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ABSTRACT

Decision Transformer (DT) shows promise for generative auto-bidding by capturing
temporal dependencies, but suffers from two critical limitations: insufficient cross-
correlation modeling among state, action, and return-to-go (RTG) sequences, and
indiscriminate learning of optimal/suboptimal behaviors. To address these, we
propose C2, a novel framework enhancing DT with two core innovations: (1)
a Cross Learning Block (CLB) via cross-attention to strengthen inter-sequence
correlation modeling; (2) a Constraint-aware Loss (CL) incorporating budget and
Cost-Per-Acquisition (CPA) constraints for selective learning of optimal trajectories.
Extensive offline evaluations on the AuctionNet dataset demonstrate consistent
performance gains (up to 3.23% over state-of-the-art GAVE) across diverse budget
settings; ablation studies verify the complementary synergy of CLB and CL,
confirming C2’s superiority in auto-bidding. The code for reproducing our results
is available at: https://github.com/Dingjinren/C2.

1 INTRODUCTION

Auto-bidding has become an indispensable component of modern online advertising ecosystems (Zhao
et al., 2018; 2020; Gao et al., 2024b;a), bridging advertisers’ diverse objectives (e.g., maximizing
conversions, controlling cost-per-action) and dynamic market environments. With the exponential
growth of ad impressions and increasing user behavior complexity (Aggarwal et al., 2024), traditional
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manual bid management and static rule-based strategies (Chen et al., 2011; Yu et al., 2017) are
impractical, failing to adapt to real-time market fluctuations and evolving advertiser preferences (Jha
et al., 2024; Liu et al., 2024). This drives the shift to data-driven solutions, with reinforcement
learning (RL)-based methods widely explored by framing bidding as a Markov Decision Process
(MDP) (Ye et al., 2019; Zhao et al., 2019).

However, RL-based approaches (Ye et al., 2019; Cai et al., 2017; Gao et al., 2023; Zhao et al., 2021)
have a critical limitation: the MDP’s state independence assumption ignores long-range temporal
dependencies in bidding sequences. In real scenarios, subsequent outcomes correlate strongly with
historical trajectories (e.g., past bids, user engagement, budget dynamics), making MDP-based state
abstraction overly simplistic and suboptimal. To tackle this issue, the dominant generative solution
lies in Decision Transformer (DT), a sequence-modeling framework tailored to capture complex
temporal correlations and contextual information inherent in bidding processes.

Specifically, Chen et al. (2021) established DT as a powerful auto-bidding framework, boasting
dual strengths: it captures intricate temporal dependencies in bidding sequences and seamlessly
integrates multi-dimensional inputs (states, actions, return-to-go rewards) to generate optimal bids,
perfectly matching the dynamic requirements of advertising scenarios. Its ability to model long-
range dependencies and fuse multi-factor information addresses limitations of isolated-factor models,
advancing practical bidding performance.

Yet, DT-based models (Gao et al., 2025; Li et al., 2024; 2025) face real-world challenges. First,
conventional DTs simply stack state, action, and return-to-go embeddings before inputting to the
Transformer, insufficiently modeling their correlations—especially for complex objectives with
interdependent parameters like cost thresholds. Second, DTs mimic historical bidding sequences
indiscriminately, learning both optimal and suboptimal behaviors, restricting to documented patterns
and risking behavioral collapse.

To tackle these issues, we propose C2: a Cross learning block-enhanced decision transformer with
Constraint-aware loss. We introduce Cross Learning Block-enhanced DT (CLB-DT) to deepen
correlation modeling among state, action, and return-to-go sequences via cross-attention (Brown
et al., 2020; Vaswani et al., 2017; Melnychuk et al., 2022), and a Constraint-aware Loss (CL) to guide
targeted learning—promoting optimal behaviors while suppressing suboptimal ones (Edelman et al.,
2007; Aggarwal et al., 2009).

Our contributions are summarized as follows:

• We identify key limitations of conventional DT in auto-bidding: inadequate correlation
modeling among state-action-return-to-go sequences and indiscriminate learning of historical
behaviors, highlighting the need for targeted improvements.

• We propose the novel C2 framework with two core innovations: (1) A Cross Learning Block
(CLB) with cross-attention that replaces traditional Transformer blocks to enhance multi-
dimensional sequential correlation modeling; (2) A Constraint-aware Loss that prioritizes
optimal bidding behaviors via budget and KPI constraints.

• We validate C2 through comprehensive offline experiments. Evaluations on AuctionNet (Su
et al., 2024) show C2 outperforms state-of-the-art baselines (up to 3.23% gain over GAVE)
across 50%-150% budget settings; ablation studies confirm CLB and CL contribute 10.2%
and 7.2% gains respectively, with a 15.3% synergetic improvement over vanilla DT, verifying
C2’s effectiveness.

2 PRELIMINARY

This section first formalizes the auto-bidding problem with core constraints in real-world advertising
scenarios, then introduces the fundamental DT-based sequential decision-making method, laying the
foundation for subsequent improvements.

2.1 AUTO-BIDDING PROBLEM

Consider a discrete-time auto-bidding process where N impression opportunities arrive sequentially
(i = 1, 2, . . . , N ). An advertiser submits a bid bi for each impression to participate in real-time

2



Published at ICLR 2026 Workshop on AI for Mechanism Design and Strategic Decision Making.

auctions; under the industry-standard generalized second-price (GSP) mechanism (Edelman et al.,
2007; Aggarwal et al., 2009), the advertiser wins if bi exceeds the highest competing bid b−i . Let
xi ∈ {0, 1} denote the auction outcome (1 for winning, 0 otherwise), and ci = b−i (cost of winning
in GSP auctions).

The core objective is to maximize total value from won impressions (vi ∈ R+, e.g., CTR/CVR-
weighted value), with bidding strategies satisfying budget and CPA constraints (Multi-Constrained
Bidding setting). The auto-bidding problem is formally formulated as:

max
{bi}N

i=1

N∑
i=1

xivi

s.t.
N∑
i=1

xici ≤ B,

∑N
i=1 xici∑N
i=1 xivi

≤ C,

xi =

{
1 if bi > b−i ,

0 otherwise,

(1)

where B ∈ R+ is the total campaign budget, and C ∈ R+ is the maximum allowable CPA threshold.
As shown in prior work, the optimal bid b∗i can be parameterized as a linear combination of vi and
constraint-related terms:

b∗i = λ0vi + λ1Cvi, (2)

where λ0 (regulating value-budget trade-off) and λ1 (adjusting CPA adherence) balance objectives
and constraints. However, real-world dynamics (e.g., fluctuating competition and user behavior)
hinder direct parameter computation, so DT models are needed to adaptively learn optimal bidding
strategies from historical data.

2.2 DT-BASED METHOD

By framing sequential decision-making as conditional sequence modeling, Chen et al. (2021) has
established Decision Transformer (DT) as an effective framework to capture long-range temporal
dependencies in auto-bidding sequences. Unlike traditional RL methods, DT avoids restrictive MDP
assumptions (which neglect trajectory correlation structures) and leverages the Transformer’s superior
sequence modeling capacity to map historical segments to optimal actions.

For auto-bidding tasks, DT characterizes the decision process via four core components forming
a trajectory segment τ = {R,S,A} = {(rt, st, at)}tt−M , where M is the input sequence length.
Detailed definitions are as follows:

• State Sequence S = (st−M , . . . , st): Multi-dimensional feature vectors depicting the
advertising ecosystem’s real-time state at each t, including: (1) remaining budget (Bt =

B −
∑t−1

k=1 xkck); (2) remaining campaign duration; (3) historical bidding metrics (e.g.,

hourly average win rate); and (4) real-time cost-rate
∑t−1

k=1 xkck∑t−1
k=1 xkvk

for constraint compliance.

• Action Sequence A = (at−M , . . . , at): Bidding parameters adjusted at each t. Consistent
with Equation equation 2, at = λt = λ0,t +λ1,tC, the unified parameter determining actual
bids bt = λtvi.

• Reward Sequence RW = (rwt−M , . . . , rwt): Cumulative value from impressions in
[t, t+ 1], computed as rwt =

∑
k∈It

xkvk ( It is the set of impressions in this window).

• Return-to-Go (RTG) Sequence R = (rt−M , . . . , rt): rt =
∑T

k=t rwk, the total remaining
reward from t to campaign end. As a critical conditional signal, RTG guides DT to learn
long-term goal-aligned strategies.
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Figure 1: Overall structure of C2.

The standard DT training pipeline has two key steps: concatenate rt, st, at embeddings into a sequen-
tial vector, then feed it into a causal Transformer encoder to model inter-component dependencies. The
model is optimized to predict at+1 from the historical segment (rt−M , st−M , at−M , . . . , rt, st, at).
Despite its strengths, this paradigm has two drawbacks: (1) naive concatenation fails to model
cross-correlations between rt, st, at (exacerbated in complex scenarios) (Guo et al., 2024; Li et al.,
2024); (2) lack of constraint-aware objectives leads to indiscriminate learning of optimal/suboptimal
behaviors (Fujimoto et al., 2019; Kostrikov et al.).

DT-based methods are often evaluated on AuctionNet (Su et al., 2024), which provides large-scale
simulated trajectories for fair comparison. Implementations follow prior work (Li et al., 2024; Guo
et al., 2024) using causal Transformers with fixed hyperparameters (e.g., layers, attention heads)
optimized via AdamW (Loshchilov, 2017), ensuring consistency with evaluation protocols.

3 METHODOLOGY

Here, we will detail C2’s overview and key components.

3.1 C2 OVERVIEW

As illustrated in Figure 1(a), the proposed C2 framework adopts a DT-like architecture, which takes
sequences of states, actions, and RTGs as inputs and outputs the optimal subsequent bidding action.
Unlike conventional DT models that suffer from two critical limitations—insufficient capacity to
capture cross-correlations among state, action, and RTG sequences and indiscriminate learning
of all historical bidding samples—C2 introduces two key improvements to address these issues.
Specifically, the Cross Learning Block-enhanced DT (CLB-DT) optimizes the model architecture to
strengthen the modeling of correlations among the three input sequences, while the Constraint-aware
Loss (CL) leverages the constraints of Multi-Constrained Bidding (MCB) to compute adaptive penalty
terms. These penalty terms are incorporated into the loss function to guide the model toward selective
learning of high-quality bidding trajectories while suppressing suboptimal ones.
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3.2 CLB-DT

Our Cross Learning Block-enhanced Decision Transformer (CLB-DT) adopts a multi-input unified
architecture, which takes three distinct sequences (each of length M ) as inputs: the state sequence
S, action sequence A, and return-to-go (RTG) sequence R. Specifically, we introduce the Cross
Learning Block (CLB) to replace the vanilla Transformer blocks in the original DT architecture,
thereby enabling the model to fully capture the cross-correlations among the three input sequences.
The architecture is illustrated in Figure 1(b).

Cross Learning Block. Let b = 1, . . . , B index the distinct Cross Learning Blocks. Each block
takes three parallel hidden state sequences Sb,Ab,Rb as inputs (outputs of the b-th block) and outputs
updated sequences Sb+1,Ab+1,Rb+1, where the hidden state dimension is denoted by dh. For the
first block (b = 1), the input sequences are initialized with positional encodings derived from time
steps T, combined with sequence-specific linear encodings:

T0 = LinearT (T), S1 = LinearS(S) +T0,

A1 = LinearA(A) +T0, R1 = LinearR(R) +T0,
(3)

where LinearT ,LinearS ,LinearA,LinearR are independent learnable linear layers for positional
encoding and sequence-specific encoding, respectively. For blocks with b ≥ 2, the inputs Sb,Ab,Rb

are directly the outputs of the preceding block (b− 1).

Each Cross Learning Block integrates three core components: (i) masked cross-attention, (ii) feed-
forward layer (FF), and (iii) layer normalization (LN), which collaborate to model cross-sequence
dependencies and non-linear feature transformations (Radford et al., 2019; Brown et al., 2020;
Vaswani et al., 2017; Melnychuk et al., 2022).

(i) Masked cross-attention extends standard cross-attention with an attention mask to regulate inter-
actions between two distinct sequences (denoted as X and Y). Its core consists of three learnable
components—Query (Q), Key (K), and Value (V )—derived via linear transformations:

Q = Q(Xb) = XbWQ + 1b⊤Q, (4)

K = K(Yb) = YbWK + 1b⊤K , (5)

V = V (Yb) = YbWV + 1b⊤V , (6)

where WQ,WK ,WV ∈ Rdh×dk are learnable weight matrices, bQ, bK , bV ∈ Rdk are bias vectors, 1
is a column vector of ones for bias broadcasting, and dk denotes the dimension of Query/Key/Value
(typically dk = dh). The superscript b indicates the block index (consistent with input sequences),
and batch dimensions are omitted for brevity.

The attention mask is a binary matrix that suppresses invalid interactions: invalid positions are
assigned a large negative value (e.g., −104) to inhibit attention flow, while valid positions are set to
zero. The masked cross-attention operation is defined as:

Attn(Q,K, V ) = softmax

(
QK⊤
√
dk

+ mask
)
V, (7)

which ensures the model focuses only on relevant cross-sequence information. The computation
proceeds in three steps: (1) compute a similarity matrix via QK⊤/

√
dk to quantify relevance between

X and Y; (2) apply the mask to suppress invalid positions; (3) normalize scores via softmax to generate
attention weights, then compute a weighted sum of V to obtain the attention output. This process
enables modeling intricate cross-sequence dependencies under mask constraints.

(ii) Feedforward layer (FF) is a position-wise component that acts on the output of masked cross-
attention (denoted as Hb) to model complex non-linear mappings. It is formally defined as:

FF(Hb) = Linear2
(
ReLU

(
Linear1(H

b)
))
, (8)

where Linear1 ∈ Rdh×dff and Linear2 ∈ Rdff×dh are successive learnable linear layers, and dff
(typically 4dh) is the intermediate hidden dimension. A dropout layer (dropout rate = 0.1 in our
implementation) is inserted after the second linear projection as a standard regularization strategy to
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mitigate overfitting. Notably, the FF layer preserves the input dimensionality dh, ensuring consistency
in sequence processing within the block.

(iii) Layer normalization (LN) is an indispensable component applied to the hidden state matrix Hb

at the start of each block to stabilize hidden state distributions and accelerate training. It normalizes
features across the hidden dimension dh for each position (instead of across the sequence dimension),
formulated as:

LN(Hb) = γ · Hb − E[Hb]√
Var[Hb] + ϵ

+ β, (9)

where E[Hb] and Var[Hb] are the mean and variance of the hidden state matrix Hb computed along
the hidden dimension dh, ϵ = 10−5 is a small constant for numerical stability, and γ, β ∈ Rdh are
learnable affine parameters (scale and shift). This strategy alleviates internal covariate shift and
preserves meaningful feature information via learnable parameters.

Collectively, the three components collaborate to update the input sequences. Taking Ab+1 as an
example, its computation first aggregates residual cross-attention outputs from interactions between
Ab and the other two sequences (Sb,Rb):

Ab
attn = Ab +Attn

(
LN(Sb),LN(Ab),LN(Ab)

)
+Attn

(
LN(Rb),LN(Ab),LN(Ab)

)
, (10)

where the residual connection (Ab + · · ·) mitigates vanishing gradients. The aggregated output is
then processed by LN and FF to generate Ab+1:

Ab+1 = FF
(
LN(Ab

attn)
)
, (11)

where LN(·) follows Eq. (9), Attn(·) follows Eq. (7), and FF(·) follows Eq. (8). The computation
of Sb+1 and Rb+1 adheres to the same logic (cross-attention with the other two input sequences + LN
+ FF). All operations preserve the hidden dimension dh and sequence length M , ensuring seamless
information flow across consecutive blocks (b = 1, . . . , B).

3.3 CONSTRAINT-AWARE LOSS

The Constraint-aware Loss (CL) is designed to enable the model to adaptively perceive and comply
with core business constraints (i.e., CPA cost constraint and budget consumption constraint) in
advertising auto-bidding during training (Edelman et al., 2007; Aggarwal et al., 2009). Unlike vanilla
loss functions that solely optimize for reward maximization, this loss function introduces a dynamic
penalty term P to penalize constraint-violating predictions, thereby achieving the dual goals of
optimal performance and constraint compliance.

Construction of Penalty Term. The penalty term P combines two sub-terms (PCPA for excessive
CPA and PBC for rapid budget consumption) via multiplication to enforce joint constraint compliance.
The detailed formulation is as follows:

First, we compute the actual cost per action (CPA) at the end of a trajectory (i.e., the last time step T
of the trajectory):

CPAT =

∑IT
i=1 xici∑IT
i=1 xivi

, (12)

where IT denotes the total number of impression/click samples up to the last time step T of a
trajectory, xi is the delivery decision (e.g., bid or not) for the i-th sample, ci is the delivery cost
(e.g., click cost) of the i-th sample, and vi is the number of valid conversions for the i-th sample. An
indicator function is used to identify CPA constraint violations at the last time step T of the trajectory:

ICPAT>θ =

{
1, if CPAT > θ

0, if CPAT ≤ θ
, (13)

where θ is the advertiser-specified maximum acceptable CPA threshold (consistent with C in Eq. equa-
tion 1 for constraint consistency).
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The CPA penalty term PCPA is activated only when the CPA at the last time step T of the trajectory
exceeds the threshold, with adaptive intensity:

PCPA =

{(
CPAT

C

)α1
, if ICPAT>θ = 1

1.0, otherwise
, (14)

where C is the maximum allowable cost-rate threshold (Eq. equation 1) and α1 > 1 is the CPA
penalty strength coefficient (larger α1 leads to heavier penalties for more severe violations; set to 2 in
our experiments).

For the budget consumption constraint, we first calculate the budget consumption rate at the last time
step T of a trajectory:

BCT =

∑IT
i=1 xici
B

, (15)

where B is the total budget allocated to a single trajectory (Eq. equation 1). The budget consumption
penalty term is defined as:

PBC = (BCT )
α2 , (16)

where α2 > 1 is the budget penalty coefficient (higher consumption rates result in more significant
penalties; set to 2 in our experiments).

The total penalty term P is the product of PCPA and PBC, ensuring joint punishment for both
constraints at the end of a trajectory:

P = PCPA × PBC. (17)
Notably, P ≥ 1.0 for all scenarios: P = 1.0 (no penalty) only when the CPA constraint is satisfied
and the budget consumption rate is 0 at the last time step T of the trajectory; P > 1.0 if either
constraint is violated or the budget is consumed rapidly, with larger P indicating more severe
violations.

Application to Action Loss and RTG Loss. The Constraint-aware Loss integrates the penalty term
P (denoted as cpa p in code) into Action Loss (La, bid prediction loss) and RTG Loss (Lr, remaining
reward prediction loss) via element-wise multiplication, enforcing constraint-aware weighting at the
sample level.

The Action Loss (MSE loss for bid prediction) is defined as:

La =
1

N

N∑
n=1

Pn × (ân − a∗n)
2, (18)

where N is the total number of samples, Pn is the penalty term (derived from the last time step
T of the trajectory) for the n-th sample, ân is the model-predicted bid parameter λn, and a∗n is
the ground-truth target bid parameter. When the n-th sample’s bidding strategy leads to constraint
violations at the end of the trajectory, Pn > 1.0 amplifies the prediction error, forcing the model to
prioritize correcting non-compliant bids.

The RTG Loss (MSE loss for remaining reward prediction) is formulated as:

Lr =
1

N

N∑
n=1

Pn × (r̂n − r∗n)
2, (19)

where r̂n is the model-predicted remaining reward for the n-th sample, and r∗n is the ground-truth
remaining reward. The penalty term Pn (calculated at the last time step T of the trajectory) ensures
the model learns high-reward RTG distributions while complying with CPA and budget constraints
for each sample by the end of the trajectory.

Total Loss. The final total loss function unifies the optimization of bid prediction and reward
prediction under constraint awareness, defined as the sum of Action Loss and weighted RTG Loss:

Ltotal = La + λ · Lr, (20)
where λ > 0 is a hyperparameter that modulates the contribution of RTG Loss (Lr); Ltotal balances
bid accuracy and reward prediction quality, with both components constrained by the adaptive penalty
term Pn (derived from the last time step T of the trajectory) to ensure adherence to advertising
business rules by the end of each trajectory.
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Table 1: Performance comparison. Bold values are the highest scores, underlined values denote the
best baseline results.

Dataset Budget USCB CQL BCQ IQL CDT DT GAS GAVE C2 Improve

AuctionNet

50% 13.1 14.3 16.3 15.8 13.2 15.9 18.4 19.6 20.2 3.06%
75% 16.2 17.5 23.1 24.7 20.0 22.3 27.5 28.3 28.5 0.71%

100% 19.5 24.6 30.3 31.5 32.1 33.3 36.1 37.2 38.4 3.23%
125% 25.8 28.4 35.2 36.4 34.3 36.2 40.0 42.7 43.0 0.70%
150% 33.7 34.8 36.9 40.4 38.6 39.0 46.5 47.4 48.4 2.11%

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Dataset We conduct experiments on AuctionNet (Su et al., 2024), a public large-scale real-world
bidding dataset released by Alibaba and hosted on GitHub1. Unlike private non-open-source bidding
logs, AuctionNet is derived from a manually built offline real advertising system, replicating the
complexity of real-world ad auctions while ensuring public accessibility for research.

As the largest available public bidding dataset to our knowledge, it has a substantial scale: totaling
over 500 million records with multiple advertising periods. Each period contains more than 500,000
impression opportunities, divided into 48 decision steps, and each opportunity involves bids from
50 agents. Each record includes core information such as predicted conversion value, bid amount,
auction results, and impression outcomes.

Metrics Following previous studies (Gao et al., 2025; Li et al., 2024; Su et al., 2024; Guo et al.,
2024), we conduct evaluations using varying budget ratios (50%, 75%, 100%, 125%, 150%) from
the original dataset to simulate real-world under-budget, full-budget, and over-budget scenarios.
Performance is measured using the standard scoring metric for auto-bidding tasks:

penaltyj = min

{(
Cj∑

i cijoi/
∑

i pijoi

)β

, 1

}
,

score =

(∑
i

oivi

)
×

J
min
j=1

{penaltyj},
(21)

where we set β = 2 following the standard configuration in prior works, Cj is the constraint threshold
for the j-th KPI, cij and pij are the cost and performance of the i-th sample under the j-th KPI, oi is
the delivery outcome indicator, and vi is the sample valuation. Higher scores indicate better balance
between performance and constraint compliance.

4.2 COMPARISON WITH STATE-OF-THE-ARTS

To thoroughly validate the effectiveness of our proposed method C2 for advertising auction bid
optimization, we conduct a comprehensive comparison between C2 and a diverse set of baseline
methods (including USCB (He et al., 2021), CQL (Kumar et al., 2020), BCQ (Fujimoto et al., 2019),
CDT (Liu et al., 2023), IQL (Kostrikov et al.), Chen et al. (2021) (DT), GAS (Li et al., 2024), and the
state-of-the-art baseline GAVE (Gao et al., 2025)) on the AuctionNet dataset, covering five typical
budget ratio settings (50%, 75%, 100%, 125%, and 150%).

As illustrated in Table 1, our C2 method achieves superior performance over all competing baselines
across all budget configurations. Specifically, GAVE emerges as the best-performing baseline
(marked by underlined values) in every budget scenario, yet our C2 consistently delivers the highest
overall scores (highlighted in bold) across all tested budget ratios. Quantitatively, the performance
improvement of C2 over GAVE ranges from 0.70% (125% budget) to 3.23% (100% budget), with
an average gain of 1.96% across all budget settings. Notably, the most substantial enhancement
(3.23%) is observed under the 100% budget ratio—a standard operational scenario for advertising
auctions—while C2 also maintains steady and meaningful gains in both under-budget (50%, 75%)
and over-budget (125%, 150%) conditions.

1https://github.com/alimama-tech/AuctionNet
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(a) DT: Matched vs. shuffled embedding similarity
(1000 samples)

(b) C2: Matched vs. shuffled embedding similarity
(1000 samples)

Figure 2: Cross-correlation learning ability: C2 vs. DT

These results suggest that our C2 method can effectively balance bid prediction accuracy and reward
estimation reliability under budget constraints, contributing to consistent performance improvements
over the state-of-the-art method GAVE across various budget scenarios on the AuctionNet dataset.

4.3 CROSS-CORRELATIONS ANALYSIS

To verify whether our C2 method alleviates the cross-correlation modeling deficiency of conventional
Decision Transformer (DT) models (discussed in Section 1), we conduct a controlled experiment
on the AuctionNet dataset. The core intuition is that a model with enhanced cross-correlation
learning ability generates significantly distinct embeddings for matched (original) and shuffled (state
sequence randomly permuted) sequences, which is quantified by low cosine similarity between the
two embedding types.

Specifically, we randomly sample 1000 instances from the AuctionNet dataset and extract two
embedding types for each instance: matched embeddings from the first transformer block with
original sequential auction data as input, and shuffled embeddings from the same block with the state
sequence randomly permuted (other components unchanged). We compute cosine similarity between
matched and shuffled embeddings for all samples, with the distribution shown in Figure 2.

Statistical results confirm that C2 effectively enhances cross-correlation modeling compared to
DT. For the vanilla DT model (Subfigure 2a), the cosine similarity between matched and shuffled
embeddings has a high central tendency (mean = 0.738, median = 0.773, Std = 0.144, range =
[0.180, 0.979]), indicating limited ability to distinguish between original and shuffled sequences and
thus insufficient cross-correlation modeling. For our C2 method (Subfigure 2b), the cosine similarity
distribution shows a marked reduction in central tendency (mean = 0.364, 50.7% lower than DT;
median = 0.333, Std = 0.227, range = [−0.170, 1.000]). The substantially lower mean/median values
prove C2 generates distinct embeddings for original and shuffled sequences, verifying successful
mitigation of DT’s cross-correlation modeling issue.

These results validate that C2 effectively captures interdependencies among sequential auction
components—a key improvement over DT. By modeling cross-correlations in auction trajectories,
C2 leverages temporal relational features of sequential data to make more optimal bid decisions in
auto-bidding tasks.

4.4 ABLATION STUDY

Table 2: Ablation study of our method components. (a) DT baseline; (b) DT + Constraint-aware
Loss (CL); (c) CLB-DT backbone; (d) CLB-DT + CL (full model). Experiments on AuctionNet
(100% budget).

DT CLB-DT CL Score

(a)
√

33.3
(b)

√ √
35.7

(c)
√

36.7
(d)

√ √
38.4
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We perform an ablation study on the AuctionNet dataset under 100% budget to evaluate the contribu-
tions of cross learning block-enhanced DT and Constraint-aware Loss in our C2 method (Table 2).

The baseline DT model (a) achieves a score of 33.3. Adding CL to DT (b) improves the score to
35.7 (7.2% gain), verifying CL’s effectiveness in enforcing business constraints. Replacing DT with
CLB-DT (c) yields a score of 36.7 (10.2% gain over baseline), demonstrating CLB-DT’s superiority
in capturing auction trajectory correlations. Combining CLB-DT and CL (d) achieves the highest
score of 38.4 (15.3% gain), confirming the complementary synergy of the two components for
optimal performance.

5 CONCLUSION

This paper proposes C2, a novel framework addressing two key limitations of Decision Transformer
(DT) in auto-bidding: insufficient cross-correlation modeling among state-action-RTG sequences and
indiscriminate behavior learning. C2 integrates two core components: Cross Learning Block (CLB)
for enhanced inter-sequence dependencies via cross-attention, and Constraint-aware Loss (CL) for
constraint-guided optimal trajectory learning.

Extensive offline evaluations on AuctionNet validate C2’s effectiveness, with up to 3.23% gain
over SOTA GAVE across diverse budget settings. Ablation studies confirm CL and CLB contribute
20.6% and 24.0% gains respectively over vanilla DT, achieving a 29.7% combined improvement.
Cross-correlation analysis further verifies CLB’s superiority in modeling sequence dependencies.

Future work will explore dynamic penalty adjustment for better adaptability and optimize the model
structure to better adapt to auto-bidding scenarios.
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