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ABSTRACT

This paper introduces TEDI (Truthful, Expressive, and Dimension-
Insensitive approach), the first discretization-free algorithm to learn
truthful mechanisms. Existing learning-based algorithms rely on
discretization of outcome spaces to ensure truthfulness, which suf-
fers from inefficiency as problem size increases. To address this
limitation, we formalize the concept of pricing rules, defined as func-
tions that map outcomes to prices. We then parameterize pricing
rules using Partial GroupMax Network, a novel network architec-
ture designed to universally approximate partial convex functions.
To enable optimization, we develop two training techniques: co-
variance trick and continuous sampling, to derive unbiased gradi-
ent estimators compatible with first-order optimization. Together,
these design choices ensure the truthfulness, expressiveness and
dimension-insensitivity of TEDI, and our experiments show that it
consistently outperforms state-of-the-art methods in medium-to-
large scale problems. !
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1 INTRODUCTION

Mechanism design is a crucial topic with broad applications in
multi-agent systems and microeconomics. It examines how one

1Full version and codes can be found at Ma et al. [33].
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mechanism designer can incentivize participants truthfully report-
ing their private information, while achieving better resources
allocations. Mechanism design problems have been widely stud-
ied in variable contexts, including multiple goods monopolists
[11, 21, 34, 39, 52], digital goods auctions [8, 22, 23], mechanism
design for LLMs [16, 45, 46] and many other applications.

Meanwhile, differentiable economics—a technical paradigm de-
veloped recently [10, 19, 32, 49]—employs differentiable functions
(e.g., neural networks) and gradient-based optimization to represent
and to learn economic solutions. Within this framework, notable
progress has been made in various mechanism design problems,
including unit-supply auctions [9, 19, 47, 50], facility location [24],
social choice [38], and stable matching [41].

However, all existing approaches guaranteeing truthfulness of
learned mechanisms (e.g., MenuNet [44], Lottery-AMA [9], GemNet
[50], OD-VVCA [15]) are typically discretization-based, leading
inefficiency as the problem size (e.g., number of goods) increases, a
phenomenon often termed the “curse of dimensionality” [3, 4].

Example 1.1 (Curse of Dimensionality). Consider that a seller
wants to sell m goods to one buyer. The valuation of buyer is additive

among goods, and her value for good i is vitiBernoulli(p =0.5)%
It’s straight-forward that selling each good with price p; = 1,i € [m]
can maximize the revenue of seller.

Conventional approaches discretize the outcome space ([0, 1]™)
withK candidates {x1, ..., xx} C [0, 1]™ and prices to each candidates,
{p1,..-px}. The j’th element in k’th candidate, xy;, represents the
probability to trade good j. There are 2™ deterministic outcomes
({(a1, ....am) = a; = 0 or1}) in this problem, and all outcomes are
indispensable to recover the optimal mechanism. Yet the optimal
mechanism itself has a precise description, which can be poly(m).

Example 1.1 motivates our novel concept of pricing rules, as
illustrated in Definition 1.2.

Definition 1.2 (Pricing Rule (Informal)). A pricing rule is a func-
tion f : X — R that assigns a price to each possible outcome. If
the buyer selects the outcome x € X, then she shall pay f(x).

Example 1.3. Let X = [0, 1]™ be the outcome space in Example 1.1.
Given the pricing rule f, the rational buyer with valuationv € R™

2A Bernoulli random variable with p = 0.5 can be 0 or 1 with equal probability.
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