
Optimal Mechanism Design via Latent Compression
Multi-Item Auctions Beyond the Computational Barrier

The allocation rule of an optimal auction has a Latent; grade decomposition makes multi-item,
multi-bidder mechanism design tractable.

Tamás Nagy, Ph.D.

tamas.nagy@thelatent.space

Draft • April 2026

Executive Summary (Non-Technical)
How do you sell 10 items to 50 bidders and maximize revenue? Roger Myerson solved this for
1 item in 1981 (Nobel Prize, 2007). For 2 items and 2 bidders, it took until 2012 (Daskalakis,
Deckelbaum & Tzamos). For 10 items and 50 bidders, nobody knows the answer. The
problem is that the optimal auction design — the rule that says who gets what and pays how much

— is a function of ALL bids simultaneously. With 50 bidders and 10 items each, this function lives
in a 500-dimensional space.

This paper shows that the allocation rule of an optimal auction has a Latent — a compressed,
finite description organized by interaction order. Grade 1 captures how each bidder’s allocation
depends on their own bid. Grade 2 captures how pairs of bidders compete for the same items.
Grade 3 captures three-way crowding effects. The Interaction Decay Theorem says: if bidder
valuations are drawn from smooth distributions, the higher-order effects decay exponentially. The
optimal auction is dominated by pairwise competition.

This is not just a computational trick. It reveals a structural insight about auctions: the
optimal mechanism’s complexity is controlled by a single number 𝜌 — the smoothness of the value
distribution. Smooth distributions make simple auctions near-optimal. Bidder heterogene-
ity, correlation, and complementarities all reduce 𝜌, and the phase transition at 𝜌 = 1 marks the
boundary where simple mechanisms fail.

The paper also introduces a new design principle: mechanism design for compressibility. In-
stead of finding the revenue-maximizing mechanism in the full space, find the mechanism that
simultaneously maximizes revenue AND maximizes 𝜌 — making the resulting game as computa-
tionally tractable as possible. This is an inverse problem: design the game to be easy.

Abstract
We apply the Latent framework to multi-item, multi-bidder mechanism design. The allocation rule
𝑥(𝑣1, … , 𝑣𝑁) ∶ 𝑉 𝑁 → [0, 1]𝑁𝑀 for 𝑁 bidders and 𝑀 items is a function on the 𝑁𝑀 -dimensional type
space. We prove that if bidder value distributions are 𝜌-analytic, the optimal allocation rule has a
Latent representation with 𝑅∗ = 𝑂(log(1/𝜀)/ log 𝜌) effective interaction grades, independent of 𝑁
and 𝑀 . We establish a Revenue Approximation Theorem: the revenue of the grade-𝑅∗ optimal
mechanism approximates the optimal revenue within 𝜀, with the grade-2 mechanism (pairwise

1



bidder competition only) achieving the majority of the revenue for smooth distributions. We
characterize the �-landscape of auction formats: posted prices (𝜌 = ∞), second-price auctions
(𝜌 large for independent values), discriminatory auctions (𝜌 moderate), and combinatorial auctions
with strong complementarities (𝜌 → 1). We introduce the mechanism compressibility design
problem: choose a mechanism that jointly maximizes revenue and 𝜌, producing auctions that
are simultaneously optimal and computationally tractable. We apply the framework to spectrum
auctions (𝑀 = 100+ licenses, 𝑁 = 10+ telecoms), ad auctions (𝑀 = 106+ slots per day), and
Treasury auctions (𝑀 = 1 item, 𝑁 = 50+ primary dealers, but complex bidder interaction through
the repo market).

1. Introduction
1.1 The Frontier of Mechanism Design
Myerson’s (1981) optimal auction theorem solves the single-item, 𝑁 -bidder problem completely:
allocate to the highest virtual value, charge the critical bid. The revenue-optimal mechanism is a
second-price auction with a reserve price.

For multiple items, the problem explodes: - 2 items, 1 bidder: solved by Manelli & Vincent
(2006). The optimal mechanism can involve bundling, even for independent values. - 2 items, 2
bidders: solved by Daskalakis, Deckelbaum & Tzamos (2013, 2017). Optimal mechanisms can be
exotic — deterministic, randomized, or mixed. - 𝑀 items, 𝑁 bidders for 𝑀, 𝑁 ≥ 3: open. No
general characterization exists.

The barrier is computational, not conceptual. The allocation rule 𝑥 ∶ ℝ𝑁𝑀 → [0, 1]𝑁𝑀 is a function
on a space of dimension 𝑁𝑀 . Optimizing over all incentive-compatible, individually rational
mechanisms in this space is a variational problem in 𝑁𝑀 dimensions.

1.2 What the Latent Brings
The allocation rule is a function on a high-dimensional product space — exactly the setting where
the Latent framework operates. The grade decomposition gives:

• Grade 0: constant allocation (lottery). Revenue-irrelevant.
• Grade 1: each bidder’s allocation depends only on their own type. This is the “posted price”

regime — no competition, no strategic interaction.
• Grade 2: allocation depends on pairwise competition. Bidder 𝑖’s allocation depends on

bidder 𝑖’s type and bidder 𝑗’s type, for each pair (𝑖, 𝑗).
• Grade 𝑟: irreducible 𝑟-bidder crowding effects.

The Interaction Decay Theorem: for smooth value distributions, grade-𝑟 effects decay as 𝜌−𝑟. The
optimal mechanism is approximately a grade-2 mechanism — pairwise competition is almost
all that matters.
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2. Setup
2.1 The Multi-Item Auction Problem
𝑁 bidders, 𝑀 items. Bidder 𝑖 has type 𝑣𝑖 ∈ 𝑉𝑖 ⊆ ℝ𝑀 (a value for each item, possibly with
complementarities). Types are drawn independently from distributions 𝐹𝑖 with densities 𝑓𝑖.

A mechanism (𝑥, 𝑝) consists of: - Allocation rule: 𝑥 ∶ 𝑉1 × ⋯ × 𝑉𝑁 → [0, 1]𝑁𝑀 , where 𝑥𝑖𝑚(𝑣) is
the probability that bidder 𝑖 gets item 𝑚. - Payment rule: 𝑝 ∶ 𝑉1 × ⋯ × 𝑉𝑁 → ℝ𝑁 , where 𝑝𝑖(𝑣) is
bidder 𝑖’s payment.

Subject to: - Incentive compatibility (IC): truth-telling is a Bayesian Nash equilibrium. -
Individual rationality (IR): expected payoff from truth-telling is non-negative. - Feasibility:
∑𝑖 𝑥𝑖𝑚(𝑣) ≤ 1 for all 𝑚 (each item goes to at most one bidder).

The designer maximizes expected revenue: Rev(𝑥, 𝑝) = ∑𝑖 𝔼[𝑝𝑖(𝑣)].
By the revenue equivalence principle, the payment rule is determined (up to a constant) by the
allocation rule. So the problem reduces to optimizing over allocation rules 𝑥.

2.2 The Latent of the Allocation Rule
Definition 2.1. The Latent of the allocation rule is:

Λ(𝑥) = ∑
𝑇 ⊆[𝑁]

𝑥𝑇 , 𝑥𝑇 ∈ ⨂
𝑖∈𝑇

𝐿2
0(𝑉𝑖)

where 𝑥𝑇 is the ANOVA component of 𝑥 depending on the types of bidders in 𝑇 .

The grade-𝑟 component captures how 𝑟-bidder type combinations affect allocation. By definition,
𝑥{𝑖}(𝑣𝑖) is the part of bidder 𝑖’s allocation that depends only on their own type (the “personalized
posted price” component). 𝑥{𝑖,𝑗}(𝑣𝑖, 𝑣𝑗) is the component arising from pairwise competition between
𝑖 and 𝑗.

3. The Revenue Approximation Theorem
3.1 Main Result
Theorem 3.1 (Revenue Approximation via Grade Truncation). Let (𝑥∗, 𝑝∗) be the revenue-
optimal mechanism for 𝑁 bidders with 𝜌-analytic value distributions. Let (𝑥(𝑅), 𝑝(𝑅)) be the revenue-
optimal mechanism within the class of grade-𝑅 allocation rules. Then:

Rev(𝑥∗, 𝑝∗) − Rev(𝑥(𝑅), 𝑝(𝑅)) ≤ 𝐶 ⋅ 𝑁2 ⋅ 𝜌−(𝑅+1)

In particular, the grade-2 mechanism captures at least 1 − 𝐶𝑁2𝜌−3 of the optimal revenue.

Proof sketch. The revenue functional is linear in the allocation rule (by Myerson’s lemma):
Rev(𝑥) = ∑𝑖 𝔼[𝜓𝑖(𝑣𝑖) ⋅ 𝑥𝑖(𝑣)] where 𝜓𝑖 is the virtual value. The contribution of the grade-𝑟 com-
ponent to revenue is ∑𝑖⟨𝜓𝑖, 𝑥(𝑟)

𝑖 ⟩, which is bounded by ‖𝜓𝑖‖ ⋅ ‖𝑥(𝑟)‖ ≤ 𝐶𝜌−𝑟 from the Interaction
Decay Theorem applied to the optimal 𝑥∗. □
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3.2 What Grade-2 Mechanisms Look Like
A grade-2 mechanism has an allocation rule of the form:

𝑥𝑖𝑚(𝑣) = 𝑎𝑖𝑚(𝑣𝑖) + ∑
𝑗≠𝑖

𝑏𝑖𝑗𝑚(𝑣𝑖, 𝑣𝑗)

where 𝑎𝑖𝑚 is the personalized component (depends only on 𝑖’s type) and 𝑏𝑖𝑗𝑚 is the pairwise
competition component (how 𝑖 and 𝑗 compete for item 𝑚).

For independent, identically distributed bidders, the optimal grade-2 mechanism is: - For each
item 𝑚, compare virtual values 𝜓(𝑣𝑖𝑚) and 𝜓(𝑣𝑗𝑚) for each pair. - Allocate to the winner of each
pairwise comparison with probability proportional to the number of pairwise wins.

This is closely related to the generalized second-price auction (GSP) used by Google and Meta
for ad auctions — suggesting that GSP is approximately optimal not by accident but because it
captures the dominant (grade-2) interaction structure.

4. The 𝜌-Landscape of Auction Formats
4.1 Posted Prices (𝜌 = ∞, Grade 1)
Each bidder faces a take-it-or-leave-it price. No interaction. 𝜌 = ∞ because the allocation depends
on each bidder independently. Revenue loss vs. optimal: the gap between posted prices and optimal
auctions.

The posted-price gap is large when bidder competition is intense (many bidders, few items). The
Latent framework quantifies this: the grade-1 component captures ∼ 1/𝑁 of the competitive value.

4.2 Second-Price / VCG (𝜌 Large, Grade 2)
The Vickrey-Clarke-Groves mechanism is grade 2 for single-item auctions: bidder 𝑖 wins if 𝑣𝑖 >
max𝑗≠𝑖 𝑣𝑗 and pays the second-highest bid. The allocation depends on pairwise comparisons.

For multi-item VCG: the allocation solves a welfare-maximization problem that couples all bidders,
but for independent values, the effective interaction is still dominantly pairwise. 𝜌 is determined
by the smoothness of the value distribution.

4.3 Combinatorial Auctions (𝜌 → 1)
When bidders have strong complementarities (the value of items 𝐴+𝐵 together exceeds 𝑣(𝐴)+𝑣(𝐵)),
the allocation depends on WHICH specific combination of bidders gets which specific bundle. This
creates high-order interactions. For super-additive valuations with many items, 𝜌 → 1: the auction
is fundamentally high-dimensional.

This is consistent with the known computational hardness: the combinatorial auction problem is
NP-hard in general (Lehmann, O’Callaghan & Shoham, 2002). The Latent Number 𝜌 provides a
continuous measure of “how combinatorial” an auction really is.
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4.4 Summary Table

Auction Format Grade 𝜌 Revenue Efficiency
Posted prices 1 ∞ Low (no competition)
Second-price (single
item)

2 Large (smooth 𝐹 ) Optimal for single
item

Generalized
second-price
(multi-slot)

2 Large (smooth 𝐹 ) Near-optimal

VCG (multi-item, ind.
values)

2–3 Moderate to large Good but not optimal

Revenue-optimal
(Myerson, single item)

2 Large (smooth 𝐹 ) Optimal

Revenue-optimal
(multi-item,
correlated)

2–𝑅∗ Depends on
correlation

Optimal

Combinatorial (strong
complements)

𝑁 → 1 Requires full
optimization

5. The Inverse Problem: Design for Compressibility
5.1 The New Question
Classical mechanism design asks: given a game, what is the optimal mechanism? The Latent
framework introduces a new question: can the mechanism designer choose a mechanism
that makes the resulting game compressible?

Formally, the designer chooses a mechanism (𝑥, 𝑝) that maximizes:

Rev(𝑥, 𝑝) + 𝜆 ⋅ 𝜌(𝐺(𝑥, 𝑝))

where 𝐺(𝑥, 𝑝) is the game induced by the mechanism, 𝜌(𝐺) is its Latent Number, and 𝜆 is a weight
on computational tractability.

5.2 Why This Matters
A spectrum auction for 100 licenses to 10 telecoms creates a game of dimension 10 × 100 = 1000.
The mechanism designer (the government) has enormous freedom in choosing the auction format.
Different formats induce different games with different 𝜌 values:

• Simultaneous ascending auction (current FCC format): creates complex strategic inter-
actions (exposure problem, demand reduction). 𝜌 is moderate.

• Combinatorial clock auction (used in some EU countries): allows package bids, reducing
strategic complexity for bidders but increasing computational complexity for the auctioneer.
𝜌 depends on bid structure.

• Posted prices per license (degenerate case): 𝜌 = ∞ but leaves money on the table.
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The Latent-optimal mechanism maximizes revenue subject to the resulting game having 𝜌 >
𝜌min (a compressibility floor). This ensures the mechanism is both revenue-efficient and computa-
tionally implementable.

5.3 Theoretical Structure
Theorem 5.1 (Compressibility-Revenue Trade-off). For 𝑁 bidders with 𝜌𝐹 -analytic value
distributions, the maximum revenue achievable by a grade-𝑅 mechanism satisfies:

Rev(𝑅) ≥ Rev∗ ⋅ (1 − 𝐶𝜌−(𝑅+1)
𝐹 )

The Pareto frontier of (revenue, compressibility) is parametrized by 𝑅:

• 𝑅 = 1 (posted prices): compressible but low revenue.
• 𝑅 = 2 (pairwise competition): near-optimal revenue, polynomial-time solvable.
• 𝑅 = 𝑁 (full mechanism): optimal revenue but exponential computation.

For 𝜌𝐹 ≫ 1, the knee of the curve is at 𝑅 = 2: nearly all the revenue is captured with polynomial
computation.

6. Applications
6.1 Ad Auctions
Google sells ∼ 109 ad slots per day. Each “auction” has 𝑁 ∼ 5–20 bidders and 𝑀 = 1 slot (or a few
slots on one page). The current mechanism (generalized second-price + quality score) is a grade-2
mechanism. The Latent framework confirms this is near-optimal for smooth bid distributions and
provides a principled way to add grade-3 corrections for bidders with complex bidding strategies.

6.2 Spectrum Auctions
𝑀 = 100+ licenses, 𝑁 = 10+ telecoms. The FCC’s simultaneous ascending auction creates a game
where bidders’ strategies interact at high grades (exposure to package risk). The Latent framework
suggests that a grade-2 mechanism (pairwise license competition) captures most of the revenue
while dramatically simplifying bidder strategy.

6.3 Treasury Auctions
𝑁 = 50+ primary dealers bid for government bonds. Single item (each auction), but bidders
interact through the repo market and inventory management. The effective 𝜌 depends on the
correlation structure of dealer positions. The Latent decomposition reveals whether the current
uniform-price format is near-optimal or whether there’s a significant revenue gap exploitable by
pairwise adjustments.
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7. Discussion
7.1 The Deeper Insight
The Latent framework reveals that mechanism design has a natural complexity hierarchy:

1. Simple mechanisms (posted prices, lottery) — grade 1, 𝑂(𝑁) computation.
2. Pairwise mechanisms (auctions, matching) — grade 2, 𝑂(𝑁2) computation.
3. Coalition mechanisms (combinatorial auctions) — grade 𝑟, 𝑂(𝑁𝑟) computation.
4. Full mechanisms — grade 𝑁 , 𝑂(2𝑁) computation.

For smooth environments (𝜌 ≫ 1), pairwise mechanisms capture almost all the value. This pro-
vides a formal justification for the empirical observation that simple auction formats (second-price,
ascending, GSP) perform well in practice despite being theoretically suboptimal.

The 𝜌 parameter unifies existing insights: - Bulow & Klemperer (1996): “auctions vs. negotiations”
— adding one more bidder (increasing competition at grade 2) is better than designing a complex
optimal mechanism (optimizing higher grades). - Wilson (1987): “game forms should not depend
on the details of agents’ knowledge” — this is a call for low-grade mechanisms that don’t require
high-order information.

7.2 Open Problems
Problem 1 (Correlated Values). When bidder values are correlated, the ANOVA decomposition
changes because the reference measure is no longer a product. Cremer & McLean (1985) showed
that correlated values allow full surplus extraction — this corresponds to a mechanism that exploits
all grades. How does 𝜌 interact with correlation?

Problem 2 (Dynamic Mechanisms). Many auctions are sequential (eBay, IPOs, sequential
spectrum sales). The Latent framework for dynamic games (companion paper, Nagy 2026d) extends
naturally, but the mechanism design inverse problem in the dynamic setting is much richer.

Problem 3 (Machine Learning for Mechanism Design). Dütting et al. (2019, RegretNet)
use neural networks to learn approximately optimal mechanisms. The Latent grade structure could
serve as an inductive bias: constrain the neural network to output grade-𝑅 mechanisms, reducing
the hypothesis space while preserving near-optimality.

During the preparation of this work the author used large language models in order to assist with
manuscript drafting, literature search, and coding assistance. After using these tools, the author
reviewed and edited the content as needed and takes full responsibility for the content of the published
article.
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