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Abstract
The growing scale of ad auctions on online advertising platforms
has intensified competition, making manual bidding impractical
and necessitating auto-bidding to help advertisers achieve their
economic goals. Current auto-bidding methods have evolved to use
offline reinforcement learning or generative methods to optimize
bidding strategies, but they can sometimes behave counterintu-
itively due to the black-box training manner and limited mode
coverage of datasets, leading to challenges in understanding task
status and generalization in dynamic ad environments. Large lan-
guage models (LLMs) offer a promising solution by leveraging prior
human knowledge and reasoning abilities to improve auto-bidding
performance. However, directly applying LLMs to auto-bidding
faces difficulties due to the need for precise actions in competitive
auctions and the lack of specialized auto-bidding knowledge, which
can lead to hallucinations and suboptimal decisions. To address
these challenges, we propose a hierarchical Large auto-Bidding
Model (LBM) to leverage the reasoning capabilities of LLMs for de-
veloping a superior auto-bidding strategy. This includes a high-level
LBM-Think model for reasoning and a low-level LBM-Act model
for action generation. Specifically, we propose a dual embedding
mechanism to efficiently fuse two modalities, including language
and numerical inputs, for language-guided training of the LBM-Act;
then, we propose an offline reinforcement fine-tuning technique
termed GQPO for mitigating the LLM-Think’s hallucinations and
enhancing decision-making performance without simulation or
real-world rollout like previous multi-turn LLM-based methods.
Experiments demonstrate the superiority of a generative backbone
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based on our LBM, especially in an efficient training manner and
generalization ability.1
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1 Introduction
The rapid digitization of commerce has significantly expanded the
reach of online advertising platforms on the web, leading to a surge
in advertisers competing for millions or even billions of impres-
sion opportunities through ad auctions [10, 44]. Previously, ad-
vertisers relied on experienced human experts to manually adjust
bids, but it is becoming impractical due to the increasing com-
petitiveness of auctions [30]. Therefore, auto-bidding has become
essential for helping advertisers achieve their commercial goals
in the face of competition [38]. Auto-bidding can be modeled as a
sequential decision-making task, where the objective is to maxi-
mize conversions while adhering to specific economic constraints,
such as cost-per-action (CPA), by adjusting bidding parameters
over a bidding period [18, 29]. Current auto-bidding methods are
mainly built on offline reinforcement learning (RL) or generative
methods, leveraging bidding logs collected from online advertising
platforms [13, 25]. These methods aim to learn optimal policies by
stitching sub-optimal trajectories from datasets to achieve reward-
maximizing trajectories [1]. Offline RL typically performs trajectory
1Code is available at https://github.com/yewen99/LBM-WWW26.
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Figure 1: Overview of the training scheme for our hierarchical large auto-bidding model. Training Stage I (left): train the
LBM-Act with language-guided decision training via a dual embedding mechanism to fuse two modalities; Training Stage II
(right): reinforcement fine-tuning the LBM-Think via group relative-Q policy optimization.

stitching using dynamic programming with a value function [20].
Generative auto-biddingmethods, which do not rely on a value func-
tion, perform stitching through a conditional generation approach
utilizing the powerful generative models [1, 7, 19]. For instance,
the Decision Transformer (DT) employs an auto-regressive trans-
former to generate bid actions based on historical sequences that
encompass return-to-go, states, and actions [7, 26].

However, these RL and generative methods can occasionally
act counterintuitively, such as increasing bidding parameters even
when the CPA significantly exceeds the constraint, which is unlikely
to occur in manual bidding. This issue arises because these meth-
ods primarily rely on reward design to acquire desired properties
[1, 19, 24]. Consequently, it becomes challenging to ensure that the
model fully understands the task status, resulting in a fully black-
box approach. Additionally, since it’s impossible to capture every
corner case into datasets, these methods are inherently restricted
by the mode coverage of the offline dataset and lack guarantees for
generalization performance in dynamic advertising environments,
especially in unforeseen situations [25]. These limitations present
significant challenges and could be major obstacles to the progress
and adoption of advanced auto-bidding services, as frequent ab-
normal model behavior can undermine the trust of advertisers
[45]. Fortunately, large language models (LLMs) are revolution-
izing decision-making by harnessing prior human knowledge to
boost performance [3, 36]. These LLMs effectively follow human
instructions and utilize their reasoning ability with pre-trained
knowledge to comprehend the task status and reasoning for opti-
mal actions, showcasing superior performance and generalization
ability in tasks like math and code [16]. Thus, incorporating LLMs
as a new generative backbone for auto-bidding presents promising
opportunities for improvement.

While LLMs can be directly applied to auto-bidding by convert-
ing sequential numerical information into language token inputs
and generating bidding parameters as a response, their performance
is constrained via prompt engineering [9, 47] in large-scale auctions
due to the generated suboptimal actions. This limitation arises from
the intense competition among advertisers, where their bids can

be very close, and thus, the need for precise actions is critical for
optimality [17, 42]. A suboptimal bidding parameter could lead to
budget waste or limited gains in impressions. For instance, if the
bidding parameter is set too high, the budget may be exhausted fast,
missing later opportunities; conversely, if set too low, it may result
in no acquired impressions. To our knowledge, current public LLMs
have not been specially pretrained or fine-tuned on auto-bidding
data, as there is no public auto-bidding data in text format; thus,
they could still suffer from the notorious hallucinations issue and
lack optimal sequential decision-making ability [11, 54].

There have been many attempts to enhance LLMs for decision-
making tasks, though they are not well-suited for the auto-bidding
task. To leverage the reasoning capabilities of LLMs, some ap-
proaches, such as reinforcement learning with verifiable rewards
(RLVR) [16], aim to enhance performance in tasks like mathemati-
cal reasoning, code generation, and computer control [11]. These
methods primarily focus on reasoning abilities rather than con-
tinuous control, where the action space is typically discrete, such
as in tool-use agents [2], whereas auto-bidding operates in a con-
tinuous numerical action space. For applications of LLMs in tasks
with continuous state and action spaces, there is one challenge that
representing numerical inputs as language tokens can be costly
[40, 53]; for instance, a numerical state like "12.34" requires five
tokens, potentially resulting in thousands of tokens when using
extensive historical data in complex tasks. Even if it is done in this
way, the attention mechanism of LLMs could be limited, leading to
hallucinations and suboptimal performance [23, 49]. For addressing
this, LLM-DT [40] fine-tunes the LLM with additional embedding
layers that process long numerical sequences into more informative
representations. However, this approach actually treats the LLM
as a Decision Transformer (DT) initialized with transformer lay-
ers from the LLM, which limits the full exploitation of the LLM’s
knowledge and reasoning capabilities.

To leverage the reasoning capabilities of LLMs for developing an
optimal auto-bidding strategy, we introduce a hierarchical Large
auto-BiddingModel (LBM), which comprises two modules: i) the
LBM-Think module, which handles high-level reasoning in the
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language space, and ii) the LBM-Act module, which focuses on
low-level decision-making in the continuous action space. Specif-
ically, the LBM-Think module is tasked with generating a chain-
of-thought (CoT) [47] in language format that summarizes and
reflects historical bidding status, while reasoning about high-level
future actions like adjustment directions. Note that CoT can be pre-
generated asynchronously ahead of the next decision timestep as
shown in Fig. 4, making it suitable for industry applications. For the
LBM-Act module, we introduce a dual embedding mechanism to
encode both the numerical sequence of observations and language
CoT. This hierarchical structure enables the LBM to comprehend
task status while executing precise control efficiently. Additionally,
it separates CoT generation and action execution into distinct LLM
backbones, with LBM-Think utilizing a larger LLM and LBM-Act
employing a smaller LLM. For training such a hierarchical LBM,
we propose a two-stage training scheme, as illustrated in Fig. 1. In
the first stage, we introduce a language-guided decision training
approach with additional embedding layers to train the LBM-Act
model, allowing it to effectively fuse two modalities of inputs and
generate precise actions. In the second stage, we propose a Group
relative-Q Policy Optimization (GQPO) method to fine-tune the
LBM-Think model, reducing hallucinations and achieving better
reasoning performance in a stable offline manner. This relative-Q
serves as an assessment of the effectiveness of a CoT to fine-tune
the LBM-Think entirely offline, unlike previous multi-turn LLM-
based agents that require rollout in simulators or the real world,
which is not feasible and can be risky for auto-bidding [2, 11]. To
summarize, the contributions of this work are:

• To leverage the reasoning capabilities of LLMs for developing
an advanced auto-bidding strategy, we propose a novel hier-
archical Large auto-BiddingModel (LBM) based on LLMs,
including a high-level LBM-Think for reasoning and a low-
level LBM-Act for precise action generation;

• We propose a dual embedding mechanism to efficiently
fuse two modalities, including language and numerical in-
puts, for language-guided training of the LBM-Act;

• We propose a stable fine-tuning technique termedGQPO for
mitigating the LLM-Think’s hallucinations and enhancing
decision-making performance in an offline manner;

• Experiments demonstrate the superiority of a generative
backbone based on LLMs, especially regarding the efficient
training manner and generalization ability.

2 Preliminary
2.1 Problem Statement
Consider a scenario where impression opportunities arrive sequen-
tially, each identified by an index 𝑖 . An advertiser secures an im-
pression if its bid 𝑏𝑖 exceeds those of other advertisers, resulting
in a cost 𝑐𝑖 . The objective is to maximize the cumulative value
of the impressions won, expressed as

∑
𝑖 𝑜𝑖𝑣𝑖 , where 𝑣𝑖 represents

the value of the impression and 𝑜𝑖 is a binary variable indicating
whether the advertiser wins impression 𝑖 . Furthermore, it is crucial
to account for budgetary and various economic constraints, such as
limiting the unit cost for specific advertising events like CPC and
CPA [18]. For simplicity, we focus on auto-bidding with cost-related
constraints, which can be uniformly formulated as:

∑
𝑖 𝑐𝑖 𝑗𝑜𝑖∑
𝑖 𝑝𝑖 𝑗𝑜𝑖

≤ 𝐶 𝑗 ,

where 𝐶 𝑗 is the upper bound of 𝑗-th constraint provided by the
advertiser. 𝑝𝑖 𝑗 can be any performance indicator, e.g., return or
constant. 𝑐𝑖 𝑗 is the cost of constraint 𝑗 . Therefore, the objective of
auto-bidding is:

maximize
∑︁
𝑖

𝑜𝑖𝑣𝑖

s.t.
∑︁
𝑖

𝑜𝑖𝑐𝑖 ≤ 𝐵∑
𝑖 𝑐𝑖 𝑗𝑜𝑖∑
𝑖 𝑝𝑖 𝑗𝑜𝑖

≤ 𝐶 𝑗 , ∀𝑗

𝑜𝑖 ∈ {0, 1}, ∀𝑖

(1)

A previous study [18] has already shown the optimal solution:

𝑏∗𝑖 = 𝜆0𝑣𝑖 +
𝐽∑︁
𝑗=1

𝜆 𝑗𝑝𝑖 𝑗𝐶 𝑗 , (2)

where 𝑏∗𝑖 is the optimal bid for impression 𝑖 . The parameters 𝜆 𝑗
represent the optimal bidding parameters. Please note that in indus-
trial ad platforms, current auto-bidding methods mainly focus
on adjusting bidding parameters at a low frequency, such as
every 30 minutes, rather than for every single impression
that arises in millisecond [42]. Therefore, there is ample time for
an advanced auto-bidding method to respond to bidding parameter
adjustment requirements.

2.2 Decision-making Process for Auto-bidding
Given the dynamic nature of the advertising environment, opti-
mal bidding parameters must be regularly adjusted to maximize
total value, framing the auto-bidding task as a sequential decision-
making process. At each timestep 𝑡 of a bidding period, the agent
receives a state 𝑠𝑡 ∈ S describing the real-time advertising status
and then outputs an action 𝑎𝑡 ∈ A for the final bid. The advertising
environment has an underlying unknown state transition dynamic
T . The next state could be determined by both the historical infor-
mation and current observations. After transitioning to the next
state, the advertising environment would emit a reward 𝑟𝑡 repre-
senting the value contributed to the objective obtained within the
time period 𝑡 . This process would repeat until the end of a bidding
period, such as one day. A detailed description of our modeling is
listed below:

• 𝑠𝑡 : the state is a collection of information that describes the
advertising status from the perspective of a campaign. The
information should in principle reflect time, budget consump-
tion and KPI constraints satisfying status, such as left time,
left budget, budget consumption speed, current KPI ratio for
constraint 𝑗 (i.e. (Σ𝑖𝑐𝑖 𝑗𝑜𝑖/Σ𝑖𝑝𝑖 𝑗𝑜𝑖 )/𝐶 𝑗 ), etc.

• 𝑎𝑡 : adjustment to the bidding parameters 𝜆 𝑗 , 𝑗 = 0, . . . , 𝐽 , at
the time period 𝑡 , and modeled as (𝑎𝜆0

𝑡 , . . . , 𝑎
𝜆𝐽
𝑡 ).

• 𝑟𝑡 : a typical setting of the reward could be the conversion
value contributed to the objective obtained within the time
period from 𝑡 to 𝑡 + 1.

3 LBM: Hierarchical Large Auto-Bidding Model
In this section, we first explain how we construct the hierarchical
Large auto-Bidding Model (LBM) with two modules: high-level
LBM-Think and low-level LBM-Act. Next, we propose a two-stage
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training method for the model. Initially, we introduce a language-
guided decision training method for LBM-Act. To further enhance
the LBM’s performance, particularly the reasoning ability of the
LBM-Think, we then present the GQPO method, which utilizes an
offline Q-value for fine-tuning it.

3.1 Model Structure and Inference
To improve reasoning capabilities, previous methods expand mod-
els to incorporate a large number of parameters, often surpassing 1
billion. This approach can be costly and result in slow inference for
industrial applications, especially if each decision timestep requires
immediate reasoning and action using LLMs. Even if we aim to
create a model capable of both reasoning and generating optimal
actions in a continuous action space, training such a model is chal-
lenging and may degrade the original model’s general reasoning
ability. This is illustrated in Fig. 6, where we use the GRPO to
fine-tune an LLM for action generation with CoT. Therefore, a prac-
tical and flexible approach is to propose a hierarchical structure
that decouples reasoning and acting into two separate modules.
Reasoning capabilities can leverage existing LLMs to process his-
torical information asynchronously, without needing a response
at every decision timestep. The acting capability can be built on a
smaller LLM that focuses on immediate decision-making using the
pre-generated reasoning output and current state information.

For sequential inference procedure of auto-bidding, we can ob-
serve a sequence of historical information with horizon length 𝐻 ,
i.e., {𝑝𝑖 , 𝑎𝑖 }𝑖=𝑡−𝐻 :𝑡−1, where 𝑝𝑖 is the key performance indicators
reflecting the bidding status like the achieved conversions, budget
utilization ratio, and CPA. For every decision-making step, we have
a state 𝑠𝑡 representing the current detailed observation, like the
impression value distribution and auction status. For the high-level
LBM-Think model, denoted as ℎ𝜃 , it summarizes and reflects the
historical sequential information only and then reasons for a future
high-level decision like the adjustment direction of the bidding
parameters, producing a CoT denoted as 𝑐𝑡 , i.e.,

LBM-Think: 𝑐𝑡 = ℎ𝜃 ({𝑝𝑖 , 𝑎𝑖 }𝑖=𝑡−𝐻 :𝑡−1). (3)

Note that this high-level process could be done asynchronously
before timestep 𝑡 , andwe could simplify the performance indicator 𝑝
with only the necessary elements from states, thus leaving sufficient
time for the LLM to generate. After receiving CoT 𝑐𝑡 and current
state 𝑠𝑡 , the LBM-Act model 𝑓𝜙 generates an action 𝑎𝑡 , i.e.,

LBM-Act: 𝑎𝑡 = 𝑓𝜙 (𝑠𝑡 , 𝑐𝑡 ). (4)

To enhance the decision-making performance, we can extend the 𝑠𝑡
to include more information in a DT manner, including return-to-go
𝑅≤𝑡 , states 𝑠≤𝑡 , and actions 𝑎<𝑡 . Therefore, the LBM-Act needs to
fuse two modalities of inputs, including language and number. A
detailed illustration of LBM could be seen in Fig. 1 and Fig. 4.

Given that different modules have distinct objectives, where
LBM-Think ℎ𝜃 focuses on understanding the bidding status and
LBM-Act 𝑓𝜙 concentrates on low-level action generation, we pro-
pose a stable two-stage training approach. Specifically, this involves
first training the LBM-Act through language-guided decision train-
ing using a dual embedding mechanism, followed by reinforcement
fine-tuning of the LBM-Think with the trained LBM-Act.

3.2 Language-guided Decision Training for
LBM-Act via Dual Embedding

While it’s possible to convert numerical states into language format,
this approach is inefficient and can consume a significant number
of tokens. For example, representing "12.34" in language format can
require 5 tokens, and thus handling sequences of high-dimensional
states could result in the use of thousands of tokens. Addition-
ally, the performance of attention mechanisms is often constrained
when processing long sequences of token inputs, particularly when
using smaller language models for LBM-Act, which can lead to sub-
optimal performance in auto-bidding scenarios [23, 49]. To address
these challenges, we propose a dual embedding mechanism to
fuse these two modalities, rather than unifying them solely in the
language modality. Dual embedding involves employing two dis-
tinct embedding layers to process data: one for language modality
using a pretrained token embedding layer for the CoT generated
by the LBM-Think model, and another for numerical data, like
observed numerical sequences, using a decision embedding layer.
Each numerical state is projected into a single embedding using
an additional MLP, termed "decision embedding", which matches
the size of a token embedding and encapsulates decision-related
information. By integrating these two embeddings, LBM-Act then
employs transformer layers initialized with the pretrained weight
of an LLM to project them to the final layer’s output representa-
tion, and a final action is determined via an MLP processing this
representation. Therefore, with this dual embedding mechanism,
the LBM-Act can effectively comprehend language instructions and
manage complex decision-making tasks.

To enhance the LBM-Actmodel’s ability to handle twomodalities,
we propose a language-guided decision training method. Specif-
ically, we first utilize the LBM-Think module to generate a CoT,
which involves summarizing historical bidding performance in-
formation and reasoning for optimal future high-level decisions,
such as determining the direction for bidding parameter adjust-
ments. Additionally, we obtain a corresponding numerical sequence
{𝑅𝑡−𝐿:𝑡 , 𝑠𝑡−𝐿:𝑡 , 𝑎𝑡−𝐿:𝑡−1} of length 𝐿, representing more comprehen-
sive and detailed information. In previous DT methods, the model
learns to generate 𝑎𝑡 based on this sequence, aiming to achieve
the current return-to-go 𝑅𝑡 during the training stage, rather than
learning to generate an optimal action like offline RL methods such
as IQL. However, there is uncertainty in achieving the goal rep-
resented by 𝑅𝑡 , expressed as 𝑝 (𝑎𝑡 ) = 𝑓 (𝑅≤𝑡 , 𝑠≤𝑡 , 𝑎<𝑡 ) = 𝑎𝑡−1 + 𝜖 ,
where 𝜖 ∈ R represents the uncertainty. It is not always clear
which action aligns with the direction of the optimal action. For
example, a favorable 𝑅𝑡 could be achieved with a bad 𝑎𝑡 but good
subsequent actions 𝑎>𝑡 . To address potential conflicts between the
two modalities during training, we use the direction of the dataset
action 𝑎𝑡 compared to 𝑎𝑡−1 as an anchor direction. If a reasoned
high-level direction in the CoT conflicts with this anchor direction,
it will be disregarded. The accepted CoT component is concatenated
with the numerical sequence {𝑅𝑡−𝐿, 𝑠𝑡−𝐿, 𝑎𝑡−𝐿, . . . , 𝑅𝑡 , 𝑠𝑡 } and sent
to the dual embedding to obtain their corresponding embeddings
𝒛 = {𝒛𝑐𝑜𝑡 , 𝒛𝑠 }. The inner transformer layer learns to fuse these
two modalities to generate actions using the attention mechanism,

i.e., Attention(𝑸,𝑲 , 𝑽 ) = softmax
(
𝑸𝑲𝑇

√
𝑑𝑘

)
𝑽 , where 𝑸 = 𝒛𝑾𝑄 ,
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𝑲 = 𝒛𝑾𝐾 , and 𝑽 = 𝒛𝑾𝑉 . The output prediction action 𝑎𝑡 , based
on the fused representation, is trained to match the labeled action
𝑎𝑡 in the dataset, i.e.,

L𝑎 (𝜙) = ∥𝑎𝑡 − 𝑎𝑡 ∥2 . (5)

Upon convergence, the LBM-Act can comprehend language guid-
ance, follow its instructions, and achieve Return-to-go in contin-
uous action space. During the inference stage, the return-to-go is
typically initialized to its maximum value at the beginning timestep,
aiming to achieve an optimal bidding strategy that aligns with the
objective of LBM-Think.

3.3 Offline Reinforcement Fine-Tuning for
LBM-Think via GQPO

Since existing LLMs have not been extensively pretrained on auto-
bidding datasets in language format, they may exhibit hallucina-
tions and demonstrate a suboptimal bidding strategy. Previous re-
lated works on decision-making using LLMs have widely employed
reinforcement fine-tuning techniques for enhanced performance
[2, 11, 16, 54]. A representative work is the group relative policy
optimization (GRPO) [16], expressed as
JGRPO (𝜃 ) = E

𝑞∼𝑃 (𝑄 ),{𝑜𝑖 }𝐺𝑖=1∼𝜋𝜃old (𝑂 |𝑞) (6)

1
𝐺

𝐺∑︁
𝑖=1

1
|𝑜𝑖 |

|𝑜𝑖 |∑︁
𝑡=1

{
min

[
𝜌𝑖,𝑡 𝐴̂𝑖,𝑡 , clip

(
𝜌𝑖,𝑡 , 1 ± 𝜀

)
𝐴̂𝑖,𝑡

]
− 𝛽DKL [𝜋𝜃 ∥𝜋ref ]

}
,

where 𝜌𝑖,𝑡 =
𝜋𝜃 (𝑜𝑖,𝑡 |𝑞,𝑜𝑖,<𝑡 )
𝜋𝜃old (𝑜𝑖,𝑡 |𝑞,𝑜𝑖,<𝑡 )

is the importance sampling weight,
𝜋𝜃 and 𝜋𝜃old represent the current and previous policy models, re-
spectively. The variables 𝑞 and 𝑜 denote questions and outputs
sampled from the question dataset and the old policy 𝜋𝜃old . The
parameter 𝜖 is a clipping-related hyperparameter to stabilize train-
ing. The advantage 𝐴𝑡 is the advantage calculated based on the
relative rewards of the outputs inside each group. It needs a verifi-
able outcome-based reward function to score the outputs {𝑜𝑖 }𝐺𝑖=1,
yielding𝐺 rewards 𝑟 = {𝑟1, 𝑟2, ..., 𝑟𝐺 } correspondingly. GRPO could
be directly extended to multi-turn decision-making tasks, leading to
methods like GiGPO [11]. However, these methods rely on rollouts
in a simulator or the real world to obtain correct rewards, which
is not feasible and could be risky in the context of auto-bidding.
Consequently, it is necessary to explore a reinforcement fine-tuning
approach that operates entirely offline.

The primary challenge lies in evaluating the impact of CoT rea-
soning on decision-making performance without real-world roll-
outs. Recall previous offline RL methods, the training objective is
typically based on an advantage-weighted regression (AWR) tech-
nique for policy extraction [31, 32, 34, 46], i.e.,

JAWR (𝜃 ) = E𝑠,𝑎∼D [exp(𝛽 (𝑄𝜑 (𝑠, 𝑎) −𝑉𝜓 (𝑠)) log𝜋𝜃 (𝑎 |𝑠))], (7)

where 𝑄 represents the state-action pair value, 𝑉 represents the
state value that serves as a baseline for variance reduction, and
𝛽 ∈ [0,+∞) is a hyperparameter. In this work, we can train the
value functions using a stable offline RL method named Implicit
Q-Learning (IQL) [20], formulated as:

L𝑉 (𝜓 ) = E(𝑠,𝑎)∼D [𝐿𝜏2 (𝑄𝜑 (𝑠, 𝑎) −𝑉𝜓 (𝑠))], (8)

where 𝐿𝜏2 (𝑢) = |𝜏 − 1(𝑢 < 0) |𝑢2 represents an expectile regression
loss. The value network𝑉𝜓 (𝑠) is utilized in the learning of Q-values:

L𝑄 (𝜑 ) = E(𝑠𝑡 ,𝑎𝑡 ,𝑠𝑡+1 )∼D [𝑟 (𝑠𝑡 , 𝑎𝑡 ) + 𝛾𝑉𝜓 (𝑠𝑡+1 ) − 𝑄𝜑 (𝑠𝑡 , 𝑎𝑡 ) )2 ] . (9)

In the context of the relationship between these offline RL methods
and our LBM, the policy 𝜋 (𝑎 |𝑠) can be viewed as an expectation of
the CoT 𝑐𝑡 , expressed as

𝜋 (𝑎 |𝑠) = E𝑐𝑡∼𝜋 (𝑐𝑡 |𝑠 )𝜋 (𝑎 |𝑠, 𝑐𝑡 ) . (10)

We denote the value of a state-action pair conditioned on the CoT 𝑐𝑡
as 𝑄 (𝑠𝑡 , 𝑎𝑡 ). Our objective is to obtain an improved policy through
an enhanced CoT by

𝜋 (𝑎 |𝑠, 𝑐 𝑗𝑡 ), 𝑐
𝑗
𝑡 = arg max

𝑐𝑡
[𝑄 (𝑠𝑡 , 𝑎𝑡 ) −𝑄 (𝑠𝑡 , 𝑎𝑡 )] . (11)

For a practical implementation, we can assess the impact of CoT on
decision-making by examining the difference in predicted Q-values
for actions generated with and without CoT, termed relative-Q.
Specifically, we let LBM-Think generate a CoT 𝑐𝑡 using Eq. (3) and
send it to the trained LBM-Act to obtain an action 𝑎𝑡 via Eq. (4). We
then compare this with the dataset action 𝑎𝑡 , which represents the
ideal generation of a DT method without CoT. The relative-Q is
calculated as:

Δ𝑄 =𝑄𝜑 (𝑠𝑡 , 𝑎̃𝑡 ) − 𝑄𝜑 (𝑠𝑡 , 𝑎𝑡 ) . (12)

If Δ𝑄 > 0, it indicates that CoT has a positive impact on decision-
making; otherwise, it suggests a negative impact.

Therefore, to achieve an expected objective in Eq. (11), we pro-
pose a stable and flexible method, termed Group relative-Q Policy
Optimization (GQPO). Grasping the idea behind GRPO in finetun-
ing an LLM, it is to drive the policy from 𝜋𝑜𝑙𝑑 to the near region
of optimal policy 𝜋∗. We can generate a group of CoTs {𝑐𝑖𝑡 }𝑁𝑖=1 and
then assess their values via relative-Q, and then we find the best
one 𝑐 𝑗𝑡 that satisfies

𝑗 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖Δ𝑄𝑖 , 𝑠 .𝑡 . Δ𝑄𝑖 > 0. (13)

Inspired by the AWR method in Eq. (7), we can interpret the CoT 𝑐𝑡
as the action and Δ𝑄 as the advantage. Given that we can sample
multiple CoTs simultaneously, the regression would be effective
and stable when performed directly on the CoT 𝑐

𝑗
𝑡 with the highest

relative-Q. This leads us to the objective of LBM-Think:

JGQPO (𝜃 ) = E
𝑠,𝑎∼D,𝑐𝑖𝑡∼ℎ𝜃

[exp(𝛽Δ𝑄𝑖 ) logℎ𝜃 (𝑐𝑡 |𝑠 ) ]

∝ E
𝑠,𝑎∼D,𝑐

𝑗
𝑡 ∼{𝑐

𝑖
𝑡 }

𝑁
𝑖=1

logℎ𝜃 (𝑐 𝑗𝑡 |𝑠 ) . (14)

After training the LBM-Think, we now give a detailed inference
procedure of the LBM for auto-bidding in Fig. 4.

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 de-
signed for ad auctions, based on a real-world online advertising plat-
form [42]. Each dataset comprises 21 advertising delivery periods,
with each period containing approximately 5,000,000 impression
opportunities, divided into 48 intervals. Details are in Appendix
A.1.
Evaluation Metrics. To assess performance, we evaluate both the
baselines and our method using four metrics:
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Table 1: Comparison between our LBM methods and previous non-LLM-based methods in AuctionNet.

AuctionNet USCB CQL IQL BCQ DT DT-Q DiffBid DiffBid-Q LBM(P) LBM(GQPO)

Dense Conversions (↑) 267 336 322 321 364 371 316 319 376 ±3.0 382±3.3
Score (↑) 157 171 281 270 329 334 214 260 320 ±2.2 348±2.3

Sparse Conversions (↑) 28.5 30.2 36.0 31.1 31.3 33.8 31.3 31.5 37.4 ±0.3 38.5 ±0.3
Score (↑) 17.5 22.2 30.0 30.5 29.6 31.1 23.1 25.1 32.9 ±0.2 33.4 ±0.2

Table 2: Comprehensive evaluation of LLM-based auto-bidding methods in AuctionNet.

Method Budget Utilization (↑) CPA Ratio (↓) Conversions (↑) Score (↑)
Dense Sparse Dense Sparse Dense Sparse Dense Sparse

LLM

Prompting 0.743 0.722 0.878 0.903 289 24.2 286 23.4
SFT 0.765 0.741 0.882 0.804 297 27.0 286 26.9
GRPO 0.860 0.773 0.945 0.816 327 29.9 292 29.7
LLM-DT 0.902 0.861 0.936 0.847 366 36.0 328 32.5
Prompt-LLM-DT 0.914 0.970 0.931 0.965 355 35.8 322 30.3
-ours
LBM(P) 0.981 0.956 1.02 0.901 376 37.4 320 32.9
LBM(GQPO) 0.938 0.974 0.96 0.901 382 38.5 348 33.4

• Conversions: in the maximize conversions bidding (MCB)
task2, advertisers care about the total received impression
value, i.e., number of conventions

∑
𝑖 𝑜𝑖𝑣𝑖 in this task;

• Budget Utilization: ratio of the spent budget by the end of
the period;

• CPA Ratio: advertisers are concerned with whether the
strategy’s realized CPA, 𝐶𝑟𝑒𝑎𝑙 , is lower than the CPA con-
straint,𝐶 . Therefore, we use the CPA ratio, defined as ratio =

𝐶𝑟𝑒𝑎𝑙/𝐶 , to assess this.
• Score: by introducing a 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 =𝑚𝑖𝑛{( 1

𝑟𝑎𝑡𝑖𝑜
)2, 1}, we can

get an additional metric as 𝑠𝑐𝑜𝑟𝑒 = (∑𝑖 𝑜𝑖𝑣𝑖 ) × 𝑝𝑒𝑛𝑎𝑙𝑡𝑦.

We use ↑ and ↓ to denote the direction of improved performance
under these metrics and bold the best performance in results.
Baselines.We perform an extensive comparison of our approach
against a diverse set of baselines, encompassing both non-LLM-
based and LLM-based methods. For non-LLM-based methods, our
comparison includes RL techniques such as USCB [18], BCQ [12],
and CQL [21]. We also evaluate decision transformer (DT)-based
methods, including DT and its variant DT-Q, which utilizes GAS
[25] for fine-tuning a DT with Q-values. Additionally, we consider
diffuser-based methods like Diffbid [17] and Diffbid-Q, which
leverage CBD [24] to align a diffuser with a trajectory-level reward
model. For LLM-based methods, we compare against a Prompt-
ing method, a SFT method, and a GRPO method within language
modality. Furthermore, we evaluate LLM-DT and Prompt-LLM-DT,
which handle numerical sequence inputs to produce numerical ac-
tions, with Prompt-LLM-DT incorporating an additional language
task description.
Implementation Details. The hyperparameters of baselines are
set based on the default values referenced in the original papers,
with further tuning performed to optimize performance. The LBM-
Think model can be based on any pretrained LLMs. In this work, we
use Qwen2.5-3B-Instruct for the main results. To train LBM-Think,
we utilize 2000 samples obtained through the GQPO method with

2https://support.google.com/google-ads/answer/7381968?hl=en

𝑁 = 3. We then fine-tune it with a batch size of 64 and a learning
rate of 1e-6 for 5 epochs, using the Llama-factory framework under
full parameters [55]. The LBM-Act model is built on a smaller LLM,
specifically Qwen2.5-0.5B-Instruct [3]. We employ a three-layer
MLP with dimensions [896, 896, 896] to process items in the nu-
merical sequence into embeddings that match the size of the token
embeddings. The output from the final transformer layer is pro-
jected into actions using another three-layer MLP with dimensions
[896, 896, 1]. The training of LBM-Act undergoes a total of 400,000
training steps using the AdamW [27] optimizer with a learning rate
of 1e-5 and a batch size of 64. The training process is conducted
using the PyTorch framework on 8 GPUs. The results presented are
averaged over five random runs.

Details of the baselines and implementations can be seen
in Appendix A.3.

4.2 Comparison to Auto-Bidding Baselines
We start by comparing our LBM method with established auto-
bidding approaches, including offline RL methods and various gen-
erative backbones, using Conversions and Scores as metrics. As
shown in Table 1, the generativemethod based onDT exhibits better
performance than previous offline RL methods, demonstrating the
efficiency of generative models in learning a policy from a large-
scale dataset. Without incorporating Q-value, our LBM method
variant, referred to as LBM-pretrained (denoted as LBM(P) in the
results), which employs a pretrained LLM as the LBM-Think model
alongside a trained LBM-Act model, could generally outperform
previous methods, particularly DT. Even with various budget set-
tings in the test, our LBM method still demonstrates generalizabil-
ity and consistently outperforms DT, as shown in Table 5. When
incorporating Q-value to implement the GQPO method, a fine-
tuned LBM-Think integrated into the LBM framework (denoted as
LBM(GQPO)) further enhances the performance of LBM(P), which
demonstrates the advantage of finetuning for LLMs. In summary,
the performance comparison across various methods highlights
our LBM as a superior generative backbone for auto-bidding.
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One advantage of our LBM method is its ability to leverage the
prior knowledge embedded in LLMs, which can be more efficient
than relying solely on reward design for training like DT. We uti-
lize the Score metric as an evaluation tool for this purpose. While
the current reward design focuses only on conversions, the Score
metric offers a more comprehensive evaluation by considering both
conversions and the CPA ratio through a penalty term. However,
this penalty term is calculated over the entire bidding period, mak-
ing it challenging to assign accurately to a single-step signal, thus
complicating the return-to-go setting in DT methods. Empirically,
we propose a more sophisticated return-to-go design for DT to
achieve a better Score, expressed as 𝑟𝑡𝑔𝑤 =

∑𝑇
𝑖=𝑡 𝑟𝑖 +𝑤 ×𝑝𝑒𝑛𝑎𝑙𝑡𝑦𝑡 :𝑇

where 𝑝𝑒𝑛𝑎𝑙𝑡𝑦𝑡 :𝑇 is calculated for future timesteps in the training
stage and set to 1 during the inference stage. The parameter 𝑤
serves as a reweighting factor to balance conversions and the CPA
ratio. Intuitively, setting 𝑤 = 0 encourages the DT to prioritize
conversions, while 𝑤 > 0 shifts focus towards the CPA ratio. By
adjusting this reweighting factor, we can balance conversions and
the CPA ratio to achieve a better Score. As demonstrated in Table
3, DT with𝑤 = 0.2 achieves the highest score. However, the LLM-
based method can bypass this inefficient training based on reward
design due to its inherent language knowledge and generalization
capabilities, allowing it to outperform them.

Table 3: Performance with various reward setting.

DT-score LBM
Reweight𝑤 0 0.1 0.2 0.5 1.0
Budget Utlization (↑) 0.884 0.839 0.818 0.780 0.632 0.938
CPA Ratio (↓) 0.895 0.846 0.826 0.831 0.725 0.960
Conversions (↑) 364 354 352 329 278 382
Score (↑) 329 340 343 323 276 348

The advantage of prior knowledge could also be illustrated in Fig.
2. A fundamental principle in auto-bidding is to adhere to economic
constraints while maximizing conversions. For instance, if the CPA
ratio exceeds 1, it is more reasonable and likely to decrease the
bidding parameters to meet the constraint. Conversely, when the
CPA ratio is below 1, the model can safely increase the bidding
parameters to gain more impression opportunities. As shown in
Fig. 2, where we randomly sampled 1000 samples, the behavior of
the LLM finetuned with GQPO clearly aligns with this principle,
whereas DT models show weaker adherence, underscoring the
crucial role of reasoning with prior knowledge in auto-bidding.

Table 4: Language instruction’s impact on performance.

Instruction Budget Utilization(↑) CPA Ratio(↓) Conversions(↑) Score(↑)
Increase 0.969 1.028 368 315
Decrease 0.894 0.924 373 325
base 0.938 0.960 382 348

4.3 Performance of LLM-based Methods
To apply the LLM for auto-bidding, we initially explored multiple
methods within the pure language modality, where the long nu-
merical sequence information is directly translated into language
tokens, and the generated action is also represented by language
tokens. First, through Prompting, we use prompt engineering to
apply an LLM to generate the CoT and an action in language format
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Figure 2: Relationship between the CPA ratio and model be-
havior by 1000 random samples. When the CPA ratio exceeds
1, it indicates that the CPA constraint is not satisfied, suggest-
ing a high likelihood of decreasing the bidding parameter, i.e.,
Δ𝑎 < 0. When the CPA ratio is smaller than 1, it will be more
likely to increase the bidding parameter Δ𝑎 > 0. However,
this relationship is not clearly reflected in DT and pretrained
LLM, but is more evident in LLM finetuned with GQPO.

Table 5: Generalization to various budget settings. Perfor-
mance under conversions.

Budget Ratio 0.5 0.75 1.0 1.25 1.5

Dense DT 186 234 364 393 445
LBM(P) 198 285 376 462 520

Sparse DT 18.2 27.5 31.3 43.5 50.0
LBM(P) 21.3 28.5 37.4 43.6 50.6

without fine-tuning, which can be seen as the RTB-agent method
[5]. Second, with SFT, we perform supervised fine-tuning to enable
the LLM to generate an action directly in language format. Lastly,
using GRPO, we fine-tune the LLM to generate CoT and action by
using the GRPO method to stimulate its reasoning ability, where
the reward is the L1 distance between the generated action and the
dataset action. However, as shown in Table 2, these three methods
perform poorly in auto-bidding that cannot fully utilize the budget,
potentially due to the inefficient representation of long sequential
state information. Additionally, we observed that GRPO’s training
is unstable in this task, often resulting in shorter or absent CoT,
as shown in Fig. 6. This observation also motivated us to propose
a hierarchical structure for an LLM-based method by decoupling
reasoning and acting into separate models.

Therefore, we tend to the LLM-DT method, which employs the
LLM for decision-making tasks in a continuous state and action
space. As it does not contain information from the language, we
add a variant to LLM-DT by incorporating the task description in
the input embedding, termed Prompt-LLM-DT, making the LLM
understand the basic task objective. These LLM-DT methods show
a better performance than the above three LLM-based methods in
single language modality, demonstrating the efficiency in repre-
senting the numerical information via additional embedding layers.
However, when compared to our LBM methods, their performance
is limited, underscoring the advantages of incorporating reason-
ing by LBM-Think. This can also be attributed to the efficiency of
LBM-Act in integrating the two modalities and utilizing the lan-
guage reasoning component for decision-making. As demonstrated
in the visualizations in Fig. 5 and Fig. 3, LBM-Act exhibits faster
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Figure 3: Training loss curve of LLM-DT and LBM-Act, sup-
porting the efficiency of language-guided learning.

Table 6: Impact of LBM-Think’s model size.

Dense Sparse
Model Size Conversions Score Conversions Score

3B 376 320 37.4 32.9
7B 375 320 37.3 34.6
32B 374 318 37.1 33.5

convergence of the training loss compared to LLM-DT and pro-
vides informative attention scores. We also included an instruction-
following experiment in Table 4, where the reasoning component is
instructed to either increase or decrease the bidding parameter. The
results demonstrate strong instruction-following capabilities, as a
decreased bidding parameter leads to lower budget utilization and
a lower CPA ratio. This highlights the flexibility of using language
instructions to modify auto-bidding strategies.
Ablation Study. Besides the LLM-DT and Prompt-LLM-DT sup-
porting the importance of the reasoning ability of LBM-Think for
auto-bidding, we further evaluate the performance of different LLM
choices as the backbone for LBM-Think, including Qwen2.5-3B-
Instruct, Qwen2.5-7B-Instruct, and Qwen2.5-32B-Instruct. As the
results shown in Table 6, the performance is very close, showing
the robustness of the LBMmethod, and a 3B LLM could be sufficient
in handling the auto-bidding task.

5 Related Works
Auto-Bidding Methods. Initially, traditional control methods like
PID [8] were employed to optimize budget spending using prede-
fined curves, while OnlineLP [52] adjusted bids based on traffic
forecasts. As online bidding environments grew more complex, RL
algorithms such as USCB [18], SORL [29], and MAAB [48] became
essential for decision-making. Offline RL methods, which learn
policies from existing datasets without online interaction, have
been particularly successful. Key methods include BCQ [12], which
restricts the action space; CQL [21], which regularizes Q-values;
and IQL [20], which enables multi-step updates without querying
out-of-sample Q-values. However, these methods are limited by the
MDP assumption, whereas generative models offer greater potential
for auto-bidding. Recently, DiffBid [17], an innovative generative
auto-bidding method, has shown the remarkable potential of gen-
erative models over RL by directly using a decision diffuser for
planning and control, although it has not yet been tested in large-
scale auctions. GAS [25] and GAVE [13] propose data augmentation
techniques to enhance the quality of offline datasets, but they still

rely on the single-step reward. RTB-agent [5] proposes a prompting
method based on LLMs for auto-bidding, which we found is limited
in large-scale auctions.
LLM for Decision-Making. LLMs have recently been explored
as autonomous decision-making agents across domains such as
navigate web pages [56], android device control [37] and robot-
ics [33]. Early studies have proposed structured workflows that
integrate reasoning, action, and reflection steps such as ReAct [51]
and Reflexion [41], as well as interaction through memory [50],
retrieval systems [14], and external tools [43]. Recent research has
shifted beyond static prompting toward adaptive learning via super-
vised fine-tuning (SFT) with limited human demonstrations [35]. To
further allow LLMs to operate in dynamic environments, RL has be-
come essential for enhancing decision-making capabilities of LLMs.
PPO [39] and its variant GRPO [16] are the most widely adopted.
Building on this line of work, GiGPO [11] introduces fine-grained
credit assignment by leveraging repeated environment states. How-
ever, on-policy policy gradient methods often face limitations in
real-world agent tasks, where interacting with the actual environ-
ment is expensive and inefficient [28]. To overcome this, offline
RL approaches have emerged to leverage static experience data.
Digi-Q [2] trains VLM-based Q-functions to filter offline action
data. LLM-DT [40, 53] finetunes an LLM in a DT manner. However,
these methods do not focus on enhancing reasoning ability.

6 Limitations and Conclusion
Due to safety concerns, we focus on offline fine-tuning techniques
rather than continual training of LLMs via real-world rollouts. As
a result, the extent of performance improvement remains limited.
Therefore, a promising future direction is to fine-tune LLMs in real
advertising environments with safety control. Additionally, the in-
ference latency could be explored by incorporating more advanced
acceleration methods, while we only use vLLM [22] for accelera-
tion in this work. Therefore, our method may face limitations in
auto-bidding services that require extremely high-frequency ad-
justments. However, we emphasize that a common setting involves
much longer intervals, which can be as long as 30 minutes, thus
providing ample time for LLM-based methods. A discussion and
experiment on inference latency can be seen in Appendix A.2

The increasing complexity of ad auctions necessitates advanced
auto-bidding strategies, while current methods using offline rein-
forcement learning or generative approaches face challenges due to
their black-box nature and direct applying LLMs is hindered by the
need for precise actions and specialized bidding knowledge. In this
work, we introduce a hierarchical Large auto-Bidding Model (LBM),
comprising LBM-Think for reasoning and LBM-Act for action gen-
eration. Our approach utilizes a dual embedding mechanism for
efficient modality fusion and introduces GQPO, an offline reinforce-
ment fine-tuning technique, to enhance decision-making without
relying on rollouts in the real world. Experiments demonstrate the
LBM’s excellence in training efficiency and generalization, setting
the stage for future auto-bidding approaches based on LLMs.
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A Appendix
A.1 Dataset Details
The AuctionNet benchmark 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 approxi-
mately 5,000,000 impression opportunities, 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 eval-
uating the visualization of the generation. Detailed parameters are
provided in Table 7.

A.2 Computational Efficiency
We measured the inference latency using vLLM for acceleration
on an H800 GPU for all models. As shown in Table 8, the LBM-
Think based on the Qwen2.5-3B-Instruct model achieves the fastest
speed, while the LBM-Act requires significantly less time. As illus-
trated in Fig. 4, the LBM-Think has a maximum allowable inference
latency, denoted as Δ𝑡 , which is the interval between two con-
secutive decision-making timesteps. Given that current industrial
auto-bidding methods operate at a low frequency, sometimes as
infrequently as every half hour, the LBM-Think of the current in-
ference latency is able to be deployed. However, we emphasize the
importance of fully harnessing the potential of smaller LLMs, such
as a 3B model, to achieve better computational efficiency.

Table 7: 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]

Table 8: Inference Latency of different modules.

LBM-Think LBM-Act
#params 3B 7B 32B 0.5B

Inference Latency 2.5s 3.6s 8.9s 63ms

A.3 Details of Baselines and Implementation
Prompting and SFT are two straightforward techniques for pro-
cessing prompts that include task descriptions and observed sequen-
tial information, such as states, previous actions, and return-to-go,
to generate actions in the language modality as responses. The
Prompting method relies solely on prompt engineering, crafting
prompts that encapsulate task and sequence details and instruct the
model to perform reasoning to elicit desired outputs. In contrast,
SFT employs a supervised fine-tuning approach, training the model
on labeled action data in the language modality to enhance its abil-
ity to interpret prompts and produce accurate actions, akin to a
Decision Transformer (DT) training manner but in the language
modality. As the LLM with SFT has no CoT, we further employ the
GRPO to fine-tune the LLM for generating CoT and actions, aiming
to enhance its reasoning capabilities while keeping action genera-
tion ability in a single LLM. Nonetheless, as illustrated in Table 2,
this GRPO approach underperforms in auto-bidding, failing to fully
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Input of LBM-Think (History Performance and Actions)
<|im_start|> system 
      You are an auto-bidding agent determining the optimal bidding parameter 
for the advertiser. There are 48 timesteps of a day, the aim is to maximize the 
total acquired number of conversions with a lower realized CPA. 
<|im_end|> 
<|im_start|> user
       The advertiser‘s budget is 2850 with a CPA constraint 8. Its historical 4
timesteps’ performance change along with time (i.e., from timestep 31 to 
timestep 34) are: 
        timesteps remaining ratio: [0.354, 0.333, 0.312, 0.292],
        budget remaining ratio: [0.953, 0.953, 0.953, 0.953],
        predicted total impression value: [28, 54, 46, 44],
        achieved conversions of each step: [0, 0, 0, 0].
From the 0-th timestep to now, the total acquired conversions is 25.
For each historical timestep, their corresponding bidding parameter is: [6.845, 
6.967, 7.063, 7.238]. 
        You should summarize the history and then reason for the best future 
adjustment direction. Here are some basic knowledge: 
        1. You should carefully and sufficiently spend your budget but do not 
spend all the budget too early; 
        2. The realized CPA is calculated as (total spent budget / total acquired 
number of conversions), where total spent budget = budget * (1 – current 
budget remaining ratio). If you think the realized CPA would be bigger than 
the CPA constraint when spent all the budget, you should decrease the bidding 
parameter. As a part of summarization, you need to output the latest timestep's 
cpa ratio = realized_cpa/cpa_constraint in <ratio></ratio> tags.
        After your summarization and reasoning, you MUST output the direction 
in <answer></answer> tags with only three choices at the end of your response:           
<answer>1</answer>indicates you are sure increasing the bidding parameter is 
better, <answer>-1</answer> indicates you are sure decreasing the parameter is 
better, and <answer>0</answer> indicates you are uncertain about the optimal 
adjustment direction. 
<|im_end|>
<|im_start|> assistant 
            Let me solve this step by step. Now, it is my chain of thought:

Output of LBM-Think (Chain-of-Thought)
First, I'll summarize the history based on the given data. For the last 4 timesteps, 
the budget remaining ratios are roughly the same, indicating that the budget is 
not being used efficiently. The realized CPA is not provided, but it can be 
inferred from the total acquired conversions and the total budget spent. Given 
the total acquired conversions of 25 over 48 timesteps, the total budget is 2850.0, 
and the budget remaining ratio at the current timestep is 0.953, we can estimate 
the realized CPA: Total budget spent = 2850.0 * (1 - 0.953) = 2850.0 * 0.047 = 
134.65; Realized CPA = 134.65 / 25 = 5.386; The CPA constraint is 8.0, so the 
current CPA ratio is <ratio>0.66</ratio> (5.386 / 8.0).
Next, I'll analyze the current situation and make a prediction for the next 
timesteps:
- The budget remaining ratio is consistently high (0.953), indicating that the 
current bidding strategy is not fully utilizing the budget.
- The budget remaining ratio is not decreasing as expected, suggesting that the 
current strategy might not be effectively allocating the budget to maximize the 
number of conversions.
- The predicted impression values are decreasing, which might indicate a 
decline in the effectiveness of the current strategy.
Considering these points, I recommend adjusting the bidding parameters to 
increase them. If the bidding parameters are increased, the budget will be 
allocated more effectively, leading to higher conversions and potentially a 
lower CPA.
Based on the analysis, I am confident that increasing the bidding parameters 
will lead to a better outcome.
<answer>1</answer>
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Figure 4: Illustration of the inference procedure of LBM with a detailed case of the prompt and CoT. For a timestep 𝑡 , the
LBM-Think first generates a CoT at timestep 𝑡 − 1 within the interval Δ𝑡 . Then, when timestep 𝑡 arrives, the LBM-Act receives
the pre-generated CoT along with the detailed numerical sequence information to generate an action, which involves adjusting
the bidding parameter.
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(a) Attention scores of the beginning layer.
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(b) Attention scores of the middle layer.
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(c) Attention scores of the final layer.

Figure 5: Visualization of attention scores varying across different positions and heads. For simplicity, we let positions from #0
to #6 as the language part, while the remaining positions are the numerical part. The two modalities are effectively fused using
different attention heads. For instance, heads such as #4, #5, #6, and #10 in the final layer predominantly focus on the language
part, whereas other heads are more attuned to the numerical parts. Interestingly, we observed that the attention in the middle
layers distinctly separates the language parts (positions 0-6) from the numerical parts, with position 7 marking the beginning
of the numerical part.

utilize the budget. Furthermore, we noticed instability in GRPO’s
training for this task, frequently leading to shorter or missing CoT,

as depicted in Fig. 6. To achieve computational efficiency, all three
methods are built on Qwen2.5-3B-Instruct.
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Figure 6: Finetune the LLM using GRPO so that it first per-
forms step-by-step reasoning and then outputs an action.
However, after around 150 training steps, the model only
outputs the action without performing additional reasoning.

LLM-DT is specifically designed to deploy LLMs for decision-
making in continuous action spaces. Its inputs and outputs are
the same as those of a Decision Transformer (DT); specifically, the
input is a sequence containing return-to-go, states, and actions
in numerical modality, and the output is an action in numerical
modality. The key distinction between LLM-DT and DT is that
LLM-DT utilizes transformer layers directly from a pretrained LLM.
Since these transformer layers are trained to process embeddings of
language tokens, LLM-DT introduces additional embedding layers
to handle numerical sequences. This is achieved using a three-layer
multilayer perceptron (MLP), which is the same as our decision
embedding layer. In this way, a sequence of 𝑛 items can be pro-
jected into 𝑛 embeddings of the same size as the token embeddings,
providing a highly informative representation, unlike represent-
ing a number with multiple token embeddings. LLM-DT’s training
process is identical to that of a Decision Transformer (DT). Prompt-
LLM-DT extends LLM-DT by incorporating a task description in
natural language to determine if it can enhance decision-making.
This language component is encoded using the pretrained token
embedding layers of the LLM. The primary difference between
these LLM-DT methods and our LBM methods is that LLM-DTs do
not incorporate the reasoning capabilities of LLMs.

For a detailed implementation of our LBM method’s prompt
design, we present a case in Fig. 4. At each decision timestep 𝑡 ,
the prompt is generated at timestep 𝑡 − 1. This prompt includes
key history 4 timesteps’ performance metrics such as achieved
conversions, remaining budget, and predicted impression value
(calculated as the average value of single impression opportunities
multiplied by the number of impression opportunities). The LLM is
then tasked with determining the CPA ratio using this information,
which enhances the LBM-Think’s understanding of the prompt in a
self-supervisedmanner and can be used to assess any hallucinations.
Finally, the LLM must reason about the adjustment direction for
future bidding parameters. Finally, at timestep 𝑡 , the LBM-Act model

receives this CoT and the previous 10 timesteps’ numerical sequence
information as inputs to generate the final action for execution, as
illustrated in Fig. 4.

For detailed information on training the Q-value in the GQPO
method, we utilize a transformer that receives a sequence of states
and actions as inputs to build the Q-value. The hyperparameter
details necessary for reproduction are listed in Table 9. The training
method follows the IQL approach [20].

Table 9: The detailed hyperparameters of Q-value networks

Hyperparameters Value
Batch size 128

Number of steps 400000
Sequence length 10
Learning rate 1e-4

Number of attention layers 6
Number of heads 8

Optimizer AdamW
Optimizer eps 1e-8
Weight decay 1e-2

Scale 2000
Episode length 48
Hidden size 512

Activation function ReLU
Gamma 0.99
Tau 0.01

Expectile 0.7

A.4 Discussion on Online Learning and RL
Online Learning (OL) is also an important learning method for
addressing auto-bidding problems [4, 6, 15]. OL primarily focuses
on minimizing regret by typically selecting actions from a dis-
crete feasible set while adhering to budget and ROI constraints for
every timestep [6]. In contrast, RL aims to maximize cumulative
rewards by satisfying constraints at the end of the period and can
operate in a continuous action space, typically implemented via
neural networks, which offers potentially superior solutions. Ad-
ditionally, OL estimates the optimal dual variables or bids under
assumptions like stable and predictable cost and conversion dis-
tribution, while RL is free from these optimality assumptions by
adjusting the bidding parameters, making it more adaptable to dy-
namic and complex environments. Moreover, OL typically requires
policy refinement through exploration in the environment, which
can cause risk concerns, similar to the challenges faced in online
RL. In contrast, offline RL directly learns policies from datasets,
with state-of-the-art techniques including generative methods like
Decision Transformer, Diffusers, and our LBM. For the relationship
between LBM and offline RL, intuitively, the core technique of LBM,
GQPO, serves as an effective adaptation of AWR, transitioning from
common numerical action spaces in offline RL tasks to language
spaces, where GQPO treats CoT as the "action".
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