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ABSTRACT

Recent advances, such as RegretNet, ALGnet, RegretFormer, and
CITransNet, use deep learning to approximate optimal multi-item
auctions and measure their violation of incentive compatibility via
ex-post regret. However, the accuracy of these regret estimates
remains unclear. We show that existing methods systematically
underestimate actual regret due to hyperparameter sensitivity and
the non-convexity of the optimization landscape. In some models,
the true regret is found to be orders of magnitude larger than
reported, leading to overstated claims of IC and revenue. To address
this, we derive a theoretical lower bound on regret and introduce
an efficient item-wise regret approximation. Building on this, we
propose Item-wise Guided Gradient Refinement that substantially
improves regret estimation accuracy while reducing computational
cost. Our method provides a more reliable foundation for evaluating
incentive compatibility in deep learning-based auction mechanisms
and highlights the need to reassess prior performance claims in
this area.
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1 INTRODUCTION

Optimal auction design is a central problem in algorithmic game
theory with substantial practical relevance[4, 10]. While Myerson
[11] characterized the optimal auction for the single-item setting,
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the problem becomes substantially more complex for multiple dis-
tinct items. Despite extensive research [1-3, 8, 13, 19, 20], the exact
optimal mechanism remains unknown even for relatively simple
settings. Recent work has turned to deep learning-based approaches,
such as RegretNet [7], which parameterize auction mechanisms
using neural networks. These models relax the IC constraint and
quantify violations via ex-post regret, aiming to achieve higher
revenue than traditional methods [12] while keeping regret low.
And lots of work [5-7, 9, 14-18, 22] follows RegretNet.

However, a critical yet underexplored question remains regard-
ing whether these models accurately estimate incentive-compatibility
violations. From a theoretical perspective, computing a bidder’s opti-
mal ex-post regret requires searching over the entire combinatorial
valuation space, a task that suffers from the curse of dimensionality.
Existing models relying on gradient-based optimization are highly
sensitive to hyperparameters. Our empirical analysis reveals that
suboptimal configurations often lead to systematic underestimation
of regret.

To address the critical challenge of regret underestimation, we
develop a theoretically grounded and computationally efficient
evaluation framework. We first derive a mathematical lower bound
on the optimal regret and introduce Item-wise Regret as a novel
proxy metric. Building on this, we introduce an Item-wise Guided
Gradient Refinement strategy. Our method uses discrete item-wise
solutions to construct a structured set of initial points for gradient-
based optimization. This design bridges discrete grid search and
continuous optimization, substantially improving the optimizer’s
ability to converge to solutions closer to the global optimum. Our
framework not only improves regret estimation accuracy but also
achieves orders-of-magnitude efficiency gains compared to exhaus-
tive random search methods. The full paper can be seen in [21].

2 REGRET UNDERESTIMATION

We scrutinized the evaluation protocols of leading models, reveal-
ing a significant lack of consensus (e.g., initialization counts L range
from 1 to 1000). To test reliability, we cross-evaluated RegretNet,
ALGnet, and RegretFormer under swapped hyperparameter set-
tings.
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As shown in Table 1, default protocols systematically under-
estimate violations. Most notably, RegretFormer exhibits extreme
fragility: under ALGnet’s settings, its detected regret explodes by
28-fold (5.17 x 1073 — 144.02 x 10~%), suggesting its reported per-
formance relies on undetected violations. Furthermore, accurate
convergence is prohibitively expensive. In 5 X 10 settings, finding
the true global maximum requires 216.9 hours, while standard fast
checks (3 hours) underestimate violations by 35 times.

Table 1: Cross-evaluation of Regret (x107%) on 3 x 10

Hyperparameter Source

Model RegretNet ALGnet RegretFormer
RegretNet 1.62 0.40 1.55
ALGnet 4.78 1.56 3.89
RegretFormer 10.59 144.02 5.17

3 METHODOLOGY

To resolve the trade-off between accuracy and efficiency, we pro-
pose a framework combining theoretical bounds with guided opti-
mization.

3.1 Lower Bound and Item-wise Regret

Exact regret computation involves searching the joint valuation
space with complexity O(n - Q™). To bypass this, we decompose it.
We define Rgt; ; as the regret of bidder i restricted to item j.

THEOREM 3.1. For any bidder i, the ex-post regret is lower-bounded
by the maximum single-item regret: Rgt; > max ey Rgt; ;.

We further define Item-wise Regret as 3’ ;¢ Rgt; ;. This proxy
reduces computational complexity to O(n - Q - m) (linear in items).
While not a strict upper bound in pathological cases, it serves as
an efficient, high-quality heuristic for the true regret landscape.

3.2 Item-wise Guided Gradient Refinement

Standard gradient methods fail because random initializations strug-
gle to navigate the non-convex loss landscape. We propose a hy-
brid strategy that uses item-wise discrete solutions to construct a
structured initialization set B;p;; for the gradient optimizer. B;y;;
comprises five strategic components:

(1) Combinatorial Candidate (1): Aggregating optimal item-
wise misreports to capture basic multi-item synergies.

(2) Single-Item Candidates (m): Vectors optimizing for a sin-
gle item j while keeping other dimensions truthful, ensuring
local optima are covered.

(3) Perturbed Combinatorial (k): Adding Gaussian noise (o)
to the combinatorial candidate to explore its neighborhood.

(4) Perturbed Truthful (k): Adding Gaussian noise (o) to the
truthful profile to detect violations near truth-telling.

(5) Global Random (k): A safety buffer of uniform random
points.

This structured initialization bridges the gap between discrete grid
search and continuous optimization, guiding the optimizer toward
the global maximum with significantly fewer iterations than ran-
dom restarts.
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4 EXPERIMENTS

We evaluate our framework on ALGnet and re-examine SOTA mod-
els (RegretNet, ALGnet, RegretFormer) in n-bidder m-item additive
settings (v; ~ U[0,1]). We used strict noise settings for Regret-
Former (k = 80, 0 = 0.6) to navigate its complex landscape, while
others utilized deterministic priors (k = 0).

4.1 Validating on ALGnet

Table 2 compares our method against baselines. In small settings
(2 x 2) where exact optima are computable, our method matches
the ground truth (0.71 vs 0.72 X 1073) with negligible cost. In large
settings (5 X 10), converging to true regret via random restarts
requires 216.9 hours. Our method achieves comparable fidelity
(5.25 X 1073) in just 1.19 hours, delivering a ~ 200x speedup.

Table 2: Validation on ALGnet: Accuracy & Runtime

Setting Metric Regret (1073) Time (h)

Optimal (Ground Truth) 0.72 25.5
2x2 Original Report 0.71 0.85
Ours (Refined) 0.71 0.025
Near Optimal (Intensive) 5.24 216.9
5% 10  Original Report 2.48 9.2
Ours (Refined) 5.25 1.19

4.2 Re-evaluating SOTA Models

We applied our framework to re-evaluate leading models (Table
3). RegretNet demonstrates high robustness, with our estimates
matching reported values. ALGnet shows moderate underestima-
tion (~ 3% in 3 X 10). Most critically, RegretFormer exhibits cata-
strophic hidden violations. In the 3 X 10 setting, we detect a regret
of 365.80 x 1073, which is over 70 times higher than the reported
5.17. This suggests its high revenue claims are likely artifacts of
failing to satisfy incentive compatibility.

Table 3: Re-evaluation of Regret (x107°%)

Setting Model Reported Ours Revenue
RegretNet 1.62 1.62 5.54

3x10 ALGnet 1.56 4.73 5.55
RegretFormer 5.17 365.80 6.18

5 % 10 RegretNet 4.72 5.25 6.76
ALGnet 2.48 5.19 6.74

5 CONCLUSION

We demonstrated that standard evaluation protocols for deep auc-
tion mechanisms systematically underestimate regret, masking po-
tential incentive compatibility violations. We introduced an efficient
Item-wise Guided Gradient Refinement framework that provides
accurate regret estimates at a fraction of the computational cost of
random restarts. Our findings highlight the urgent need to reassess
performance claims in the field and offer a rigorous tool for future
mechanism design.
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