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ABSTRACT

Auto-bidding is a core algorithmic component in large-scale auctions. In indus-
trial cold-start settings, iterative training is commonly used to compensate for low-
quality, narrowly supported historical data. Representative AI-Generated Bidding
(AIGB) methods based on conditional diffusion planners have shown strong em-
pirical performance. However, diffusion planners fail to sustain improvement in
iterative training, becoming trapped in a suboptimal performance bottleneck. In
this paper, we theoretically attribute this stagnation to the collapse of the effective
signal-to-noise ratio (SNR): the sparse radial return signal is overwhelmed by a
curvature-induced penalty, preventing extrapolation beyond the narrow support.
To break this limit, we propose Iterative Scarcity-Guided Exploration (ISGE),
which alternates between a Judger that detects high-scarcity trajectories and an
Explorer that performs guided generation toward high-scarcity and high-return
regions. We theoretically show that ISGE elevates the effective SNR above its
critical threshold and reshapes the optimization landscape, enabling the policy to
extrapolate beyond the support. Extensive experiments on the industrial Auction-
Net benchmark demonstrate that ISGE effectively bootstraps from narrow support
and surpasses the performance of full-dataset baselines within three iterations.

1 INTRODUCTION

Online advertising has become indispensable for business growth, yet its sheer scale with tril-
lions of daily impressions renders manual bidding impractical, making auto-bidding the indus-
try standard Evans (2009). Fundamentally, auto-bidding is a real-time long-horizon sequential
decision-making problem, where an agent must maximize returns (e.g., Gross Merchandise Value,
GMV) under non-stationary market dynamics and strict budget constraints Zhang et al. (2014);
He et al. (2021). Recently, advances in generative modeling have driven a paradigm shift from
traditional optimization-based approaches to trajectory-generation frameworks capable of non-
Markovian long-horizon planning. DiffBid Guo et al. (2024), the first AI-Generated Bidding (AIGB)
method, has demonstrated superior performance in industrial deployments using a conditional dif-
fusion planner.

However, the success of AIGB largely relies on the availability of high-quality expert demonstrations
with broad data coverage. In many practical industrial scenarios, such as cold-start phases for new
advertisers or emerging business sectors, this requirement is violated. Instead, models must learn
from low-quality historical logs generated by conservative rule-based or manual strategies. Such
data is inherently narrowly supported, lacking both expert demonstrations and diverse off-support
trajectories needed for extrapolation. While online reinforcement learning (RL) may appear as a
naive solution, online trial-and-error in advertising markets leads to severe financial risk, confining
training to the offline setting. To mitigate the limitations of static offline training, iterative training is
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widely adopted in practice, where a policy is repeatedly updated by generating new trajectories and
retraining on the augmented dataset. Prior works on RL-based bidding Mou et al. (2022); Li et al.
(2024) have explored iterative frameworks, but their exploration strategies rely on undirected noise,
which are inefficient in the high-dimensional auction space. Conversely, current AIGB methods like
DiffBid are predominantly static, leaving the potential of iterative generative exploration largely
untapped. This raises a central question:

Can generative methods perform efficient exploration, bootstrapping a near-optimal policy solely
from low-quality, narrowly supported data in just a few iterations?

In investigating this question, we observe that naively applying iterative self-training to diffusion
planners reveals a distinct dual-phase pattern. Initially, diffusion planners demonstrate impres-
sive extrapolation capability, benefiting from stochastic sampling and guidance mechanisms such
as Classifier-Free Guidance (CFG). However, as training progresses, performance inevitably satu-
rates at a suboptimal level, entering a bottleneck we term Self-Locking. We theoretically attribute
this phenomenon to a fundamental geometric barrier in high-dimensional optimization: as the pol-
icy improves and enters out-of-distribution (OOD) regions, the effective signal-to-noise ratio (SNR)
collapses because the weak radial component of the return gradient is insufficient to overcome the
high-dimensional curvature penalty (i.e., entropic noise and tangential drift). This prevents sus-
tained extrapolation beyond the current support. To overcome SNR collapse, we propose Iterative
Scarcity-Guided Exploration (ISGE) by introducing scarcity as a geometric exploration signal that
remains informative even in OOD regions. It alternates between a Judger that detects high-scarcity
trajectories via reconstruction error and an Explorer that performs guided generation via CFG condi-
tioned on both return and scarcity to seek high-scarcity, high-return “gift samples”. We theoretically
show that ISGE elevates the effective SNR above the critical locking threshold, reshapes the opti-
mization landscape, and enables diffusion planners to extrapolate beyond narrow support. Exten-
sive experiments on the industrial-scale AuctionNet benchmark demonstrate that ISGE effectively
bridges the quality gap: even when restricted to low-quality, narrowly supported data (bottom 10th-
30th return), ISGE breaks the self-locking limit and eventually surpasses the Full-Dataset Oracle
within three iterations.

To summarize, our main contributions are:

• We theoretically attribute self-locking to the collapse of the effective SNR and prove that scarcity
guidance elevates the effective SNR for OOD extrapolation.

• We propose ISGE, an efficient exploration framework that leverages scarcity to actively discover
and aggregate “gift samples” beyond the training support.

• We demonstrate that ISGE bootstraps near-optimal policies from low-quality, narrowly supported
data, achieving superior performance on industrial-scale benchmark AuctionNet.

2 PRELIMINARIES

Generative Auto-Bidding Auto-bidding in Real-Time Bidding (RTB) represents a canonical
long-horizon, sparse reward, non-Markovian sequential decision problem. Over campaigns span-
ning thousands of auctions, the agent must maximize return by dynamically allocating a finite budget
B while balancing ROI constraints. This creates a high-dimensional planning challenge: irreversible
budget depletion, and the need to balance immediate opportunity against long-term constraint sat-
isfaction. To tackle this, the representative AIGB framework DiffBid Guo et al. (2024) employs a
conditional diffusion planner that directly models the distribution of feasible trajectories p(τ | y),
where τ = (s0, . . . , sT ) is a state trajectory and y = (Return,Budget,ROI Constraint, . . . ), then
extracts actions via an inverse dynamics model at = ϕ(st, st+1). Rather than solving a constrained
optimization problem explicitly, the planner implicitly satisfies the objectives by learning to gener-
ate state trajectories τ that are consistent with the specified condition y. In this paper, we focus on
the diffusion planner, which serves as the core component of this framework.

Conditional Diffusion Models and Classifier-Free Guidance Diffusion probabilistic models
generate data by reversing a progressive noise-injection process. We focus on the score-based inter-
pretation, where a parameterized network ϵθ(xt, t) approximates the score function∇xt

log p(xt) to
denoise a latent variable xT ∼ N (0, I) into a clean trajectory τ . To steer generation towards high-
value regions, we employ Classifier-Free Guidance (CFG) Ajay et al. (2022). Unlike classifier guid-
ance which requires an auxiliary noisy regressor, CFG jointly trains a conditional model ϵθ(xt, t, y)
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and an unconditional counterpart ϵθ(xt, t, ∅) via random condition dropout. During sampling, the
modified score estimate ϵ̃ is given by: ϵ̃(xt, t, y) = ϵθ(xt, t, ∅) + w · (ϵθ(xt, t, y)− ϵθ(xt, t, ∅)),
where w is the guidance scale. This formulation is pivotal to our analysis: the term (ϵcond−ϵuncond)
acts as an implicit gradient ascent step ∇xt

log p(y|xt) on the return landscape. We will later theo-
retically show that in high-dimensional OOD regions, this gradient becomes unreliable and leads to
SNR collapse.

3 MOTIVATION AND THEORETICAL ANALYSIS

In this section, we first present a motivating example that empirically reveals the dual-phase pattern
of iterative diffusion planner: the initial extrapolation capability, the subsequent self-locking bot-
tleneck, and the efficacy of scarcity-guided exploration in breaking this limit. We then establish a
theoretical framework to uncover the mechanisms behind these phenomena. All proofs are deferred
to Appendix A.
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Figure 1: ISGE vs Vanilla Self-training

A Motivating Example To investigate the bound-
aries of iterative diffusion planner, we design a high-
dimensional (Horizon = 96) trajectory optimization
task using real-world auto-bidding trajectories. The
return of each trajectory is defined via an exponential
transformation of its negative ℓ1 distance to the op-
timal trajectory which is not in the training support.
We simulate a cold-start scenario using a Narrowly
Supported Dataset (max return ≤ 0.30) and com-
pare the resulting planner against an Oracle trained
on the Full Dataset (max return ≈ 0.90). Figure 1
illustrates the performance evolution, revealing sev-
eral critical insights. When trained on the Narrowly
Supported Dataset, the Vanilla self-training method
achieves a remarkable leap in the first iteration (Avg: 0.34 → 0.65), demonstrating the power of
generative extrapolation via CFG. However, this momentum is short-lived. The Vanilla framework
hits a hard ceiling at Iteration 2, stagnating around 0.76. Crucially, since the successful Oracle em-
ploys the identical architecture and hyperparameters, this stagnation cannot be attributed to limited
model capacity or insufficient denoising steps. Instead, it highlights a bottleneck in the structural
information deficiency of the narrowly supported data, which vanilla self-training cannot overcome.
We term this phenomenon “self-locking”. In contrast, ISGE successfully breaks this lock and sus-
tains improvement (Avg: 0.76→ 0.90), effectively matching the Oracle.

Theoretical Roadmap. These empirical findings raise three fundamental questions that we address
in the subsequent analysis:

1. What drives the initial generative extrapolation?
2. Why does self-locking occur in high-return regions?
3. How does ISGE theoretically guarantee improvement?

3.1 WHAT DRIVES THE INITIAL GENERATIVE EXTRAPOLATION?

We theoretically attribute the extrapolation to the interaction between intrinsic sampling stochastic-
ity and implicit gradient guidance. To delineate this mechanism, we first characterize the mathemat-
ical equivalent of Classifier-Free Guidance (CFG) in the score space.
Lemma 3.1 (CFG as Implicit Gradient). Let ϵθ(xt) denote the unconditional noise prediction.
Leveraging the score matching property, the modified noise prediction ϵ̃θ(xt) under CFG with scale
w can be reformulated as:

ϵ̃θ(xt) ≈ ϵθ(xt)− w
√
1− ᾱt · ∇xt log p(y|xt). (1)

Lemma 3.1 reveals that CFG effectively injects a gradient term derived from the implicit discrim-
inator log p(y|x) into the denoising process. By substituting this modified noise into the reverse
diffusion step, we derive the physical dynamics of generation.
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Proposition 3.2 (CFG as Biased Langevin Dynamics). By substituting the CFG-modified noise
prediction ϵ̃θ into the reverse diffusion process, the sampling update at step t can be reformulated
as a biased Langevin update:

xt−1 ← µθ(xt) + λtw · ∇xt
log p(y|xt)︸ ︷︷ ︸

Guidance Drift

+ σtz︸︷︷︸
Noise

, (2)

where µθ(xt) is the standard mean reconstruction term, z ∼ N (0, I) is the sampling stochasticity,
and λt =

1−αt√
αt

is a positive coefficient derived from the noise schedule.

Proposition 3.2 identifies the two forces driving extrapolation: The Gaussian noise (z) enables the
trajectory to deviate from the exact training support. The guidance drift (∇ log p(y|x)) creates a
momentum overshoot that biases the random walk towards high-value regions.

3.2 WHY DOES SELF-LOCKING OCCUR?

As the iteration progresses and returns improve, the optimization problem shifts from traversing a
broad slope to pinpointing a specific high-dimensional region. We characterize this as a collapse of
the Effective Signal-to-Noise Ratio (SNReff) in exploration. To facilitate our analysis, we introduce
a geometric abstraction of the optimization landscape in Section 3. We model the level set of trajec-
tories x ∈ RD achieving return R(x) ≈ r as a thin hyperspherical shell with radius ϵ(r) centered at
the global optimum x∗1. (Bold symbols denote vectors in a high-dimensional space) As r → Rmax,
the radius ϵ(r)→ 0. We now analyze how this geometric contraction leads to signal collapse.
Theorem 3.3 (SNR Barrier in High-Dimensional Optimization). Consider a point x at distance
ϵ = ∥x−x∗∥ from the optimum x∗, and an update ∆x = vdet+vnoise, where vdet is a deterministic
drift and vnoise ∼ N (0, σ2I) is isotropic noise. Let n∗ = (x∗−x)/∥x∗−x∥ denote the radial unit
vector pointing from the current point x toward the optimum x∗. Let vrad = ⟨vdet,n

∗⟩ be the radial
component of the drift, and ∥vtan∥2 = ∥vdet − vradn

∗∥2 +Dσ2 its total tangential energy. Then,
the expected change in distance satisfies

E[∆ϵ] ≈ −vrad︸ ︷︷ ︸
Signal

+
∥vtan∥2

2ϵ︸ ︷︷ ︸
Penalty

. (3)

Consequently, distance reduction (E[∆ϵ] < 0) requires,

vrad >
∥vtan∥2

2ϵ
⇐⇒ SNReff =

vrad
∥vtan∥2/(2ϵ)

> 1. (4)

This theorem reveals a fundamental trade-off: optimization succeeds only when the radial signal
dominates the curvature-induced penalty (SNReff > 1). Since signal magnitude vrad typically does
not scale with the dimension D, the effective SNR scales as SNReff ∝ ϵ/D. This implies that fine-
grained optimization (i.e., at small ϵ) becomes increasingly difficult in high-dimensional spaces (at
large D). The following proposition shows how this signal degradation leads to self-locking of
diffusion planner: even with optimal guidance scale, the planner stagnates when SNReff falls below
unity.
Proposition 3.4 (Return Signal Collapse). Consider a trajectory x at distance ϵ = ∥x − x∗∥ from
the OOD optimum x∗ which lies outside the suboptimal training support, and the planner update
∆xt = λtwRgR + σtz, where gR = ∇x log p(yR | x) and yR is return condition. Assume the
guidance scale wR > 0 is chosen optimally. Then, the optimization stagnates (E[∆ϵ] ≥ 0) when the
radial signal falls below the threshold:

⟨gR,n
∗⟩ ≤ σt

√
D ∥gR,tan∥

ϵ
, (5)

where gR,tan := gR−⟨gR,n
∗⟩n∗. Consequently, there exists a minimal achievable radius ϵmin > 0

such that further reduction of ϵ is statistically impossible under vanishing radial signal outside the
suboptimal training support.

1This spherical model serves as a conservative proxy for general local optima. See Appendix B for justifi-
cation in general smooth landscapes.
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This threshold characterizes a fundamental limitation of return-guided diffusion in OOD regions. As
the trajectory explores beyond the suboptimal training support, the return signal becomes increas-
ingly scarce and misaligned, causing the radial component ⟨gR,n

∗⟩ to decay. Once this signal falls
below the threshold required to overcome the curvature penalty induced by both tangential drift and
isotropic noise, the optimization halts. That’s why the diffusion planner with Gaussian noise cannot
sustain improvement in OOD exploration.

3.3 HOW DOES SCARCITY-GUIDED EXPLORATION WORK?

In OOD regions, the return signal becomes increasingly sparse and misaligned, causing the diffu-
sion planner to lose directional guidance, leading to self-locking in Proposition 3.4. To break this
stagnation, we require a robust auxiliary signal that persists in the OOD vacuum and explicitly pro-
vides a non-vanishing outward impulse. Identifying scarcity as the geometric metric that naturally
satisfies these requirements, we propose ISGE to introduce it as an auxiliary signal that remains
geometrically coherent at and beyond the boundary of the training support.

Proposition 3.5 (Scarcity as Manifold Repulsion Field). Let the scarcity score S(x) be defined
as the reconstruction error of a denoising autoencoder (DAE) trained on data from manifold M
with small isotropic corruption noise. The ISGE framework utilizes an implicit scarcity gradient
gS = α(S) · ∇xS(x), (α(S) > 0) via CFG. Following the theory of DAE Alain & Bengio (2014),
the gradient gS satisfies:

1. Normal Alignment: gS is approximately aligned with the outward-pointing unit normal
vector n⊥ ofM.

2. Non-Vanishing Magnitude: There exists δ > 0 such that ∥gS∥ ≥ δ for all x in a neigh-
borhood of boundary ∂M outsideM.

Proposition 3.5 establishes that, unlike the return gradient which collapses in OOD space, the
scarcity gradient gs maintains a stable outward orientation and non-vanishing magnitude near the
data manifold boundary. This geometric reliability makes it an ideal candidate to counteract the
curvature-induced stagnation of diffusion dynamics.

Theorem 3.6 (Revival of Optimization via Scarcity). Consider the trajectory x in Proposition 3.4
satisfying the bottleneck condition E[∆ϵ]base = 0. We apply the dual-guided Langevin update in
ISGE: ∆xt = λt(wRgR +wSgS)+ σtz. Under the geometry assumptions of the scarcity guidance
(detailed in Appendix A.5), the optimization is revived (E[∆ϵ]ISGE < 0) if the scarcity guidance scale
satisfies:

wS ∈ (0,
2ϵ⟨gS ,n

∗⟩
λt∥gS,tan∥2

) (6)

Furthermore, by choosing the optimal guidance scale w∗
S = ϵ⟨gS ,n

∗⟩/λt∥gS,tan∥2, the theoretical
marginal effective SNR of the scarcity guidance is exactly 2, (i.e., SNR∆eff(w

∗
S) = 2), yielding a

maximum optimization progress rate:

max
wS

(−E[∆ϵ]ISGE) =
ϵ

2

(
⟨gS ,n

∗⟩
∥gS,tan∥

)2

. (7)

Theorem 3.6 quantifies this intuition: by injecting scarcity guidance with an appropriate scale
wS , ISGE provably breaks the self-locking barrier, enabling the discovery of high-return and high
scarcity samples termed “gift samples” (Dgift). However, relying on inference-time guidance alone
is computationally expensive and geometrically transient. The ultimate goal is to consolidate these
sporadic discoveries into the model’s intrinsic landscape. The following theorem demonstrates how
fine-tuning on Dgift fundamentally alters the optimization landscape, creating a permanent basin of
attraction that guides future generation without explicit scarcity aid.

Theorem 3.7 (Return Gradient Restoration). Let Dgift be the set of high-return OOD trajectories
discovered via ISGE under the effective SNR condition (Theorem 3.6). Consider the gradient update
induced by training on the Dgift. For a test sample x in the neighborhood of Dgift, let ∆gR(x) :=
gR,new(x)− gR,old(x) denote the contribution of Dgift to the return gradient field. We show that this
update positively aligns with the true optimum: E

[
⟨∆gR(x),n

∗⟩
]
> 0.

5



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

Theorem 3.7 provides the theoretical imperative for mixing Dgift into the training pipeline. Since
the return gradient from the original distribution collapses at the OOD evaluation sample x
(⟨gR,old,n

∗⟩ ≈ 0, as per Proposition 3.4), the update ∆gR is not merely an enhancement but a
necessary geometric correction. It supplies the missing radial component that re-orients the opti-
mization trajectory, transforming the model’s behavior from stagnation to sustained extrapolation
towards the global optimum.

4 ITERATIVE SCARCITY-GUIDED EXPLORATION

Figure 2: ISGE Framework

Building upon the theoretical insights in Sec-
tion 3, we present Iterative Scarcity-Guided
Exploration (ISGE), a practical framework de-
signed to overcome self-locking in iterative
training. As illustrated in Figure 2, ISGE oper-
ates as a “Generate-Judge-Explore-Update” cy-
cle advancing from iteration k to k + 1, driven
by two core components: (1) a Scarcity Judger
(green panel) that evaluates trajectory scarcity
S(τ) via masked reconstruction error; and (2) a
Dual-Condition Explorer (red panel) that lever-
ages this signal to generate Dscarcity, aimed at
discovering “gift samples” conditioned on both
high return yR and high scarcity yS . To close the loop, these novel exploration samples are integrated
with conservative exploitation data (Dgen) to robustly update the policy πk into πk+1.

Evaluating Scarcity with Reconstruction Error To implement the scarcity guidance gS in
Proposition 3.5, we adopt a diffusion-based reconstruction error, leveraging its effectiveness in unsu-
pervised anomaly detection Pang et al. (2021). We train an unconditional diffusion model, denoted
as the Judger Jϕ, to detect the scarcity of trajectories. For a generated trajectory τ , the scarcity
score S(τ) is defined as the reconstruction residual: S(τ) = ∥τ − τ̂∥2, where τ̂ is the trajectory
reconstructed by Jϕ. Geometrically, a high S(τ) indicates that τ lies in the exterior of the manifold,
thereby providing the necessary outward impulse to break self-locking. The distinction from recent
exploration methods Wang et al. (2025); Ying et al. (2025) is discussed in the Related Work. To
isolate strategic novelty from environmental randomness, we apply a masking operation Mask(·)
that restricts S(τ) to strategic dimensions (e.g., remaining budget, historical bid prices), excluding
environmental dimensions such as traffic fluctuations. This insight aligns with the feature space
philosophy proposed in Curiosity-driven Exploration Pathak et al. (2017), which argues that an ef-
fective exploration signal should ignore uncontrollable environmental stochasticity.

Scarcity-Guided Exploration via Dual-Conditioning To implement the dual-guided Langevin
dynamics derived in Theorem 3.6, we propose the Dual-Condition Explorer, a diffusion model
ϵθ(τt, t | yR, yS) conditioned on both target return and scarcity. We employ disentangled Classifier-
Free Guidance (CFG) to independently estimate the gradient fields. During sampling, we apply dual
guidance to steer the generation:

ϵ̃θ(τt) = ϵuncond + wR

(
ϵθ(τt | yR)− ϵuncond

)︸ ︷︷ ︸
≈gR (Return Signal)

+wS

(
ϵθ(τt | yS)− ϵuncond

)︸ ︷︷ ︸
≈gS (Scarcity Impulse)

.
(8)

where wR and wS control the guidance strength. This formulation directly implements the theo-
retical update rule: the first term exploits the existing return landscape (which may be self-locked),
while the second term injects the outward scarcity impulse (Proposition 3.5). By setting a high yS ,
generation is steered along the manifold normal; together with a high yR, trajectories are guided
through the cone of improving directions to discover effective gift samples.

Iterative Training Framework The overall training process follows an iterative “Generate-Judge-
Explore-Update” cycle. (1) Exploitation Generation: We sample a batch of trajectories Dgen from
the current policy πk conditioned on high returns. (2) Scarcity Evaluation: The Judger Jϕ is
trained on Dgen to learn the current manifold density. It then evaluates scarcity scores S(τ) for
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Table 1: Main Results on AuctionNet. Results on the AuctionNet-Dense and AuctionNet-Sparse are reported
as mean ± std over 7 evaluation episodes. Metrics include Score, Reward, ER (CPA exceedance ratio), and WR
(win rate). Improvements are reported relative to Iter 0 based on the Score. Results that outperform the oracle
baseline are highlighted in blue, and the best results are highlighted in bold.

Dataset Metrics Baselines Vanilla Self-Training ISGE (Ours)

BC DT Oracle Iter 0 Iter1 Iter2 Iter3 Iter1 Iter2 Iter3

Dense

Score ↑ 56.0± 7.6 68.9± 7.4 102.0± 3.5 65.3± 3.2 74.9± 3.4 77.5± 3.1 77.8± 3.9 103.4± 5.3 104.1± 6.7 108.4± 8.2
Reward ↑ 68.7± 9.1 112.7± 7.1 208.3± 4.4 181.6± 2.8 192.5± 2.8 196.7± 4.0 198.4± 4.8 219.1± 4.6 220.3± 6.1 223.1± 7.0
ER ↓ 48.0± 19.4% 43.4± 4.0% 74.9± 6.8% 97.4± 3.5% 85.2± 3.2% 81.7± 4.1% 79.8± 4.7% 58.8± 3.6% 58.3± 4.8% 54.3± 5.3%
WR ↑ 1.6± 0.2% 3.3± 0.2% 5.8± 0.2% 5.4± 0.2% 5.6± 0.1% 5.7± 0.2% 5.7± 0.2% 6.1± 0.1% 6.1± 0.1% 6.2± 0.1%
Improve ↑ – – 56.2% – 14.7% 18.7% 19.1% 58.3% 59.4% 66.0%

Sparse

Score ↑ 0.5± 0.3 7.4± 0.3 20.5± 1.1 15.7± 1.0 16.9± 0.5 16.6± 0.6 16.0± 0.6 20.0± 0.9 20.6± 0.7 21.1± 1.0
Reward ↑ 0.6± 0.3 10.0± 0.5 27.6± 0.8 26.1± 0.9 27.2± 0.5 27.1± 0.5 26.6± 0.5 29.6± 0.6 30.1± 0.6 30.3± 0.8
ER ↓ 452.9± 102.2% 32.4± 5.5% 10.8± 2.9% 41.4± 4.6% 35.3± 3.3% 35.5± 2.5% 38.5± 2.2% 23.7± 3.3% 21.1± 3.2% 20.9± 4.3%
WR ↑ 0.1± 0.1% 2.8± 0.3% 7.4± 0.1% 7.8± 0.2% 8.1± 0.1% 8.2± 0.1% 8.2± 0.1% 8.5± 0.1% 8.5± 0.1% 8.6± 0.1%
Improve ↑ – – 30.6% – 7.6% 5.7% 1.9% 27.4% 31.2% 34.4%
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Figure 3: Exploration Efficiency and Safety Analysis. Left (a)-(f): Scarcity–Return landscapes for Dense
and Sparse environments. Red and blue points denote exploration and baseline (V1) trajectories, respectively.
The Gift Zone (top-right) represents high-value strategies exceeding the top 10% thresholds of both return
and scarcity computed on the baseline dataset. Right (g)-(h): Kernel density estimates of exploration score
distributions for ASN (blue), PSN (green), and ISGE (red). The Risk Zone indicates performance falling below
the 10% quantile of the baseline (V1) distribution. Risk proportion (Dense, Sparse): ASN (4.7%, 6.8%), PSN
(3.6%, 4.1%), ISGE (0.1%, 2.6%).

all samples inDgen. (3) Guided Exploration: The Dual-Condition Explorer is trained on the labeled
dataset {(τ,R(τ), S(τ))}. We then sample a new batch Dscarcity conditioned on both high return
yR and high scarcity yS (in practice, chosen as the dataset maximum or a high quantile, e.g., the
99th percentile). (4) Policy Update: The next-iteration policy πk+1 is trained on a mixed dataset:
Dtrain = Dgen ∪ Dscarcity. Crucially, this paradigm ensures dynamic recalibration: in each itera-
tion, ISGE specifically supplements trajectories that are scarce relative to the current policy, thereby
achieving efficient exploration without redundant interference from previous explorations.

5 EXPERIMENTS

Experimental Setup We evaluate ISGE on AuctionNet Su et al. (2025), a large-scale industrial
benchmark. To simulate the cold-start problem, we construct narrowly supported datasets retaining
only trajectories in the return percentile range [10, 30], creating two settings: Dense (strict con-
straints) and Sparse (sparse rewards). We compare against BC, Decision Transformer (DT), and
Vanilla Self-Training (Iter 0-3). The Oracle is a diffusion planner trained on the Full Dataset. Per-
formance is measured by Score (primary metric), Total Reward (total conversions), CPA Exceedance
Ratio (ER), and Win Rate (WR). See Appendix C for full definitions and implementation details.

5.1 MAIN RESULTS: BOOTSTRAPPING FROM NARROW SUPPORT

Table 1 highlights a stark contrast in performance evolution. Traditional imitation baselines (BC,
DT) struggle significantly, particularly in the Sparse setting where reward signals are rare (e.g., BC
Score 0.5). Even the stronger diffusion baseline, Vanilla Self-Training, succumbs to self-locking:
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it saturates far below the Oracle in Dense (77.5 vs. 102.0) and regresses in Sparse (Iter 1 → 3:
16.9 → 16.0), validating our Proposition 3.4 that the return signal is drowned out by noise. In
contrast, ISGE effectively breaks this bottleneck. It not only outperforms baselines but surpasses the
Full-Dataset Oracle in both settings. Notably, in Dense, ISGE achieves a Score of 108.4 (vs. Oracle
102.0) with significantly better constraint satisfaction (ER 54.3% vs. 74.9%), demonstrating Pareto-
optimal improvement. By Iteration 3, ISGE attains relative gains of +66.0% (Dense) and +34.4%
(Sparse). This consistent monotonic growth confirms that dynamic scarcity injection continuously
repairs the optimization landscape, enabling bootstrapping from severely suboptimal initialization.

5.2 ISGE ACHIEVES EFFICIENT AND SAFE EXPLORATION

Table 2: Performance of Directed vs. Undirected Ex-
ploration. Metrics are reported for Iteration 1 relative
to Vanilla Self-Training (V1). ISGE significantly outper-
forms undirected baselines (ASN/PSN) across all metrics.

Dataset Metrics Vanilla (V1) ASN PSN ISGE

Dense

Score ↑ 74.9± 3.4 81.7± 4.0 81.8± 3.8 103.4± 5.3
Reward ↑ 192.5± 2.8 200.8± 3.9 201.0± 3.9 219.1± 4.6
ER ↓ 85.2± 3.2% 77.7± 4.0% 77.4± 4.1% 58.8± 3.6%
WR ↑ 5.6± 0.1% 5.8± 0.1% 5.8± 0.1% 6.1± 0.1%
Improve ↑ – 9.1% 9.2% 38.0%

Sparse

Score ↑ 16.8± 0.9 18.0± 0.5 18.2± 0.6 20.0± 0.9
Reward ↑ 27.1± 0.7 28.1± 0.5 28.2± 0.5 29.6± 0.6
ER ↓ 36.0± 3.8% 30.9± 2.9% 30.4± 3.0% 23.7± 3.3%
WR ↑ 8.1± 0.1% 8.3± 0.1% 8.2± 0.1% 8.5± 0.1%
Improve ↑ – 7.1% 8.3% 19.0%

To validate that our gains stem from scarcity
guidance rather than simple randomness, we
compare ISGE against two standard undi-
rected exploration baselines in Auto-bidding:
Action Space Noise (ASN) Mou et al. (2022)
and Parameter Space Noise (PSN) Li et al.
(2024) (see Appendix C for details). Using It-
eration 1 Vanilla (V1) as the baseline, Table 2
shows that ASN and PSN yield only marginal
improvements (∼ 9% in Dense, ∼ 8% in
Sparse). This stagnation supports our hy-
pothesis that in high-dimensional manifolds,
isotropic noise is statistically orthogonal to sparse directions of improvement. In contrast, ISGE
achieves a transformative leap, improving the Score by 38.0% in Dense and 19.0% in Sparse set-
tings. Crucially, ISGE dominates in both reward maximization and constraint satisfaction, success-
fully navigating the trade-off between aggressive exploration and strict CPA limits.

Mechanism Analysis: Efficiency and Safety. We further investigate this success by visualizing
the Scarcity-Return landscape of the explored trajectories in Figure 3(a)-(f). We define the “Gift
Zone” (top-right quadrant) as the target region containing high-scarcity, high-return trajectories. As
observed in the scatter plots, undirected baselines (ASN/PSN) are inefficient, capturing negligible
samples in the Gift Zone (e.g., ≤ 1.2% in Sparse), proving that random perturbations fail to stumble
upon high-value strategies in data vacuums. Conversely, ISGE’s dual-condition explorer functions
as a directed guide, efficiently achieving capture rates of 30.4% (Dense) and 16.2% (Sparse). Fur-
thermore, regarding safety (downside risk), Figure 3(g)-(h) reveals that undirected methods exhibit
heavy left-tail distributions falling into the “Risk Zone” (up to 6.8% risk). In contrast, ISGE explic-
itly truncates this downside risk (≤ 0.1% in Dense, ≤ 2.6% in Sparse) via return conditioning. This
demonstrates that ISGE robustly expands the performance upper bound without compromising the
reliable lower bound.

5.3 ABLATION STUDIES

In this section, we analyze key components of ISGE on AuctionNet-Dense (Iteration 1). We focus
on the necessity of Strategic Masking and hyperparameter analysis.

Table 3(a): Masking vs. No Masking.
Metrics No Masking Masking

Score 94.7 103.4
Gift % 19.1% 30.4%

Table 3(b): Feature Scarcity Growth.
State Feature Pre Post

St
ra

t. Budget Left 0.056 0.105
History Bid 0.025 0.486

E
nv

. Traffic Volume 0.052 0.062
Traffic Value 0.229 0.235

Effect of Strategic Masking. ISGE calculates scarcity
solely on controllable policy states, masking out uncontrol-
lable environmental dimensions. Removing this mask de-
grades performance and significantly reduces the gift sam-
ple capture rate from 30.4% to 19.1% (Table 3a). This de-
cline stems from a fundamental distraction: granular analy-
sis (Table 3b) reveals that environmental features like Traf-
fic Value exhibit negligible scarcity growth because the
agent cannot “invent” market conditions. Consequently, in-
cluding these immutable dimensions introduces futile noise
that distracts the explorer from controllable strategic fea-
tures (e.g., Budget Left), thereby diluting the gradient signal
of scarcity for valid exploration.
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Hyperparameter Sensitivity & Mechanism Validation. Finally, we analyze the impact of guid-
ance scales and data mixture ratios (Table 4) to validate the core design principles of ISGE.

(a) The Necessity of Proper Scarcity Guidance. Table 4(a) reveals that weak scarcity guidance (wS =
1) fails to effectively capture gift samples (19.7%), dropping performance to 90.2. This confirms that
scarcity identification alone is insufficient; a sufficiently large wS is required to mechanically “push”
the trajectory away from the high-density manifold against the strong attraction of the diffusion prior.
This empirically validates our theoretical analysis (Theorem 3.6) that proper guidance scale wS is
necessary for scarcity-guided exploration.

Table 4: Hyperparameters Analysis. We study the impact of (a)
Guidance Scales balance and (b) Data Mixture Ratios. The default
settings are highlighted in gray.

(a) CFG Guidance Balance (wR : wS)

Setting (wR, wS) Ratio Exploration Data Quality Final Policy

Avg Score Avg Scarcity Gift % Score

Reward-Heavy (3, 1) 3:1 88.6 0.14 19.7% 90.2± 3.8
Balanced (3, 3) 1:1 102.9 0.36 30.4% 103.4± 5.3
Scarcity-Heavy (3, 5) 3:5 105.4 0.59 32.2% 105.5± 6.1

(b) Data Mixture Ratio (Explore : Base)

Mixture Ratio Score

Base-Only (0 : 1) 74.9± 3.4
Conservative (1 : 2) 103.3± 6.9

Balanced (5 : 4) 103.4± 5.3
Aggressive (2 : 1) 101.6± 5.3

Explore-Only (1 : 0) 96.7± 6.0

(b) The Necessity of Data Mix-
ing. Table 4(b) demonstrates that
while Explore-Only (96.7) signifi-
cantly outperforms Base-Only (74.9),
it still lags behind the mixed policy
(103.4). This highlights the comple-
mentary nature of the datasets: explo-
ration data fixes policy “blind spots”
(high-value/sparse regions) but sacri-
fices global coverage due to its tar-
geted bias. Consequently, mixing is
essential to combine the evolutionary
signal of exploration with the struc-
tural stability of the base distribution.

6 CONCLUSION AND RELATED WORK

In this paper, we addressed the critical industrial challenge of bootstrapping bidding policies from
low-quality narrowly supported historical data. We identified the “self-locking” phenomenon in it-
erative training, revealing that the geometric collapse of the return gradient within the training man-
ifold acts as the fundamental bottleneck preventing OOD extrapolation. To break this stagnation,
we introduced ISGE, a novel framework that leverages scarcity as an auxiliary impulse to revive
directional guidance in the gradient vacuum. Our theoretical analysis proves that scarcity-driven
updates successfully restore the missing radial component of the return signal. We implemented
this theory via a robust iterative training protocol that aggregates discovered “gift samples”. Ex-
tensive experiments on AuctionNet benchmarks demonstrate that ISGE significantly outperforms
baselines, validating its capability to achieve sustained performance growth beyond the low-quality
and narrowly supported dataset. Related work is discussed in the following paragraphs.

Auto-bidding and Generative Auto-bidding Traditionally, auto-bidding has been formulated as
a constrained optimization problem, typically addressed through PID controllers Zhang et al. (2016);
Yang et al. (2019) or primal-dual frameworks Balseiro et al. (2021); Aggarwal et al. (2024). To
handle dynamic market environments, Reinforcement Learning (RL) methods were subsequently
introduced to maximize cumulative returns Cai et al. (2017); Wu et al. (2018); He et al. (2021);
Wen et al. (2022); Ou et al. (2023). However, they struggle with ineffective credit assignment in
non-Markovian long-horizon scenarios. Recently, the field has undergone a paradigm shift toward
AIGB, which reformulates auto-bidding as a generative sequence modeling task. Pioneered by Diff-
Bid Guo et al. (2024), this paradigm utilizes conditional diffusion models to capture the joint distri-
bution of bidding trajectories Li et al. (2025a), while subsequent Transformer-based approaches like
GAVE Gao et al. (2025), GAS Li et al. (2025b) and GRAD Lei et al. (2025) employ autoregressive
planning with return-to-go conditioning. To mitigate the limitations of static offline datasets, recent
research has focused on offline improvement mechanism Peng et al. (2025); Mou et al. (2025); Jiang
et al. (2025). However, these methods typically rely on high-quality expert demonstrations or broad
data coverage. In contrast, our work targets the iterative cold-start setting, focusing on bootstrapping
policies purely from low-quality, narrowly supported data without expert priors.

Decision Making and Exploration with Diffusion Models Diffusion models have revolutionized
decision-making, either by treating planning as trajectory generation Janner et al. (2022); Ajay et al.
(2022); Dong et al. (2024) or representing policies Wang et al. (2022); Chen et al. (2024); Ni et al.
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(2023). Regarding exploration, methods like PGR Wang et al. (2025) and ExDM Ying et al. (2025)
rely on transition-level (st, at → st+1) novelty. However, auto-bidding is a strictly non-Markovian
problem governed by global constraints: the budget spent at step t limits the feasible actions at step
T , thereby transition-level metrics are insufficient for capturing the long-horizon strategic structure.
In contrast, ISGE adopts trajectory-level exploration via reconstruction error, aligning with the se-
quential nature of diffusion planners. Moreover, unlike AdaptDiffuser Liang et al. (2023) which
passively filters plans within existing support, ISGE actively injects scarcity signals via CFG during
sampling. This mechanism enables the explorer to extrapolate beyond the current support, purpose-
fully discovering “gift samples” in high-scarcity regions.
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A MISSING PROOF IN SECTION 3

A.1 PROOF OF LEMMA 3.1

Lemma 3.1 (Restated). Let ϵθ(xt) denote the unconditional noise prediction. Leveraging the score
matching property ϵθ(xt) ≈ −

√
1− ᾱt∇xt

log pt(xt), the modified noise prediction ϵ̃θ(xt) under
CFG with scale w can be reformulated as:

ϵ̃θ(xt) ≈ ϵθ(xt)− w
√
1− ᾱt · ∇xt

log p(y | xt). (9)

Proof. Recall the definition of Classifier-Free Guidance (CFG). The modified noise prediction is
a linear interpolation between the unconditional prediction ϵθ(xt) and the conditional prediction
ϵθ(xt, y):

ϵ̃θ(xt) = ϵθ(xt) + w ·
(
ϵθ(xt, y)− ϵθ(xt)

)
. (10)

According to the denoising score matching objective Song et al. (2021), the optimal noise prediction
network approximates the score of the data distribution (scaled by the noise level):

ϵθ(xt) ≈ −
√
1− ᾱt∇xt

log pt(xt), (11)

ϵθ(xt, y) ≈ −
√
1− ᾱt∇xt

log pt(xt | y). (12)

We apply Bayes’ rule to the score function:

∇xt
log pt(xt | y) = ∇xt

log pt(xt) +∇xt
log p(y | xt). (13)

Now, we substitute Eqs. equation 11 and equation 12 into the CFG term (ϵθ(xt, y) − ϵθ(xt)) from
Eq. equation 10:

ϵθ(xt, y)− ϵθ(xt) ≈ −
√
1− ᾱt (∇xt

log pt(xt | y)−∇xt
log pt(xt))

= −
√
1− ᾱt

((
∇xt log pt(xt) +∇xt log p(y | xt)

)
−∇xt log pt(xt)

)
= −
√
1− ᾱt · ∇xt

log p(y | xt). (14)

Finally, substituting this back into Eq. equation 10, we obtain the effective noise prediction:

ϵ̃θ(xt) ≈ ϵθ(xt)− w
√
1− ᾱt · ∇xt log p(y | xt). (15)

A.2 PROOF OF PROPOSITION 3.2

Proposition 3.2 (Restated). By substituting ϵ̃θ(xt) into the standard DDPM update rule, the sam-
pling process at step t is reformulated as a biased Langevin update:

xt−1 ← µθ(xt) + λtw · ∇xt
log p(y | xt) + σtz, (16)

where λt =
1−αt√

αt
is a positive coefficient derived from the noise schedule.

Proof. In the standard DDPM sampling process Ho et al. (2020), the transition from xt to xt−1 is
given by:

xt−1 =
1
√
αt

(
xt −

1− αt√
1− ᾱt

ϵ̃θ(xt)

)
+ σtz, (17)

where z ∼ N (0, I) and ϵ̃θ(xt) is the predicted noise used for denoising.

Substituting the result from Lemma 3.1 into Eq. equation 17:

xt−1 =
1
√
αt

(
xt −

1− αt√
1− ᾱt

[
ϵθ(xt)− w

√
1− ᾱt∇xt log p(y | xt)

])
+ σtz. (18)

14



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

We expand the terms inside the parentheses. Let µθ(xt) denote the standard reconstruction mean
toward the unconditional manifold:

µθ(xt) =
1
√
αt

(
xt −

1− αt√
1− ᾱt

ϵθ(xt)

)
. (19)

Now, we focus on the additional term introduced by the guidance gradient. Note that the coefficient√
1− ᾱt in the numerator (from Lemma 3.1) cancels perfectly with the

√
1− ᾱt in the denominator

of the DDPM variance scaling term:

Drift Term =
1
√
αt

(
− 1− αt√

1− ᾱt

)
·
(
−w
√
1− ᾱt∇xt

log p(y | xt)
)

=
1
√
αt
· (1− αt) · w · ∇xt log p(y | xt)

=
1− αt√

αt
w · ∇xt

log p(y | xt). (20)

Defining λt =
1−αt√

αt
, the update rule simplifies to:

xt−1 = µθ(xt) + λtw∇xt
log p(y | xt) + σtz. (21)

Since αt ∈ (0, 1), the coefficient λt is strictly positive. This confirms that CFG manifests as an
additive gradient ascent term (drift) superimposed on the standard reverse diffusion process.

A.3 PROOF OF GEOMETRIC BARRIER AND DYNAMICS FAILURE (SECTION 3.3)

In this section, we provide the proofs for Theorem 3.3 and Proposition 3.4. We first establish the
general geometric condition for distance reduction in high-dimensional space (Theorem 3.3) and
then apply this condition to the specific Langevin dynamics of diffusion planners to demonstrate the
self-locking mechanism (Proposition 3.4).

A.3.1 PROOF OF THEOREM 3.3 (GEOMETRIC BARRIER)

Theorem 3.3 (Restated). Consider a point x at distance ϵ = ∥x − x∗∥ from the optimum x∗,
and an update ∆x = vdet + vnoise, where vdet is a deterministic drift and vnoise ∼ N (0, σ2I)
is isotropic noise. Let vrad = ⟨vdet,n

∗⟩ be the radial component of the drift, and ∥vtan∥2 =
∥vdet − vradn

∗∥2 +Dσ2 its total tangential energy. Then, the expected change in distance satisfies

E[∆ϵ] ≈ −vrad︸ ︷︷ ︸
Signal

+
∥vtan∥2

2ϵ︸ ︷︷ ︸
Penalty

. (22)

Proof. Without loss of generality, place the optimum at the origin (x∗ = 0), so that ϵ = ∥x∥ and
the unit inward radial direction is n∗ = −x/ϵ. Decompose the update as:

∆x = vdet + vnoise = vradn
∗ + vdet,tan + vnoise,

where vdet,tan = vdet − vradn
∗ is the deterministic tangential component.

The new state is x′ = x+∆x, and its squared norm is:

∥x′∥2 = ∥x+ vradn
∗ + vdet,tan + vnoise∥2

= ∥x+ vradn
∗︸ ︷︷ ︸

=(ϵ−vrad)n∗

∥2 + ∥vdet,tan + vnoise∥2 (orthogonality)

= (ϵ− vrad)
2 + ∥vdet,tan + vnoise∥2. (23)

Expanding and taking expectation:

E[∥x′∥2] = ϵ2 − 2ϵvrad + v2rad + E[∥vdet,tan + vnoise∥2]
= ϵ2 − 2ϵvrad + v2rad + ∥vdet,tan∥2 + E[∥vnoise∥2], (24)

15



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

since E[⟨vdet,tan,vnoise⟩] = 0.

Under the high-dimensional assumption (D ≫ 1) and small step size (∥∆x∥ ≪ ϵ), we apply the
Taylor expansion ∥x′∥ =

√
E[∥x′∥2] ≈ ϵ+ E[∥x′∥2]−ϵ2

2ϵ to obtain the expected distance change:

E[∆ϵ] = E[∥x′∥]− ϵ

≈ −2ϵvrad + v2rad + ∥vdet,tan∥2 +Dσ2

2ϵ
. (25)

Neglecting the second-order radial term v2rad/(2ϵ) (valid for small steps), we arrive at:

E[∆ϵ] ≈ −vrad +
∥vdet,tan∥2 +Dσ2

2ϵ
= −vrad +

∥vtan∥2

2ϵ
, (26)

where we define the total tangential energy as ∥vtan∥2 := ∥vdet,tan∥2 +Dσ2.

Consequently, distance reduction (E[∆ϵ] < 0) requires:

vrad >
∥vtan∥2

2ϵ
⇐⇒ SNReff :=

vrad
∥vtan∥2/(2ϵ)

> 1. (27)

This completes the proof.

2D Geometric Intuition Figure 4 provides a geometric illustration of Theorem 3.3. Consider two
points x1 and x2 located at distances ϵ1 and ϵ2 from the optimum, respectively, with ϵ2 ≪ ϵ1.
The update direction at any point is decomposed into a deterministic drift component vdet and an
isotropic noise component vnoise. In the outer region (Large Sphere Shell, radius ϵ1), the combined
effect of drift and noise produces a gradient ∆x1 = vdet + vnoise that reduces the distance to the
optimum (∆ϵ1 < 0), resulting in convergent behavior. In contrast, in the inner region (Small Sphere
Shell, radius ϵ2), the same decomposition produces ∆x2 = vdet + vnoise that increases the distance
from the optimum (∆ϵ2 > 0), leading to divergent behavior.

�∗

�1

�1

�2�2’

�1’

Small Sphere Shell
  radius Large Sphere Shell

 radius 

Diverging !

Converging

�det

�noise

�2≪ �1

∆�1 < 0

∆�2 > 0

Figure 4: 2D Geometric illustration of Theorem 3.3

A.3.2 PROOF OF PROPOSITION 3.4

Proposition 3.4 (Restated). Assuming the guidance scale wR is chosen optimally to maximize
convergence speed, the diffusion planner optimization stagnates (E[∆ϵ] ≥ 0) when the radial signal
intensity drops below the critical threshold:

⟨gR,n
∗⟩ ≤ σt

√
D ∥gR,tan∥

ϵ
. (28)

Proof. The proof proceeds by analyzing the expected change in the distance to the optimum, E[∆ϵ],
under the update rule ∆xt = λtwRgR + σtz. We derive the optimal guidance scale w∗

R and show
that even under this optimal condition, distance reduction is impossible if the stated inequality holds.
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Step 1: Decomposition of Distance Dynamics Based on the geometric expansion for high-
dimensional distances (Theorem 3.3), the expected change in distance is approximated by the com-
petition between radial drift and tangential dispersion:

E[∆ϵ] ≈ −E[vrad] +
E[∥vtan∥2]

2ϵ
. (29)

We define the “Convergence Velocity” V (wR) := −E[∆ϵ]. Stagnation occurs when V (wR) ≤ 0.

We decompose the update vector ∆xt into radial and tangential components:

• Radial Component (vrad): The projection of the update onto n∗:

E[vrad] = E[⟨λtwRgR + σtz,n
∗⟩] = λtwR⟨gR,n

∗⟩. (30)

Let grad := ⟨gR,n
∗⟩.

• Tangential Component (vtan): The projection onto the tangent space orthogonal to n∗:

vtan = λtwRgR,tan + σtztan. (31)

The expected squared norm (tangential energy) is:

E[∥vtan∥2] = λ2
tw

2
R∥gR,tan∥2 +Dσ2

t . (32)

(Note: The cross-term vanishes because E[ztan] = 0, and E[∥σtztan∥2] ≈ Dσ2
t for D ≫

1.)

Substituting these into the velocity function:

V (wR) = λtwRgrad −
λ2
tw

2
R∥gR,tan∥2 +Dσ2

t

2ϵ
. (33)

Step 2: Optimization of Guidance Scale wR To find the theoretical limit of convergence, we
solve for the optimal guidance scale w∗

R that maximizes V (wR). We compute the derivative with
respect to wR:

dV

dwR
= λtgrad −

2λ2
twR∥gR,tan∥2

2ϵ
= 0. (34)

Solving for wR, we obtain the optimal scale:

w∗
R =

ϵgrad
λt∥gR,tan∥2

. (35)

This derivation confirms that simply increasing wR indefinitely is detrimental, as the quadratic
penalty term (∝ w2

R) eventually dominates the linear signal term (∝ wR).

Step 3: Deriving the Stagnation Condition We substitute the optimal scale w∗
R back into the

velocity function to find the maximum possible convergence speed Vmax:

V (w∗
R) = λt

(
ϵgrad

λt∥gR,tan∥2

)
grad −

λ2
t

(
ϵgrad

λt∥gR,tan∥2

)2

∥gR,tan∥2 +Dσ2
t

2ϵ
(36)

=
ϵg2rad
∥gR,tan∥2

−
ϵ2g2

rad

∥gR,tan∥2 +Dσ2
t

2ϵ
(37)

=
ϵg2rad
∥gR,tan∥2

−
(

ϵg2rad
2∥gR,tan∥2

+
Dσ2

t

2ϵ

)
(38)

=
ϵg2rad

2∥gR,tan∥2
− Dσ2

t

2ϵ
. (39)

Optimization stagnates when even this maximum velocity is non-positive (V (w∗
R) ≤ 0):

ϵg2rad
2∥gR,tan∥2

≤ Dσ2
t

2ϵ
. (40)
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Multiplying by 2ϵ and rearranging:

ϵ2g2rad ≤ Dσ2
t ∥gR,tan∥2. (41)

Taking the square root (assuming all terms are positive):

ϵgrad ≤ σt

√
D ∥gR,tan∥. (42)

Finally, solving for the radial signal grad = ⟨gR,n
∗⟩:

⟨gR,n
∗⟩ ≤ σt

√
D ∥gR,tan∥

ϵ
. (43)

This inequality demonstrates that when the distance ϵ is small or the misalignment ∥gR,tan∥ is
large, the required radial signal to maintain convergence exceeds the capability of the reward model,
enforcing a minimal achievable radius ϵmin.

A.4 ANALYSIS FOR PROPOSITION 3.5

We now formalize the geometric behavior of the scarcity gradient. Our analysis proceeds in two
steps: first, we establish the geometric properties of the explicit scarcity score gradient ∇xS(x)
under the framework of Denoising Autoencoders (DAEs); second, we prove that the implicit CFG
gradient gS used in ISGE aligns with this explicit gradient via the chain rule.

A.4.1 GEOMETRY OF EXPLICIT SCARCITY GRADIENT

Our analysis builds upon the foundational result of Alain & Bengio (2014), which connects recon-
struction error to the underlying data manifold.
Assumption A.1 (Scarcity as Squared Distance Proxy). Let the training data lie on or near a smooth
d-dimensional manifoldM⊂ RD. Let S(x) be the expected squared reconstruction error of a DAE
trained with small isotropic Gaussian corruption noise of variance η2. Then, in the limit η → 0,
there exists a tubular neighborhood Nr(M) = {x ∈ RD : dist(x,M) < r} for some r > 0, such
that

S(x) = c · dist(x,M)2 + o(dist(x,M)2),

where c > 0 is a constant independent of x, and dist(x,M) = infy∈M ∥x− y∥.
Lemma A.2 (Geometric Properties of ∇S). In the tubular neighborhood Nr(M), the explicit
scarcity gradient vS(x) := ∇xS(x) satisfies:

1. Normal Alignment: For any x ∈ Nr(M) \M, let y = ΠM(x) be the unique projection
of x ontoM. Then vS(x) lies in the normal space ofM at y, i.e., vS(x) ∈ NyM.

2. Non-Vanishing Magnitude: There exists δ > 0 such that for all x with dist(x,M) ≥ ϵ0 >
0 (for some fixed ϵ0 < r), we have ∥vS(x)∥ ≥ δ.

Proof. By Assumption A.1, we have S(x) = c·dist(x,M)2+o(dist(x,M)2). It is a classical result
in differential geometry Federer (1959) that the squared distance function to a smooth manifold is
differentiable in its tubular neighborhood, and its gradient is given by

∇xdist(x,M)2 = 2(x−ΠM(x)).

The vector (x−ΠM(x)) is orthogonal to the tangent space TΠM(x)M by definition of the projection,
and thus lies in the normal space NΠM(x)M. Therefore,

vS(x) = ∇xS(x) = 2c(x−ΠM(x)) + o(∥x−ΠM(x)∥),

which establishes the orthogonality property. For the magnitude, note that ∥x − ΠM(x)∥ =
dist(x,M) ≥ ϵ0 > 0. Hence,

∥vS(x)∥ = ∥2c(x−ΠM(x)) + o(ϵ0)∥ ≥ 2cϵ0 − o(ϵ0).

Choosing ϵ0 sufficiently small such that the higher-order term is dominated by the leading term, we
obtain ∥vS(x)∥ ≥ δ for some δ > 0.
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A.4.2 ALIGNMENT OF IMPLICIT CFG GRADIENT

We now bridge the theoretical result above to the actual implementation in ISGE. The ISGE frame-
work utilizes an implicit gradient via Classifier-Free Guidance (CFG):

gS(x) := ∇x log p(yS |x),

where yS represents the condition of “high scarcity”.

Justification of the Chain Rule. Crucially, during the construction of the exploration dataset, the
scarcity label yS for any trajectory x is derived exclusively from the scarcity metric S(x) (i.e., the
reconstruction error). This establishes a deterministic dependency structure: x → S(x) → yS .
By the Markov property of this labeling process, yS is conditionally independent of x given S(x).
Therefore, the likelihood satisfies the exact relation:

p(yS |x) = p(yS |S(x)).

Consequently, the gradient calculation follows the chain rule strictly without approximation:

gS(x) = ∇x log p(yS |S(x)) =
∂ log p(yS |S)

∂S︸ ︷︷ ︸
α(S)

· ∇xS(x)︸ ︷︷ ︸
vS(x)

. (44)

Directional Consistency. The scalar coefficient α(S) = ∂ log p(yS |S)
∂S determines the alignment.

In our formulation, yS is set to a high quantile (e.g., the 99th percentile) of the scarcity distribution.
This implies that the likelihood p(yS |S) is a monotonically increasing function of S within the re-
gion of interest (as higher S indicates the sample is closer to the target condition yS). Consequently,
the derivative is strictly positive:

α(S) > 0.

Thus, gS(x) is a positive scaling of ∇xS(x). By Lemma A.2, the implicit CFG gradient gS(x)
inherits the geometric properties of Orthogonality (aligning with the manifold normal n⊥) and
Non-Vanishing Magnitude (scaled by α(S)). This justifies the use of gS as a valid repulsion field
in Theorem 3.6.

A.5 PROOF OF THEOREM 3.6

Assumption A.3 (Geometry of Scarcity Guidance). To analyze the mechanics of Scarcity Guidance
in high-dimensional OOD regions, we make the following geometric assumptions based on the
theory of regularized autoencoders and high-dimensional statistics:

1. Orthogonality (Low Tangential Drift): The scarcity gradient gS approximates the
geodesic normal of the data manifold. Its projection onto the tangent space of the ex-
ploration sphere is negligible compared to the radial component: ∥gS,tan∥ ≪ ⟨gS ,n

∗⟩.

2. Frontier Alignment (Selection-Induced Optimality): For the self-locked trajectories x
residing on the high-return frontier F ⊂ ∂M, we assume the scarcity gradient aligns
positively with the global optimum: ⟨gS(x),n

∗⟩ > 0.

Justification: In the general case of an arbitrary return landscape, self-locking implies the
exhaustion of improving directions within the manifold’s tangent space (i.e., ∇tanR(x) ≈
0). Consequently, the true gradient of improvement n∗ is dominated by its normal compo-
nent. Since the training data represents a suboptimal subset, the direction of higher return
at this boundary naturally points towards the unexplored exterior (outward polarity) rather
than the interior. Thus, the scarcity gradient gS , which drives outward traversal, shares the
same outward polarity with n∗ with high probability. This geometric correlation ensures
that scarcity-guided exploration reliably uncovers the cone of improving directions.

3. Tangential Uncorrelation: The tangential component of the return gradient, gR,tan,
arising from epistemic uncertainty, is statistically uncorrelated with the tangential com-
ponent of the scarcity gradient, gS,tan. Thus, their expected inner product vanishes:
E[⟨gR,tan,gS,tan⟩] ≈ 0.
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Proof. We analyze the optimization dynamics using an incremental approach. Let the “Net Conver-
gence Velocity” be V := −E[∆ϵ]. Stagnation of the baseline implies Vbase ≈ 0. The new velocity
under dual guidance is VISGE(wS) = Vbase +∆V (wS). We aim to prove ∆V (wS) > 0 and find its
maximum.

Step 1: Incremental Velocity Formulation The scarcity term λtwSgS contributes a radial gain
and increases the tangential curvature penalty.

1. Radial Gain:
∆vrad = ⟨λtwSgS ,n

∗⟩ = λtwSVS , (45)
where VS = ⟨gS ,n

∗⟩ > 0 by Assumption A.3.2.

2. Penalty Increase: The tangential velocity becomes vnew
tan = vbase

tan + λtwSgS,tan. The
change in expected tangential energy is:

∆E[∥vtan∥2] = λ2
tw

2
S∥gS,tan∥2 + 2λtwS E[⟨vbase

tan ,gS,tan⟩]. (46)

The cross-term decomposes as:

E[⟨vbase
tan ,gS,tan⟩] = λtw

∗
R E[⟨gR,tan,gS,tan⟩] + σt E[⟨ztan,gS,tan⟩].

The second term vanishes because E[ztan] = 0. The first term vanishes by Assump-
tion A.3.3. Thus,

∆Penalty =
∆E[∥vtan∥2]

2ϵ
=

λ2
tw

2
S∥gS,tan∥2

2ϵ
. (47)

Combining these, the net velocity increment is a quadratic function of wS :

∆V (wS) = λtwSVS −
λ2
tw

2
S∥gS,tan∥2

2ϵ
. (48)

Step 2: Feasible Interval and Optimization Optimization is revived when ∆V (wS) > 0:

λtwSVS >
λ2
tw

2
S∥gS,tan∥2

2ϵ
=⇒ wS <

2ϵVS
λt∥gS,tan∥2

. (49)

This defines the feasible interval (0, wmax). To find the optimal scale, we set d∆V
dwS

= 0:

λtVS −
λ2
twS∥gS,tan∥2

ϵ
= 0 =⇒ w∗

S =
ϵVS

λt∥gS,tan∥2
. (50)

Step 3: Marginal Effective SNR Analysis We define the marginal effective SNR as the ratio of
radial gain to penalty increase at w∗

S :

SNR∆eff(w
∗
S) =

∆vrad(w
∗
S)

∆Penalty(w∗
S)

. (51)

Substituting w∗
S :

• Numerator: λt

(
ϵVS

λt∥gS,tan∥2

)
VS =

ϵV2
S

∥gS,tan∥2 ,

• Denominator: λ2
t

2ϵ

(
ϵVS

λt∥gS,tan∥2

)2

∥gS,tan∥2 =
ϵV2

S

2∥gS,tan∥2 .

The ratio is exactly:

SNR∆eff(w
∗
S) =

ϵV2
S/∥gS,tan∥2

ϵV2
S/(2∥gS,tan∥2)

= 2. (52)

This constant ratio reflects the intrinsic geometry of the scarcity field and confirms that the incre-
mental update is always beneficial when VS > 0.
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Step 4: Maximum Progress Rate Finally, substituting w∗
S into ∆V (wS) yields the maximum

progress:

∆V (w∗
S) =

ϵV2
S

∥gS,tan∥2
− ϵV2

S

2∥gS,tan∥2
=

ϵ

2

(
VS

∥gS,tan∥

)2

. (53)

Under Assumption A.3.1 (Orthogonality), the ratio VS/∥gS,tan∥ is large, ensuring significant opti-
mization progress. Since ∆V (w∗

S) > 0 and Vbase ≈ 0, we conclude VISGE > 0, i.e., E[∆ϵ]ISGE < 0,
which proves the theorem.

A.6 PROOF OF THEOREM 3.7

Problem Setup. We analyze the functional gradient update at a test point x in the OOD region
after fine-tuning on the gift sample set Dgift = {xi}Mi=1. Here, each sample xi is generated starting
from x (or its neighborhood) via the ISGE dynamics described in Theorem 3.6. The fine-tuning loss
is L(θ) = 1

2

∑M
i=1(fθ(xi)− ygift)

2, where ygift is the target high return. We assume ygift > fold(xi),
implying a positive prediction error δi := ygift − fold(xi) > 0.

We adopt standard NTK assumptions for the implicit return function fθ:

1. NTK Regime: The network evolves linearly with a fixed kernel Θ(x,x′) = κ(⟨x,x′⟩).
2. Normalized Inputs: ∥x∥ = ∥xi∥ = 1.

3. Kernel Monotonicity: κ′(z) > 0 for z ∈ [−1, 1] (e.g., as in ReLU NTK).

Derivation of Restored Gradient. Under gradient descent with step size η, the functional change
at the test point x is:

∆f(x) = η

M∑
i=1

δi Θ(x,xi). (54)

Taking the spatial gradient with respect to x yields the restored return signal:

∆gR(x) = ∇x∆f(x) = η

M∑
i=1

δi κ
′(cosϕi)vi, (55)

where ϕi = ∠(x,xi) is the angle, and vi = xi − ⟨x,xi⟩x represents the projection of xi onto the
tangent space TxSD−1.

Structure of Gift Samples from ISGE. According to the ISGE update rule (Theorem 3.6), each
sample xi is generated by:

xi = x+ λwSgS(x) + σzi + o(1), (56)

where gS(x) is the scarcity guidance direction (aligned with the manifold normal per Proposi-
tion 3.5), and zi ∼ N (0, I) is isotropic Gaussian noise. Projecting this update onto the tangent
space TxSD−1 gives:

vi = λwSgS,proj︸ ︷︷ ︸
d

+σzi,proj︸ ︷︷ ︸
ni

+o(1), (57)

where gS,proj = gS − ⟨gS ,x⟩x is the effective tangential scarcity component, d is the deter-
ministic drift vector, and ni is the projected noise vector. In the following proof, we first show
E
[
⟨∆gR(x),gS(x)⟩

]
> 0, then we further show E[⟨∆gR,n

∗⟩] > 0.

Expected Alignment Analysis. We analyze the expected alignment between the restored return
gradient and the scarcity direction:

I := E
[
⟨∆gR(x),gS(x)⟩

]
= η

M∑
i=1

Ezi [ci(zi) ⟨d+ ni,gS⟩] ,

where the scalar weight ci(zi) := δi(zi)κ
′(cosϕi(zi)) captures the sensitivity of the update. Note

that ci > 0 due to the positive error δi and kernel monotonicity.

21



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

We perform a first-order Taylor expansion of ci(zi) around the noise-free center (zi = 0):

ci(zi) ≈ c̄+ (∇zc)
⊤
0 zi, (58)

where c̄ = ci(0) > 0 is the base coefficient determined by the deterministic scarcity drift.

Substituting this into I and expanding the product terms, we obtain:

I = ηM
(

c̄ ⟨d,gS⟩︸ ︷︷ ︸
Term 1: Main Signal

+ c̄E[⟨ni,gS⟩]︸ ︷︷ ︸
Term 2: Zero Mean

+E
[
((∇c)⊤0 zi) ⟨ni,gS⟩

]︸ ︷︷ ︸
Term 3: Covariance Drag

)
. (59)

We analyze each term individually:

1. Term 1 (Main Signal): Substituting d = λwSgS,proj, we have:

⟨d,gS⟩ = λwS⟨gS,proj,gS⟩ = λwS∥gS,proj∥2.

By Proposition 3.5, ∥gS∥ > 0 and is orthogonal to the manifold, ensuring a non-vanishing
projection. Thus, Term 1 is strictly positive and scales linearly with the guidance strength
wS .

2. Term 2 (Zero Mean): Since the noise ni = σzi,proj is zero-mean isotropic Gaussian, its
projection onto any fixed vector vanishes: E[⟨ni,gS⟩] = 0.

3. Term 3 (Covariance Drag): This term captures the correlation between the supervision
weight ci and the noise direction. Geometrically, moving further in the direction of the
gradient gS brings the sample xi closer to the target distribution (higher return), thereby
reducing the prediction error δi and the weight ci. This implies a negative correlation
between zi (along gS) and ci(zi). Consequently, Term 3 acts as a drag force (non-positive).
Crucially, its magnitude scales with the noise variance:

|Term 3| = O(E[∥ni∥2]) = O(σ2).

Applying the SNR Condition. Theorem 3.6 establishes that ISGE operates in the high Effective
SNR regime, where the deterministic radial signal dominates the noise. In terms of energy, this
implies:

∥d∥2 = (λwS)
2∥gS,proj∥2 ≫ E[∥ni∥2] ∝ σ2D.

Since Term 1 scales with ∥d∥ (linear in wS) while Term 3 scales with σ2 (independent of wS), the
high-SNR condition ensures that the main signal dominates the second-order covariance drag:

Term 1≫ |Term 3|.

Therefore, the total expected alignment is strictly positive:

I > 0. (60)

Vector Decomposition Analysis. While the scalar alignment I > 0 proves that the update has
a positive component along gS , establishing the connection to the optimal direction n∗ requires
analyzing the vector structure of the expected update E[∆gR].

Recall the update equation:

∆gR = η

M∑
i=1

ci(zi)(d+ ni).

Taking the expectation over the isotropic noise zi, we decompose the result into a signal vector and
a noise-induced drift vector:

E[∆gR] = ηM
(

E[ci]d︸ ︷︷ ︸
Signal Vector

+ E[ci(zi)ni]︸ ︷︷ ︸
Correlation Vector

)
. (61)

1. Signal Vector: Since d = λwSgS,proj, this term is strictly aligned with the scarcity gradient
gS . Since ci > 0, this vector points in the direction of gS .
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2. Correlation Vector: Using the first-order Taylor expansion ci(zi) ≈ c̄ + g⊤
c zi, the zero-

mean term vanishes (c̄E[ni] = 0). The remaining term is the covariance E[(g⊤
c zi)ni].

Geometrically, the coefficient ci (reflecting prediction error) decreases most rapidly when
moving along the gradient of improvement. Since the dominant signal direction is gS , the
sensitivity vector gc is primarily anti-parallel to gS . Thus, this correlation vector acts as a
“drag” force opposing d, effectively reducing the magnitude but not altering the primary
direction. Any orthogonal components in gc arise from random local curvature and result
in a residual vector v⊥.

Combining these terms, the expected gradient update takes the form:
E[∆gR] = keff · gS + v⊥, (62)

where keff > 0 is the effective scalar gain (guaranteed positive by the high-SNR condition in Theo-
rem 3.6), and v⊥ represents tangential noise residuals.

Projection onto the Optimal Direction n∗. Finally, we evaluate the projection of this restored
gradient onto the true optimal direction n∗:

⟨E[∆gR],n
∗⟩ = keff⟨gS ,n

∗⟩+ ⟨v⊥,n
∗⟩.

1. The first term is strictly positive due to Assumption A.3 (Point 2: Outward Optimality),
which posits ⟨gS ,n

∗⟩ > 0.
2. The second term vanishes due to Assumption A.3 (Point 3: Tangential Uncorrelation),

which states that random tangential noise in high dimensions is statistically uncorrelated
with the fixed optimal direction n∗ (i.e., E[⟨v⊥,n

∗⟩] ≈ 0).

Conclusion. Therefore, we conclude that E[⟨∆gR,n
∗⟩] > 0. The fine-tuning process explicitly

restores the radial component of the return gradient, enabling the model to effectively extrapolate
towards the global optimum. □

B GENERALIZATION TO QUADRATIC LANDSCAPES

In the main text, we derived the geometric barrier under a spherical reward landscape R(x) ≈
R(x∗) − 1

2∥x − x∗∥2 and isotropic noise z ∼ N (0, I). Here, we justify its applicability to general
smooth landscapes near a strict local optimum.

1. Local Quadratic Model. Let x∗ be a strict local maximum of the reward function R(x). By
Taylor expansion,

R(x) ≈ R(x∗)− 1

2
(x− x∗)⊤A(x− x∗), (63)

where A = −∇2R(x∗) ≻ 0 is positive definite. The level sets {x | R(x) = r} are hyper-ellipsoids
defined by (x− x∗)⊤A(x− x∗) = 2(R(x∗)− r).

The Langevin dynamics for reward maximization are:
dxt = ∇R(xt) dt+ σ dWt ≈ −A(xt − x∗) dt+ σ dWt, (64)

with isotropic noise σ dWt, consistent with standard diffusion samplers.

2. Tangential Noise Energy is Dimension-Dependent, Not Curvature-Dependent. The key
quantity in Theorem 3.3 is the expected tangential noise energy E[∥vnoise,tan∥2], where vnoise,tan is
the projection of the noise vector onto the tangent space of the level set at x.

For any smooth level set of codimension 1, the tangent space is (D−1)-dimensional. Under isotropic
noise vnoise ∼ N (0, σ2I), the expected squared norm of its tangential projection is:

E[∥vnoise,tan∥2] = σ2 · Tr(Ptan) = σ2(D − 1), (65)
where Ptan is the orthogonal projector onto the tangent space. Crucially, this result depends only
on the dimensionality of the tangent space, not on the eigenvalues of A.

Thus, the curvature penalty term ∥vtan∥2

2ϵ in Theorem 3.3 remains valid for general quadratic basins
under isotropic noise.
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3. Why the Spherical Model is Conservative. In an ill-conditioned landscape (e.g., A has small
eigenvalues), the radial signal vrad = ⟨∇R(x),n∗⟩ becomes weaker in flat directions, while the
tangential noise energy remains σ2(D − 1). This makes the effective SNR even smaller than in the
spherical case with the same average curvature.

Therefore, the spherical analysis—where all directions have equal curvature—provides a best-
case scenario for optimization. Real-world anisotropic landscapes are strictly harder, making our
spherical-derived SNR threshold a conservative lower bound on the difficulty of high-dimensional
exploration.

Conclusion. The hyperspherical model in Theorem 3.3 isolates the universal effect of dimension-
ality: under isotropic noise, the entropic barrier scales as O(D) regardless of landscape conditioning.
This justifies its use as a canonical model for analyzing self-locking in high-dimensional optimiza-
tion.

C EXPERIMENTS DETAILS

C.1 SETUP

Benchmark and Dataset We evaluate our method on AuctionNet Su et al. (2025), a large-scale
industrial auto-bidding benchmark derived from real-world advertising campaigns. AuctionNet pro-
vides a flexible and researcher-friendly experimental environment for large-scale auto-bidding stud-
ies. To enable efficient iterative experimentation, we adopt a lightweight configuration of the en-
vironment. Specifically, we reduce the total traffic volume from 500,000 to 50,000 per evaluation
while scaling the mean traffic value by a factor of ten, thereby preserving the overall order of mag-
nitude of total conversions.

The environment consists of 48 competing agents with varying budgets and CPAs, instantiated
from a diverse set of bidding strategies, including PID, OnlineLP, BC, BCQ Fujimoto et al. (2019),
TD3+BC Fujimoto & Gu (2021), IQL Kostrikov et al. (2021), CQL Kumar et al. (2020), MBRL-
MOPO Yu et al. (2020), and MBRL-COMBO Yu et al. (2021). These strategies span a wide spec-
trum from rule-based methods to reinforcement learning approaches, covering both conservative
and aggressive bidding behaviors. This diversity is designed to faithfully emulate the complex-
ity and heterogeneity of real-world online advertising markets. Since the environment is operated
under a lightweight configuration, we retrain all built-in agents to ensure that their policies remain
sufficiently competitive under the modified traffic dynamics. In each evaluation episode, our method
sequentially interacts with the environment by assuming the role of each of the 48 agents. The final
performance of an episode is reported as the average score across all agents.

To faithfully simulate the cold-start dilemma discussed in Section 1, we construct a narrowly sup-
ported dataset by rigorously filtering the full offline logs, retaining only trajectories in the return
percentile range [10, 30]. This creates a challenging learning environment where the data is both
low-quality (far below optimality) and narrowly supported (lacking both high-performing demon-
strations and diverse failure cases), forcing the model to extrapolate into the unknown. We establish
two distinct experimental settings based on traffic characteristics: (1) AuctionNet-Dense, character-
ized by high traffic value (pdavg ≈ 0.05) under strict safety constraints; and (2) AuctionNet-Sparse,
representing a harder exploration landscape with extremely low traffic value (psavg ≈ 0.005) and
sparse reward signals. For each iteration, we conduct 63 evaluation episodes and log the complete
trajectory data generated by all agents. This evaluation procedure requires approximately 3 hours
using four GPUs in parallel, whereas running the same protocol under the default AuctionNet con-
figuration would require over 20 hours each iteration. Detailed parameters are shown in Table 5.

In detail, the state includes the following information:

• time left: The remaining time steps left in the current advertising period.

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

• historical bid mean: The average values of bids made by the advertiser over past time steps.
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Table 5: The Parameters of AuctionNet-Dense and AuctionNet-Sparse.

Params AuctionNet-Dense AuctionNet-Sparse

Impressions (each episode) 50000 50000
Time steps in a trajectory 48 48

Advertiser Number 48 48
State dimension 16 16

Action dimension 1 1
CPA range [6, 13] [60, 130]

Mean Traffic Value 0.05 0.005
Trajectories (full) 5376 5040
Max Score (full) 276.6 63.0
Avg Score (full) 86.1 13.5

Trajectories (cold start) 1092 1318
Max Score (cold start) 111.1 21.0
Avg Score (cold start) 55.7 5.1

Trajectories for Iter 1-3 3024 3024

• last three bid mean: The average values of bids over the last three time steps.
• historical LeastWinningCost mean: The average of the least cost required to win an im-

pression over previous time steps.
• historical pValues mean: The average of historical p-values over past time steps.
• historical conversion mean: The average number of conversions (e.g., sales, clicks, etc.)

the advertiser achieved in previous time steps.
• historical xi mean: The average winning status of advertisers in impression opportunities,

where 1 represents winning and 0 represents not winning.
• last three LeastWinningCost mean: The average of the least winning costs over the last

three time steps.
• last three pValues mean: The average of conversion probability of advertising exposure to

users over the last three time steps.
• last three conversion mean: The average number of conversions over the last three time

steps.
• last three xi mean: The average winning status of advertisers over the last three time steps.
• current pValues mean: The mean of p-values at the current time step.
• current pv num: The number of impressions served at the current time step.
• last three pv num total: The total number of impressions served over the last three time

steps.
• historical pv num total: The total number of impressions served over past time steps.

Baselines. We compare ISGE against a comprehensive suite of methods trained strictly on the
narrowly supported data. To contextualize performance against established paradigms, we first eval-
uate Behavior Cloning (BC) Osa et al. (2018), the classical baseline for imitation learning, and
Decision Transformer (DT) Chen et al. (2021), the representative autoregressive model for gen-
erative decision-making. Building on the diffusion paradigm, we employ Diffusion-planner (Iter
0), a diffusion planner Guo et al. (2024) equipped with a simulation-based inverse controller (see
C.2), serving as a strong offline baseline. Second, we evaluate Vanilla Self-Training, the standard
iterative framework utilizing CFG but lacking directed scarcity exploration. Finally, we include an
Oracle, a diffusion planner trained on the Full Dataset, which represents the theoretical ceiling of
the architecture with given data.

Metrics We first give the problem statement of auto-bidding He et al. (2021). 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 bi surpasses those of other advertisers and incurs a cost
ci. The goal is to maximize the total value of the impressions won, represented by

∑
i oivi, where

vi denotes the impression value and oi is a binary variable indicating whether the advertiser wins
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impression i. Additionally, it is essential to consider the budget and various KPI constraints, such as
limiting the unit cost of specific advertising events like CPC and CPA. Therefore, the auto-bidding
problem could be formulated as:

maximize
∑

i
oivi

s.t.
∑

i
oici ≤ B∑

i cijoi∑
i pijoi

≤ Cj , ∀j

oi ∈ {0, 1}, ∀i

(66)

where B is the budget, Cj is the upper bound of the j-th constraint provided by the advertiser. pij
can be any performance indicator, such as conversions, and cij is the cost of constraint j.

We report four key metrics averaged among 48 advertisers over 7 evaluation episodes (total 336
bidding trajectories):

• WR (Win Rate): The fraction of page views (PVs) in which the advertiser wins the auction,
WR = 1

H

∑H
i=1 oi, where H is the total number of participated impressions.

• Value: The cumulative conversion value (GMV)
∑

i oivi;
• ER (Exceeding ratio of the CPA constraints): The exceedance ratio of Cost-Per-Action

(CPA) constraints ER = 1
J

∑
j C

real
j /Cj = 1

J

∑
j(
∑

i cijoi/
∑

i pijoi)/Cj , where Cj is
the CPA limit.

• Score: A composite metric balancing revenue and constraints, Score = (
∑

i oivi) ×
min{penaltyj}j=1∼J . where penaltyj = min{( Cj

Σicijoi/Σipijoi
)β , 1}, β = 2.

C.2 SIMULATION-BASED INVERSE CONTROL

In our experiments, we employ a Simulation-based Inverse Control mechanism for diffusion planner.
This design choice allows us to isolate the trajectory planning capability of the diffusion model
from the execution errors typically introduced by heuristic controllers. The simulation-based inverse
controller solves for the precise action required to realize the planner’s state transitions.

Formally, let τplan = {ŝt, ŝt+1, . . . , ŝt+H} denote the trajectory generated by the diffusion planner
at time step t. The planner dictates that the remaining budget should transition from the current
state bt to b̂t+1 in the next step. Consequently, the target expenditure for the current step is derived
as c∗target = max(0, bt − b̂t+1). The objective of the inverse control is to find a bidding scalar αt

such that the actual cost incurred in the auction environment, C(αt,B−i), approximates c∗target as
closely as possible, where B−i represents the bids of competitors. We leverage the reproducibility
of the simulation environment. During the evaluation of this baseline, we grant the controller oracle
access to a “frozen” copy of the current environment state, including the exact bids of all competing
agents. Leveraging the monotonicity of the cost function with respect to the bid scaling factor α, we
employ a Simulation-based Binary Search to numerically invert the cost function. This mecha-
nism ensures that the realized trajectory aligns almost perfectly with the planned trajectory, barring
stochastic deviations in impression exposure (e.g., Bernoulli trials). By effectively eliminating con-
trol latency and execution variance, this setup enables a rigorous evaluation of the planning quality
itself, validating that performance improvements are attributable to the diffusion planner rather than
the low-level controller.

Remark on Real-World Feasibility. We acknowledge that the oracle access used in the simulation-
based binary search represents an idealized control setting. However, this design is intentional and
serves to rigorously decouple the evaluation of our generative planning framework from the noise
of low-level execution. In practical production environments where precise environment inversion
is unavailable, this module is modular and can be seamlessly substituted with standard engineering
approximations without altering the core diffusion planning mechanism:

• Learned Inverse Dynamics: A separate lightweight network (Inverse Dynamics Model
Ajay et al. (2022)) can be trained to predict the action at required to achieve the state
transition st → st+1.
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• Feedback Control (PID): Rule-based PID controllers, which are ubiquitous in industrial
auto-bidding systems, can dynamically adjust the bidding scalar αt to track the target ex-
penditure c∗target with bounded error.

While replacing the simulation-based controller with these approximate methods may introduce mi-
nor execution noise, the relative performance advantage provided by the superior strategic guidance
of the diffusion planner remains robust. The planner determines where to go, which is the domi-
nant factor in performance, while the controller merely handles how to get there. Table 6 shows the
performance difference between simulation-based inverse controller and standard inverse dynamic
controller in AuctionNet-Dense. Remarkably, equipped with the standard controller, ISGE (Iter 1)
still outperforms the Full Data Oracle.

Table 6: Comparison of Scores with Different Controllers in AuctionNet-Dense.

Method Controller Type
Simulation-based Standard Inverse

Oracle (Full Dataset) 102.0 95.1

Vanilla (Iter 1) 74.9 69.1
ISGE (Iter 1, Ours) 103.4 97.4

C.3 HYPERPARAMETERS

We list the hyperparameter details in Table 7 for reproduction.

Table 7: Hyperparameter Settings for DFUSER and DFUSERSC (Explorer)

Category Parameter Value

Diffusion Process

Diffusion Steps (T ) 20
Horizon (H) 48
Beta Schedule Cosine
Guidance Weight (w) 3.0
Condition Dropout 0.25 (0.30 for DFUSERSC)
Replanning Prob. 0.5
Prediction Target ϵ

Network Architecture

Model Type Temporal U-Net
Base Channel Dim 64
Channel Multipliers (1, 2)
Kernel Size 5
Activation Mish
InvDyn Hidden Dim 256

Optimization
Optimizer Adam
Learning Rate 1× 10−4

Discount Factor (γ) 1.0

D IMPLEMENTATION DETAILS OF UNDIRECTED EXPLORATION BASELINES

To evaluate the effectiveness of our proposed method, we compare it against two standard explo-
ration strategies: Action Space Noise (ASN) Mou et al. (2022) and Parameter Space Noise (PSN) Li
et al. (2024). We introduce these noises during the inference phase to simulate different levels of ex-
ploration behavior. The implementation details and hyperparameter tuning processes are described
below.

D.1 ACTION SPACE NOISE (ASN)

ASN is a straightforward exploration strategy commonly used in reinforcement learning, where
perturbation is directly applied to the agent’s output action. In our automated bidding scenario, the
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action is represented by the bidding coefficient α. At each decision step t, after the model calculates
the baseline bidding coefficient αt, we add a noise term ϵasn sampled from a Gaussian distribution.
Since bids must be non-negative, we apply a rectification operation:

α′
t = max(0, αt + ϵasn), where ϵasn ∼ N (0, σ2

asn) (67)

This corresponds to the logic where the final calculated bid coefficient is perturbed before interacting
with the auction environment.

Since ASN operates directly on the action value, its scale has a direct physical interpretation (i.e.,
modifying the bid multiplier). Consequently, a relatively larger noise scale is required to induce sig-
nificant exploration. We performed a grid search for σasn over the set {0.01, 0.05, 0.1, 0.5, 1.0}. We
observed that smaller scales had negligible impact on the bidding outcome, while larger scales led
to unstable performance. We selected σasn = 0.1 as the optimal configuration for both AuctionNet-
Dense and AuctionNet-Sparse.

D.2 PARAMETER SPACE NOISE (PSN)

PSN induces state-dependent exploration by perturbing the weights of the neural network during the
planning phase. This approach allows the agent to “imagine” diverse trajectories consistent with the
model’s internal uncertainty.

We introduce noise into the Diffusion U-Net during the inference-time planning process. Before
generating a trajectory, we inject Gaussian noise into the learnable parameters θ of the Temporal
U-Net:

θ̃ = θ + ϵpsn, where ϵpsn ∼ N (0, σ2
psn) (68)

Crucially, our implementation utilizes a transient injection mechanism: the noise is applied solely
for the current planning step’s reverse diffusion loop and is immediately removed (weights are re-
stored) afterwards. This ensures that the model parameters remain stable for subsequent evaluations,
isolating the exploration effect to the current decision. The noise is applied only to the trajectory
generation model (U-Net), leaving the Inverse Dynamics model untouched to preserve action exe-
cution precision.

Deep neural networks are highly sensitive to weight perturbations, as small changes are amplified
through multiple layers of non-linear transformations. Therefore, the scale for PSN must be signif-
icantly smaller than that of ASN. We tuned σpsn over the set {1 × 10−4, 5 × 10−4, 1 × 10−3, 5 ×
10−3, 1× 10−2}. Our experiments showed that σpsn > 10−2 caused trajectory collapse (e.g., gener-
ating invalid or negative budgets), rendering the planning infeasible. We selected σpsn = 1 × 10−3

for AuctionNet-Dense and σpsn = 5× 10−4 for AuctionNet-Sparse to balance exploration diversity
with trajectory validity.

Table 8: Summary of Baseline Implementation and Hyperparameters

Method Injection Target Noise Type Search Candidates (σ) Selected
ASN Final Action (α) Gaussian {0.01, 0.05,0.1, 0.5, 1.0} 0.1

PSN U-Net Weights (θ) Gaussian {1e-4,5e-4,1e-3, 5e-3, 1e-2} 1e-3 (Dense), 5e-4 (Sparse)
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