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ABSTRACT

Auto-bidding plays a crucial role in facilitating online advertis-
ing by automatically providing bids for advertisers. Reinforcement
learning (RL) has gained popularity for auto-bidding. However,
most current RL auto-bidding methods are modeled through the
Markovian Decision Process (MDP), which assumes the Markovian
state transition. This assumption restricts the ability to perform in
long horizon scenarios and makes the model unstable when dealing
with highly random online advertising environments. To tackle this
issue, this paper introduces AI-Generated Bidding (AIGB), a novel
paradigm for auto-bidding through generative modeling. In this
paradigm, we propose DiffBid, a conditional diffusion modeling
approach for bid generation. DiffBid directly models the correlation
between the return and the entire trajectory, effectively avoiding
error propagation across time steps in long horizons. Addition-
ally, DiffBid offers a versatile approach for generating trajectories
that maximize given targets while adhering to specific constraints.
Extensive experiments conducted on the real-world dataset and
online A/B test on Alibaba advertising platform demonstrate the
effectiveness of DiffBid, achieving 2.81% increase in GMV and 3.36%
increase in ROL
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1 INTRODUCTION

The ever-increasing digitalization of commerce has exponentially
expanded the scope and importance of online advertising plat-
forms [13, 18]. These ad platforms have become indispensable for
businesses to effectively target their audience and drive sales. Tra-
ditionally, advertisers need to manually adjust bid prices to opti-
mize overall ad performance. However, this coarse bidding process
becomes impractical when dealing with trillions of impression op-
portunities, requiring extensive domain knowledge [10] and com-
prehensive information about the advertising environments.

To alleviate the burden of bid optimization for advertisers, these
ad platforms provide auto-bidding services [4, 5, 12, 39]. These
services automate the determination of bids for each impression
opportunity by employing well-designed bidding strategies. Such
strategies consider a variety of factors about advertising environ-
ments and advertisers, such as the distribution of impression oppor-
tunities, budgets, and average cost constraints [31]. Considering
the dynamic nature of advertising environments, it is essential to
regularly optimize the bidding strategy, typically at intervals of a
few minutes, in response to changing conditions. With advertising
episodes typically extending beyond 24 hours, auto-bidding can be
seen as a sequential decision-making process with a long planning
horizon where the bidding strategy seeks to optimize performance
throughout the entire episode.

Recently, reinforcement learning (RL) techniques have been em-
ployed to optimize auto-bidding strategies through the training of
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Figure 1: Correlation Coefficients between History and the
Next State.

agents with bidding logs collected from online advertising envi-
ronments [6, 21, 27, 35, 44, 48]. By leveraging historical realistic
bidding information, these agents can learn patterns and trends
to make informed bidding decisions. However, most existing RL
auto-bidding methods are based on the Markovian decision pro-
cess (MDP), where the next state only depends on the current state
and action. In the online auto-bidding environment, this assumption
may been challenged by our statistical analysis presented in Fig-
ure 1, which shows a significant increase in the correlation between
the sequence lengths of history states and the next bidding state.
This result indicates that solving auto-bidding considering only the
last state will encounter several problems, including instability in
the highly random online advertising environment. Additionally,
the RL methods that rely on the Bellman equation often result in
compound errors [15]. This issue is especially pronounced in the
auto-bidding problem characterized by sparse return and limited
data coverage. A detailed statistical analysis is provided in A.5. In
this paper, instead of employing RL-based methods, we present a
novel paradigm, AI Generated Bidding (AIGB), that regards auto-
bidding as a generative sequential decision-making problem. AIGB
directly capture the correlation between the return and the entire
bidding trajectory that consists of a sequence of states or actions,
thereby transforming the problem into learning to generate an
optimal bidding trajectory. This approach enables us to overcome
the limitations of RL when dealing with the highly random online
advertising environment, sparse returns, and limited data coverage.
In the new paradigm, we propose Diff usion auto-bidding model
DiffBid. It gradually corrupts the bidding trajectory by injecting
scheduled Gaussian noises into the forward process. Then, it recon-
structs trajectory from corrupted ones given returns and temporal
conditions via a parameterized neural network. We further propose
a non-Markovian inverse dynamics [17, 37, 49] to more accurately
generate optimal bidding parameters. Taking one step further, Diff-
Bid provides flexibility to closely align with the specific needs of
advertisers by accommodating diverse constraints like cost-per-
click (CPC) and incorporating human feedback. Notably, DiffBid
serves as a unified model capable of mastering multiple tasks si-
multaneously, dynamically composing various bidding trajectory
components to generate sequences that efficiently maximize di-
verse targets while adhering to a range of predefined constraints.
To assess the effectiveness of DiffBid, we conducted extensive eval-
uations offline and online against baselines. Our results indicate
that DiffBid surpasses RL methods for auto-bidding. In summary:

Jiayan and Yusen, et al.

e We uncover that the Markov assumptions upon which com-
mon decision-making methods rely are not applicable to
the auto-bidding problem. Therefore, we propose a novel
bidding paradigm with non-Markovian properties based on
generative learning. This paradigm represents a significant
innovation in modeling methodology compared with exist-
ing RL methods commonly used in auto-bidding.

e Unlike common bidding methods, our approach captures
the correlation between the return and the entire bidding
trajectory. This design enables the method to address impor-
tant challenges, such as sparse returns, and ensures stability
in the highly random advertising environment. Finally, we
prove that the proposed diffusion modeling is equivalent
in terms of optimality to solving a non-Markovian decision
problem.

e We demonstrate that the method can integrate capabilities
to handle a variety of tasks within a unified solution, tran-
scending the limitations of traditional task-specific methods.
It shows that DiffBid outperforms conventional RL methods
in auto-bidding, and achieves significant performance gain
on a leading E-commerce ad platform through both offline
and online evaluation. In specific, it achieves 2.81% increase
in GMV and 3.36% in ROL

2 PRELIMINARY

2.1 Problem Formulation

For simplicity, we consider auto-bidding with cost-related con-
straints. During a time period, suppose there are N impression
opportunities arriving sequentially and indexed by i. In this setting,
advertisers submit bids to compete for each impression opportunity.
An advertiser will win the impression if its bid b; is greater than
others. Then it will incur a cost ¢; for winning and getting the value.

During the period, the mission of an advertiser is to maximize
the total received value }}; 0;0;, where v; is the value of impression i
and o; is whether the advertiser wins impression i. Besides, we have
the budget and several constraints to control the performance of ad
deliveries. Budget constraints are simply ;; 0;¢; < B, where ¢; is
the cost of impression i and B is the budget. The other constraints
are complex and according to [21] we have the unified formulation:

2 Cijoi
— < Cj, (1
2. Pijoi / )

where C; is the upper bound of j’th constraint. p;; can be any
performance indicator, e.g. return, or constant. c;; is the cost of
constraint j. Given J constraints, we have the Multi-constrained

Bidding (MCB) as:
maximize Z 0;0;

0 -
1
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Figure 2: Overall Framework for Generative Auto-bidding.

A previous study [21] has already shown the optimal solution:

J
b;k = Apv; + C; lepij, 3)
=

where b7 is the predicted optimal bid for the impression i. Aj, j €
{0, ..., J} are the optimal bidding parameters. Specifically, when
considering only the budget constraint, it is the Max Return bidding.
However, when considering both the budget constraint and the
CPC constraint, it is called Target-CPC bidding. From an alternative
perspective, the optimal strategy involves arranging all impressions
in order of their cost-effectiveness (CE) and then selecting every
impression opportunity that surpasses the optimal CE ratio ce”.
This threshold enforces the constraint, and the optimal bidding
parameters Ao = 1/ce”.

2.2 Auto-Bidding as Decision-Making

Eq.(3) gives the formation of the optimal bid b} with bidding pa-
rameters Aj, j € {0,..., J}. However, in practice, the highly random
and complex nature of the advertising environment prevents di-
rect calculation of the bidding parameters. They must be carefully
calibrated to adapt to the environment and dynamically adjusted
as it evolves, This subsequently makes auto-bidding a sequential
decision-making problem. To model it with decision-making, we
introduce states s; € S to describe the real-time advertising status
and actions a; € A to adjust the corresponding bidding param-
eters. The auto-bidding agent will take action a; at the state s;
based on its policy 7z, and then the state will transit to the next
state s;+1 and gain reward r; € R according to the advertising
environment dynamics 7. When 7 : s; X a; — sy41 X r satisfies,
it is called the Markovian decision process (MDP). Otherwise, it is
a non-Markovian decision process. We next describe the key items
of the automated bidding agent in the industrial online advertising
system:

e State s; describes the real-time advertising status at time
period ¢, which includes 1) remaining time of the advertiser;
2) remaining budget; 3) budget spend speed; 4) real-time
cost-efficiency (CPC), 5) and average cost-efficiency (CPC).

e Action a; indicates the adjustment to the bidding parame-
ters at the time period t, which has the dimension of the
number of bidding parameters A, j = 1,.., ] and modeled as
(a?o, a?]).

e The reward r; is the value contributed to the objective ob-
tained within the time period ¢.

e A trajectory 7 is the index of a sequence of states, actions,
and rewards within an episode.

In the online advertising system, learning policy through direct
interaction with the online environment is unfeasible due to safety
concerns. Nonetheless, access to historical bidding logs, incorpo-
rating trajectories from a variety of bidding strategies, is attainable
and provides a viable alternative. Prevalent auto-bidding methods
predominantly leverage this offline data to craft effective policies.
Our approach is aligned with this practice and will be elaborated
in detail in the subsequent chapters.

3 AIGB PARADIGM FOR AUTO-BIDDING

To thoroughly investigate the auto-bidding problem, we conducted
a series of statistical analyses of bidding trajectories, with detailed
information available in appendix ??. These analyses provide us
with the insight that devising an effective bidding strategy is es-
sentially equivalent to optimizing a state trajectory. Armed with
this insight, we propose a hierarchical paradigm for auto-bidding
that prioritizes the state trajectory optimization and subsequently
generates actions aligned with the optimized trajectory.

For state trajectory optimization, we can employ a generative
model to capture the joint distribution of the entire bidding trajec-
tory and its associated returns, subsequently generating the trajec-
tory distribution conditioned on the desired return. This approach
enables us to address key auto-bidding challenges by employing
SOTA generative algorithms. This paper presents an implementa-
tion that utilizes Denoising Diffusion Probabilistic Models (DDPM).
For action generation, several off-the-shelf methods can be utilized
to predict the proper action given the target state trajectory. In
this paper, we apply a widely used inverse dynamics model. The
hierarchical paradigm divides auto-bidding into two supervised
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learning problems, offering several advantages that include en-
hanced interpretability and increased stability during the training
process.

4 DIFFUSION AUTO-BIDDING MODEL

In this section, we give a detailed introduction of the proposed
diffusion Auto-bidding Model (DiffBid). We will first give the mod-
eling of Auto-bidding through diffusion models in Section 4.1.1.
Then we give a detailed description of the forward process in Sec-
tion 4.1.2, the reverse process in Section 4.1.3, and the training
process in Section 4.2. Finally, we will give the complexity analysis
in Section 4.4.

4.1 Diffusion Modeling of Auto-bidding

4.1.1 Overview. We model such sequential decision-making prob-
lem through conditional generative modeling [2, 9] by maximum
likelihood estimation (MLE):

maxBep [logpg (xo(7)[y(7))] ©

where 7 is the trajectory index, xo(7) is the original trajectory
of states and y(r) is the corresponding property. The goal is to
estimate the conditional data distribution with py so that the future
states of a trajectory x(7) from information y(7) can be generated.
For example, in the context of online advertising, y(z) can be the
constraints or the total value of the entire trajectory. Under such
a setting, we can formalize the conditional diffusion modeling for

auto-bidding:
q(xk41 (D) %1 (2)), po(xp-1(2) x4 (7), y(2)), ®)

where g represents the forward process in which noises are gradu-
ally added to the trajectory while py is the reverse process where a
model is used for denoising. The detailed introduction of diffusion
modeling can be found in Appendix A.2. The overall framework is
presented in Figure 2. We will make a detailed discussion about the
two modeling processes in the following sections.

4.1.2 Forward Process via Diffusion over States. We model
the forward process q(xg,1(7)|xg (7)) via diffusion over states,
where:

Xk (7) = (81, o Sts - ST e » (6)
where s; is modeled as a one-dimensional vector. x; (7) is a noise
sequence of states and can be represented by a two-dimensional
array where the first dimension is the time periods and the second
dimension is the state values. Merely sampling states is not enough
for an agent. Given x(7), we model the diffusion process as a
Markov chain, where x(7) is only dependent on xj_1(7):

gk (D1 (0) = N (0@ VT= Poes (2. Bl ), ()

when k — oo, x.(7) approaches a sequence of standard Gauss-
ian distribution where we can make sampling through the re-
parameterization trick and then gradually denoise the trajectory to
produce the final state sequence. For the design of ¢, k=1,..., K,
we apply cosine schedule [38] to assign the corresponding values
which smoothly increases diffusion noises using a cosine function
to prevent sudden changes in the noise level. The details for noise
schedule can be found in the appendix.
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4.1.3 Reverse Process for Bid Generation. Following [2, 23] we
use a classifier-free guidance strategy with low-temperature sam-
pling to guide the generation of bidding, to extract high-likelihood
trajectories in the dataset. During the training phase, we jointly
train the unconditional model €y (x (7), k) and conditional model
€g(xp (1), y(7), k) by randomly dropping out conditions. During
generation, a linear combination of conditional and unconditional
score estimates is used:

€ = €9 (xx (7). k) + 0 (e (x1 (1), y(7), k) — €9 (x (7). k), (8)

where the scale w is applied to extract the most suitable portion
of the trajectory in the dataset that coappeared with y(z). After
that, we can sample from DiffBid to produce bidding parameters
through sampling from pg (xg_1(7)|x (), y(7)):

xp-1(7) ~ N (x-1(Dlpg (i (1), y (1), k), Zg (x(2),5)) (9

where a widely used parameterization here is pg(xi (1), y(7),k) =

ﬁ(xk(f) - \/f—k_ﬁkék) and 2g(-) = P, in which o =1 - fi and
ar = ]_[f:1 ay.. When serving at time period ¢, the agent first sample
a initial trajectory xk(r) ~ N(0,I) and assign the history states
S0+ into it. Then, we can sample predicted states with the reverse
process recursively by

xp_ (1) = pg(x) (1), y(7). k) + Vfyz (10)

where z ~ N(0,1). Given x( (), we can extract the next predicted
state s, ;, and determine how much it should bid to achieve that
state. In this setting, we apply widely used inverse dynamics [1, 40]
with non-Markovian state sequence to determine current bidding

parameters at time period t:
Gy = fy(se-Lts ) (11)

where d; € R/ contains predicted bidding parameters (i.e. A;, i =
1,...,n) at time ¢. L is the length of history states. The inverse dy-
namic function f; can be trained with the same offline logs as the
reverse process. This design disentangles the learning of states and
actions, making it easier to learn the connection between states
thus achieving better empirical performance. The overall procedure
is summarized in Algorithm 1.

4.2 DiffBid Training

Following [22], we train DiffBid to approximate the given noise
and the returns in a supervised manner. Given a bidding trajectory
x0(7), we have its corresponding returns e.g., values the advertiser
received, the constraint the model should obey and the history
states s;,/ = 1, ..., t before time ¢ + 1. Then we just train the reverse
process model py which is parameterized through the noise model
€g and the inverse dynamics fy through:

L(0,¢) =Egrep [lle = eo(xx (), y(x), B[]

2
+ E(st,m,a,,s’ YeD [Hat —fqﬁ (Sth:t’s;.q.])H ] >

t+1

(12)

In the training process, we randomly sample a bidding trajectory ¢
and a time step k, then we construct a noise trajectory x(r) and
predict the noise through Eq (8). Following [23], we randomly drop
conditions y(7) with probability p to train DiffBid to enhance the
robustness. The process is presented in Algorithm 2.
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4.3 Design of Conditions.

In this section, we present approaches transforming industrial met-
rics into conditions of DiffBid.

4.3.1 Generation with Returns. For each trajectory r we have
the total value the advertiser received as the the return R(7) =
ZtT:I r+. We normalize the return by:

_ R(7) = Rin

Rmax — Rmin

R , (13)
where Rpin and Rpax are the smallest and the largest return in the
dataset. Through Eq. 13 we normalize the return into [0, 1] and
merge it into y(r). Subsequently, we train the model to generate
trajectories conditioned on the normalized returns. It should be
noted that trajectories with more values received have higher nor-
malized returns. Thus R = 1 indicates the best trajectory with the
highest values which will better fit the advertisers’ needs. When
generation, we just set R = 1 and generate the trajectory under the
max return condition to the advertiser.

4.3.2 Generation with Constraints or Human Feedback. In
MCB, the cumulative performance related to the constraints within
a given episode should be controlled so as not to exceed the adver-
tisers’ expectations. In such a setting, we can design y(7) to control
the generation process. For example, in the Target-CPC setting, we
can maintain a binary variable E to indicate whether the final CPC
exceeds the given constraint C:

E=lx<c(x) (14)
where x = % is defined in Eq (2). We can then normalize x into
[0,1] througi’l min-max normalization for simplification. E can be
used to indicate whether trajectory 7 break the CPC constraint. We
can also design y(7) to include E = 1 to make the model generate
bids that do not break the CPC constraint. Sometimes it is also
important to adjust the bidding parameters given real-time feedback
provided by the advertiser to enable flexibility. Here we use two

example indicators that reflect the experience of advertisers:

(1) Smoothness: an advertiser may expect the cost curve as
smooth as possible to avoid sudden change. By defining x =
% 2.t |costy — costi—1|, we can model it as a binary variable
S indicating whether the max cost change between adjacent
time period exceeds a threshold as in Eq (14).

(2) Early/Late Spend: an advertiser may expect the budget to
be cost in the morning or in the evening when there are
promotions. Here we model the ratio of cost in the early

T/2
half day through x = E’T:O—EZEZ, and use a binary variable to
indicate whether the sl;eond in the early half day exceeds a
certain threshold C as in Eq (14).

We can also compose several constraints together to form y(r) to

guide the model to generate bid parameters that adhere to different

constraints. In this setting, y(7) will be a vector.

4.4 Complexity Analysis

The complexity analysis for training DiffBid consists of the training
process and the inference process. For training, given the time com-
plexity of the noise prediction model €y is O(T1), the complexity
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for the inverse dynamic model fy is O(Tz), the complexity for a
training epoch is O(|B|(Ty + T2)). It can be seen that the training
complexity is linear with the input given Ty and T, are relatively
fixed. Thus the training of DiffBid is efficient. For generation, given
the total diffusion step K, the trajectory length L, then the time
complexity for inference is O (KL(T; +T2)). We can observe that the
time complexity for inference is linearly scaled with the diffusion
step K. In image generation, K is usually very large to ensure good
generation quality, which brings the problem of non-efficiency.
However, for bidding generation, we find K needs not to be very
large. Relatively small K has already generated promising results.
Moreover, in auto-bidding, a higher tolerance for latency is accept-
able, enabling the use of relatively larger K.

5 THEORETICAL ANALYSIS

In this section, we theoretically analyze the property of DiffBid. In
specific, we show that DiffBid that utilize MLE as the objective has
a corresponding non-Markovian decision problem [16, 33, 36, 41].
The detailed proofs can be found in the Appendix A.7.

LEMMA 5.1 (MLE As NON-MARKOVIAN DECISION-MAKING). As-
suming the Markovian transition py« (s¢+1|s¢, a;) is known, the ground-
truth conditional state distribution p*(ss41ls0:¢) for demonstration
sequences is accessible, we can construct a non-Markovian sequential
decision-making problem, based on a reward function ro (St+1, S0:¢) =
log/pa(at|so;t)py*(st+1|st, at)da; for an arbitrary energy-based
policy pa(arlso.t). Its objective is

T T T
Z ]EP* (S0:) [VPDY (So;t)] = EP*(SO:T) [Z Z ra (sk+1;30:k)
t=0

t=0 k=t

(15)

VPa (spy) = Eps (sarrlsor) [Zzzl o (St+1;80:¢)] is the value function
of pa.. This objective yields the save optimal policy as the Maximum
Likelihood Estimation Ey« 5,y [logpg(so.T)]-

Remarks. This analysis shows that DiffBid utilizing MLE objective
has its corresponding non-Markovian decision problem, and their
optimal are equivalent. It means that DiffBid does not require the
MDP assumption of problems and thus is more powerful in handling
randomness and sparse return like in the advertising environment.

6 EXPERIMENTS
6.1 Experimental Setup

6.1.1 Experimental Environment. The simulated experimental
environment is conducted in a manually built offline real advertising
system (RAS) as in [35]. Specifically, the RAS is composed of two
consecutive stages, where the auction mechanisms resemble those
in the RAS. We consider the bidding process in a day, where the
episode is divided into 96 time steps. Thus, the duration between
any two adjacent time steps t and ¢ + 1 is 15 minutes. The number
of impression opportunities between time step ¢ and ¢ + 1 fluctuates
from 100 to 500. Detailed parameters in the RAS are shown in
Table 5. We keep the parameters the same for all experiments.

6.1.2 Data Collection. We use the widely applied auto-bidding
RL method USCB in the online environment to generate the bidding
logs for offline RL training. This results in a total 5, 000 trajectories
for the based dataset and 50, 000 for a larger one. To increase the
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Table 1: Performance Comparison with baselines in different settings, including different data scales, and budgets in Max
Return bidding. improv indicates the relative improvement of DiffBid against the most comparative baseline. The best results

are bolded and the best second results are underlined.
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Table 1: Performance Comparison with baselines in different settings, including different data scales, and budgets in Max
Return bidding. improv indicates the relative improvement of DiffBid against the most comparative baseline. The best results

are bolded and the best second results are underlined.

Training Dataset | Budget | USCB BCQ CQL IQL DT DiffBid improv
15K | 45425 45472 46182 456.80 477.39 480.76  0.71%

USCB-5K 20K | 482.67 483.50 47578 486.56 507.30 51117  0.76%
25K | 497.66 498.77 48137 51827 527.88 53129  0.65%

30K | 500.60 501.86 491.36 549.19 550.66 556.32  1.03%

15K | 45425 45374 35843 464.69 378.64 475.62  2.35%

20K | 482.67 487.63 356.80 529.36 439.03 544.38  2.84%

USCBEX-SK 25K | 497.66 51075 356.41 613.67 50543 624.29  1.73%
30K | 50060 512.18 355.42 670.65 57479 678.73 1.17%

15K | 45425 458.64 43506 446.23 396.24 495.57  8.05%

20K | 482.67 491.72 43149 53358 478.29 55173  3.40%

USCBEx-50K 25K | 497.66 513.23 42839 59232 55448 606.34  2.37%
30K | 500.60 526.21 42529 63326 61150 644.88  1.83%

diversity of the action space, we also randomly make explorations
to generate a dataset with more noise. The above process results
in three datasets: USCB-5k, USCBEx-5k, and USCBEx-50k, where
USCBEx indicates USCB logs with random exploration data.

6.1.3 Baselines. We use the state-of-the-art auto-bidding method
USCB as well as other 4 recently proposed offline RL methods as
our baselines. The details of the baselines are as follows:

e USCB [21] an RL method designed for real-time bidding to
dynamically adjust parameters to achieve the optimum. It
has outperformed many RL baselines and is also the base
policy that is used to collect the data for offline training.

e BCQ [14] a classic offline RL method without interaction
with the environment.

e CQL [30] address the limitations of offline RL methods by
learning a conservative Q-function such that the expected
value of a policy under it lower-bounds its true value.

e IQL [29] an offline RL method that does not require evaluat-
ing actions outside of the dataset, yet it enables substantial
improvement of the learned policy beyond the best behavior
in the data through generalization

e DT [9] a prevalent generative method based on the trans-
former architecture for sequential decision-making.

6.1.4 Implementation Details. For the implementation of base-
lines, we use the default hyper-parameters suggested from their
papers and also tune through our best effort. For DiffBid, the diffu-
sion steps is searched within {5, 10, 20, 30, 50}. y is set to 0.008. L is
searched in {1, 2,3}. w for noise schedule is set to 0.2 empirically.
The batch size is set to 2% of all training trajectories. Total training
epochs is set to 500. For the implementation of py, we adopt the
most widely used model U-Net for diffusion modeling with hidden
sizes of 128 and 256. We use Adam optimizer with a learning rate
le—4 to optimize the model. The condition dropout ratio is set to
0.2 during training. We update the model with momentum updates
over a period of 4 steps.

6.1.5 Evaluation. For evaluation, we randomly initialize a multi-
agent advertising environment with USCB as the base auto-bidding
agents and use other methods to compete with these agents. We test
the performance under 4 different budgets, 1500, 2000, 2500, and
3000, to test the generalization under different budget scales. We
use the cumulative reward as the evaluation metric, which reflects
the total gain received by the target agent. For each method, we
randomly initialize 50 times and report the average of top-5 scores.

6.2 Performance Evaluation

The performance against baselines is shown in Table 1. In this
table, we show the cumulative reward from different budgets of
all the models. We have the following discoveries. One of the key
takeaways from the performance comparison presented in Table 1
is that offline RL methods consistently outperform the state-of-
the-art auto-bidding method, USCB. This finding underscores the
advantages of leveraging historical bidding data to train RL agents.
Offline RL methods, such as BCQ, IQL, and DT, exhibit superior
performance in terms of cumulative rewards across various budget
scenarios. The superiority of offline RL methods can be attributed to
their ability to learn from past bidding experiences without interac-
tion with a simulation environment. This mitigates the challenges
associated with inconsistencies between the online bidding envi-
ronment and the offline bidding environment, leading to policies
that are better aligned with real-world scenarios. Notably, DiffBid
stands out as the top-performing approach among all the methods
evaluated. In all budget scenarios and training datasets, DiffBid
consistently achieves the highest cumulative rewards. This remark-
able performance highlights the efficacy of the DiffBid approach in
optimizing bidding strategies by directly modeling the correlation
with the returns and entire trajectories. By decoupling the compu-
tational complexity from horizon length, DiffBid achieves superior
decision-making capabilities, outperforming traditional RL meth-
ods in both foresight and strategy. Another important observation

Training Dataset | Budget | USCB BCQ CQL IQL DT DiffBid improv
15K | 45425 45472 46182 456.80 477.39 480.76  0.71%

USCB-5K 20K | 482.67 483.50 47578 486.56 507.30 51117  0.76%
25K | 497.66 498.77 48137 51827 527.88 53129  0.65%

30K | 500.60 501.86 491.36 549.19 550.66 556.32  1.03%

15K | 45425 45374 35843 464.69 378.64 475.62  2.35%

20K | 482.67 487.63 356.80 529.36 439.03 544.38  2.84%

USCBEX-SK 25K | 497.66 51075 356.41 613.67 50543 624.29  1.73%
30K | 500.60 512.18 355.42 670.65 57479 678.73 1.17%

15K | 45425 458.64 43506 446.23 396.24 495.57  8.05%

20K | 482.67 491.72 43149 533.58 478.29 55173  3.40%

USCBEx-50K 25K | 497.66 513.23 42839 59232 55448 606.34  2.37%
30K | 500.60 526.21 42529 63326 61150 644.88  1.83%
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Table 2: Ablation Study

Model USCBEx-5K  USCBEx-50K
DiffBid 2280.12 2395.60
DiffBid w/o cond 1812.64 1852.21
DiffBid w/o non-mkv 2254.78 2287.41

from the results is the impact of training dataset size on model per-
formance. When comparing the "USCB-5K" and "USCBEx-50K" set-
tings, it becomes evident that a larger training dataset consistently
leads to improved cumulative rewards. This finding underscores
the significance of data size in training RL models for automated
bidding. A richer dataset allows the models to capture more diverse
bidding scenarios and make more informed decisions, ultimately
resulting in better performance. One intriguing aspect of DiffBid’s
performance is its resilience to noise. In real-world advertising
environments, there can be inherent uncertainty and variability
in the bidding process due to factors like market dynamics and
competitor behavior. DiffBid appears to handle such noise more
effectively than the RL baselines. This means that even in situations
where bidding outcomes are less predictable, DiffBid manages to
maintain competitive performance.

6.3 Ablation Study

To study different parts of the proposed DiffBid, we run the model
without a certain module to see if the removed corresponding mod-
ule will result in a performance drop. The result of the ablation
study is shown in Table 2. Due to the space limitation, we only
provide the results on USCBEx-5K and USCBEx-50K. w/o cond
refers to the DiffBid with the condition set to 0.0 (rather than 1.0).
w/o non-mkv refers to the situation where we only use the current
state and the predicted next state to generate the bidding coeffi-
cient. From the table, we find both of the two parts contribute to
the final result, and removing either of them will result in a perfor-
mance drop. It verifies the effectiveness of the proposed methods
in boosting DiffBid’s performance for auto-bidding.

6.4 In-depth Analysis

6.4.1 Study of State Transition. Here we compare the state
transition of the baseline method USCB and our proposed method
DiffBid. The result for grouped and non-grouped state transition
during a day is shown in Figure 3. In this figure, we plot the budget
left ratio with time steps in one day. From the figure, we can observe
that under USCB, most of the advertisers’ consumption does not
exhaust their budget. This is attributed to the inconsistency between
the offline virtual environment and the real online environment
faced by USCB. On the contrary, the budget completion situation
improves under DiffBid, where most of the advertisers spend more
than 80% of their budgets. One possible reason is that DiffBid finds
trajectories with a high budget completion ratio will also have a
high cumulative reward, and thus tend to generate trajectories with
a high budget completion ratio. Moreover, advertisers with small
budgets undertend to spend money in the afternoon. This is because
the impressions in the afternoon offer a higher cost-effectiveness,
albeit with a limited quantity.
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Figure 3: State Transition in One Episode.
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6.4.2 Performance under Constraints and Feedbacks. We
additionally investigate DiffBid’s multi-objective optimization ca-
pability under specific constraints, comparing its performance with
Offline RL. Specifically, we choose CPC ratio and overall return as
metrics and examine the ability of DiffBid and IQL to control the
overall CPC exceeding ratio while maximizing the overall return.
During training, we set different thresholds of CPC as in Eq (14).
Then when testing, we make DiffBid generating trajectories un-
der the expected CPC. In Figure 4, we show the exceeding ratio
and overall return under different CPC constraints and training
settings. From the figure, we find that DiffBid has the ability to
control diverse levels of exceeding ratio while maintaining an in-
tact return, surpassing IQL by a significant margin. Consequently,
DiffBid holds a distinct advantage in effectively addressing MCB
problems. We also study the performance under different advertiser
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Figure 6: In-depth Analysis.

Table 3: Online A/B Test Result.

Metrics ‘#Plan Budget Cost Buycnt GMV ROI

Baseline | 2068 886744 834426.104 23584.6836 1853823  2.221
DiffBid | 2068 886744 829992.384 24078.6883 1905954  2.296
compare - - -0.53% +2.09% +2.81% +3.36%

feedbacks. During training we split the trajectories through thresh-
olds of Eq. (14) into high and low levels, and learn the conditional
distribution under different levels. During generation, we adjust the
condition and generate corresponding samples and summarize the
metrics. The results for the statistic distribution of metrics for low
level, high level and the original trajectories are shown in Figure 5.
We find that the trajectory obtained from deploying DiffBid is well
controlled by the condition.

6.4.3 Impact of Diffusion Steps. We also study the overall per-
formance under different diffusion steps, which is an important
factor in influencing the efficiency and performance. The overall im-
pact of diffusion steps with respect to different budgets is illustrated
in Figure 6. From the figure, we have the following discoveries. First
of all, we observe that diffusion steps have a larger impact on ad-
vertisers with small budgets (1500 yuan). Secondly, larger budgets
are not sensitive to the diffusion steps, where we can get the best
result in most situations within 30 diffusion steps.

6.4.4 Stability. In this study, we randomly initialized the parame-
ters of three models - CQL, IQL, and DiffBid - and conducted thirty
training trials for each to examine stability in performance. As de-
picted in Figure 3(b), the RL-based models, CQL and IQL, showed a
tendency towards instability under varying random seeds. Notably,
IQL demonstrated slightly better performance than CQL, which
may be attributed to its design optimized for conservative regu-
larization. Contrasting with these, the generative model DiffBid
exhibited remarkable stability, with significantly fewer instances
of failure compared to its RL counterparts.

6.5 Online A/B Test

To further substantiate the effectiveness of DiffBid, we have de-
ployed it on Alibaba advertising platform for comparison against
the baseline IQL [29] method, which performs best among various
auto-bidding methods. The online A/B test is conducted from Febru-
ary 01, 2024, to February 08, 2024. The results are shown in Table 3.
It shows that DiffBid can significantly improve the Buyent by 2.09%,

Jiayan and Yusen, et al.

the GMV by 2.81%, the ROI by 3.36%, showing its effectiveness in
optimizing the overall performance. For efficiency, DiffBid takes
0.2s per request with GPU acceleration while the baseline is 0.07s,
which means latency can be well guaranteed.

7 RELATED WORKS

Offline-Reinforcement Learning. Offline reinforcement learn-
ing is a research direction that has gained significant attention in
recent years. The primary goal of offline RL is to learn effective
policies from a fixed dataset without additional online interaction
with the environment. This approach is particularly beneficial when
online interaction is costly, risky, or otherwise not feasible.Notable
works include Conservative Q-learning (CQL) by Kumar et al. [30],
and Batch-Constrained deep Q-learning (BCQ) by Fujimoto et al.
[14]. Both algorithms aim to tackle overestimation bias which tends
to occur in offline RL settings. Kostrikov et al. [29] propose an
implicit q-learning approach to address the training instability for
CQL. Chen et al. [9] propose to use transformers for offline RL to
increase the model capability. Hansen-Estruch et al. [19] proposes
a diffusion-based approach with implicit Q-learning for offline RL.
Diffusion Models. They recently have shown the capability of
high-quality generation [11], unconditional generation [3] and con-
ditional generation [7, 25]. It has shown promising performance in
decision-making. Hansen-Estruch et al. [19] proposes a diffusion-
based approach with implicit q-learning for offline RL. Wang et
al. [45] propose a expressive policy though diffusion modeling.
Chen et al. [8] propose to use diffusion models for behavior mod-
eling. Hu et al. [24] introduce temporal conditions for trajectory
generation. Despite these preliminary explorations, no work has
been payed for diffusion based auto-bidding which requires the
model to adapt to the random advertising environment. Li et al. [32]
utilize diffusion model in anti-money laundering.

Auto-bidding. Auto-bidding systems are widely used in program-
matic advertising, where they are employed to automatically place
bids on ad spaces. The main focus of such systems is to optimise a
given key performance indicator (KPI), such as the number of clicks
or conversions, while maintaining a certain budget [44]. Cai et al. [6]
proposed an RL-based approach to the problem of auto-bidding
for display advertising. They designed a bidding environment and
applied a deep RL algorithm to learn the optimal bidding strategy.
He et al. [21] propose a unified solution with RL to enable multi-
ple constraints for auto-bidding. Jin et al. extend the RL to enable
multi-agent competition [27]. Zhang et al. [35] also adopted the
RL framework for auto-bidding and showed that their approach
can outperform traditional bidding strategies. Wen et al. [46] pro-
pose a multi-agent-based approach for auto-bidding, which enables
the modeling of multiple auto-bidding agents at the same time to
include more information and also has been deployed online.

8 CONCLUSION

In this paper, we design a new paradigm for auto-bidding through
the lens of generative modeling. To achieve this goal, we propose
a decision-denoising diffusion approach to generate conditional
bidding trajectories and at the same time control the generated
samples under certain constraints. This new generative modeling
approach enables integrating different kinds of industrial metrics,
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which is the first unified model for bidding. Extensive experiments
on real-world simulation environments demonstrate the effective-
ness of the newly proposed approach. In the future, we will consider
developing new methods to accelerate the generation process and
new methods to ensure the robustness of DiffBid.
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A APPENDIX
A.1 Notations

Table 4: Definition of Notations.

Symbol ‘ Definition
T The trajectory index of a serving policy.
x(7)r | Sequence of states of trajectory r in diffusion step k.
y(r) Properties or conditions for 7.
R Return of a trajectory.
E Binary indicator variable.
B The budget of the advertiser.
C; The i’s constraint.
0; Whether the advertiser wins impression i.
v; The true value of the impression i.
b} The optimal bidding price for the impression i.
St The state at time period ¢.
a; Predicted bidding parameters at time period t.
Ai The bidding parameters.
€y The denoising model that predict the noise.
fo The model that generate bids.
ay The cumulative product of 1 - f;,j =0,...,k
B Schedualing factors.
ay 1-P.

A.2 Diffusion Modeling

As a kind of generative model, diffusion models [22, 43] use the
diffusion process to gradually denoise latent samples to generate
the new sample and have been widely used in generating pictures,
videos, and audio. One of the widely used diffusion models, denois-
ing diffusion probabilistic model (DDPM), consists of two processes:

Forward process. In the forward process, the noise is gradually
added to the latent variable, which is parameterized by a Markov

chain with the transition q(xg|xx_1) = N (xk; \V1- ﬂkxk,ﬁkI),

Jiayan and Yusen, et al.

where k € {1,..K} refers to the diffusion step, and f; € (0,1)
is a pre-defined scale that controls the noise scale at step k. By
defining @ = ]_[ff:1 a; = [—[i.‘:1 (1— B;), we can have the conditional
distribution:

aCxilxo) = N (e Ve, (1 - @)1 (16)

In this paper, we apply cosine noise schedule to control the noise
by:
k/K+y
— 9 C“(Hr'ﬂ

9(0) ~ cos(y E) ,

1+y 2

(17)

where y is a constant. When K — oo, q(xg) approaches to a
standard Gaussian distribution [22]. Given the original trajectory
xo and € ~ N(0,I), we have the noisy version at k by xp =

\/a_kxo +eyl—ap

Reverse process. In the reverse process, diffusion models plan
to remove the added noise on x; and recursively recover xj_j.
To achieve this goal, a Gaussian distribution parameterized by
po(xp_1lxr) = N (xp_1lpg(xx. k), Zg(xg. k)) is learned, where
Hg(xk, k) is the learned mean and Xy (xy, k) is the learned covari-
ance of the Gaussian distribution parameterized by a neural net-
work with parameter 0. For generating new samples, we can simply
use re-parameterization trick [28] to sample a noise xg ~ pg +€eox
and recursively denoise the sample by pg(xy_1|xy) for generation.

Optimization. DDPM optimizes the Evidence Lower BOund (ELBO)
of generative models. In the context of the diffusion model, we can
take the latent samples as hidden variables and rewrite ELBO in
the following form:

Eq [—1logpo(x0)]
_ 6 (xox)
SEq[ logq(xlzl(lxo)
=Eq [DkL(q(xk|x0)||lpo(xk))] — Eq [logpe (xolx1)]

(18)

+Bg | D" Dir (q(xk—1 1%k, x0)1po (xk11x6)) |

t>1

where the first term has no learned variable given variance fy is
fixed to constants, thus can be ignored during training. The second
term is the reconstruction term where pg(-) is trained to recover the
original sample x( from the noise sample x;. The last term is the de-
noising term where pg(+) is trained to denoise xj to get xx_q, thus
we can recurrently denoise the latent samples. In the original pa-
per [22] the author shows that the last term can be simplified to the

noise prediction objective B x, ¢ [||e — €y (\/akxo +4/1 — age, k) ||]

where @) = Hi;l oy = Hi;l(l = Br)-

A.3 Model Configuration

We parameterize the noise model ey with a temporal U-Net [42],
consisting of 3 repeated residual blocks. Each block is consisted of
two temporal convolutions, followed by group normalization [47],
and a final Mish activation function [34]. Timestamp and condition
embeddings, both 128-dimensional vectors, are produced by sep-
arate 2-layered MLP (with 256 hidden units and Mish activation
function) and are concatenated together before getting added to
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Figure 7: Ability of Action Control.

the activation functions of the first temporal convolution within
each block. fy is parameterized with a 3-layer MLP.

A.4 Pseudo-code

The process of training and inference of DiffBid is shown in Algo-
rithm 2 and Algorithm 1 respectively.

Algorithm 1 Bid Generation with DiffBid.

Input: noise model €y, inverse dynamics fy, guidance scale o,
condition y, max diffusion step K, scales ¢, t = 1,..., K.
Output: Bidding parameters a;
1: Get history of states sq.r;
2: Sample xg (1) ~ N (0, fxI);
3: fork=K,..,0do
4 xi(7)[: t] < so.r
5 Estimating noise é through Eq. (8)
6 (pk-1,2k-1) < Denoise(x (), )
7 X1~ N(pg-1, aZ-1)
8: end for
9: Extract (s;—r:s,$},,) from xo(7)
10: Generate d; = fg(S¢-L:1:8;,1);
11: return a;.

Algorithm 2 Training of DiffBid.

Input: randomly initialized 6, ¢, bidding trajectory set D
Output: optimized 6, ¢
1: while not converge do
2 Sample a batch of trajectories 8 € D;
forall r € B do
Sample k ~ Uniform(1,K), € ~ N(0,1);
Compute xp (7) via q(xx (7)|xo (7)) in Eq (7);
Compute L(6, ¢) by Eq (12);
Perform gradient descent to optimize 6 and ¢;
8 end for
9: end while
10: return optimized 6, ¢
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A.5 Analytical Results for Action Control

We analyze the ability of different models in controlling actions.
To achieve this goal, we re-define the return function to be the
summation of actions in odd time steps minus the summation of
actions in even time steps. The results are shown in Figure 7. We find
DiffBid can better control the action than IQL. The main reason
is that controlling of actions is difficult for RL in long horizons.
Instead, DiffBid directly models the correlation of trajectories and
returns, thus can well handle the long trajectory situation.

A.6 Statistical Analyses for Bidding Trajectory

The study by [20] indicates that CE follows a power-law decline
as the number of winning impressions increases. Our statistical
analysis confirms that this finding holds true at every discrete time
step, with decay rates varying temporally due to the heterogeneous
nature of the impressions. Figure 8(a) shows three steps sampled
from the online advertising system, From which another key insight
is that the optimal bidding strategy’s ce* is equivalent to selecting
a specific number of winning impressions per time step. We denote
the number at time step t as n;.

Another finding illustrated in Figure 8(b) is that the costs of
impressions remain relatively stable throughout the total episode,
fluctuating by less than 5%. This stability allows us to approximate
the cost of each impression c¢; with the average cost ¢ = ﬁ Zﬁi o Cis
where N represents the number of winning impressions of the
total episode. Therefore, the total cost at each time step ¢; = n; -
¢. In auto-bidding modeling, ¢; can be calculated from the state
trajectory by using the difference in the remaining budget between
two consecutive steps. Consequently, we can conclude that the
optimal strategy correlates to a specific state trajectory.

A.7 Theoretical Analysis

We first give the definition of several decision process and then
show the theoretical analysis.

DEFINITION A.1 (MARKOVIAN DEcisIoN Prockss (MDP)). MDP
is a stochastic mapping from a state-action pair to state-reward pairs.
Formally, T : SXA — SXR, where T denotes a stochastic mapping.

DEFINITION A.2 (H1sTORY-BASED DECISION ProCESs (HDP)). HDP
is a stochastic mapping from a history-action pair to observation-
reward pairs. Formally, P : H* x A — O x R, where P denotes a
stochastic mapping.

We show that a sequential decision-making problem can be con-
structed to maximize the same objective. The main results are given
by [41] and we put the proofs here for completeness. To start, let
the ground-truth distribution of demonstrations be p*(x((7)) and
the learned marginal distributions of state sequences be pg(xo(7)).
Then Eq. (4) is an empirical estimation of

Ep* (s0) [logp* (sg) + Ep* (s17]80) [logpg (s1.1 |S())]] (19)
Suppose the MLE yields the maximum, we will have pj, = p*. Then
we define V*(s0) = Ep»(s,1|5,) [108p™ (51:7[50) ], and generalize it
to have a V function:

V¥ (s0:) = Epr (s,yppls0) [108D" (S241:7[50:2)] (20)

which comes with a Bellman optimal equation:

V* (SO:t) = Ep* (st+1l80:2) [r(st+1: SO:t) + V* (30:t+1)] (21)
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Algorithm 1 Bid Generation with DiffBid.

Input: noise model €y, inverse dynamics fy, guidance scale o,
condition y, max diffusion step K, scales f;, t = 1,..., K.
Output: Bidding parameters a;
1: Get history of states sq.;;
2: Sample xg (1) ~ N (0, fxI);
. fork=K,..,0do
x (D[ t] « sox
Estimating noise é through Eq. (8)
(Mk-1,Zk—1) < Denoise(x(7), é)
Xp—1 ~ N(pg-1, a2k —1)
: end for
. Extract (s;-14,8},,) from xo(7)
10: Generate d; = fg(S¢-L:1,8;,1);
11: return a;.

R A O

Algorithm 2 Training of DiffBid.

Input: randomly initialized 6, ¢, bidding trajectory set D
Output: optimized 6, ¢
1: while not converge do
2 Sample a batch of trajectories 8 € D;
forall r € B8 do
Sample k ~ Uniform(1,K), € ~ N(0,1);
Compute xp (7) via q(x (7)|xo (7)) in Eq (7);
Compute L(6, ¢) by Eq (12);
Perform gradient descent to optimize 6 and ¢;
8: end for
9: end while
10: return optimized 6, ¢
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Table 5: Parameters of the Real Advertising System.

Parameters ‘ Values
Number of advertisers 30
Time steps in an episode, T 96
Minimum number of impression opportunities Ny 50
Maximum number of impression opportunities Nimax 300
Minimum budget 1000 Yuan
Maximum budget 4000 Yuan
Value of impression opportunities in stage 1, v}, . 0~1
Value of impression opportunities in stage 2, vit 0~1
Minimum bid price, Amin 0 Yuan
Maximum bid price, Amax 1000 Yuan
Maximum value of impression opportunity, vy 1
Maximum market price, py 1000 Yuan

Cost Effectiveness

W % e 0 8 %
Time step

(a) Cost Effectiveness Curve Samples from (b) Impression Cost Fluctuation at Differ-
Three Steps ent Time Steps

Figure 8: Statistical Results From Online Advertising System.

with r(s+1, S0:¢) = log p* (sz+1150:t) = log p; (stls0:£)p™ (sz+1ls2, az)dt,
V*(so.7) := 0. It is worth noting that the r defined above involves
the optimal policy, which may not be known a priori. We can re-
solve this by replacing it with ry for an arbitrary policy py (ar|so:z)-
All Bellman identities and updates should still hold. The entailed
Bellman update, value iteration, for arbitrary V and « is

V(s0:) = Eps (5,41 )500) [T (0:2, S241) + V (s0:£41) ] (22)

We then define r(st41, ar, So:2) = r(Se+1. S0:2) + log pls(arlso:r) to
construct a Q function:

Q" (ar;50:t) = Epe (541 10,0 ) [ (5241 s 50:0) + V¥ (s0:41)], (23)

which entails a Bellman update, Q backup, for arbitrary e, Q and V

Q(ar;s0:t) = Epr (s, )500) [Ta (S0:2, @z, se41) + V(soea1)]. (24)
Also note that the V and Q in identities Eq. (23) and Eq. (25) re-
spectively are not necessarily associated with the policy py (at|so:z)-
Slightly overloading the notations, we use Qg, Vi to denote the
expected returns from policy py (ar|so:+). By now, we finish the con-
struction of atomic algebraic components and move on to check if
the relations between them align with the algebraic structure of a se-
quential decision-making problem. We first prove the construction
above is valid at optimality.

LemMA A.1. When fo(ar; so.r) = Q*(ar; so:t)—=V*(so:t), pa(ar|so:)
is the optimal policy.

Jiayan and Yusen, et al.

ProoF. Note that the construction gives us

Q" (ar;so:t)
=Ep- (spuls0) |7 (541, 50:0) +10g piy (ar[s0:0) + V" (s0:441) |
=108 P (@r[50:0) + Bope (5,41 1500) [T (2415 50:0) + V7 (50:041) |

=10gPZ(at|30:t) + V*(SO:t)

(25)

O

Obviously, Q* (as; so:¢) lies in the hypothesis space of fy (ar; so:¢)-

It indicates that we need to either parameterize fy (ar; so.r) or Q(az; so:r)-

While Q% and V* are constructed from the optimality, the derived
Q% and V“* measure the performance of an interactive agent when
it executes with the policy py (a;|so.r). They should be consistent.

LemMA A.2. V¥(so:t) and By (a,|s,,) [Q% (at;S0:)] yield the same
optimal policy p}, (ar|so:+)

PROOF.

Epe(arlsoe) [Q (ar;sor)]
=B (arlsoe) |Bp* (seatlsoe) L7 (Se41, @1 s0:0) + VE (s0:041) 1]
=Epq (arlsor) Bp* (ss+1ls0:2) [log pyy (ar|so.e) +r(es1, So:e) + V¥ (Soe41) |
=Ep* (sp41150.0) [7(Se+1,80:0) = Har(ar|s0:) + VE (50:241) ]

T-1

= 25 Ep(srmslonn) [Ha(arclsor)]
k=t+1

where H () is the entropy term. The last line is derived by recur-

sively applying the Bellman equation in the line above until sy.7.

As an energy-based policy, py (a;|so:r)’s entropy is inherently max-

imized [26]. Therefore, within the hypothesis space, p}, (as|so:z)

that optimizes V¥ (so.;) also leads to the optimal expected return

EPa(at|$0;t) [Q%(ar; s0:4)]- o
Given the convergence proof by Ziebart [50], we have:

LEMMA A.3. If p*(st+1ls0:2) is accessible and p;ﬁ(stﬂlst, az) is
known, soft policy iteration and soft Q learning both converge to
i (arlso:r) = pl(arlso:r) o exp(Q*(ar; so:r)) under conditions.

Lemma 3 means given p*(sy41]so:¢) and p;(sﬂ.l |s¢, ar), we can
recover p;, through reinforcement learning methods, instead of
the proposed MLE. So py (a¢|so:) is a viable policy space for the
constructed sequential decision-making problem. Together, Lemma
A.1,Lemma A.2 and Lemma A.3 provide proof for a valid sequential
decision-making problem that maximizes the same objective of
MLE, by Lemma A 4.

LEMMA A.4 (MLE AS NON-MARKOVIAN DECISION-MAKING PRO-
CESS). Assuming the Markovian transition py+ (sy+1ls¢, a) is known,
the ground-truth conditional state distribution p* (s¢+1150:¢) for demon-
stration sequences is accessible, we can construct a non-Markovian
sequential decision-making problem, based on a reward function
Yo (St+1,S0:¢) = log/pa(at|so;t)py* (st+1lst, ar)day for an arbitrary
energy-based policy py (ar|so:t). Its objective is

T T T
ZEP*(SO:z) [Vpa (SOZt)] = IE':'p*(so;r) [Z Zra(3k+1§30:k)} (26)
t=0

t=0 k=t

VPa(spy) = Ep (sprirlsor) [Zzzl Yo (Sge1;So:k)] is the value func-
tion of py. This objective yields the save optimal policy as the Maxi-
mum Likelihood Estimation B« 5, ) [logpg(so.T)]-
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Table 5: Parameters of the Real Advertising System.

Parameters ‘ Values
Number of advertisers 30
Time steps in an episode, T 96
Minimum number of impression opportunities Ny 50
Maximum number of impression opportunities Nyax 300
Minimum budget 1000 Yuan
Maximum budget 4000 Yuan
Value of impression opportunities in stage 1, v}, . 0~1
Value of impression opportunities in stage 2, vit 0~1
Minimum bid price, Amin 0 Yuan
Maximum bid price, Amax 1000 Yuan
Maximum value of impression opportunity, vy 1
Maximum market price, pys 1000 Yuan
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