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Abstract

Prior diffusion auctions assume that forwarding auction information is costless, making full prop-
agation a dominant strategy. In networked markets and emerging multi-agent settings, however,
diffusion may consume time, attention, bandwidth, or social capital, so agents must decide which
neighbors are worth informing. We introduce the Learning Diffusion Mechanism (LDM), a re-
peated costly-diffusion extension of the Information Diffusion Mechanism (IDM). In each round,
agents observe private valuations, choose whom to inform, and receive their IDM payoff minus a
marginal cost per activated link. We show that truthful bidding remains weakly dominant under
additive diffusion costs, which reduces the strategic problem to learning diffusion decisions. We
then formulate the induced Bayesian diffusion game, establish existence of a stationary Bayes-
Nash equilibrium, and derive a natural model-free policy-gradient update. LDM highlights how
local propagation costs can shrink the realized auction network and provides a minimal framework
for studying learned information diffusion in strategic networked markets.

1. Introduction

Diffusion auctions study selling when participation is itself strategic [3, 12, 13, 23]. A seller directly
reaches only a small set of buyers in a social network; these buyers may invite their neighbors, who
may in turn invite others. Because inviting new buyers creates additional competition, agents may
withhold information unless the mechanism rewards diffusion. This setting captures networked
markets such as referrals, recruitment, online marketplaces, and advertising. The central design
goal is therefore twofold: elicit truthful values and incentivize agents to propagate the auction. The
Information Diffusion Mechanism (IDM) of Li et al. [13], building on ideas from network referral
mechanisms [3], achieves incentive compatibility and individual rationality in a costless diffusion
model by rewarding critical diffusion nodes on the path to the winner. Subsequent work has studied
revenue, privacy, and structural extensions of diffusion auctions [10, 12, 23].

We consider a more realistic setting in which diffusion is costly. Sharing information may consume
time, bandwidth, attention, or social capital, so full diffusion is no longer automatically optimal.
Instead, agents must decide which links are worth activating. We model this as a repeated selling
problem: in each round t, agents choose whom to inform, pay a marginal cost per activated neighbor,
and receive utility equal to their IDM reward minus diffusion cost. Thus, agents must learn diffusion
policies that balance the expected value of reaching high-value downstream buyers against the cost
of communication. This perspective turns diffusion auctions into a learning problem over strategic
networks. Unlike standard learning-based auction design, which typically assumes a fixed set of
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bidders [2, 11, 17], the participant set here is endogenous and depends on agents’ learned commu-
nication decisions. Beyond auctions, the same abstraction captures a basic challenge in emergent
multi-agent learning systems: agents must learn when to communicate, reveal information, update
shared state, or delegate under computational, privacy, or strategic costs. Examples include multi-
agent software engineering, collaborative memory construction, autonomous-mobility coordination,
and decentralized electricity-market agents [e.g., 5, 8, 21, 22]. To the best of our knowledge, exist-
ing work has not studied learning in network auctions with costly strategic diffusion, nor repeated
settings in which agents learn whom to diffuse information to over time; refer to Appendix A.

Contributions. We introduce the Learning Diffusion Mechanism (LDM), extending the one-shot
IDM to a repeated setting with costly diffusion. Our key contributions are: (i) we formalize a re-
peated selling environment where activating diffusion links incurs a marginal cost; (ii) we prove that
truthful bidding remains a weakly dominant strategy despite additive costs, crucially decoupling the
bidding strategy from the diffusion strategy; (iii) we characterize the induced Bayesian diffusion
game and establish the existence of a stationary Bayes-Nash equilibrium in mixed diffusion strate-
gies; and (iv) introduce a policy-gradient learning framework enabling agents to iteratively update
their diffusion propensities. This relies solely on realized net utilities, functioning independently of
complete network topology or the valuation distributions of other agents

2. Setting & Preliminaries

Consider a social network G = (N , E), where N = {1, . . . , n} is the set of buyer-agents and E
encodes neighborhood relations. For each agent i ∈ N , let ri = {j ∈ N | (i, j) ∈ E} , denote their
immediate neighbors. A seller s holds an item with a reserve price of zero. Each agent i has a private
value vi ≥ 0 for the item. An agent can participate only after receiving the auction information from
the seller or from another informed agent. Upon becoming informed, agent i chooses an action
ai = (bi,xi), where bi ∈ R+ is the reported valuation (bid) and xi = (xi,j)j∈ri ∈ {0, 1}|ri| is the
diffusion decision vector, with xi,j = 1 indicating that i informs neighbor j. The joint diffusion
profile x = (x1, . . . ,xn) induces a realized diffusion graph Gx ⊆ G and therefore a set of agents
reachable from the seller s. As a baseline, we use the costless one-shot Information Diffusion
Mechanism (IDM) of Li et al. [13]. Given bids and diffusion decisions (b,x), IDM allocates the
item to a winner w and assigns each agent a gross payoff uidmi (b,x). This payoff includes both
the winner’s allocation utility and any diffusion reward received by critical agents through whom
information must pass to reach the winner. The formal definition of critical diffusion sequences, the
IDM allocation rules, and the piecewise expression of uidmi (b,x) are deferred to Appendix B.

3. Learning Diffusion Mechanism (LDM): Repeated Game

We now extend the costless one-shot IDM baseline to a repeated selling environment with infor-
mation propagation costs. Time is discrete, t = 1, . . . , T . In each round, agents are given a new
valuation draw and choose both a bid and a diffusion action. Unlike the costless IDM, we introduce
an exogenous marginal propacation cost c > 0; each agent i pays cost c for every neighbor to whom
it sends the auction information. Proofs are deferred to Appendix C.
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At round t, agent i observes a private valuation vi(t) ≥ 0, independently drawn from an absolutely
continuous distribution Fi, with bounded support [0, vmax]. After informed agents simultaneously
submit actions ai(t) = (bi(t),xi(t)), the mechanism runs IDM on the realized diffusion graph Gx

and bids b(t). The realized net utility Ui(t) of agent i is additively separable:

Ui(t) = uidmi (b(t),x(t))− c
∑
j∈ri

xi,j(t) .

3.1. Strategy Space Reduction and Expected Utility

The marginal cost c > 0 breaks the dominant strategy of full diffusion. However, the additive
separability of Ui(t) allows for an analytical separation between bidding and diffusion strategies.

Proposition 1 (Truthful Bidding Persistence) Under IDM with propagation costs c > 0, truthful
bidding, (bi(t) = vi(t)), is a weakly dominant strategy for any xi(t).

By proposition 1, equilibrium analysis can be restricted to the diffusion phase. Let Xi = {0, 1}|ri|
denote agent i’s set of pure diffusion actions. Since the game features incomplete information, each
agent’s strategy maps their private (valuation) into a probability distribution over Xi.

Definition 2 (Mixed Strategies and Expected Utility) A behavioral strategy for agent i is a mea-
surable function σi : [0, vmax] → Σi = ∆(xi), where σi(xi|vi) denotes the probability that agent
i chooses pure diffusion action xi ∈ Xi = {0, 1}|ri| conditional on their realized valuation vi.
Given the joint strategy profile of all other agents σ−i, the expected net utility for agent i of type vi
choosing pure diffusion action xi is:

Ji(xi|vi, σ−i) = Ev−i∼F−i [Ui(vi,v−i,xi, σ−i(v−i))]

=

∫
v−i

∑
x−i∈X−i

[Ui(vi,v−i,xi, σ−i(v−i))]

∏
j ̸=i

σj(xj |vj)

 dF−i(v−i) . (Ji)

The expected utility (Ji) evaluates the payoff for agent i when pure diffusion action xi is played.
Because the game involves incomplete information, this expected value is computed by averaging
the unknown private valuations (v−i) and the mixed strategies (σ−i) of all other agents.

3.2. Equilibrium Analysis

To characterize the equilibrium, in the following, we define the best-response mapping.

Definition 3 (Best-Response Correspondence) The best-response mapping Bi : Σ−i → Σi assign
to each σ−i the set of behavioral strategies that maximize i’s utility for almost every vi ∈ [0, vmax]

Bi(σ−i) =

{
σi ∈ Σi | supp(σi(·|vi)) ⊆ argmax

xi∈Xi

Ji(xi|vi, σ−i), for a.e. vi

}
(Bi)

Having formally reduced the game to the diffusion decisions conditional on types (Proposition 1),
we now establish the existence of a stationary equilibrium for the network.
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Theorem 4 (Existence of Stationary Bayes-Nash Equilibrium) For any finite social network G =
(N , E) and cost c > 0, if each valuation distributions Fi is absolutely continuous with bounded sup-
port [0, vmax], then the LDM diffusion game admits at least one stationary Bayes-Nash Equilibrium
(BNE) in mixed diffusion strategies.

4. Model-Free Learning of Diffusion Policies

The equilibrum characterization above is generally non constructive. Computing Bi(σ−i) in Eq.
(Bi) requires knowledge of the network, other agents’ valuation distributions, and their diffusion
strategies. We therefore study a model-free learning rule in which agents update diffusion propen-
sities from realized payoffs. We frame the repeated diffusion game as a multi-agent reinforcement
learning (MARL) with independent policy-gradient learners. Let the diffusion policy of agent i be
parameterized by a vector θi, conditioned on the realized type vi(t). Let θi,j(vi(t)) represent the
propensity of agent i to activate the edge to neighbor j given their current valuation. The probability
of informing neighbor j is modeled via a sigmoid function:

Pi,j(t) = Pi,j(θi,j(vi(t))) =
1

1 + e−θi,j(vi(t))
.

Assuming the activation of each outgoing edge is conditionally independent given θi, the joint
probability of sampling the pure diffusion action xi(t) is:

πθi(xi(t)|vi(t)) =
∏
j∈ri

(Pi,j(t))
xi,j(t) (1− Pi,j(t))

1−xi,j(t) .

To maximize the expected net utility Ji(θi), agents utilize the REINFORCE algorithm [18, 20]. The
gradient of the objective function with respect to the policy parameters is:

∇θiJi(θi) = Eπθi
[∇θi log πθi(xi(t)|vi(t))Ui(t)] .

The approximated gradient for a specific edge propensity θi,j evaluates to:

∇θi,jJi(θi) ≈ Ui(t)
∂ log πθi(xi(t)|vi(t))

∂θi,j
.

Since
∂ log πθi
∂θi,j

= xi,j(t)−Pi,j(t), the stochastic gradient ascent with α ∈ (0, 1) learning rate is:

θi,j(t+ 1) = θi,j(t) + αUi(t)(xi,j(t)− Pi,j(t)) .

5. Discussion

LDM highlights a basic tension in networked markets: diffusion can increase allocative efficiency
and seller revenue, but the agents who bear the cost of propagation may not internalize these global
benefits. When diffusion is costly, agents rationally filter their outgoing links, so the realized auc-
tion network can be substantially smaller than the underlying social network. The framework also
suggests several natural extensions. Our policy conditions diffusion on the agent’s valuation, but not
on item features. Thus, if a typically low-value region of the network has high value for a particular
item, the learner may undersample paths to it. Conditioning diffusion policies on item representa-
tions is a direct extension. Another direction is to characterize optimal seller revenue under costly
learned diffusion, and to extend the model to multi-unit and combinatorial diffusion auctions [4, 14].
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Appendix A. Related Work

Diffusion and network-aware mechanism design. Classical auction theory studies strategic al-
location under incomplete information, typically taking the set of participating agents as fixed [15].
A complementary line of work considers mechanisms in which agents can affect participation itself
by forwarding information through a social network. Early work on multi-level marketing formal-
ized reward mechanisms for incentivizing propagation in networks [3]. Diffusion auctions bring
this idea into auction design: the seminal mechanism-design model of social-network auctions asks
buyers not only to report their values, but also to invite their neighbors, despite the fact that do-
ing so may create additional competition [13]. Subsequent work studies revenue objectives and
structural limitations in such settings, including optimal diffusion auctions [23], multi-unit exten-
sions [4], combinatorial diffusion auctions [14], privacy-preserving diffusion incentives [12], and
approximate revenue maximization for diffusion auctions [10].

Learning-based auction design. A separate line of work studies how to learn auctions from data,
usually in settings where the bidder set is exogenously fixed and there is no strategic diffusion deci-
sion. From a statistical perspective, Syrgkanis [19] studies sample complexity for learning optimal
auctions, while Guo et al. [7] considers robust learning of optimal auctions under corrupted samples.
Neural approaches model allocation and payment rules as differentiable functions and optimize rev-
enue subject to approximate incentive constraints: RegretNet [2] initiated this approach, and later
work improved the architecture and regret–revenue tradeoff using attention [11]. Other extensions
formulate auction learning as a two-player game with learned deviations [17], incorporate prefer-
ence and fairness constraints [16], use differentiable matching for richer allocation constraints [1],
and employ transformer architectures to solve equilibrium strategies across auction games [9].

Taken together, existing diffusion-auction work largely designs analytic mechanisms for networked
participation, while learning-based auction design largely assumes a fixed participant set; to the best
of our knowledge, prior work has not studied learning in network auctions where agents strategically
decide whether, and to whom, to diffuse information over repeated selling interactions, potentially
under diffusion costs.

Appendix B. Extended Preliminaries: Costless One-shot Information Diffusion
Mechanism

This appendix makes explicit the costless one-shot IDM primitives used as the baseline in Section 2.
In particular, we define participation, critical diffusion nodes, the IDM allocation rule, and the
resulting gross IDM payoff before any diffusion costs are introduced.

Participation and realized diffusion graph. Given a diffusion profile x, let Gx ⊆ G denote the
directed graph containing exactly the active information links. An agent j participates in the auction
if and only if there exists a directed path of active information links from the seller s to j in Gx.
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We denote the set of participating agents by

R(x) :=
{
j ∈ N : there exists an active directed path from s to j in Gx

}
.

Agents outside R(x) are uninformed and therefore do not submit bids.

Critical diffusion nodes. For a participating agent j ∈ R(x), another agent i is a critical diffusion
node (CDE) if every active path from the seller s to j passes through i. Let

di(x) :=
{
j ∈ R(x) : i is a critical diffusion node for j

}
denote the set of participating agents for whom i is a CDE. By convention, i ∈ di(x) whenever i
participates.

For any subset S ⊆ N , define
b∗−S(x) := max

j∈R(x)\S
bj ,

with the convention that the maximum is zero when the set is empty. Let

m ∈ argmax
j∈R(x)

bj

be the highest-bidding participating agent, with ties broken by a fixed deterministic rule.

Diffusion critical sequence. Let

Km(x) = (κ1, κ2, . . . , κL = m)

be the ordered sequence of critical diffusion nodes from the seller to the highest bidder m, ordered
by their position along the diffusion from s to m. Hence, for any index ℓ < L, node κℓ is a necessary
antecedent for κℓ+1; thus, every active path from the seller to the highest bidder must pass through
the sequence Km(x) in the prescribed order.

IDM allocation rule. The Information Diffusion Mechanism (IDM) allocates the item based on
a sequential threshold condition that rewards critical nodes for their role in expanding the market.
The winner w is identified as the first agent κℓ∗ in the critical sequence Km(x) whose reported bid
matches or exceeds the highest competing bid from agents outside the influence of the subsequent
node in the sequence. Formally, the winner is

w = κℓ⋆ , ℓ∗ = min
{
{ℓ ∈ {1, . . . , L− 1} | bκℓ

≥ b∗−dκℓ+1
(x)} ∪ L

}
. (1)

The mechanism evaluates each critical node κℓ (for ℓ < L) against the best alternative bid available
outside the set of agents who depend on the next critical node κℓ+1 to participate. If no such ℓ < L
satisfies the condition, the item is naturally allocated to the highest bidder, κL = m, as denoted with
the ∪ notation above.
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Definition 5 (Gross IDM payoff) Given bids and diffusion decisions (b,x), the gross payoff uidmi (b,x),
for agent i with true valuation vi, is defined as follows:

• Winner. If i is the winner (i = w): The agent receives the item and pays the highest bid
among agents, independent of w:

uidmi = vi − b∗−di(x)
.

• On path critical diffusion node. If i is an on-path buyer (i ∈ Kw(x) \ {w}), then i does not
receive the item but is rewarded the marginal contribution of its diffusion to the attainable
competing bid:

uidmi = b∗−di+1(x)
− b∗−di(x)

.

• All other agents. If agent i is neither the winner nor an on-path critical diffusion node, then:

uidmi = 0 .

Appendix C. Technical Appendix

C.1. Proof of Proposition 1

Proof [Proof of Proposition 1] The agent’s net utility Ui(t) is additively separable into the gross
payoff uidmi and the total propagation cost c

∑
j∈ri

xi,j . The cost component is strictly a function of

the diffusion decision xi(t) and is entirely independent of the chosen bid bi(t). By the Incentive
Compatibility (IC) of the baseline IDM, the gross payoff uidmi is globally maximized by setting
bi(t) = vi(t) for any arbitrary realized subgraph of participants. Since the bid does not influence
the cost term, bi(t) = vi(t) maximizes the total net utility Ui(t). Therefore, truthful bidding strictly
dominates other bidding strategies.

C.2. Proof of Theorem 4

Proof [Proof of Theorem 4] By Proposition 1, the stage game is analytically equivalent to a Bayesian
game where each agent i observes a continuous private type vi ∈ [0, vmax] and subsequently selects
an action from a finite discrete set xi = {0, 1}|ri|.

Due to the absolute continuity of F , the probability of tied valuations is zero, ensuring that Ui is
continuous almost everywhere. By applying the framework of distributional strategies ([15]), the
strategy space is rendered weak-* compact and convex. Since Ji is continuous and linear in σi,
Glicksberg’s Fixed-Point Theorem [6], a generalized Kakutani Fixed-Point Theorem, guarantees
the existence of a fixed point σ∗ ∈ B(σ∗). This fixed point constitutes a stationary Bayes-Nash
Equilibrium of the game.
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