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Abstract

Bid optimization strategy in auto-bidding is central to computational
advertising, achieving notable commercial success by optimizing
advertisers’ bids within constraints. Recently, generative models
have revolutionized auto-bidding by directly learning a policy from
large-scale datasets. Among them, the diffuser is superior in tackling
sparse-reward challenges, along with its trajectory stitching and
explainability capabilities, making it well-suited for industrial auto-
bidding. However, its performance could be limited by generation
uncertainty, particularly regarding generations’ dynamic illegitimacy
and preference misalignment, which can lead to suboptimal bids and
further cause poor performance when competing with other adver-
tisers in highly competitive auctions. To address it, we propose a
Causal auto-Bidding method based on a Diffusion completer-aligner
framework, termed CBD. Firstly, we conduct a theoretical analysis
and propose a completer to augment the training process with an extra
random variable t representing the decision timestep for enhancing
the dynamic legitimacy between adjacent states. Then, we employ a
trajectory-level return model as an aligner to refine the generated tra-
jectories in inference for better alignment with advertisers’ objectives.
Experiments across diverse settings demonstrate that our approach
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not only achieves superior performance on large-scale auto-bidding
benchmarks, such as a 29.9% improvement of conversion value in
the challenging sparse-reward setting, but also delivers significant
improvements on an online advertising platform, including a 2.0%
increase in target cost.'
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1 Introduction

The rapid digital transformation of commerce has significantly ex-
panded the reach of online ad platforms, making auto-bidding essen-
tial by automatically determining bid prices on behalf of advertisers
in large-scale auctions [50]. Bid optimization strategy in auto-bidding
is to maximize achieved impression value for an advertiser while ad-
hering to some economic constraints, such as cost-per-action (CPA),
throughout an entire bidding period [21]. Previous auto-bidding
strategies have evolved from simple rule-based methods [63, 69]
to the advanced methods based on reinforcement learning (RL)
[5, 22, 55], continuously pushing the boundaries of performance.
With the vast amount of bidding logs available from the online

I Code is available at https://anonymous.4open.science/r/CBD-KDD26-B5B4.
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system, it is getting more promising to leverage generative models
to revolutionize auto-bidding by directly learning a strategy from a
large-scale offline dataset that can handle the complex advertising
environment while adapting to advertisers’ diverse preferences.

In existing literature, two major paradigms employ generative
models for decision-making tasks based on offline datasets: Decision
Transformer (DT) [7, 38] and Diffuser [1, 27]. DT learns to autore-
gressively generate bid actions upon receiving the return-to-go and
observed states and actions, which relies on the single-step reward
design. However, this approach is not suitable for auto-bidding be-
cause conversions, i.e., the results of bidding actions, are typically
very sparse in online ad environments such as in-app purchases
(IAP) [21, 54], making it difficult to design an accurate single-step
reward [70]. Diffuser offers a promising alternative by generating
a trajectory of states based on accumulated rewards over multiple
steps as a condition, then actions are executed according to the gen-
eration [1]. This accumulation approach significantly alleviates the
single-step sparse reward issue, making it more suitable for realistic
auto-bidding. Moreover, the diffuser has advantages in trajectory
stitching ability and explainability [1]. DT and Diffuser were initially
developed to address offline RL tasks, aiming to stitch suboptimal
sub-trajectories in offline datasets into an optimal trajectory. DT
achieves this through dynamic programming, i.e., generating actions
and interacting with the environment to get the next state. However,
this method has proven inefficient due to error accumulation in long-
term decision-making compared to Diffuser, which, on the other
hand, can generate an optimal trajectory by stitching via its powerful
policy representation ability. Additionally, Diffuser is more explain-
able by revealing its planning process first and then executing strictly
according to it, while DT operates as a black-box by directly out-
putting actions. Explainability is crucial for industrial auto-bidding
services, as advertisers may discontinue the service if they observe
abnormal and unexplainable behavior from the auto-bidding model.

However, we found that directly applying diffusers could result in
limited performance in large-scale auctions with numerous advertis-
ers and millions of impression opportunities [54]. This arises from
the inherent uncertainty issue in generative models, which can occur
in models ranging from simple generative models like VAEs [31]
to the most advanced LLMs based on auto-regressive transformers,
where this phenomenon is specifically referred to as hallucination
[26]. Specifically, the generated next state may not be achievable
from the current state, leading to a dynamic legitimacy issue [45].
Additionally, as it is hard to train a perfect model covering all modes,
the generations of diffusers can sometimes be misaligned with the
advertiser’s preferences [36]. The situation compounds in large-scale
auctions, where the tolerance for bids is minimal due to high compet-
itiveness among advertisers. Suboptimal bids caused by these issues
can lead to significant loss of impression opportunities or budget
waste. Previous works have tried to address these issues in offline RL
tasks, typically involving single-agent, non-competitive tasks like
locomotion control [14]. AdaptDiffuser [37] and MetaDiffuser [45]
use a forward dynamic model (FDM) for enhancing legitimacy, but
a poor base model could make FDM useless [1]. DiffuserLite [11]
revises the training process as generative interpolation by training
multiple diffusers, which is inefficient and could limit overall plan-
ning. Adopting causal network architectures for training a diffuser,
such as DiT [48] with causal attention [64], is closely related to
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addressing this issue, but also raises concerns about accumulated
errors.

To alleviate the generation uncertainty issue of diffusers in auto-
bidding for large-scale competitive auctions, we conduct an in-depth
analysis of the diffuser’s training and inference processes within the
context of auto-bidding. Our theoretical findings indicate that directly
applying diffusers can lead to unnecessary distribution mismatch
errors, as defined in Eq. 8, due to a discrepancy between the inputs
used during the training and inference stages. Therefore, we begin
by augmenting the denoising process during the training stage by
introducing an additional random variable ¢ representing the decision
timestep. This reformulates model training as learning a completer,
thereby mitigating the discrepancy that could lead to illegitimacy.
Drawing an analogy to LLM, this process involves observing random
t-length historical sequences as a “query”” and then completing the
remaining sequence as an “answer”, thus enhancing the dynamic
legitimacy between randomly adjacent states. However, due to the
model’s limited capabilities and the constantly evolving preferences
of advertisers, the generated trajectory may still be suboptimal,
leading to potential misalignment issues. Thus, during inference,
we utilize a trajectory-level return model as an efficient aligner
to adaptively refine the final generated trajectories, ensuring they
align more closely with advertisers’ preferences. This approach also
highlights the flexibility and explainability of using a planning-based
method with diffusers. Combining them leads to our Causal auto-
Bidding method based on a Diffusion completer-aligner, termed
CBD. To summarize, our contributions are as follows:

o We highlight the necessity of adopting diffusers in the con-
text of industrial auto-bidding and theoretically analyze the
factors hindering their development.

e We propose a novel CBD method to improve the diffuser’s
auto-bidding performance by alleviating the impact of gener-
ation uncertainty in both training and inference.

e Experiments show that our method excels in large-scale
auto-bidding benchmarks, like achieving a notable 29.9%
improvement in the challenging sparse-reward scenario simi-
lar to industrial reality. Given the sequential decision-making
nature of our method, it could also provide insights and ad-
vantages for general offline RL tasks. More importantly, we
successfully deploy our CBD method to an online advertising
platform and achieve a significant improvement, e.g., a 2.0%
increase in the target cost.

2 Preliminary and Related Work
2.1 Problem Statement of Auto-Bidding

Consider a scenario where there are H impression opportunities
arriving sequentially, each labeled by an index i. An advertiser wins
an impression if its bid b; surpasses those advertisers and incurs a
cost ¢;. The goal is to maximize the total value of the impressions
won, represented by ’; 0;0;, where v; denotes the impression value
and o; is a binary variable indicating whether the advertiser wins
impression i. Additionally, it is essential to consider the budget
and various economic constraints, such as limiting the unit cost of
specific advertising events like CPC and CPA [22]. Therefore, under
the budget constraint, the objective of auto-bidding is:

Zioicij

maximize Z_o,—v,— st. —/——
i ZiOiPij

< Cj,Vj. (1)
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Figure 1: Overview of our CBD method: At each timestep ¢, a completer first receives a “Query”” (observed states s,.; reflecting ad
impression features and auction status) and outputs an “Answer”’ (generated future states s;,;7) within the dynamic legitimate area;
The aligner then refines the generation to achieve closer alignment with the expected trajectory property; Finally, a bid is determined
based on the refined trajectory and sent to the auction to compete with other advertisers.

where p;; is the performance indicator to j-th constraint provided
by the advertiser and C; is the upper bound. A previous study [22]
has shown the optimal solution:

* J
b} = Ago; + Z,-=1 2

where b} is the optimal bid for impression i. The parameters
A; represent the optimal bidding parameters. Please note that in
industrial ad platforms, auto-bidding methods focus on adjusting
bidding parameters at a low frequency, such as every 30 minutes,
rather than for every single impression that arises in milliseconds.
Therefore, there is ample time for an advanced auto-bidding method
to respond to bidding parameter adjustment requirements, even for
LLMs. Appendix A also provides a detailed literature review that
highlights the evolution of auto-bidding methods.

iPi;Cj» )

2.2 Auto-Bidding as Decision-making

We consider a sequential decision-making framework where an
auto-bidding agent interacts with the advertising environment & at
discrete timesteps. At each timestep ¢, the agent receives a state
s; € S that describes the ad impression features and auction status,
and then outputs an action a; € A. The action is the adjustment
to the bidding parameters A;, i.e., a; := {a?o, a?]}, which is then
mapped to the final bid using Eq. (2). After transitioning to the next
state, the env & emits a reward r;, typically the acquired conversion
value. This process repeats until the end of a bidding period, such as

one day, which could be seen as a fixed-length decision-making. A
detailed description of these elements can be seen in Appendix C.

Related Work. As the complexity of online ad environments
increased, RL became a major approach for auto-bidding. USCB
[22] and SORL [42] employ RL to maximize the value under multiple
constraints. Recently, DiffBid [21], a pioneering generative auto-
bidding method, directly utilizes a decision diffuser to create a
planning and control scheme, but not tested in large-scale auctions.
GAS [36] and GAVE [17] propose data augmentation techniques
to enhance the quality of offline datasets, but they still rely on the
single-step reward and could introduce instabilities from the extra
value estimation [1]. Therefore, this paper focuses on exploring
the potential of diffusers in large-scale auctions for contributing a
superior generative backbone.

2.3 Diffuser for Auto-Bidding

The diffuser is developed for decision-making based on a diffusion
model [1, 28]. For simplicity, we introduce basic elements of the
decision diffuser (DD) employed by DiffBid, which aims to maximize
likelihood estimation of a trajectory x,(z) given a condition y(7) :

max Erp [log po (x0 (1) ly(7))]. 3

where 7 is the trajectory index and y(z) can be the property of the
trajectory x,(7), such as the accumulated reward of the trajectory.
For brevity, we index the states from 0 to T, i.e., xo = {So, $1, ..., ST}
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Specifically, DD is built with a predefined forward noising process
q(xks1 (D) 2k (7)) 1= N (g1 () [Watrxi (7), (1 = )T) - (4)

and a trainable reverse denoising process

Po(xk-1 (D) |xk (), y(2)) = N (x5 () o (xx(2), K y (7)), o),
&)

where N denotes a Gaussian distribution, and xx (7) := {s’g, s’f, sé‘.}
denotes the noisy trajectory at step k. We could get such a DD
by training on a tractable variational evidence lower bound of
log pg(xo(7)|y(r)) with a surrogate loss [23]:

(6)
where € is the noise added to the data sample x, to produce xj, and
we use a deep neural network eg(x, k, y(7)) to estimate the noise €.

At a timestep ¢ during inference, the diffuser combines the ob-

. . . ~ _ K K
served states and padding noise as inputs Xx = {so, - - ., S¢, Spprs s ST 1.
It then generates a trajectory Xy = {So, ..., St St+15 - - -» ST}, Which

consists of a sequence of multi-step states with expected property
y(7). Subsequently, an action a; is typically obtained by inputting the
observed states s;_r.; over a horizon L and the generated next state
§;41 into an inverse dynamics model fy, i.e., a; = f3(St-1:4,Sr41)-
An illustration of this process can be seen in Fig. A3. The inverse
dynamic model could be independently trained by

Li(¢) = E{s,,L:,H,a,}~D lla; - fq&(st—L:h Se+1)] |Z~ @)
However, the training objective described in Eq. (6) does not pro-
vide explicit guidance on maintaining dynamic legitimacy between
adjacent states. This may lead to the generation of subsequent states
S that are not achievable from the previously observed states s<;,
as demonstrated in Fig. 1 and further supported by the experiments
shown in Fig. 2. Such issue can cause the inverse dynamic model to
produce suboptimal actions due to these anomalous transitions.

Related Work. AdaptDiffuser (AD) [37] and MetaDiffuser [45]
use a forward dynamic model for guiding the generation to pursue
consistent trajectories, but poor base model generation can hinder
effectiveness and necessitate training revision [1]. DiffuserLite (DL)
[11] reformulates the training process as generative interpolation
by training multiple diffusers to generate segment trajectories, but
it is inefficient and could limit overall planning ability. Adopting
causal network architectures for training diffusers, such as diffusers
based on RNN [6] or DiT [48] with causal attention [64], is closely
related to addressing this issue by enforcing the generation of next
states based on historical states. A more detailed discussion to the
auto-regressive modeling and masked trajectory modeling can be
seen in Appendix H. Therefore, in this work, we firstly aim to propose
a solution specifically in the context of auto-bidding for addressing
the dynamic legitimacy issue without introducing extra modules.

3 Causal Auto-Bidding via Diffusion
Completer-Aligner

We propose a novel causal auto-bidding method, termed CBD, to
enhance the diffuser’s bidding performance in large-scale auctions
by i) reformulating training a diffuser as learning a completer and
i) aligning the generated states to advertisers’ objectives in the
inference process by refining the generation via an aligner. A detailed
illustration of our CBD method could be seen in Fig. 1.

Yewen Li et al.

3.1 Completer: Learning to Complete in Training

‘We now provide an insightful analysis of the compounding error that
arises from directly applying diffusers for auto-bidding, which leads
to the necessity of reformulating the bidding process as a completion
process. We denote o, := {s<;, y(7)} as all the observations and s’ as
the generated future states. Then, we can represent a simple optimal
bidding strategy in inference as a; = f3(0;,8’),s" ~ pg+(s'los, z) =
Lo+ (z|oy) + op+(z]|or)€e, € ~ N(0,I), where z is the input padding
noise that will be denoised to the next states s’ conditioned on
0;. We have a diffuser trained via Eq. 6, i.e., denoising z to s’
conditioned on a diffused observation 0; = a;o; + b;n, n ~ N(0,1I).
For brevity, we assume a; = b; = 1. Thus, the trained diffuser is
actually performing py(s’|0s, z) = po(zlos + 1) + op(z|o; + )€ =
[po(zlos) +d,(z|os, m)] + [og(2]os) +ds(z|0s, n)] €, where d denotes
the residual part. Now, we can conclude that if the diffuser is well-
trained in transitioning to the distribution on s’ of optimal value, we
have the distribution matching error, denoted as &;, of applying py
under the diffuser inference scheme, i.e.,

&; =DgLIpo- (s'|or, 2)lIpo (s 0r, 2) ]
oo+ (2l0¢)* + dy(zlor,m)?
(09~ (2loy) — do(z]0r,1))?

(00 (2|0r) = dy (2|01, 1))

—1+In -
ag (z|o)?

1
T2

®)
Proof can be seen in Appendix B. Intuitively, this is because of the
unnecessary denoising of observations during inference, leading to
&; > 0. As there are multiple steps of a bidding period, the final
compounding error could be extremely large. This could lead to
suboptimal performance of the diffuser, as it risks deviating from
the optimal distribution of next states in py:, potentially entering
dynamic illegitimate areas, as illustrated in Fig. 1.

To address this issue in auto-bidding, a practical approach to
mitigate the compounding error is to eliminate the discrepancy
between training and inference phases. This can be achieved by
leveraging observed information to enhance generation, i.e., learning
to directly minimize the divergence Dy, [pg- (s’|0s, 2)||po(s’|0s, 2)].
Specifically, the generation procedure of training and inference phase
should be unified as follows: at a timestep ¢, we start generation
by sampling xx () = {sX,sK, ... s} from N(0,1) and assign the
observed states s.; to the corresponding places to get the input of
the diffuser, i.e.,

Xk (7,t) = {so,...,St sﬁl,...,s¥ ). 9
—_— —, —
Query  padding with noise
Then, according to denoising process pg(xx—1(7)|xx (1), y(7)), we
could sample the predicted next step’s trajectory by

Xp-1(7, 1) = po(Xk (7, 1), k, y(7)) + 02, (10)

where z ~ N(0,I). The o} could be typically set as o = 1 —
ay and the py could be parameterized by pg(%x(z,t), k,y(r)) =

‘/%fk(ik(r, t) — 1:”;}( é), where @ := []%, ay and the & could be

modeled with a conditional model €y (X (7, t), k, y(7)) by randomly
dropping the condition y(7) in a classifier-free guidance scheme
[24]. By recursively applying the above procedure and assigning the
first t-length of the generation with the query, we could get the final
generated trajectory

Jzo(T,t) :{So,...,st,§t+1,...,§]‘}. (ll)

—— ——o ———
Query Answer
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Additionally, as the dynamic legitimacy issue may occur in every
position of the generated trajectory, we augment the previous diffuser
training procedure by setting ¢ as an extra random variable to
construct the observations query and reformulate training as learning
to complete. Specifically, with the augmented random variable ¢, the
completer py should capture the causality between the observed part
{s0s ..., ¢} and the remaining part {s;+1, ..., s7} with an “instruction”
y(7), resembling a query-and-answer style like LLM. Therefore, the
training objective is changed into

mQaXET~D [logp9(3t+l:T|sO:t’ y(T))] (12)

To achieve this objective, we can make a small modification by
introducing an augmented new completion training loss L., while
still utilizing the powerful generation ability of diffusers, i.e.,

Le(6) = Egxlle — €0(Zi (7, 1), Ky ()77 13)

where the expectation is taken over diffusion steps k ~ U{1,...,K},
data samples xy ~ D, and trajectory split points ¢ ~ U{0,...,T—1}.
The term || - |If 1.7 denotes that the loss is computed exclusively on
trajectory indices from ¢t + 1 to T. With such an additional variable
t ~ Uniform{0, ..., T — 1} and replacing xx (7) to X (z, t) of Eq. (9),
the model is learned to be aware of the dynamic legitimacy of
adjacent states in every positions of the trajectory and thus enhancing

the dynamic legitimacy of the whole trajectory.

3.2 Aligner: Refining Generations in Inference

After training as a completer, the learned bidding policy, which
includes the diffuser pg and the inverse dynamic model fj, is capable
of producing actions with improved dynamic legitimacy. However, its
alignment with the expected advertiser preferences, which could be
represented by y(7), may still be suboptimal. This misalignment can
be attributed to factors such as the limited capacity of the model, as
we cannot get a perfect model, and the dynamic nature of advertiser
preferences, which may include previously unseen preferences in
datasets. Additionally, it remains challenging to explicitly control the
sampling process during denoising to precisely obtain the expected
optimal action a; [66, 67]. Consequently, these concerns may lead
to misalignment issues, failing to meet the advertiser’s expected
properties, as illustrated in Fig. 2.

To enhance the quality of generated trajectories and improve
subsequent auto-bidding performance, we can leverage a trajectory-
level return model to introduce an aligner during the inference stage
for refining the generated trajectories. The return model could be
independently trained to regress on the conditions y(7) in the datasets
expressed as

L(¢) = E(xy y1~l[Rp (x0(7)) — y(0)|[>. (14)

This regression objective is not restricted by the issue of sparse
rewards. Although the immediate reward r, for most steps may be
zero, leading to a sparse reward challenge, the accumulated rewards
=0T Tt are not zero and can be easy to learn.

There are several options for implementing the aligner scheme.
One approach is a best-of-N sampling method that leverages the
diverse generation ability of diffusers. This method generates multiple
future trajectories in parallel and employs the trajectory-level return
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model to select the best trajectory, as illustrated below:

~ . ~i 2 .
sz/‘+1:T — al:g mln”Rq) (30:t> s;+1:T) - y(T)H ,i=1~N. (15)
St
Alternatively, the aligner can be implemented using a more efficient
revision method that performs a gradient update on §;,.7 after the
generation, which could be expressed as

817 < S — AVs, 2 R (Zo (2, 1) —y (D)2 (16)

When the generated trajectory has a higher estimated property
value R, (X,(7, t)) than the expected property y(r) provided by the
advertiser, the refinement operation would adjust the trajectory to a
new one with a lower property value, and vice versa. Note that this
approach differs from the classifier-guidance denoising technique
used in diffusers, which iteratively interacts with every denoising
step by xx—1 ~ N (ux + aVo T (ur), (f]zI ). This iterative interaction
creates challenges in extending it to various denoising sampling
methods, such as DDIM [53] and ODE [67] methods. In contrast,
our approach refines only the final output to maintain computational
efficiency and enable flexible future development, regardless of the
training and inference techniques employed by the diffuser. More
implementations of the aligner scheme could include multi-round
refinement or exploring non-gradient methods, such as directly
adding a residual to the output like LoRA [25] for optimal alignment.
However, in this work, we found the gradient-based method in Eq. 16
to be effective and robust enough. We will report the aligner’s
performance based on this gradient-based refinement method.
Finally, we feed the updated §;, ; into the inverse dynamic model
to obtain the final action. For a better understanding of our CBD
method, we provide the detailed training and inference procedure in
Algorithm 1 and 2.

4 Experiment
4.1 Setup

Datasets. To evaluate the performance of bidding strategy decision-
making in large-scale ad auctions, we employ AuctionNet and its
sparse variant, a publicly available benchmark from Alibaba designed
for ad auctions, based on a real-world online advertising platform [54].
Each dataset comprises 21 advertising delivery periods, with each
period containing approximately 500,000 impression opportunities,
divided into 48 intervals. Details of the AuctionNet are in Appendix
C.

Evaluation Metrics. We test the baselines and our method on the
maximize conversions bidding (MCB) task?, and we adopt three
metrics to evaluate the performance:

o Value: the total received impression value, i.e., number of con-
ventions };; 0;0;;

o ER (Exceeding rate of the KPI constraints): In a specific cost-cap
setting, advertisers are concerned with how closely the strategy’s
actual KPI performance matches the target KPI limit, such as
CPA. To assess this, we introduce the ER metric for a delivery
period, defined by

ER:}ZC]’.WI/C‘Z%Z(Zcijoi/zpiioi)/cf' (17)
J J i i

2https://support.goog]eAcom/google—ads/answer/738 1968?hl=en
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Table 1: Comparison with baselines under the metric of Value in different budget settings in the MCB task. The best results are bolded
and the base policy model’s results are underlined to demonstrate the performance improvement of our CBD method in the last column
(improvements are statistically significant, i.e., two-sided t-test with p < 0.05).

Dataset Budget RL Transformer Diffuser
USCB BCQ CcQL QL DT CDT DT-S DiffBid DiT DiT-causal CBD-Completer CBD improve
50% 133.1 184.2 180.1 185.0 186.2 190.3 196.8 161.9 156.4 160.0 191.9 198.6+1.8 +22.3%
75% 201.9 260.1 256.6 259.9 234.1 290.8 298.0 2337 228.3 229.1 280.3 298.3+2.6 +27.8%
AuctionNet 100% 267.4 270.6 336.6 3222 364.0  366.5 373.1 316.5 307.0 311.8 370.4 374.0+3.0 +18.3%
125% 335.0 333.0  400.2 398.6 393.0  400.2 418.6 384.0 375.1 381.8 420.5 427.2+4.0 +11.1%
150% 4159 388.5 465.3 457.3 4452 4295 437.6 452.5 435.1 440.6 473.7 480.5+4.6 +6.19%
50% 15.42 18.10 16.79 20.21 18.20 18.01 19.62 1454 14.12 14.33 20.08 20.56+0.21 +41.4%
75% 21.63 27.00 21.80 2690 | 2750 27.54  28.70 2325 22.58 22.60 29.90 29.97+0.26 +28.9%
AuctionNet-sparse 100% 28.48 30.54 30.15 36.06 31.30 3431 36.82 3133 31.02 31.27 40.40 40.71+0.31 +29.9%
125% 34.88 35.19 37.67 4392 | 4351 4252 4391 40.54 39.40 39.14 45.54 46.04+0.45 +13.5%
150% 43.08 3697 4443 49.27 50.04 50.93 49.65 47.18 45.81 46.07 51.10 51.35+0.47 +8.91%

Table 2: Comparison under more metrics of the diffuser-based methods and CBD variants, where arrow directions indicate performance

improvement direction.

Dataset Metrics Diffbid DiT DiT-causal CBD-Transformer ~ CBD-CVAE CBD-A CBD-Distillation =~ CBD-Completer ~ CBD
Value T 316 307 311 313 314 354 365 370 374
AuctionNet ER | 1.37 1.42 1.40 1.35 0.90 1.13 1.13 1.12 1.10
Score T 214 196 205 210 284 294 285 292 298
Value T 31.3 31.0 312 312 312 32.0 39.8 40.4 40.7
AuctionNet-sparse ER | 1.23 1.32 1.30 1.21 1.25 1.24 0.95 0.90 0.86
Score T 23.1 22.0 22.5 219 29.2 29.5 34.0 355 37.0
e Score: by introducing a penalty term indicated by the value as a comprehensive assessment of the per-
formance, as presented in Table 1. The CBD method consistently
penaty; = min{( G )2, 1), (18) outperfqrms other mO(.iels across all budget levels, with the mF)st
2i¢ij0i/2ipijoi notable improvements in lower budget and sparse reward scenarios.

we can get a score as score = (3; 0;0;) X min{penaty;}j=1~j.

Baselines. We conduct a comprehensive comparison of our method
against a variety of baselines, including offline RL, DTs, and diffusers,
to assess the potential of CBD as a new generative backbone. For
RL, we evaluate against USCB [22], BCQ [15], CQL [34], and
IQL [33]. For DTs, our comparisons include DT [7], CDT [38], and
DT-S, which is a DT-based approach that incorporates the reward
function by considering both the winning value and KPI constraints.
DT-S represents the most advanced DT backbone utilized in prior
works such as GAS [36] and GAVE [17]. For diffusers, we compare
with DiffBid [21], DiT [48], which enhances DiftBid by replacing
its U-Net [52] backbone with a diffusion transformer, and DiT-
causal, which further refines DiT by integrating a causal-attention
mechanism [58, 64]. The diffuser backbone of CBD is also based on
Diftbid. For each method, the reported results are averaged over 5
random seeds.

We provide the detailed implementation details and experimental
setup to Appendix C.

4.2 Performance Comparison with Baselines

In this experiment, we conducted a performance comparison of
various baseline methods under different settings, including varying
datasets and budget constraints in the MCB task. The results are

Even without employing a trajectory-level return model for updating
the predicted next state (referred to as CBD-Completer), its perfor-
mance still significantly exceeds the baseline Diftbid, highlighting the
benefits of employing a completer to address the dynamic legitimacy
issue. Additionally, the DiT and its variant DiT-causal do not enhance
the diffuser’s performance, underscoring the effectiveness of our
training objective, i.e., learning to perform auto-bidding as learning
to complete. This insight could be inspiring for future research. To
better understand the generation uncertainty issue, we provide a
visualization in Fig. 2 and in Appendix in Appendix K by randomly
sampling trajectories from the test set and comparing the generated
trajectories between DiffBid and our methods. To enable a more
comprehensive comparison with diffusion-based methods across a
wider range of metrics, specifically considering the KPI constraints
common in the cost-cap bidding mode, we present the results in
Table 2. The CBD method consistently exhibits superior performance
in ER, suggesting a more cost-efficient bidding strategy. Overall,
CBD excels particularly in sparse scenarios, strongly endorsing
the diffuser-based CBD as an exceptional generative backbone for
industrial auto-bidding, where conversions are typically sparse.

4.3 Property Alignment Performance

In addition to the aligner’s improvements shown in Table 1, we also
examine other preferences depicted in Figures 3(a) and 3(b). We can
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Figure 2: Visualization of the generation uncertainty issue using an example case. In all subfigures, the red and green lines depict
the ground-truth state information of the remaining budget, and the blue lines represent the generation results. Observing from
t =0 to 23, DiffBid generates states where the remaining budget at t = 24 is greater than at t = 23, indicating a dynamic legitimacy
issue. Additionally, DiffBid could have significant deviations of the generated trajectories from the expected trajectory, highlighting a

misalignment issue.
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Figure 3: Results for property alignment. (a-b) show the generated trajectories with different properties, including smoothness and
early spending; (c-d) illustrate the property distribution after aligning the generated trajectories to the desired properties at each

bidding timestep.

generate diverse trajectories and utilize the aligner to refine these
trajectories with desired characteristics, such as achieving a smoother
trajectory alignment. Specifically, Figure 3(c) illustrates the distribu-
tion of budget spending variation, which represents smoothness; the
lower the variation, the smoother the strategy. Figure 3(d) displays the
distribution of budget used-up timesteps to demonstrate the property
of early spending. The smooth budget spending is more concentrated
and exhibits low variation, while the early-spend (depicted in blue)
and non-early-spend (depicted in orange) differ in their timestep
distributions. These results highlight the aligner’s effectiveness in
refining trajectories. This flexibility is a significant advantage of the
planning-based auto-bidding strategy, as it enhances the reliability
of the bidding process and aids in diagnosing and correcting errors
or biases.

4.4 Ablation Study

Alternative Backbones compared to Diffusion Model. We con-
ducted a comparison experiment with other simpler generative mod-
els, including a Transformer-based CBD method and a Conditional
VAE (CVAE)-based CBD method, noted as CBD-Transformer and
CBD-CVAE, respectively. Specifically, the CBD-Transformer utilizes
a transformer where a masked sequence of states serves as the input,
and the return of the trajectory acts as a condition interacting with
the transformer block via AdaLLN-zero. The CBD-CVAE employs a
Temporal-UNet as the encoder and decoder, using the returns as the
condition. The results in Table 2 clearly demonstrate that employing
diffusion models can achieve a better performance, demonstrating
the necessity of adopting diffusion models for CBD.

380 Effect of Diffusion Steps Table 3: A/B test results.
360
Lo Metric -Compare
2320
. Inference Latency  +6 ms
2580 Cost +0.0%
260 Target Cost +2.0%
10 50 100 500 1000 . .
Diffusion Steps CPA Valid Ratio  +1.85%

Figure 4: Diffusion step effect.

Diffusion Steps and Distillation. The diffusion model typically
requires repeating the recursive denoising step in Eq. (10) over
multiple iterations, often up to 1000 steps. Therefore, we examined
how the number of denoising steps affects performance to determine
if a larger number of steps could improve outcomes. As shown in
Fig. 4, we trained the diffusion model with varying denoising steps,
including 10, 50, 100, 500, and 1000. Our findings indicate that
100 denoising steps are sufficient for achieving good performance,
resulting in a computationally efficient approach. Though industrial
auto-bidding services have sufficient time for model’s response as
stated in Section 2.1, we also introduce a distillation method as a post-
training trick, named SiD [68], to distill our trained diffusion model
into a one-step generator using the same U-Net while maintaining
similar performance as the results of CBD-Distillation shown in
Table 2. As these acceleration techniques can be directly applied
to our method, the inference latency can be significantly reduced.
Therefore, we highlight the importance of identifying the root causes
of failures and developing advanced methods for training the original
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Table 4: Performance comparison across different datasets and environments of the D4RL benchmark. Results correspond to the mean
and standard error over 150 episode seeds, and the best scores of diffuser-based methods are emphasized in bold.

Dataset Environment non-Diffuser-based Diffuser-based
BC CQL IQL DT TT MOReL | Diffuser DD AD DL CBD
HalfCheetah 552 916 867 86.8 95 53.3 79.8 90.6 904 88.5 93.5+0.83
Medium-Expert Hopper 52,5 1054 915 107.6 1100 108.7 107.2 111.8 1093 111.6 113.8+0.13
Walker2d 107.5 108.8 109.6 108.1 101.9 95.6 108.4 108.8 1082 107.1 109.1+0.33
HalfCheetah 426 440 474 426 469 42.1 44.2 49.1 443 489  49.4+0.20
Medium Hopper 529 585 663 676 61.1 95.4 58.5 793  96.6 1009 97.7+1.38
Walker2d 753 725 783 740 79.0 77.8 79.7 825 844 88.8 83.0+0.42
HalfCheetah 36.6 455 442 366 419 40.2 422 39.3 383 41.6 42.8+0.31
Medium-Replay Hopper 18.1 95 947 827 915 93.6 96.8 100.0 922 96.6 96.5+0.18
Walker2d 260 772 739 66,6 82.6 49.8 61.2 75.0 847 90.2 75.2+0.26

diffusion models for auto-bidding, which is the urgent need in this
field.

We provide more ablation studies regarding the Aligner’s Ro-
bustness in Appendix E and Necessity of Inverse Dynamic Model
in Appendix F.

5 Extension to Offline RL Tasks

Our CBD method could also bearing insights and benefit for general
offline RL tasks like the locomotion tasks. We compare to the
existing non-diffuser and diffuser-based methods together on D4RL
benchmark [14] in Table 4, and a detailed introduction to these
baselines can be seen in Appendix C. In some offline RL tasks,
previous methods always set the first position of inputs as s; and let the
diffuser generate the remaining sequence [12] and we also follow this
setting in these tasks. However, we emphasize that this is not necessary
for auto-bidding since the trajectory usually has a fixed length within
a given period, e.g., 48 steps in a day with a bidding frequency of
every 30 minutes. Additionally, historical information plays a crucial
role in bid assessment [21]. As shown in Table 4, the CBD method
achieves state-of-the-art performance, demonstrating its effectiveness
and generalizations in offline RL tasks. Notably, our method performs
slightly better in the Medium-Expert setting than in others, suggesting
that transition quality also impacts performance, i.e., the Medium-
Expert data trains the model to generate both dynamic legitimate and
expert-level transitions, whereas other settings only teach the model
about dynamic legitimacy. This situation differs from auto-bidding
tasks, where the offline training log is derived from real advertisers’
behaviors, which inherently have a basic quality guarantee. Poor
strategies will be immediately discontinued to prevent significant
economic losses. However, this also presents unique challenges in
developing new methods that can outperform existing competitive
strategies in large-scale auctions.

6 Online A/B Test

To verify the effectiveness of CBD, we have deployed it to an
online ad platform. Under the MCB setting, the advertisers set the
budget with or without the CPA/ROI constraint, and the bidding
strategy aims to get as many conversions as possible under constraints.
We compared CBD with the in-production DT-based method of a
dedicated reward design. Over 7 days A/B test, there have been
an average of 14700 campaigns per day. With the same budget

allocated for each method’s experiment, each method achieved a
daily average of approximately 80,000,000 impressions, which is
substantial enough to demonstrate the effectiveness of the methods.
The denosing steps of CBD are set as 10 for faster inference, which
already significantly outperforms the DT-based method, showcasing
the CBD’s superiority in handling the sparse conversion settings
typical of online advertising environments. The ad platform utilizes
engineering techniques like TorchScript and C++ to accelerate
model services. Both methods utilized approximately 350 CPUs for
computation, and inference latency was measured under the same
resource condition.

As shown in Table 3, the average achieved conversions (Target
Cost) for advertisers are improved by an average of +2.0% while
spending a similar budget (Cost), and the CPA valid ratio is also
improved by +1.85%, which are significant improvements for such a
large-scale auto-bidding production. Though our method incurs an
additional 6ms compared to DT (6ms), it is still acceptable and cost-
effective without needing additional computational resources, which
could support a maximum of 26ms at the same frequency (around
20s) of calling the service to update the bidding parameters in the
current computational resource. Given the substantial commercial
value achieved, the additional inference latency is justifiable.

7 Limitations and Conclusion

This paper focuses exclusively on the auto-bidding strategy, which
represents only one aspect of the real-time bidding system. Therefore,
itis a limitation that we do not deeply consider other components, such
as auction mechanism design and cooperation between advertisers,
and their influence on the auto-bidding strategy. Given the difficulties
in replicating these components within a public benchmark, we
believe the effectiveness of CBD in handling real-world complexity
could be empirically supported by the online results.

In conclusion, this paper explores the potential of diffusers for
industrial auto-bidding. After analyzing failures in applying dif-
fusers, we identified generation uncertainty as a key root cause and
introduced a causal auto-bidding method based on a novel diffusion
completer-aligner framework. Our method addresses the dynamic
legitimacy issue through the completer and refines the generations
to address misalignment using an aligner. Experiments support our
analysis and demonstrate the superiority of CBD as a generative
backbone for auto-bidding.
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A Detailed Background
A.1 Auto-Bidding in Computational Advertising

The rapid digital transformation of commerce has significantly ex-
panded the reach of online advertising platforms, making them
essential for engaging audiences and driving sales [13, 56]. As
reported by the International Advertising Bureau, U.S. digital ad
revenue from computational advertising revenue has reached $114.2
billion [4], significantly contributing to the success and sustain-
ability of information systems and technologies. The primary goal
of computational advertising is to effectively match ads with their
relevant contexts on the web, such as the content where the ad is
displayed and users’ search queries or browsing behavior [9, 57].
With the continuous influx of ad impression opportunities to the
platform, real-time bidding (RTB) based display advertising, which
emerged in 2009 [43], has become a major paradigm of computa-
tional advertising, which enables online advertising platforms to
sell individual ad impressions via hosting a real-time auction and
facilitates advertisers to bid for the impression opportunity based on
estimated value. Specifically, in real-time auto-bidding [50], when an
impression opportunity is generated from a user’s visits, a bid request
for the ad display impression opportunity, including its features like
user, context, and auction status, is sent to numerous advertisers
via an ad exchange. Then, advertisers employ specific auto-bidding
algorithms to assess the bid request’s potential value and determine
a bid price via Eq. 2 in real-time on demand-side platforms (DSPs).
Please note that the bidding parameters in Eq. 2 are adjusted
by auto-bidding methods at a low frequency, such as every 30
minutes, rather than for every single impression that arises in
milliseconds. The ad exchanger then selects the highest bidder to
display the ad, charging them the market prices, typically the second-
highest bid price in a second-price auction setting [2]. A detailed
illustration can be seen in Figure A1l.

To maximize the total value of impressions for an advertiser
while adhering to certain economic constraints, research into ad-
vanced auto-bidding strategies has progressed from rule-based ap-
proaches to prediction-based methods, and more recently, to rein-
forcement learning-based techniques [46]. For rule-based methods,
the proportional-integral-differential (PID) is the most widely used
controller method [3]. The control signal consists of proportional,
integral, and differential terms of the error, accounting for current,
past, and future trends, resulting in comprehensive control of the
variable. A typical example of applying PID in online advertising is
controlling the campaign’s Cost-Per-Action (CPA) to a reference level
[8]. The controller could also be used to control the budget pacing to
spend the budget smoothly [20, 44]. In addition to the PID controller,
custom designs exist to adjust bids based on feedback data by classi-
fying states as comfortable or risky and updating controlled variables
accordingly [18], while Multi-KPI [32] controlled multiple KPIs
simultaneously based on observed and target errors. For prediction-
based techniques integrating auto-bidding strategies with upstream
prediction tasks, such as CTR prediction, CVR prediction, and market
price prediction, bid optimization is no longer an independent task
but is correlated with these prediction tasks and jointly optimized.
It is because a previous work, Bidding Machine [50], argues that
interconnected tasks and sequential optimization lead to suboptimal
solutions, and joint optimization allows the learning process to focus
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on valuable and competitive impressions. Some methods have tried
this view, such as an EM-like (Expectation-Maximization) algorithm
proposed to iteratively optimize the CTR learning and bid optimiza-
tion [51] and its extension incorporates market price estimation into
the framework [50]. Besides joint optimization, some methods tried
introducing the lift/attribution prediction into the bid optimization,
which is to predict the difference value before and after the ad is
displayed [35, 41, 49, 62]. For the reinforcement learning based
methods, they repeatedly interact with the environment, allowing bid-
ding agents to gain value from winning ad impression opportunities
and update their subsequent strategies. The entire bidding process
for advertisers is essentially a sequential decision-making process,
which has recently demonstrated superior effectiveness.

A.2 Sequential Decision-Making for Auto-Bidding

As the complexity of online bidding environments increased, rein-
forcement learning (RL) algorithms like USCB [22], SORL [42], and
MAAB [60] became essential for bidding. USCB [22] maximizes the
value under multiple constraints and discovers a recursive structure
to accelerate convergence. MAAB [60] considers the multi-agent
modeling to maximize value and social welfare, proposing to mix co-
operation and competition among multiple advertisers and improving
the platform’s revenue. SORL [42] proposes a sustainable online RL
framework that trains the auto-bidding policy by directly interacting
with the RTB system, using safe and efficient online exploration
instead of a simulated environment. However, online RL poses risks
to the RTB system and cannot fully leverage the extensive historical
bidding logs, resulting in a preference for bidding methods based on
offline RL. Offline RL methods, which derive policies from existing
datasets without requiring online interaction, have demonstrated
considerable success. Noteworthy approaches include BCQ [15],
which constrains the action space to encourage on-policy behavior;
CQL [34], which regularizes Q-values for conservative estimates;
and IQL [33], which facilitates multi-step dynamic programming
updates without querying Q-values of out-of-sample actions during
training.

Despite their effectiveness, these methods are limited by the
Markov Decision Process (MDP) assumption, whereas generative
models [7, 10, 19, 23, 47] offer greater potential for bidding. Some
methods try to apply decision transformers (DTs) [7, 16, 39] for
auto-bidding. GAS [36] and GAVE [17] propose data augmentation
techniques via introducing an extra value prediction module to
enhance the quality of the offline datasets. However, they still rely on
dense sparse reward signals, and the introduced value function could
suffer from instability issues, making them limited in the industrial
auto-bidding tasks.[1]. As this paper focuses on proposing a superior
generative backbone, we compare our CBD method to DT and its
variants directly. In contrast, DiffBid [21] employs a decision diffuser
to generate a long trajectory based on conditions like return, and then
uses an inverse dynamic model to output the final action. However,
in large-scale auctions, DiffBid faces challenges related to generation
uncertainty, which is the primary focus of our work.
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B Proof of the Distribution Mismatch Error

To facilitate understanding the motivation behind the diffusion com-
pleter, we provide a detailed derivation of the distribution matching
error in this section.

We denote o, := {s<;,y(7)} as all the observations and s as the
generated future states. As there are multiple denoising steps of
a diffusion model, for simplicity to get an insightful analysis, we
assume the number of the denoising step as 1. Then, we can represent
a simple optimal bidding strategy in inference as

a = fdz(ot,s/)a s" ~ po-(s'los, 2) = po+ (z|o;) + o+ (2|0, )€, € ~ N(0,1),

19

where z is the input padding noise that will be denoised to the next
states s’ conditioned on o;. The optimal distribution pg-(s’|oy, z)
signifies that the generated s’ will lead to optimal auto-bidding
performance.

We have a diffuser trained via Eq. 6, i.e., denoising z to s’
conditioned on a diffused observation o; = a;0; + b;n, n ~ N(0,1I).
For brevity, we assume a; = b; = 1. Thus, the trained diffuser is
actually performing

po(s'16s,2) = po(zlo, + 1) + og(zlo; + n)e

= [uo(zlor) + dy(zlor, )] + [o0(z]0;) + ds(z]0r, )],
(20)

where d denotes the residual part. Intuitively, py learns to denoise
the diffused o, into clean o, first, then project o; to s’. This approach
could be effective in image generation tasks, where we typically start
generation from a completely uninformative prior distribution, such
as a Gaussian distribution, because we cannot observe any part of the
generated images before generation. However, the first step may be
unnecessary in the context of auto-bidding, as we can obtain a portion
of the trajectory, i.e., so.;, during inference. Therefore, denoising so.;
could be redundant and might even hinder the utilization of historical
information.

Now, we can conclude that if the diffuser is well-trained in
transitioning to the distribution on s’ of optimal value, i.e.,

Dk [pe-(s'|or, 2)Ipa(s'[0:, 2)] =0, (21

we can have a solution that
o+ (zlor) = pp(210:) = po(zlo;) + dy(zlos, ) (22)
og+(z|o;) = 0g(z|0;) = 0p(z|o;) + dys(z|0s, 17). (23)

With this solution, we apply the trained diffuser to the inference
stage by receiving the observation o; as inputs, i.e.,

po(s'lor. 2) = pg(zlor) + op(zlor)€

= [o(zlor) = dy(zlor, n)] + [09+ (2|0r) = do(z]0r, )] €.
(24)

Finally, we can get the distribution matching error, denoted as &,
of applying py under the diffuser inference scheme, i.e.,

E; =DxL[pe+ (s'|or, 2) |lpe(s’|os, 2)]

1 [ op+(2z]0s)* + d,(zlos, n)?

(00 (2]0r) — do(2]0r, ))?

—1+1In
oo (2]0;)?

(25)

The &; can only be 0 when d;, = d, = 0,Yn ~ N(0,I), which
intuitively means the trained diffuser is ideal in denoising any o,
with any noise 7 to o;. However, this is difficult and even impossible
with the existing training methods for diffusers. Actually, this could
be unnecessary, as we can model the training as a completion task to
directly minimize the divergence Dy [po- (s’|0z, 2)||po(s’|0s, 2)]-

~ 2 | (00 (zl0r) — dy (zl0r, )2
> 0.

C Details of Experiments

Datasets. AuctionNet effectively simulates the complexity and in-
tegrity of real-world ad auctions through the interaction of several
key modules: the ad opportunity generation module, the auto-bidding
module, and the auction mechanism module. The AuctionNet bench-
mark comprises two datasets: AuctionNet and AuctionNet-sparse.
AuctionNet-sparse is a sparser version of AuctionNet, featuring fewer
conversions. Each dataset includes 21 advertising delivery periods,
with each period containing approximately 500,000 impression op-
portunities, divided into 48 intervals. The models are trained on these
two datasets, while 5,000 randomly selected trajectories from each
dataset are used exclusively for evaluating the visualization of the gen-
eration. Detailed parameters are provided in Table Al. Additionally,
the state at each time step includes the following information:

o time_left: The remaining time steps left in the current adver-
tising period.

e budget_left: The remaining budget that the advertiser has
available to spend in the current advertising period.

e historical_bid_mean: The average values of bids made by
the advertiser over past time steps.

e last_three_bid_mean: The average values of bids over the
last three time steps.
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e historical_LeastWinningCost_mean: The average of the least
cost required to win an impression over previous time steps.

e historical_pValues_mean: The average of historical p-values
over past time steps.

e historical_conversion_mean: The average number of con-
versions (e.g., sales, clicks, etc.) the advertiser achieved in
previous time steps.

o historical_xi_mean: The average winning status of advertis-
ers in impression opportunities, where 1 represents winning
and O represents not winning.

o last_three_ILeastWinningCost_mean: The average of the
least winning costs over the last three time steps.

o last_three_pValues_mean: The average of conversion prob-
ability of advertising exposure to users over the last three
time steps.

e last_three_conversion_mean: The average number of con-
versions over the last three time steps.

o last_three_xi_mean: The average winning status of advertis-
ers over the last three time steps.

e current_pValues_mean: The mean of p-values at the current
time step.

e current_pv_num: The number of impressions served at the
current time step

o last_three_pv_num_total: The total number of impressions
served over the last three time steps.

e historical_pv_num_total: The total number of impressions
served over past time steps.

Table A1: The parameters of AuctionNet and AuctionNet-sparse.

Params AuctionNet  AuctionNet-Sparse
Trajectories 479,376 479,376
Delivery Periods 9,987 9,987
Time steps in a trajectory 48 48
State dimension 16 16
Action dimension 1 1
Action range [0, 493] [0, 8178]
Impression’s value range [0, 1] [0, 1]
CPA range [6, 12] [60, 130]
Total conversion range [0, 1512] [0, 57]

Baseline Details. For RL methods, USCB [22], an online RL ap-
proach that adjusts parameters dynamically to the optimal bids; BCQ
[15], a typical offline RL method that updates policies with only
access to a fixed dataset; CQL [34], an offline RL method for learning
conservative value function by regularizing Q-values; IQL [33], an
offline RL method that enables multi-step dynamic programming
updates without querying out-of-sample actions;

Evaluation Details. To assess the auto-bidding performance, we
perform experiments in a simulated environment that mirrors a
real-world advertising system, as provided by Alibaba [54]. During
the evaluation, an episode—also known as an advertising delivery
period—consists of a day divided into 48 intervals, each lasting 30
minutes. Each episode includes approximately 500,000 impression
opportunities that occur sequentially. An advertising delivery period
features 48 advertisers from various categories, each with distinct
budgets and CPAs, competing for all impression opportunities during
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the period. In each evaluation, our well-trained model acts as a
specific advertiser, participating in bidding with a given budget
and CPA. To thoroughly evaluate the model’s performance across
different advertisers, we employ various advertiser configurations and
advertising periods, conducting multiple evaluations in the simulated
environment and averaging the results to obtain the evaluation score.
The reported results of each method are averaged over trained models
with 5 random seeds.

Implementation Details. For implementing the baselines, we use
the default hyperparameters suggested in their respective papers
and further fine-tune them to the best of our ability. For our CBD
method, the diffuser backbone is based on Diffbid [21]. The number
of diffusion steps is set to 100, the horizon length of historical states
is 3, and the batch size is 512 with a total of 500 training epochs.
For the backbone of the diffuser, we adopt a temporal U-Net [52]
with hidden sizes of [128, 256, 512]. The inverse dynamic model is
implemented as an MLP with hidden sizes of [1024, 1024, 512]. The
gradient guidance scale A is set as 0.1 following the previous typical
setting of diffusers [28] for all tasks. We train the model using the
Adam optimizer [40] with a learning rate of 1e-4 on an H100 GPU.
In this work, we adopt the setting from the previous decision diffuser
[1], where y(7) is a scalar. In the main results shown in Tables 1 and
2, y(r) is defined as R(7) = ZiT:O ry, which is scaled to R(7) € [0,1]
during training. During inference, y(r) = 1 is used to sample a
high-return trajectory. In the general max conversion bidding setting,
this approach is reasonable, as achieving more conversions implies
utilizing more budget while maintaining a lower CPA.

Details of Extension to Offline RL Tasks. The offline reinforcement
learning (RL) tasks under evaluation include three widely recognized
locomotion challenges: HalfCheetah, Hopper, and Walker2d. These
tasks involve maneuvering three distinct Mujoco robots to achieve
optimal speed while ensuring energy efficiency and maintaining
stability. The D4RL [14] benchmark offers offline datasets at three
quality tiers: "medium," which includes demonstrations of mod-
erate proficiency; "medium-replay," which encompasses all replay
buffer recordings observed during training up to the point where
the policy attains medium-level performance; and "medium-expert,"
which equally blends medium and expert-level performances. We
also compared some additional non-diffuser-based methods on this
benchmark, with details as follows: MOReL [30] addresses com-
mon pitfalls of model-based reinforcement learning, such as model
exploitation, by learning a pessimistic Markov Decision Process
(P-MDP) and training a near-optimal policy within this P-MDP. On
the other hand, TT [29] employs a Transformer architecture to model
distributions over trajectories and utilizes beam search as a planning
algorithm.

D Algorithm

To provide a comprehensive understanding of our CBD method, we
present a detailed algorithm outlining both the training and inference
procedures in this section, as shown in Algorithm 1 and 2.

To offer a higher-level overview of the proposed method, we
present a demonstration of the inference procedure in Figure 1 of the
manuscript and a demonstration of the training procedure in Figure
A2.
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Figure A2: Demonstration of the training losses for eac
of our CBD method.

Algorithm 1 Training Procedure of CBD

1: Initialize model parameters of completer €g, aligner Ry, and inverse dynamic
2: for each iteration do

3 Sample k ~ [1,K], xo ~ D,t ~U{0,....,T — 1}, e ~ N(0,I)

4 Compute the losses:

5: Lc(0) =Elle — eg (Fx (v, 1),k y ()12, | 1

6 Ly () = IRy (x0 (7)) = y(7)||?

7 La($) = lar — f (se-p.55, )11

8 Update 0, ¢, ¢ using gradient descent on L¢(0), Ly (¢),and Lg(¢),
9: end for

Algorithm 2 Inference Procedure of CBD

1: Initialize: initial state {so }, completer €g, aligner R, inverse dynamic model fi,
2: for bidding timestep # = 0to T — 1 do

3 Generate future states {S$¢41, ..., ST } using completer €g by Eq. 10

4 Do refinement by aligner: §’t+l — S441.T — AV§t+1:T [|Rgp (X0 (7, )%
5: Getaction: a; = fip (S¢-L:4>57,1)
6 Execute bids and get next state sy41 from the ad system
7 Update query: {S, ..., S¢, S¢+1} < {80, .-, S¢} @ Sp41
8: end for

E Robustness of the Aligner

For the principle of choosing a proper step size, as the offline data
collected from online systems can be assumed to have a similar
distribution to the online data, it is straightforward to use a portion
of the offline data to evaluate the validity of different step sizes
and employ the trajectory-level return model to assess alignment
improvements. In this work, we choose the gradient step size of the
aligner as 0.1, which generally brings improvement on various tasks.
Furthermore, we have included experimental results demonstrating
the robustness of the gradient step size in Table A2. The validity
is measured by the generated remaining budget’s legitimacy. The
GS-Align is an alternative alignment technique without gradient
refinement, which is based on greedy selection of the best-aligned
generated trajectory among parallelly sampled 10 generations, i.e.,
best-of-N.

Table A2: Robustness and efficiency of the aligner’s gradient
step size.

AuctionNet-Sparse  DiffBid 1=0.001 1=001 1=005 A=01 A=10 A=50 GS-Align
Value T 313 40.4 40.4 40.6 40.7 40.6 394 40.6
ER | 1.23 091 091 0.87 0.86 091 0.87 0.88
Score T 23.1 355 355 36.2 37.0 35.7 342 358
Validity T 77.4% 98.7% 98.7% 98.7% 98.7%  98.7%  96.0% 98.7%
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F Necessity of Inverse Dynamic Model
Current diffuser-based methods, such as Diftbid and our CBD method,

D PP PPN, PRI I U DRSS RS S ) RSN A PR ISP A

padding noise ~ N(0, 1)
A

r Al

€t+1 €t+2 €71 €
(o) BB DEE - BE
[ Conditional State Diffusion ]

Bid [Bid]
| inverse dynamic |

Figure A3: Overview of a typical diffuser-based decision-making
procedure for auto-bidding: At each timestep for updating the
bidding parameter, as introduced in Section 2.1, the diffuser first
receives a trajectory consisting of a sequence of historical states
so.; and a sequence of padding noise ¢;.;.7 ~ N (0, I), along with
an expected return y(7) as the condition. The conditional state
diffusion model then denoises the padding noise to generations
St+1.7- An inverse dynamic model projects the generated s;.,
together with s;_; ;, to the corresponding action a;, which is the
bidding parameter. During the extended period before the next
decision-making timestep of bidding parameter update, which
could last for a significant duration, such as half an hour, the
bidding parameter a; is continuously projected to the final bid
for each impression opportunity using the bid mapping function
in Eq. (2).

G Background of Diffuser-based Decision-Making
for Auto-Bidding

To facilitate understanding of the diffuser-based decision-making
process for auto-bidding, we include an illustrative figure in Fig. A3,
which is based on a commonly used decision diffuser [1]. The process
consists of two main components. First, the decision diffuser takes in
historical states and a return condition to generate future states. The
action, specifically the bidding parameter A as defined in Eq. (2), is
then derived using an inverse dynamic model. The latency discussed
in Section 6 refers to this component. Second, once the action a; is
determined at timestep ¢, it is continuously applied to the bidding of
each impression opportunity until the next timestep t + 1 when the
bidding parameters are needed to be updated. This application phase
can extend over a longer duration, potentially lasting up to half an
hour.
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Table A3: Performance comparison between Completer and
Completer (MTM) under Dense and Sparse version of AuctionNet
benchmarks.

Method Dense Sparse
ValueT ER| Scorel | ValueT ER|  Score
Completer 370 1.12 292 40.4 0.90 355
Completer (MTM) 323 1.25 280 32.5 1.24 29.5

Table A4: Performance comparison between CBD and CBD (CG)
under Dense and Sparse version of AuctionNet benchmarks.

Method Dense Sparse
Value T ER | Score T Value T ER | Score T
CBD 374 1.10 298 40.7 0.86 37.0
CBD (CG) 350 1.15 290 322 1.23 29.7

H Discussion on Auto-regressive and Masked
Trajectory Modeling Methods

To distinguish our proposed method from prior auto-regressive and
masked trajectory modeling approaches, we have included a detailed
discussion in this section.

Auto-regressive methods, such as the Decision Transformer (DT),

generate a single action using a causal transformer pg (a;|Rtg<;, S<s, a<;),

where Rtg; represents the return-to-go. They are not directly mod-
eling Eq. (12), i.e., po(st+1.7|s<¢, R). In contrast, our CBD method,
which falls under the category of diffusers, generates all future states
in one step rather than using an auto-regressive approach, which is
the key distinction from DT. Additionally, CBD can effectively lever-
ages historical observations s<; to generate future states s;+1.7, due
to our augmented training process that learns to complete sequences
of random lengths. A significant challenge in applying dynamic
programming methods like DT to auto-bidding is its inability to
handle sparse-reward settings. In DT, actions a; are learned through
the step-wise reward signals r; (s;, a;). However, r; could always be
zero in the sparse training set. A zero reward could indicate either
a poor action or a good action that did not receive a reward due
to conversion randomness, making it difficult to accurately assess
the value of single steps. Our method overcomes this limitation by
conditioning on a trajectory-level accumulative rewards, alleviating
the need for accurate single-step rewards. This advantage is sup-
ported by previous works [1, 27] and our experiments in Table 1,
where our method significantly outperforms DT in sparse settings.
Although one could adapt DT to function as a “one-step” generator
by auto-regressively generating states until the end of the trajectory,
essentially implementing CBD with a decision transformer, we con-
ducted experiments labeled “CBD-Transformer” in Table 2 and the
experiment result of CBD-Transformer showed poor performance,
underscoring the necessity of using a diffuser to achieve Eq. (12).
Masked trajectory modeling (MTM) methods [61, 65] are designed
to mask random positions within a trajectory and train a model to
reconstruct the original trajectory using a transformer. The primary
goal is to enhance the representation learning of a backbone model,
which can be applied to a variety of downstream tasks such as dynamic
modeling, imitation learning, and action generation. Applying this
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MTM approach to diffusers based on transformers can be seen as a
variant of DiT-causal. Recall that DiT-causal enforces the generation
of next states strictly based on historical states for each timestep
during training, accomplished using the masking mechanism of
causal attention. However, we found that DiT-causal performs poorly
in experiments compared to our diffusion completer of CBD, as
shown in Table 1 and Table 2. Intuitively, this could be due to the
fact that a generated $;4+; in CBD not only receives information from
real historical states s<; but also from the noisy future generated
§’;t+1 during the denoising steps k = {T,...,1} in training and
inference, forming a consistent trajectory based on a temporal U-Net
backbone, which is a widely used and effective backbone in diffusers
[12]. In contrast, DiT-causal strictly abandons the information from
noisy generated §’;t +1 due to the masking mechanism, limiting its
dynamic legitimacy. Therefore, instead of implementing MTM in
transformers, we implemented MTM based on the same U-Net
backbone as our CBD method. The masking ratio of MTM is set
to 50% to keep a fair comparison with our Completer, which can
observe an average of half the length of the trajectory. However,
as shown in Table A3, results indicate that MTM could still limit
the auto-bidding performance of diffusers. This could be due to the
core motivation of this paper: the inconsistency between training
and inference can affect performance. When applying MTM to a
diffuser, it is trained to reconstruct a masked state s; by partially
utilizing information from the incomplete non-noisy historical states
masked(s<;). However, this is inconsistent with inference, where
complete non-noisy historical states are available.

I Experiments on Classifier-Guidance Generation

In the very beginning, the diffuser was implemented as a classifier-
guidance scheme. Here, a trajectory-level return model R(r) acts
as the classifier providing gradient guidance during the denoising
steps, expressed as xg_; ~ N (ur + aVo T (), aﬁ[) [27]. However,
this method has a severe drawback: The return model R(r) is in-
dependently trained using real non-noisy trajectories and thus has
not seen noisy trajectories during the denoising steps. These can be
seen as out-of-distribution (OOD) cases, leading to gradient guid-
ance failure. Unlike categorical distribution in image classifiers, the
trajectory return distribution can be complex, and offline RL tasks
often suffer from OOD errors [33]. In contrast, we apply the return
model only in the final generation output, which is in the non-noisy
trajectory distribution, exploiting the generative model’s ability in
generating in-distribution data. To support this claim, we provide the
best achieved experimental results of adopting an classifer-guidance
(CG) generation scheme as below, noted as “CBD(CG)”.

J Error Bar

For a clearer demonstration of each method’s robustness, Table A5
displays error bars calculated from 5 random seeds, corresponding
to the main results in Table 1.

K More Visualization of Generated Trajectories

We show more generated trajectories for visualization of the gen-
eration uncertainty issue in Fig. A4 and Fig. AS5. The blue lines
represent the actual trajectories found in the dataset, while the yellow
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1741 Table AS: Performance comparison with error bar across various methods under different budget conditions for AuctionNet and 1799
174> AuctionNet-sparse datasets. 1800
1743 Dataset | Budget RL Transformer Diffuser Improve 1801
]7f USCB BCQ CQL IQL DT CDT DT-S DiffBid DiT  DiT-causal CBD-Completer ~ CBD 1502
7 50% | 133.1#3.9 184.2+53 180.1£5.6 185.0%¢5.2 | 186.2+1.9 190.3x1.8 196.8%2.1 | 161.9+3.1 156.4%33 160.0+3.0 191.982.0 198.61.8 | +22.3% 1503
:Zj: 75% | 201.9458 260.1+7.5 256.6+8.0 259.9+7.3 | 2341322 290.8+2.7 298.0:3.1 | 233.7+4.9 228.3x43 229.1x4.7 280.3+3.4  298.3%2.6 | +27.8% i:gi
s Dense | 100% | 267.4+7.6 270.6+8.4 336.69.8 322.249.1 | 364.0+35 366.5+38 373.133.6 | 316.5:6.5 307.0+5.9 311.846.1 3704%32 374030 | +18.3% 1506
1740 125% | 335.0£9.7 333.0£103 4002+11.6 398.6+11.2| 393.0+4.1 400.2+3.7 418.6+4.3 | 384.047.9 375.1x72 381.8+7.5 420.5+4.1 427.2+4.0 | +11.1% 507
1750 150% | 415.9+12.1 388.5£12.0 4653+13.5 457.3+13.9 | 4452443 429.5:45 437.6+4.6 | 452.54¢8.8 435.13x9.0 440.6+8.5 4737252 480.5:4.6 | +6.19% 1808
1751 50% | 15.42+0.45 18.10£0.52 16.79:0.52 20.21£0.58 | 18.20£0.19 18.0120.17 19.62+0.21 | 14.54+0.30 14.12¢0.27 14.33x0.29  20.08:0.29  20.56x0.21 | +41.4% 1809
1752 75% | 21.63£0.63 27.00£0.78 21.80£0.68 26.90£0.77 | 27.50:0.26 27.54+0.29 28.70+0.30 | 23.25+0.48 22.58+0.43 22.60+0.47  29.90:0.28  29.97+0.26 | +28.9% 1810
1753 Sparse | 100% | 28.48+0.83 30.54x0.94 30.15:0.88 36.06:1.05 | 31.30:0.33 34.31:032 36.82+0.35 | 31.33+0.64 31.02+0.60 31.27+0.65  40.40:0.38  40.71x0.31 | +29.9% 1811
1754 125% |34.88+1.01 35.191.09 37.67+1.10 43.92+1.27|43.5120.42 42.52+0.44 43.91:0.45 | 40.54:0.79 39.40+0.81 39.14x0.76  45.54:0.48  46.04+0.45 | +13.5% 1812
1755 150% | 43.08£1.25 36.97+1.14 44.43+1.29 49.27+143 | 50.04£0.52 50.93:0.49 49.65:0.51 |47.180.92 45.81:0.94 46.07:0.90  51.10:0.49  51.35:0.47 | +8.91% 1813
1756 1814
1757 1815
175 lines depict the generated trajectories, which incorporate observa- 1816
1750 tions from the trajectory spanning from ¢ = 0 to 23. A red line 1817
1760 highlights the specific timestep at which decision-making occurs. As 1818
1761 the results demonstrate, our CBD method effectively alleviates the 1819
176> issue of generation uncertainty by producing dynamic legitimate and 1820
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Figure A4: Generated trajectories of DiffBid.
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Figure A5: Generated trajectories of CBD.
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