward and risk;

end
Calculate the cumulative reward for an entire
episode;

if the cumulative reward Vepisode is larger than that
in Buffer then

B ← (t, b, β̂(t, b), Vepisode);
Uniformly sample a batch Bs from B ;
Train the MLP based on the batch sample ;

Update risk tendency β̂(t, b);
Update Value function V (t, b) based on Eq. (8).

end

The algorithm for self-supervised Reinforcement Learning
Bidding (ssRLB) is shown in Algorithm 2.

3.5 Bid Price Determination
Previous sections introduce how to modify the ad impres-
sion value with prediction uncertainty and risk tendency.
Next, we explain how to calculate the final bid price. We
adopt the model-based reinforcement learning bidding strat-
egy [3] to maximize the cumulative reward. Specifically,
we regard the pCTR rmean(xt) as the immediate reward
for t-th auction, and cumulative reward V (t, b,xt) is de-
fined as the expected cumulative reward starting from state
(t, b,xt) with the optimal bid price. By definition, we have
V (0, b,xt) = V (0, b) = 0 since there is no available auction.
Similar to [3], the updated policy for the cumulative reward
is given by:

V (t, b,xt) = max
0≤a≤b

{ a∑
δ=0

∫
X
m(δ)px(xt−1)

·
(
rmean(xt) + V (t− 1, b− δ,xt−1)

)
dxt−1

+

+∞∑
δ=a+1

∫
X
m(δ)px(xt−1)V (t− 1, b,xt−1)dxt−1

}
,

where X represents the entire feature vector space, and the
two integrations represent the immediate reward for win-
ning and losing cases. Furthermore, the cumulative reward
without observation on x can be obtained by integrating the
over bid request feature vector x. Formally, the cumulative
reward V (t, b) is:

V (t, b) ≈ max
0≤a≤b

{ a∑
δ=0

m(δ)ravg +

a∑
δ=0

m(δ)V (t− 1, b− δ)

+

∞∑
δ=a+1

m(δ)V (t− 1, b)
}
,



where ravg =
∫
X px(xt−1)rmean(xt−1)dxt−1 is the average

ad impression value over the entire feature vector space. The
cumulative reward V (t, b) can be iteratively updated given
the average ad impression value and market price distribu-
tion. Note that

∑∞
δ=0m(δ) = 1. The bid price at state

(t, b,xt) is calculated by:

a(t, b,xt)
4
= arg max

0≤a≤b
V (t, b,xt)

= arg max
0≤a≤b

{ a∑
δ=0

m(δ)
(
θ(t, b,xt)

+V (t− 1, b− δ)− V (t− 1, b)
)}

= arg max
0≤a≤b

{ a∑
δ=0

m(δ)g(δ)
}
, (8)

where g(δ)
4
= θ(t, b,xt) + V (t − 1, b − δ) − V (t − 1, b). The

cumulative reward V (t, b) monotonically increases w.r.t. the
remaining budget b, and g(δ) monotonically decreases. If
g(b) > 0 (e.g., the impression value is extremely high), the
optimal bid price is all the remaining budget. If g(b) < 0
(e.g., the impression value is moderate), there must exist an
unique integer price, defined as A, satisfying the following
three conditions: (1) 0 ≤ A ≤ b; (2) g(A) ≥ 0 and (3)
g(A + 1) < 0. According to Eq. (8), the optimal price
is thus determined by this by unique integer price A. To
summarize, the optimal bid price is ultimately dictated by:

a(t, b,xt) =

{
b, if g(b) ≥ 0;
A, if g(b) < 0.

(9)

4. EXPERIMENTS
In this section, we conduct experiments to evaluate our
RRLB framework with the two instantiations of risk ten-
dency, ekRLB, and ssRLB, and answer the following three
research questions:

• Q1: How does our risk-aware bid optimization solution
compare with several baselines in terms of the total num-
ber of clicks?

• Q2: How do prediction uncertainty and risk tendency
affect the total number of clicks?

• Q3: How do the hyperparameters affect the long-run per-
formance of the risk-aware bidding strategy?

4.1 Experimental Setting

4.1.1 Datasets.
Our experiments are conducted on two real-world datasets,
iPinYou 4 and YOYI 5. We follow the data preprocessing
in [37] to split training/test sets and obtain the estimations
and uncertainties of ad impression values. The dataset de-
scription is as follows:

• iPinYou dataset contains 19.5M ad impressions, 14.79K
clicks, and 16.0K spend (in CNY) over 9 campaigns during
10 days in the year 2013. We follow the data preprocessing
configuration in [37] to split it into training/test sets and
obtain the estimations and risk of ad impression values.

4https://contest.ipinyou.com/
5http://apex.sjtu.edu.cn/datasets/7

Table 2: The comparison of total click number (c0 = 1/2).

iPinYou Lin RLB ekRLB CRTRLBCURLB ssRLB

1458 401 428 428 416 423 422
2259 19 73 75 59 70 70
2261 9 44 51 36 64 61
2821 109 209 211 198 214 206
2997 295 376 382 384 360 276
3358 208 233 233 231 222 217
3386 157 293 294 290 293 290
3427 263 290 292 295 286 302
3476 206 230 232 241 233 204

Average 185.2 241.8 244.2 238.9 240.6 226.9

YOYI 725 890 894 873 840 914

• YOYI dataset includes 402M ad impressions, 500K clicks,
and 428K spend (in CNY) during 8 days in the year 2016.
The first 7 days and the last day are set as the training
data and test data, respectively.

4.1.2 Compared methods.
We compare ekRLB and ssRLB with two state-of-the-art
baselines. Lin is a linear bidding strategy with bid price
aLin = b0θ(x), where parameter b0 can be tuned on train-
ing data [24]. RLB is a model-based reinforcement learn-
ing bidding strategy [3], which achieves fine-grained pCTR-
price mapping, and adaptively adjusts bid prices for differ-
ent states. These two baselines only make use of rmean(x).
Besides, we also consider two variants of our proposed re-
inforcement learning bidding framework, including constant
risk tendency (CRTRLB) and constant uncertainty
(CURLB). CRTRLB sets risk tendency to a constant for
any resource states, i.e., β(t, b) ≡ β0, which is equivalent to
the previous work [37]. CURLB assigns a constant risk for
all ad impressions, i.e., rstd(x) ≡ r0. These two variants can
be used to validate the superiority of dynamic risk tendency
and the necessity for risk estimation.

4.1.3 Evaluation sketch.
Given a predefined budget and episode length for each bid-
ding campaign, we evaluate different bidding strategies in
terms of the total click number. Evaluation sketch includ-
ing experiment flow, budget constraints, and more details
as follows.

• Experiment flow. The bidding data is a list of ad im-
pression records, each of which is accompanied by the bid
request feature vector, the market price, and the user re-
sponse (click) label. Based on Bayesian logistic regres-
sion, we obtain the estimation mean and risk of ad dis-
playing the value for each impression record. Following
the model-based reinforcement learning bidding in Sec-
tion 3.5, we divide training and test datasets into episodes,
each of which contains T impression records and budget
B. All bidding strategies are evaluated in the episode
level. Episode length T influences the computation com-
plexities of bidding price and budget richness, which are
required over all remaining impression numbers t. We set
the size of episode length T = 1000. In the second-price
auction platform, a bidding agent wins an ad impression
if its price is higher than the market price, and only needs
to pay the cost of the market price. Then the bidding



agent receives the reward of the click label and applies it
to update the bidding strategy.

• Budget constraints. We allocate the budget as follows:
B = CPMtrain × 10−3 × T × c0, where CPMtrain and c0
are the cost per mille impressions in the training dataset
and budget coefficient, respectively. We compare the mod-
els using the budget coefficient set {1/32, 1/16, 1/8, 1/4, 1/2}.

• More details. For ekRLB, we tune the risk tendency hy-
perparameters α and Û in Eq. (7) on the training dataset
to optimize the number of total clicks. For ssRLB, the
mapping function MLP (t, b;Wmlp) is realized by a four-
layer MLP with 64 hidden units. Weight Wmlp is trained
with the Adam optimizer to minimize the mean square
loss function at the learning rate of 1× 10−3. The experi-
ence buffer size and batch size are 1× 105 and 32, respec-
tively. We update the buffer every 5 training episode.

4.2 Comparison Results
We present the total click number of different methods on
the 9 campaigns of iPinYou and YOYI with budget coef-
ficient c0 = 1/2 in Table 2 to answer question Q1. On
iPinYou, ekRLB obtains the best performance on most cam-
paigns, achieving the largest average total click number of
244.2. On YOYI, both ekRLB and ssRLB outperform RLB,
and ssRLB achieves the largest click number of 914. The two
variants CRTRLB and CURLB obtain fewer clicks on both
datasets, which validates the benefits of considering both
uncertainty and risk tendency in Eq. (2). Note that ssRLB
obtains fewer clicks than ekRLB on iPinYou but more on
YOYI probably because the training of self-supervised re-
inforcement learning is less stable. Nevertheless, we deem
that ssRLB is still a valuable alternative since it does not
require manual tuning of α and Û over a large volume of
historical data. We leave the improvement on risk tendency
learning for future work.

In the left part of Figure 3, we further show the performance
improvements of RLB and ekRLB over Lin on iPinYou under
the entire budget coefficient set. Two notable findings can
be observed. First, the two reinforcement learning based
strategies outperform Lin consistently over all budget set-
tings, which validates the benefits of modeling the bidding
process as an MDP. Given a specific budget constraint, all
bid requests are inherently correlated instead of independent
in Lin since previous bid prices determine the remaining
budget. Second, ekRLB gets more clicks than the tradi-
tional RLB, especially in the case with larger budgets. Such
observation demonstrates the advantage of explicitly model-
ing prediction uncertainty within a risk-aware reinforcement
learning framework.

4.3 Ablation Study
To answer Q2, we study the individual contributions of pre-
diction uncertainty and risk tendency by comparing with
constant uncertainty and risk tendency. Regarding ekRLB
as the benchmark method, the right part of Figure 3 shows
the performance degradation of the two variants CRTRLB
and CURLB. Along with the results in Table 2, we can find
that (i) both CRTRLB (with constant risk tendency) and
CURLB (with constant uncertainty) perform worse than
ekRLB, which proves that it is critical to consider both pre-
diction uncertainty and risk tendency to achieve an opti-
mal bid optimization framework. (ii) CURLB achieves bet-
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Figure 3: Left: The click number improvements of RLB and
ekRLB over Lin in all budget coefficients on iPinYou. Right:
The click number diminution of CRTRLB and CURLB over
ekRLB on iPinYou.

ter performance than CRTRLB, suggesting that modeling
risk tendency is even more important than prediction un-
certainty. This is because risk tendency determines how to
use (e.g., add or subtract) prediction uncertainty.

4.4 Hyperparameter Study
To answer Q3, we give a comprehensive hyperparameter
study to investigate how hyperparameters slope α, constant
uncertainty r0, and constant risk tendency β0 affect the per-
formance of the methods ekRLB, CURLB, and CRTRLB,
respectively. Specifically, we report the experimental results
on campaign 1458 of the iPinYou dataset with budget coeffi-
cient c0 = 1/2 in Table 3. The performance metrics include
click number and budget consumption ratio, where the bud-
get consumption ratio is defined as the cumulative cost over
the overall budget. The detailed experimental results and
analysis are summarized as follows.

Slope α for ekRLB. Hyperparameter α controls the slope of
risk tendency, and then influences the bid price of ekRLB.
Note that, in the case α = 0, we have 0 risk tendency based
on Eq. (6) of the main text, and ekRLB degenerates to RLB.
We can clearly observe that the total click number reaches
the highest value at a medium slope scale of α = 0.1. This
result implies that the total click number is not sensitive
w.r.t α and that ekRLB is robust on the hyperparameter α.

Constant uncertainty r0 for CURLB. The method CURLB
achieves relatively comparable performance with ekRLB even
though a constant uncertainty is applied. We further study
the influence of constant uncertainty r0 by varying it in
range [0, 1.8 × r̄std]. Here we set constant uncertainty r0
as a constant coefficient multiplying with the average un-
certainty r̄std in the training dataset. For the case r0 = 0,
we have a prediction uncertainty of 0 for all ad impressions,
when CURLB degenerates to RLB. We observe that the hy-
perparameter r0 = 0.2∗r̄std achieves the best performance in
terms of both click numbers since higher/lower risks lead to
ad impressions with overly large/small prices that decrease
the total click number.

Constant risk tendency β0 for CRTRLB. Compared with
ekRLB, it can be observed that a random selection of con-
stant risk tendency β0 in CRTRLB greatly damages model
performance. We further study its influences by consider-
ing β0 within range [−0.5, 0]. We only use the negative risk
tendencies since a positive one tends to overestimate an ad
impression and usually results in worse performance. For
the case β0 = 0, we remove risk tendency and degenerate
CRTRLB to RLB. We observe that β0 = 0.0 achieves the
most clicks and that when β0 equals −0.4 to −0.5, CRTRLB
extremely underestimates the ad impression value and bids



Table 3: Hyperparameter study on slope α (ekRLB), uncer-
tainty r0 (CURLB) and risk tendency β0 (CRTRLB).

Hyperparameters #click consumption ratio

α

0.0 1928 98.70%
0.001 1925 98.71%
0.01 1927 98.86%
0.1 1930 99.54%
0.2 1923 99.00%
0.3 1923 99.11%
0.4 1924 99.20%
0.5 1928 99.29%

r0

0 1928 99.83%
0.2 ∗ r̄std 1932 99.88%
0.4 ∗ r̄std 1922 99.89%
0.6 ∗ r̄std 1919 99.90%
0.8 ∗ r̄std 1910 99.90%
1.0 ∗ r̄std 1898 99.91%
1.2 ∗ r̄std 1896 99.91%
1.4 ∗ r̄std 1884 99.91%
1.6 ∗ r̄std 1878 99.91%
1.8 ∗ r̄std 1876 99.91%

β0

0.0 1928 98.69%
-0.001 1925 98.68%
-0.01 1922 98.55%
-0.1 1857 96.50%
-0.2 1629 90.00%
-0.3 845 32.77%
-0.4 159 5.25%
-0.5 0 0.06%

with a small price, leading to losing almost all ad impres-
sions and low budget consumption ratio.

4.5 Visualization of Risk Tendency
Risk tendency reflects the risk preference of a rational bid-
der in given states. We designed two instantaneous to learn
risk tendency, one based on expert knowledge and the other
based on self-supervised learning. We visualize these two
methods’ risk tendencies in Figure 4. It can be observed that
both approaches have similar trends in mapping states to
risk tendency, which implies that our self-supervised learn-
ing algorithm aligns well with the expert knowledge. Specif-
ically, risk tendencies are negative for those resource-limited
states at the upper left corner, where a bidder has a small
budget for a large number of remaining auctions. In such a
state, the bidder prefers to bid with conservative prices. On
the other hand, risk tendencies change to positive for those
resource-rich states at the bottom right corner because the
bidder has a sufficient budget for remaining auctions to sup-
port more aggressive bid prices.

5. RELATED WORK
User response prediction. User response prediction can
be modeled as a probability estimation task, e.g., click-
through rate (CTR) [10], conversion rate (CVR) [21]. Click-
through rate (CTR) prediction is widely studied to estimate
the value of an ad impression. It plays a key role in dis-
play advertising [18; 21; 30; 10; 14]. The traditional solu-
tions use linear models [18], gradient boosting decision trees
(GBDT) [29] or factorization machines [23] to predict CTR.
Deep learning based methods [36; 27; 5; 12; 25; 13; 33; 2;

Figure 4: Left: Risk tendency obtained by expert knowl-
edge. Right: Risk tendency learned from self supervision.
X-axis and Y-axis represent the remaining budget b and re-
maining auctions t, respectively.

41; 6; 38] are also used for CTR prediction tasks. Many
of them follow the Embedding&MLP paradigm. All these
methods aim to only predict the CTR without any informa-
tion guiding the confidence level. [37] is the only study that
simultaneously captures the estimation and risk of pCTR
prediction based on Bayesian logistic regression.

Risk Management Techniques. The goal of risk man-
agement in finance is to guarantee that the risk does not
hurt the business profit [22]. The risk and expected return
of each asset can be quantified by the mean return of the
asset and corresponding covariance matrix [20; 16]. The
mean-variance analysis is adopted to achieve the trade-off
between the risk and the expected return [28]. [39] mea-
sures the campaign-level risk and returns in a special case
of arbitrage. As for impression-level risk management, [37]
proposes a risk-aware bidding strategy based on the value
at risk (VaR) with campaign-level profit gain.

Bidding strategy. Truthful bidding is the most fundamen-
tal strategy that has been proven to be optimal in second-
price auctions with unlimited budgets [17]. In practice, ev-
ery ad campaign has a budget constraint, where linear [24]
and model-based/model-free reinforcement learning-based
strategies [3; 31] can be adopted to determine bid prices.
Other advanced methods, such as Recurrent Neural Net-
works [11] optimization [15], are developed for bidding with
budget constraints. However, these methods inevitably as-
sume the user response prediction is perfect and ignore the
inherent estimation uncertainty. [37] is most relevant to our
work, which proposes a risk management algorithm based
on value at risk, but ignores intrinsic interactions between
the market environment and the state of a bidder. In our
work, we propose a risk-aware reinforcement learning based
bidding strategy that explicitly considers such interactions.

6. CONCLUSION
In this paper, we investigated the bid optimization problem
in RTB with the benefits of risk information. For the bid
price determination with budget constraint, we, to the best
of our knowledge, firstly consider both estimation uncer-
tainty and the dynamic risk tendency. Specifically, we first
theoretically analyze the relation between prediction uncer-
tainty and the risk tendency of a bidder, and then proposed
an adaptive risk-aware bidding algorithm with budget con-
straint. Subsequently, we developed two instantiations to
determine risk tendency based on expert knowledge or self-
supervised learning. Experimental results on real datasets
demonstrate that RRLB making use of both prediction un-
certainty and risk tendency achieves better cumulative per-
formance than representative competitors.
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