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Budget-Aware Cost-Efficient Edge AI Inference for

Data Streams via Blockchain-Empowered Auctions
Yining Zhang, Lei Jiao, Konglin Zhu, Yebo Feng, Lin Zhang, Jiahua Xu

AbstractÐTo achieve efficient edge AI inference, edge AI
service providers often acquire pre-trained models from the
model market. However, this process becomes complex due to
unknown bid and inference quality distributions, the strategic
behavior of self-interested providers, strict budgetary constraints,
and the single-point-of-failure risks inherent in centralized plat-
forms. To address all these challenges, we propose a blockchain-
empowered model auction mechanism that facilitates secure
and cost-efficient model procurement. Specifically, we design
a novel budget-aware auction-assisted dual-learning algorithm
framework, named AucLearn, which jointly optimizes model
auction and blockchain control decisions. AucLearn leverages
real-time performance feedback to minimize long-term total
cost while strictly adhering to both financial and computational
resource budgets. We further provide rigorous proofs of multiple
performance guarantees for AucLearn, including sub-linear
regret for both subproblems and the overall problem, sub-linear
fit for long-term capacity constraints, as well as truthfulness
and individual rationality in each auction. Extensive evaluations
driven by real-world traces demonstrate that AucLearn exhibits
significant advantages over multiple state-of-the-art solutions.

Index TermsÐEdge AI, Data Stream, Blockchain, Auction,
Online Optimization.

I. INTRODUCTION

Edge AI inference [1], [2] deploys machine learning models

on edge infrastructures to enable low-latency inference close

to end-users. Operating both infrastructures and services, edge

AI service providers can often source AI models either from

remote clouds, or through AI model marketplaces from exter-

nal model providers [3]±[5] who offer a variety of pre-trained

models, for agility, specialization, and cost-efficiency reasons.

This paradigm promises highly responsive AI services, yet
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Fig. 1: Blockchain-empowered model auction framework

faces two fundamental hurdles. First, edge AI inference of-

ten needs to tackle dynamic data streams. The content and

quantity of these streams typically follow unknown stochastic

distributions [6], leading to inherent uncertainties in inference

quality (e.g., accuracy). Second, model providers are self-

interested actors. Without effective incentive mechanisms,

their participation cannot be guaranteed, threatening the supply

of high-quality models. Therefore, a comprehensive solution

for edge AI inference must handle both the randomness of the

data and the incentives for the model provision.

To incentivize model providers to contribute their models,

a monetization mechanism is required. Some AI marketplaces

adopt direct pricing [7], [8], which can be inferior due to risk

of mispricing [9], lack of market efficiency, and inability to

adapt to real-time demand and supply. Auctions are well-suited

for addressing these disadvantages. In this paper, we advocate

an auction-based approach, and model providers act as bidders

from which edge AI service providers procure models for real-

time inference execution. However, designing an auction-based

mechanism to continuously operate and coordinate edge AI

to achieve cost-efficient and performance-guaranteed inference

over stochastic data streams is a complex task. We identify

three unique and fundamental challenges as follows.

Uncertainty in Model Performance: At each edge, edge

AI service providers lack prior knowledge of true model

performance on future data streams, observing only sample-

based feedback (e.g., post-inference loss) from stochastic ar-

rivals. Consequently, selecting the optimal model becomes an

inherent stochastic optimization problem that aims to minimize

expected loss and overhead without access to the underlying

data distributions. This necessitates dynamically balancing

the trade-off between exploiting the best model discovered

so far and exploring new models with unknown potential.

The fundamental challenge lies in the fact that the expected

performance is invisible and must be optimized solely based

on noisy, bandit-style sample observations, making theoretical

convergence guarantees difficult to achieve.

Strategic Behavior of Model Providers: In real-world
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scenarios, model providers are typically self-interested, often

misreporting costs strategically, with their bids following un-

known distributions. Furthermore, due to variations in training

data and resources, models from different providers exhibit

disparate inference performance. This creates a risk where ser-

vice providers may inadvertently select cheap but low-quality

models, undermining inference accuracy. Given the typically

constrained procurement budgets, model auctions become even

more challenging: it is essential to design a performance-aware

auction mechanism that is incentive-compatible, ensuring both

truthfulness and individual rationality in the face of unknown

bids distributions, while simultaneously learning to identify

cost-effective models with unknown quality distributions.

Resource Trade-offs in Decentralized Auctions: Edge

AI service providers and model providers often lack mutual

trust [10], and centralized auction platforms rely on central-

ized auctioneers, which introduce single-point-of-failure risks.

While decentralized mechanisms like blockchains mitigate

these trusts issues, they introduce significant resource trade-

offs. Specifically, maintaining a blockchain requires selecting

validator nodes to balance operational risks and operational

costs. However, each edge node typically possesses limited

computational capacity and selecting a specific node as the

validator may hinder its future usage. This intertwines with the

model auction decision-making process, as both the execution

of validators and model inference consume computational

resources in the shared edge computing environment.

Existing research is not adequate for addressing the afore-

mentioned challenges. The works in [11]±[16] focus on model

partitioning or offloading in static settings. They fail to account

for the stochastic nature of online data streams, rendering

them ineffective for dynamic model selection. The works

on incentives in cloud-edge systems [17]±[23] mainly adopt

direct pricing or game-theoretic approaches without establish-

ing incentive-compatible guarantees, and often ignore long-

term optimization under procurement budgets. Meanwhile,

blockchain system studies [20]±[23] often focus on data or

resource transactions, overlooking the characteristics of model

trading for edge AI. See Section VI for detailed discussions.

In this paper, we address all the aforementioned challenges

via a rigorous mathematical and algorithmic approach, accom-

panied by solid theoretical analysis. Fig. 1 illustrates our target

scenario. Our contributions are as follows:

First, we formulate a time-cumulative stochastic optimiza-

tion problem to jointly minimize the expected inference loss

over dynamic data streams, blockchain operational risks, and

costs, while enforcing long-term auction budget and computa-

tional capacity constraints. Our formulation controls winning-

bid selection, payments to bids in each auction, and validator

selection in an online manner, capturing arbitrarily unknown

stochastic distributions of data samples, arrivals, and bidding

costs. We prove that this problem is a non-linear mixed-integer

programming problem and is NP-hard.

Second, we propose AucLearn, a novel polynomial-time

framework based on auction-assisted dual learning. To ad-

dress the distinct characteristics of the coupled long-term

constraints, AucLearn decouples the original problem into

two interdependent subproblems. For the budget-constrained

model auction, we design a budget-aware bandit mechanism

that integrates auction dynamics with exploration-exploitation

trade-offs. By estimating inference performance and bidding

costs in an unbiased manner, it adaptively selects the most

cost-effective model to maximize budget utilization. It further

incorporates payments based on Myerson’s theorem to guaran-

tee the economic properties. For the capacity-constrained val-

idator selection, we develop an online learning algorithm [24],

[25] based on Online Convex Optimization (OCO) with time-

varying long-term constraints. Leveraging a convex-concave

reformulation and rectified online primal-dual steps, it de-

composes the problem into sequential one-shot optimizations,

balancing operational risk and cost without future knowledge.

A randomized rounding algorithm is further applied to convert

fractional control decisions into integers without violating any

constraints. Notably, AucLearn establishes the first unified

framework combining OCO, bandit learning, and auction

theory, making it broadly applicable to similar scenarios.

Third, we perform rigorous theoretical analysis for our

proposed algorithms. For the model auction, we prove sub-

linear regret [26], ensuring that the performance gap against

the hindsight optimum grows sub-linearly. We further establish

expected truthfulness and individual rationality, guaranteeing

that participants have no incentive to misreport costs and

incur no losses. For validator selection, we derive sub-linear

bounds on both regret and fit [27], implying that time-averaged

cumulative deviation from the cost of the sequence of instanta-

neous optimizations and long-term constraint violations vanish

asymptotically. Finally, by constructing auxiliary intermediate

terms, we extend these results to derive global regret bounds

for the overall joint optimization system.

Fourth, we conduct experiments using inference data from

MNIST, CIFAR-10, and CIFAR-100 [28], [29], deploying up

to 400 edge nodes under realistic settings [5], [30]±[35] based

on London Underground user workloads [36], and utilizing

diverse DNN models [37]±[40]. Our evaluations reveal the fol-

lowing results: (i) Compared to nine combinations of different

model auction methods (AUCB [41], CMABA [42], and the

ε-first [43]) and validator selection methods (Greedy,

Lyapunov [44], and OGD [45]), AucLearn reduces the cu-

mulative total cost on average by 17% ∼ 59%; (ii) AucLearn

outperforms all online approaches under comparison with

an accuracy gain of 0.06%-4.62%; (iii) AucLearn incurs

the lowest regret and nearly the lowest fit; (iv) AucLearn

achieves truthfulness and individual rationality in expectation,

while ensuring the selection of the most cost-effective model;

(v) AucLearn demonstrates good scalability as the total

number of edge nodes or other parameter settings varies.

II. MODEL AND PROBLEM FORMULATION

A. System Modeling

Edge Infrastructure: We consider an edge network con-

sisting of a set of distributed and heterogeneous edge nodes,

denoted by I = {1, . . . , I}. Each edge node represents a

micro data center or server cluster co-located with a cellular

base station or WiFi access point in close proximity to end

users, who typically access the edge via wireless connections.
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We assume the nodes are operated by different edge AI

service providers who may lack mutual trust. Each edge node

i ∈ I is characterized by a limited computational capacity

Ci, measured in Floating Point Operations (FLOPs) [46]. The

entire system operates over the time slots T = {1, . . . , T}.
Stochastic Data Streams: Without loss of generality, data

samples from users are considered to be drawn from an

unknown time-invariant stochastic distribution D [47], [48].

Specifically, we denote a sample as (a, b) ∼ D , where a
represents the feature and b denotes the ground-truth label.

Consequently, the data stream arriving at each edge constitutes

an Independent and Identically Distributed (IID) stochastic

process. We further assume that the number of data samples

arriving at edge i, denoted by Mi, follows another unknown

time-invariant stochastic distribution.

Machine Learning Models: To process these data streams,

edge nodes procure models from a set of model providers

N = {1, . . . , N} via the blockchain-empowered auction. We

assume each provider offers a single model; providers with

multiple models are treated as multiple ªvirtualº providers.

Each model n is characterized by a computational workload

αn, e.g., FLOPs required for one inference; the computational

latency incurred by edge node i to perform inference on

a single data sample using model n is denoted by vi,n.

Crucially, vi,n is unknown a priori and observable only after

deployment. Functionally, model n is defined by a prediction

function hn : X → Y . hn is model-agnostic and can be

instantiated by any pre-trained classification or regression

model (e.g., deep neural networks such as CNNs, MobileNet,

ResNet, and DenseNet; see Table I in Section V). Then

we quantify the model’s performance using the squared loss

ℓn(a, b) = (hn(a)− b)
2
. Since (a, b) ∼ D , the inference loss

ℓn also follows some distribution Dn. Accordingly, for a batch

of arriving data Mi, the average inference loss is calculated

as Li,n = 1
Mi

∑Mi

υ=1 (hn (aυ)− bυ)
2
, where both Mi and the

samples {aυ, bυ} are random variables.

Blockchain-Empowered Model Auction: To facilitate se-

cure and efficient decentralized model trading in edge AI,

we design a blockchain-based auction mechanism comprising

four core components: (i) Blockchain: A private ledger jointly

maintained by edge nodes to record transactions immutably.

This enhances resilience against single-point failures and at-

tacks while mitigating data leakage and inefficiencies in public

chains. (ii) Smart Contract: This component automates the

auction logic, including bid collection, winner determination,

and payment settlement, thereby eliminating reliance on a

trusted third-party auctioneer. (iii) Model Providers: These

entities participate as bidders, offering trained models by

submitting model specifications and bidding costs. (iv) Edge

Nodes: Edge nodes participate as buyers, which purchase

selected models for local inference and make payments via

smart contracts. A dynamic subset of these nodes also serve

as validators, responsible for consensus participation, smart

contract execution, and verification of auction outcomes.

At each t, the auction is subject to a remaining auction

budget Bt. Bt is initialized as B0 = B and updated as Bt =
Bt−1 −

∑
i

∑
n∈Φt

i
pti,n after each round, where Φt

i denotes

the set of winning models selected for edge node i at slot t.

Fig. 2: System workflow in a single time slot

It governs whether subsequent auction rounds are admissible

until the budget B is exhausted. The auction proceeds in four

steps, as illustrated in Fig. 2:

• Step 1: Each model provider n submits a transaction to

the smart contract containing the model specification (i.e.,

metadata such as architecture descriptor and version) and

a set of bids {ct1,n, . . . , c
t
I,n}. cti,n denotes the specific

price for selling the model to edge node i, drawn from an

unknown IID distribution. Each provider offers a unique

model, and cti,n targets a specific buyer i.
• Step 2: The submitted transactions are broadcast to the

network. Upon reaching consensus, validators execute the

smart contract to determine winners and compute pay-

ments pti,n. The finalized auction results are immutably

recorded on-chain and notified to participants.

• Step 3: Each edge node downloads the corresponding

models from the winning providers’ facilities and deploys

them for local inference.

• Step 4: Edge nodes submit payment transactions. Once

confirmed by the validators, the smart contract auto-

matically transfers pti,n to the winning providers and

updates the remaining budget. The system enforces that

no procurement occurs if the budget is depleted.

Note that Step 4 can be placed before Step 3 depending on

the mutual agreement reached between the model providers

and the edge AI service providers; our framework is compat-

ible with either ordering.

Blockchain Consensus: Unlike Proof-of-Work systems that

consume excessive energy, we adopt a lightweight voting-

based consensus protocol inspired by the XRP Ledger [49].

Consensus Process Overview: In each consensus round,

each validator collects pending transactions and proposes a

candidate set. Validators engage in multi-round voting, ex-

changing proposals and refining their views of acceptable

transactions. Once a transaction achieves supermajority agree-

ment among the current validators, it is included in the consen-

sus set. Validators then deterministically execute the agreed-

upon transactions in a fixed order to produce the new state

of the blockchain, which is broadcast to the entire network to

ensure consistency. Let et denote the computational resource

consumed by each validator during consensus at time t.
Dynamic Validator Selection: To mitigate targeted attacks

and enhance decentralization, our framework adopts dynamic

validator selection. The validator set is updated at the end of

each t via a smart contract, based on a predefined selection

mechanism, and becomes responsible for consensus at t + 1.
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Fig. 3: Risk function under different parameters

This ensures that at least D ≥ 1 edge nodes are selected as

validators using the online algorithm in Section III-C, where D
is set by the system’s operational needs. However, configuring

edge node i as a validator incurs an operational cost dti (e.g.,

computation overhead). This creates a fundamental trade-off:

increasing the number of validators enhances resilience but

escalates the system’s operational expenditure.

Operational Risk Modeling: To quantify blockchain reli-

ability, we model the consensus success probability using a

sigmoid approach [50], [51]. Specifically, let x ∈ [0, 1] denote

the fraction of faulty resources. The probability of success is

given by F1(x) =
1

1+ek(x−d0) , where d0 ∈ R is the threshold

and k > 0 controls the sensitivity. To facilitate the design of

an efficient online algorithm, we transform this into a convex

risk function: F(x) = 1
F1(x)

− 1 = ek(x−d0). As illustrated

in Fig. 3, F(x) grows exponentially when x exceeds d0, and

the rate of increase is determined by k. Based on this risk

function, the system’s operational risk at time t is defined as:

F
(

At

Ct
total

δ

)
= exp

(
k
(

At

Ct
total

δ
− d0

))
, (1)

where At represents the magnitude of faulty/attacked re-

sources, which is unpredictable at t − 1. Ct
total denotes the

total operational cost of the active validators, and δ is the

conversion factor mapping operational cost to computational

resources. This convex risk metric (1) allows the system to

balance the cost of activating validators against the risk.

Machine Learning Inference: Following the auction, the

machine learning inference workflow on each edge node i at

time slot t proceeds as follows:

• Step 1: Based on the auction outcome, edge node i
deploys K winning models, which can be represented

as n ∈ Kt
i = {1, . . . ,K} , ∀i.

• Step 2: M t
i data samples arrive sequentially, where M t

i

drawn from the random variable Mi. The model deploy-

ment is performed once at the start of slot t, and the

same set Kt
i serves all M t

i samples arriving within the

slot. Then, repeat the following Steps 2.1∼2.3 for each

m ∈ {1, . . . ,M t
i }:

± Step 2.1: The edge receives the input feature am.

± Step 2.2: The edge executes inference using all

deployed models in Kt
i to obtain a set of predicted

labels {hn(am)}n∈Kt
i
.

± Step 2.3: The edge obtains the ground-truth label bm.

• Step 3: The edge then evaluates the incurred loss

for each selected model n ∈ Kt
i , Lt

i,n =
1

Mt
i

∑Mt
i

mi=1 (hni
(ami

)− bmi
)
2

as a sample of the ran-

dom variable Li,n. Additionally, if the computational

Fig. 4: Illustration of time slot flows

latency vi,n for a model n was previously unknown, it is

measured and recorded at this stage.

• Step 4: The system records both Lt
i,n and vi,n for all

n ∈ Ki. These observations are used to update the

historical statistics, which provide necessary information

for making auction decisions in the next time slot t+ 1.

Control Decisions: At each time slot t, the system dy-

namically optimizes the following set of control variables:

Let xt
i,n ∈ {0, 1} be a binary variable indicating whether

model provider n’s bid for edge i wins the auction. Let

yti ∈ {0, 1} be a binary variable indicating whether edge i is

activated as a validator for the consensus process. Let pti,n ≥ 0
denote the payment amount made to model provider n from

edge node i. For brevity, we denote the system-wide decision

vectors at time t as xt ≜ {xt
i,n}i∈I,n∈N , yt ≜ {yti}i∈I , and

pt ≜ {pti,n}i∈I,n∈N .

System Total Cost: The total cost incurred by the edge

system at time slot t is composed of three key components: (i)

The operational risk of the blockchain system, as formalized

in (1). Here, we explicitly express the total operational cost as

Ct
total =

∑
i y

t
id

t
i by incorporating the decision variable yt; (ii)

The operational cost for keeping the selected validators active,

quantified as
∑

i y
t
id

t
i; (iii) The inference cost, which aggre-

gates the expected inference loss over the data distribution D

and the inference latency for a single data sample vi,n, aver-

aged over the K models: 1
K

∑
i

∑
n x

t
i,n(Eℓn∼Dn

[ℓn] + vi,n).
Note that the total cost we defined does not include payments,

as we have placed payments in the constraint, which needs to

be carefully determined to satisfy economic properties.

B. Problem Formulation and Algorithmic Challenges

Total Cost Minimization: We formulate the total cost

minimization problem P0 as follows. Note that P0 is a

stochastic non-linear mixed-integer programming problem and

is provably NP-hard.

P0 : min
∑

t≤τB
{F

(
At

∑
i y

t
i
dt
i
δ

)
+
∑

i y
t
id

t
i

+ 1
K

∑
i

∑
n x

t
i,n(Eℓn∼Dn

[ℓn] + vi,n)} (2)

s.t.
∑

n x
t
i,n = K, ∀i ∈ I, ∀t ≤ τB , (2a)

∑
i y

t
i ≥ D, ∀t ≤ τB , (2b)∑

t≤τB

∑
n x

t
i,nαnM

t
i +

∑
t≤τB

ytie
t ≤ Ci, ∀i ∈ I,

(2c)

τB = maxτ

{
τ |
∑

t≤τ

∑
i

∑
n p

t
i,n ≤ B

}
, (2d)

var. xt
i,n, y

t
i ∈ {0, 1} , p

t
i,n ≥ 0, ∀i ∈ I, ∀n ∈ N , ∀t ≤ τB .

The objective (2) minimizes the total cost over time. Due to the

different dimensionalities, each term in our objective function

(2) is preceded by a weight (e.g., α1, α2, . . .). However,

for the sake of brevity, we do not explicitly present the

weight values. Constraint (2a) ensures that each edge hosts K
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models at each time slot. Constraint (2b) ensures the minimum

number of validators for blockchain. Constraint (2c) ensures

the long-term computational capacity of each edge. Constraint

(2d) captures the definition of the auxiliary variable τB . The

domains for the decision variables are specified finally. As

illustrated in Fig. 4, the variable τB represents the ªstopping

timeº, and the optimization objective considers the time scope

of t ≤ τB , where τB ≤ |T |, rather than over the entire time

scope of t ≤ |T |, with T denoting the set of all possible time

slots.

Algorithmic Goal: We aim to develop an online algorithmic

framework for problem P0, producing a solution of the form

{{x̄t
i,n, p̄

t
i,n, ∀i, ∀n}, {ȳ

t
i , ∀i}, ∀t}, which guarantees a regret

bound of P({x̄t
i,n, ȳ

t
i}

τB
t=1)− P

∗ ≤ Ω, where P is the objec-

tive of P0, P∗ is the optimal cumulative cost, and the regret

bound Ω scales sub-linearly with the time horizon τB .

Algorithmic Challenges: 1 Since Dn is unknown, the

associated expectation cannot be computed directly. Moreover,

at each t, we do not observe direct samples drawn from ln
itself, but rather from Li,n for each i, which involves another

random variable Mi. Optimizing the expectation of ln based

on observations from Li,n is non-trivial. 2 The long-term

constraint of computational capacity needs to be considered

carefully. Determining xt and yt at t affects not only the

cost at t but also the determination of decisions for future t,
in order to satisfy this constraint. 3 The auction budget B
is related to the algorithm’s stopping time τB ; thus, it needs

to be allocated carefully. Misallocation of B may cause early

depletion, leading to degraded real-time inference performance

or interruptions in future model auction. 4 Our problem is

nonlinear and NP-hard by Theorem 1. As the inputs gradually

reveal themselves, solving the NP-hard problem becomes

increasingly challenging, especially considering the non-linear

objective function with two competing components. 5 De-

signing a payment mechanism that ensures truthfulness and

individual rationality is challenging. Standard auction theories

are often inapplicable due to the stochastic bid distributions

and strict budget constraints in our framework.

Theorem 1 The problem P0 is NP-hard.

Proof. We show that P0 contains the classic 0/1 knapsack

problem, which is NP-hard, as a special case. Consider the

entire time horizon that consists of only one time slot t, where

the variables yt are fixed and the risk term is ignored. The

problem then reduces to selecting a subset of models xt to

optimize the inference cost subject to the resource constraint

(2c). This subproblem is equivalent to the knapsack problem:

the resource consumption αnM
t
i corresponds to the ªweightº

of an item, the capacity Ci corresponds to the knapsack’s limit,

and the decision variable xt
i,n represents the item selection. □

III. ONLINE ALGORITHM DESIGN

To address the challenges 1 ± 5 , we propose a decompo-

sition framework that decouples P0 into two interdependent

subproblems, each handling a specific constraint type. We

then design tailored polynomial-time online algorithms for

each subproblem, and in the next section derive the rigorous

performance guarantees provided by this framework.

Fig. 5: Structure of AucLearn

A. Algorithm Overview with Problem Decomposition

Algorithm 1 outlines the AucLearn framework, also illus-

trated in Fig. 5. In the initialization phase, each edge selects

all models once to estimate parameters βt
i,n, r̄ti,n, and c̄ti,n,

with payments set to cmax. In Lines 2±9, we iteratively invoke

Algorithm 2 through 4 until the global auction budget B is

exhausted. Functionally, Algorithm 2 orchestrates the model

auction process and governs the stopping time τB , whereas

Algorithms 3 and 4 collectively manage validator selection

subject to long-term computational capacity constraints.

To effectively tackle the distinct long-term constraints, we

structurally decompose the original problem P0 into two

tractable subproblems, P1 and P2:

Subproblem P1: Problem P1 is formulated as:

P1 : min 1
K

∑
t≤τB

∑
i

∑
n x

t
i,n(Eℓn∼Dn

[ℓn] + vi,n) (3)

s.t.
∑

n x
t
i,n = K, ∀i ∈ I, ∀t ≤ τB (3a)

τB = maxτ

{
τ |
∑

t≤τ

∑
i

∑
n p

t
i,n ≤ B

}
, (3b)

var. xt
i,n ∈ {0, 1} , ∀i ∈ I, ∀n ∈ N , ∀t ≤ τB .

P1 involves the control variables {xt
i,n, p

t
i,n∀i, ∀n, ∀t} and the

long-term auction budget constraint, which directly determines

the stopping time of the system.

Subproblem P2: For problem P2, we introduce addi-

tional notations to facilitate the algorithm design presented

later. We denote f t(yt) = F
(

At
∑

i y
t
i
dt
i
δ

)
+

∑
i y

t
id

t
i; gti =∑

n x̄
t
i,nαnM

t
i + ytie

t − Ci, ∀i, g
t(yt) = [gt1, . . . , g

t
I ]; where

the values {x̄t
i,n, ∀i, ∀n} are solved from P1 at t; and ht(yt) =

D −
∑

i y
t
i . Then we have

P2 : min
∑

t≤τB
f t(yt), (4)

s.t. ht(yt) ≤ 0, (4a)
∑

t≤τB
gt(yt) ⪯ 0, (4b)

var. yt ∈ X = {yt|yti ∈ {0, 1} , ∀i ∈ I, ∀t ≤ τB}.

P2 involves the control variables {yti , ∀i, ∀t} and the com-

putational capacity constraint (4b), which takes {x̄t
i,n, ∀i, ∀n}

as the input at each t. The long-term computational capacity

constraint is time-varying and is often only observable as

gt(·) after executing the decision yt. Leveraging the distinct

nature of the two long-term constraints, we design customized

algorithms to solve them respectively, as described below.

B. Model Auction via Budget-Aware Bandit Learning

To capture real-world dynamics, we extend the auction

setup to scenarios where both bids and inference losses are
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Algorithm 1: The AucLearn Framework

Input: N , B,K
Output: x̄, p̄, ȳ, τB

1 Initialize: t = 1, each edge selects all models once,

p1i,n = cmax, ∀i, n, primal iterate ȳ1, dual iterate

λ1 = 0, step sizes γ1, γ2, budget B0 = B;

2 while true do

3 t = t+ 1;

4 Invoke Algorithm 2 for each edge and get x̄t, p̄t;

5 if Algorithm 2 returns Terminate then

6 τB = t, break;

7 Invoke Algorithm 3 to obtain the fractions ỹ
t+1

;

8 Invoke Algorithm 4 to obtain the integers ȳt+1;

9 return Decisions x̄t, p̄t, ȳt+1;

stochastic with unknown means, contrasting with constant-bid

assumptions in [41], [42]. We propose a budget-aware Upper

Confidence Bounds (UCB)-based model auction (Algorithm

2) to address two key challenges: (i) Winner Selection: We

employ UCB indices [41], [52] to estimate the upper bounds of

valuation, along with a carefully designed exploration term to

balance the exploration of potential optimal models against the

exploitation of known cost-effective ones under a hard budget

constraint. (ii) Payment Determination: We design a critical

payment scheme based on Myerson’s theorem [53]. This

ensures the economic properties of truthfulness and individual

rationality, incentivizing strategic providers to bid truthfully

despite the uncertainties.

UCB-based Plays: We first express the inference loss as

reward by introducing a constant, i.e., rti,n = χ−Lt
i,n− vi,n,

where χ > 0 ensures non-negativity. Let βt
i,n, r̄ti,n, and c̄ti,n de-

note the selection count, empirical average reward, and empir-

ical average bidding cost, respectively. For the selected set Φt
i,

we update βt
i,n ← βt−1

i,n +1 and r̄ti,n ← (r̄t−1
i,n βt−1

i,n +rti,n)/β
t
i,n

for n ∈ Φt
i; otherwise, they remain unchanged. The cost c̄ti,n

is updated continuously as c̄ti,n = (c̄t−1
i,n (t − 1) + cti,n)/t.

Accordingly, we maintain the time-varying UCB score:

U t
i,n =

r̄t−1
i,n

c̄ti,n
+

(cmin + rmax)

(cmin)2
· εti,n

︸ ︷︷ ︸
Exploration Term ut−1

i,n

, (5)

where εti,n = σ
√
(K + 1) log t/βt

i,n, σ = max{rmax −

rmin, cmax − cmin}. Here, rmin /max and cmin /max denote

the global minimum/maximum bounds for rewards and costs,

respectively.

Per-edge Auction: Particularly, Algorithm 2 performs a

per-edge auction, which operates independently on each edge

i. Specifically, it ranks models in decreasing order of their

UCB scores and selects the top K candidates. Payments

are calculated via the critical payment threshold determined

by the (K + 1)-th model’s UCB score. Since each model

provider has only one bid in the per-edge auction, they cannot

influence the payment by manipulating other bids, as the

(K + 1)-th bid always comes from another provider. Subject

to budget availability, the resulting inference feedback is used

Algorithm 2: Per-edge Model Auction Algorithm, ∀i

Input: Bt−1

Output: x̄t, p̄t,Φt, rt

1 Observe the bidding cost for edge i, i.e., cti,n, ∀n ∈ N ,

update c̄ti,n according to c̄ti,n = (c̄t−1
i,n (t− 1) + cti,n)/t;

2 Sort models in descending order of
r̄t−1
i,n

c̄t
i,n

+ ut−1
i,n ;

3 Select the top K models as Φt
i, and set decisions:

x̄t
i,n = 1 if n ∈ Φt

i, and 0 otherwise;

4 Compute the payments for each selected model in Φt
i,

i.e., pti,nj
=





r̄t−1
i,nj

/(
r̄t−1
i,nK+1

c̄t
i,nK+1

+ ut−1
i,nK+1

− ut−1
i,nj

),

if
r̄t−1
i,nK+1

c̄t
i,nK+1

+ ut−1
i,nK+1

> ut−1
i,nj

cmax, otherwise

5 if
∑

i

∑
n∈Φt

i
pti,n ≥ Bt−1 then

6 return Terminate;

7 Receive inference feedback Lt
i,n, vi,n and calculate

rewards rti,n = χ− Lt
i,n − vi,n for n ∈ Φt

i;

8 Update βt
i,n and r̄ti,n via βt

i,n ← βt−1
i,n + 1 and

r̄ti,n ← (r̄t−1
i,n βt−1

i,n + rti,n)/β
t
i,n for n ∈ Φt

i,

Bt = Bt−1 −
∑

i

∑
n∈Φt

i
pti,n.

Algorithm 3: Online Validator Selection Algorithm

Input: Fractional solution ỹ
t
, dual solution λt, and x̄t

Output: Fractional solution ỹ
t+1

1 Given x̄t, observe f t(ỹt) and gt(ỹt);

2 Update the dual variable λt+1 according to (9);

3 Update validator decisions ỹ
t+1

according to (8).

to update the learning parameters. The algorithm’s complexity

is dominated by sorting, i.e., O(N logN).

C. Validator Selection via Long-Term Online Learning

Classical OCO requires strict adherence to time-invariant

constraints [45], which is not suitable for dynamic resource

allocation. To accommodate temporal variations, we formulate

a framework with time-varying long-term constraints, allowing

for instantaneous violations. We consider a scenario where, at

each slot t, the learner selects yt ∈ X before observing the loss

f t(·) and the penalty function gt(·), which introduces a time-

varying constraint gt(·) ⪯ 0. Since gt(·) ⪯ 0 varies arbitrarily

and is revealed only post-decision, strict per-slot satisfaction

is impractical. Consequently, our goal is to minimize the

cumulative loss while ensuring that gt(·) ⪯ 0 is satisfied

on average over the long term. This formulation constitutes

problem P3, the relaxed version of P2.

P3 : min
∑

t≤τB
f t(yt), (6)

s.t. ht(yt) ≤ 0, (6a)
∑

t≤τB
gt(yt) ⪯ 0, (6b)

var. yt ∈ X = {yt|yti ∈ [0, 1], ∀i ∈ I, ∀t ≤ τB}.

Lagrangian Relaxation: Then we transform the problem

P3 using an online saddle-point method. At each time t, only

f t(·) and gt(·) are observable, with no information available
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beyond time t. Moreover, the fluctuations in the variable et

may lead to violations of Constraint (6b). To decouple long-

term optimization without future dynamic information, (i.e.,

challenge 2 ), we introduce a Lagrange multiplier λt ∈ R+

associated with the time-varying constraint gt(·), and derive

its convex-concave version at t:

min
y

max
λ

∑
tL

t(yt,λt) =
∑

t(f
t(yt) + λt

gt(yt)),

s.t. ht(yt) ≤ 0,yt ∈ X , (7)

One-shot Problem Transformation: We solve the online

Lagrangian (7) via an online primal-dual approach, which

takes a modified descent step to obtain the fractional solution

and a standard dual ascent step to update the dual variable.

That is, given the previous primal iterate ỹ
t

and the current

dual iterate λt+1 at each slot t+1, the current primal decision

ỹ
t+1

is obtained by minimizing:

P
t
3 : min∇f t(ỹt)(y − ỹ

t) + λt+1
gt(y) + ∥y−ỹt∥

2

2γ2

s.t. ht(y) ≤ 0,y ∈ X , (8)

while the Lagrange multiplier λt+1 is updated as follows:

λt+1 = [λt + γ1∇λL
t(ỹt,λt)]+ = [λt + γ1g

t(ỹt)]+, (9)

where γ1 > 0 and γ2 > 0 are predefined step sizes; ∇f t(ỹt)
is the gradient of f t(y) at y = ỹ

t
; ∇λL

t(ỹt,λt) is the

gradient of online Lagrangian Lt(ỹt,λ) with respect to λ at

λ = λt; and [·]+ = max {·, 0}. Lt(y,λt+1) is approximated

by ∇f t(ỹt)(y − ỹ
t) + λt+1

gt(y), and 1
2γ2
∥y − ỹ

t∥2 is a

regularization and proximal term.

Here, we employ a primal-dual scheme where the primal

step penalizes the exact constraint violation gt(y) [25]. To

compute yt+1 and λt+1 at t+1, only inputs up to (excluding)

t+1 are needed, avoiding reliance on future information. Via

dual updates to the long-term constraints, it penalizes node

over-selection, promoting load balancing and decentralization.

The problem (8) can be solved using standard convex opti-

mization solvers, which finds the ν-accurate optimal solution

in O(I2 log(1/ν)) [54] via the interior-point method.

D. Validator Selection Decision Rounding

Algorithm 4 employs a randomized dependent rounding

scheme to convert fractional ỹ
t

from P3 into integers ȳt, while

ensuring the satisfaction of Constraint (4a) and E[ȳt] = ỹ
t
.

Fractions Scaling: This part as in Lines 2∼4 adjusts Ut in

a randomized manner, ensuring that the sum of the adjusted

values equals an integer and that the expectation of each

adjusted value equals its corresponding value before such

adjustment. This step either decreases each column of Ut by

multiplying ω1 ≤ 1 so that the sum of all columns in Vt

is
⌊
1⊤Ut

⌋
, or increases each column of Ut by multiplying

ω2 ≥ 1 so that the sum of all columns in Vt is
⌈
1⊤Ut

⌉
.

The probabilities of taking these two choices are ⌈k⌉ − k and

k − ⌊k⌋, respectively, which ensures that E[Vt] = Ut. We

should mention here that the sum of all columns decreases to

at least ⌊k⌋, and Dt is an integer, such that Constraint (4a)

Dt ≤
∑

i y
t
i would not be violated, i.e., h (·) ≤ 0.

Algorithm 4: Randomized Rounding Algorithm

Input: Fractions [ỹt1, . . . , ỹ
t
I ]

Output: Integers [ȳt1, . . . , ȳ
t
I ]

1 ▷ Fractions scaling

2 Denote Ut = [ỹt1, . . . , ỹ
t
I ], k = 1⊤Ut;

3 ω1 = ⌊k⌋
k , ω2 = ⌈k⌉

k ;

4 Vt =

{
[ω1 · U

t
1, . . . , ω1 · U

t
I ] with prob. ⌈k⌉ − k

[ω2 · U
t
1, . . . , ω2 · U

t
I ] with prob. k − ⌊k⌋

5 ▷ Fractions rounding

6 while V t
i ∈ (0, 1) ∧ V t

j ∈ (0, 1) do

7 φ1 = min{1− V t
i , V

t
j }, φ2 = min{V t

i , 1− V t
j };

8 (V t
i , V

t
j ) ={

(V t
i + φ1, V

t
j − φ1) with prob. φ2

φ1+φ2

(V t
i − φ2, V

t
j + φ2) with prob. φ1

φ1+φ2

9 Return ȳt = [V t
1 , . . . , V

t
I ].

Fractions Rounding: This part as in Lines 6∼9 rounds Vt

into integers, also in a randomized manner, while guaranteeing

that the sum of all the values stays unchanged after rounding,

each value becomes an integer after rounding, and the ex-

pectation of each randomized integer equals its corresponding

fractional value before rounding. We use the values of Vt as

the probability to round the columns in pairs into integers,

while letting the two fractions compensate for each other.

Since the sum of all columns is an integer beforehand, as

a result of the previous step, Vt can be guaranteed as a vector

that only contains 0 and 1 after the loop. In Line 8, the sum

is preserved, because V t
i + V t

j = (V t
i + φ1) + (V t

j − φ1) =
V t
i +V t

j , for example. Also, the expectation is preserved. That

is, for every i, for the first case in Line 8, we have E(V t
i ) =

(⌈k⌉−k) φ2

φ1+φ2
(ω1ỹ

t
i+φ1)+(⌈k⌉−k) φ1

φ1+φ2
(ω1ỹ

t
i−φ2)+(k−

⌊k⌋) φ2

φ1+φ2
(ω2ỹ

t
i+φ1)+(k−⌊k⌋) φ1

φ1+φ2
(ω2ỹ

t
i−φ2) = ỹti ; and

it is analogous for the second case. Lines 7 and 8 guarantee

that in each iteration of the loop, at least one fraction will be

rounded to 0 or 1. The complexity of the loop is O(I) [55].

IV. THEORETICAL ANALYSIS

A. Regret and Fit Analysis

In Theorem 2, we define the regret experienced by each edge

node in the problem P1. The regret refers to the gap between

the inference cost incurred by our algorithm and those incurred

by the best set of K models in hindsight. The result shows

that the regret grows sub-linearly with time.

Theorem 2 The expected regret for P1 from Algorithm 2 is

bounded as RegTb := E[
∑

t≤τB

∑
i

∑
n x̄

t
i,n(ln + vi,n)]

− E[
∑

t≤τ̃∗

B

∑
i

∑
n x̃

t∗
i,n(ln + vi,n)] ≤ O(log τB), where x̃t∗

i,n

is the optimum of P1 with stopping time τ̃∗B .

Proof. Step I: Auxiliary Definitions. We first define the gaps

in cost-efficiency and reward between the optimal set Φ∗
i and

any non-optimal set Φt
i:

∆i,max =
∑

n∈Φ∗

i

ri,n
ci,n
−minΦt

i
̸=Φ∗

i

∑
n∈Φt

i

ri,n
ci,n

∆i,min =
∑

n∈Φ∗

i

ri,n
ci,n
−maxΦt

i
̸=Φ∗

i

∑
n∈Φt

i

ri,n
ci,n

∇i,max =
∑

n∈Φ∗

i
ri,n −minΦt

i
̸=Φ∗

i

∑
n∈Φt

i
ri,n.
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Let τ∗B be the fixed stopping time for the optimal solution

(which has prior knowledge of means). With the optimal cost

per round C∗ =
∑

i

∑
n∈Φ∗

i
ci,n, we have:

τ∗B = ⌊B/C∗⌋ =⇒ B/C∗ − 1 ≤ τ∗B ≤ B/C∗.

To bound non-optimal selections [52], we introduce counters

αt
i,n. Whenever Φt

i ̸= Φ∗
i , we increment the minimum counter

n′ = argminn∈Φt
i
αt
i,n via αt

i,n′ = αt
i,n′+1. By definition, the

actual play count satisfies βt
i,n ≥ αt

i,n, and the total counter

sum tracks the number of suboptimal rounds:

∑N
n=1 α

t
i,n =

∑t
s=1 I(Φ

s
i ̸= Φ∗

i ) ∀ t ≤ τB .

Step II: Regret for rti,n. Based on Lemmas 1 and 2 and

their proofs in our Supplementary Material, we derive the

regret RegTB for rti,n by decomposition:

RegTB = R̃∗ B
C̃∗
− E[

∑τB
t=1

∑
i

∑
n∈Φt

i
rti,n]

= R̃∗ B
C̃∗
− τBR̃

∗ + (τBR̃
∗ − E[

∑τB
t=1

∑
i

∑
n∈Φt

i
rti,n])

≤ R̃∗ B
C̃∗
− τBR̃

∗ +
∑

i

∑N
n=1 α

τB
i,n∇i,max

≤ (R̃∗ B
C̃∗
− τBR̃

∗)

+N
∑

i∇i,max(φ1,i log(
2B
C∗

+ φ3) + φ2)

≤ R̃∗ B
C̃∗
− ( B

C∗
− φ4)R̃

∗ +O(log τ∗B)

(a)

≤ O(log τB) + φ4R̃
∗ +O(log τ∗B) = O(log τB),

where (a) holds since τ̃∗B−τ
∗
B ≤ τB−τ

∗
B ≤ O(log τB); R̃

∗ =∑
i

∑
n∈Φ̃∗

i
ri,n, C̃∗ =

∑
i

∑
n∈Φ̃∗

i
ci,n, Φ̃∗

i is the optimal set

of models of P1; φ1,i = (K + 1)( 2Kσ(cmin+rmax)
(cmin)2∆i,min

)2, φ2 = 1+

2K π2

3 , φ3 = 2Ncmax

IKcmin

∑
i(φ2 − φ1,i + φ1,i log(

2Ncmaxφ1,i

IKcmin
)),

φ4 =
Ncmax

∑
i(φ1,i log(

2B
C∗ +φ3)+φ2)

C∗
+ 1.

Step III: Regret for Lt
i,n. Substituting rti,n = χ− (Lt

i,n+
vi,n), we relate the regret in terms of loss and latency to the

reward regret RegTB derived in Step II:

E[
∑

t≤τB

∑
i,n x̄

t
i,n(L

t
i,n + vi,n)]

− E[
∑

t≤τ̃∗

B

∑
i,n x̃

t∗
i,n(L

t
i,n + vi,n)]

= RegTB︸ ︷︷ ︸
≤O(log τB)

+χ · E[
∑

t≤τB

∑
i,n x̄

t
i,n −

∑
t≤τ̃∗

B

∑
i,n x̃

t∗
i,n]

≤ O(log τB) + χ ·K · E[|τB − τ̃∗B |] = O(log τB),

where the last equality holds because the stopping time dif-

ference is logarithmic, i.e., |τB − τ̃∗B | ≤ O(log τB).
Step IV: Regret for ℓn. We need to prove that E[Li,n] =

E[ℓn]. It can be easily proved that

E[ 1D
∑D

i=1 Xi |D = d ] = E[ 1d
∑d

i=1 Xi] =
1
d

∑d
i=1 E[Xi] = µ

E[ 1D
∑D

i=1 Xi] = E[E[ 1D
∑D

i=1 Xi |D ]] = E[µ] = E[X],

where Xi, ∀i all have the mean as µ, and D is a

random integer independent of Xi. Due to Li,n =
1
Mi

∑Mi

ν=1 ℓn,ν , we have E[Li,n] = E[ 1
Mi

∑Mi

ν=1 ℓn,ν ] =

E[ℓn]. Then, RegTb = 1
KE[

∑
t≤τB

∑
i

∑
n x̄

t
i,n(ℓn + vi,n)] −

1
KE[

∑
t≤τ̃∗

B

∑
i

∑
n x̃

t∗
i,n(ℓn + vi,n)] ≤ O(log τB). □

Remark 1 (Scaling with N ) Tracing the constants in Lem-

mas 1±2, φ1,i and φ2 are independent of N , φ3 =
O(N logN), and φ4 = O

(
N log(τB+N logN)

)
. Substituting

these into the regret decomposition of Theorem 2 yields

RegTb = O
(
N log(τB + N logN)

)
. Thus, the regret scales

near-linearly in N (up to a logarithmic factor) and only

logarithmically in τB . This matches the standard scaling of

combinatorial multi-play bandits [41], [52], indicating that

AucLearn remains efficient as the marketplace expands.

In Theorem 3, we introduce the regret and fit for problem

P2. The regret quantifies the gap between the objective value

achieved by our approach and the cumulative one-shot optimal

values, while the fit measures the violation of constraint (4b).

Our analysis shows that regret and fit grow only sub-linearly.

Theorem 3 The regret and the fit for P2 satisfy

RegTo := E[
∑

t≤τB
f t(ȳt)]−

∑
t≤τB

f t(ȳt∗) ≤ O(τ
2
3

B ) +Qσβ
β ,

FitTo := ∥E[
∑

t≤τB
gt(ȳt)]+∥ ≤ O(τ

2
3

B ),

where for each t, ȳt represents the output of Algorithm 4;

ȳt∗ ∈ argminy∈X tf t(y); X t := {y|ht(y) ≤ 0,gt(y) ⪯
0; yti ∈ {0, 1} , ∀i}, ∀t ≤ τB; and Q and σβ

β are constants

from the Jensen Gap.

Proof. We first define the regret R̃eg
T

o and the fit F̃it
T

o for

the relaxed problem P3:

R̃eg
T

o :=
∑

t≤τB
f t(ỹt)−

∑
t≤τB

f t(ỹt∗),

F̃it
T

o := ∥[
∑

t≤τB
gt(ỹt)]+∥, ỹt ∈ X̃ t, ∀t ≤ τB .

Here, ỹ
t∗

is the fractional optimal solution, and ỹ
t∗ ∈

argmin
yt∈X̃ tf

t(yt), where X̃ t := {y|ht(y) ≤ 0,gt(y) ⪯
0; yti ∈ [0, 1], ∀i}, ∀t ≤ τB . Based on Lemma 3 and its proof

in our Supplementary Material, we have

RegTo ≤ R̃eg
T

o +Qσβ
β ,Fit

T
o ≤ F̃it

T

o .

Next, following [25] and its standard common assumptions,

we can derive bounds for P3. Specifically, setting step sizes

γ1 = γ2 = O(τ
− 1

3

B ) yields RegTo ≤ R̃eg
T

o + Qσβ
β =

O(max{V ({ỹt∗}t≤τB )τ
1
3

B , V ({gt}t≤τB )τ
1
3

B , τ
2
3

B}) +Qσβ
β and

FitTo ≤ F̃it
T

o = O(τ
2
3

B ). Consequently, both metrics achieve

sub-linear convergence of O(τ
2
3

B ), provided the variations

satisfy V ({ỹt∗}t≤τB ) and V ({gt}t≤τB ) ∈ o(τ
2
3

B ). □

Theorem 4 establishes the global regret for P0. Note that

this derivation is non-trivial: a simple summation of Theorems

2 and 3 is invalid due to their divergent optimal baselines.

Theorem 4 The regret for P0 satisfies

RegT ≤ O(τ
2
3

B ) +O (log τB) .

Proof Sketch. We decompose RegT into three distinct

components via auxiliary terms based on the decoupling of

model auction decisions (x) and validator selection (y). First,

we isolate the regret from validator selection, which maps to

Subproblem P2. Leveraging the analysis of Theorem 3, this
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component is bounded by O(τ
2
3

B ). Second, we isolate the regret

from model auction decisions, corresponding to Subproblem

P1. Following the analysis of Theorem 2, both the regret and

the gap caused by the stopping time difference are bounded

by O(log τB). Finally, the residual coupling term is bounded

by O(1). Detailed proof is in our Supplementary Material. □

B. Economic Guarantees Analysis

We define truthfulness (incentivizing honest bidding) and

individual rationality (guaranteeing no loss for each bid) based

on utility. Our mechanism attains both economic guarantees.

Definition 1 (Utility) The utility of the bidder n’s i-th bid at

time t is

Ui,n(b
t
i,n, b

t
i,−n) =





pti,n(b
t
i,n, b

t
i,−n)− cti,n,

if xt
i,n = 1

0 , otherwise

where bti,n is the bidding price of i-th bid submitted by bidder

n at time t; bti,−n denotes the set of bidding prices of i-th bid

submitted by all bidders except bidder n; and cti,n is the true

cost associated with i-th bid from bidder n.

Definition 2 (Truthfulness) An auction is truthful in expec-

tation if each bid maximizes its expected utility by bidding its

true cost, i.e., E[U t
i,n(c

t
i,n, b

t
i,−n)]≥E[U t

i,n(b
t
i,n, b

t
i,−n)], ∀i, n.

Definition 3 (Individual Rationality) An auction is individ-

ually rational in expectation if each bid always achieves a non-

negative expected utility, i.e., E[U t
i,n(b

t
i,n, b

t
i,−n)] ≥ 0, ∀i, n.

Theorem 5 Our auction is truthful in expectation.

Proof. According to Myerson’s theorem [53], an auction is

truthful if and only if (I) the winning bid selection process is

monotonic and (II) each winning bid is paid the critical value.

Condition (I): This holds because the ranking score
r̄t−1
i,n

c̄t
i,n

+

ut−1
i,n is strictly decreasing with respect to the bid cti,n. Thus,

if a bid cti,n wins, any lower bid c̃ti,n < cti,n yields a higher

score and preserves the winning status.

Condition (II): Consider a winning bid c̄ti,n. If model n
is removed, the K-th position would be filled by the original

(K + 1)-th candidate, c̄ti,K+1, based on the sorted ranking

scores. Thus, given other bids, the critical payment pti,n is:

pti,n = r̄t−1
i,n /(

r̄t−1
i,K+1

c̄t
i,K+1

+ ut−1
i,K+1 − ut−1

i,n ). If c̄ti,n ≤ pti,n, then

the criterion
r̄t−1
i,n

c̄t
i,n

+ut−1
i,n will be greater than

r̄t−1
i,K+1

c̄t
i,K+1

+ut−1
i,K+1,

ensuring selection; otherwise, if c̄ti,n > pti,n, it falls below the

threshold and loses the auction. Crucially, since each provider

submits a single bid per edge, the threshold (determined by

the (K+1)-th bidder) is independent of the winner’s own bid.

This confirms that pti,n is the critical payment. □

Theorem 6 Our auction is individually rational in expecta-

tion.

Proof. Since the bid c̄ti,n is selected prior to c̄ti,K+1 in time

slot t, we get
r̄t−1
i,n

c̄t
i,n

+ ut−1
i,n ≥

r̄t−1
i,K+1

c̄t
i,K+1

+ ut−1
i,K+1 based on

the selection criteria. Then, we have c̄ti,n ≤ r̄t−1
i,n /(

r̄t−1
i,K+1

c̄t
i,K+1

+

TABLE I: Datasets and corresponding models

Dataset Type 1 Type 2 Type 3

MNIST CNNs∗ LeNet-5 [37] ±
CIFAR-10 CNNs MobileNet V1/V2 [38] ResNet-32/50 [39]
CIFAR-100 CNNs DenseNet-100x12/24 [40] ResNet-32/50 [39]

∗Note: The CNNs refer to three CNN variants with identical structures but different

channel widths (32, 64, and 128). Each variant has two 3×3 convolutional layers with

ReLU activation and 2×2 max-pooling, followed by one fully-connected layer and a

softmax output.

TABLE II: Models and corresponding parameters

Model CNN LeNet-5 Mob.V1 Mob.V2 Dense-100 ResNet

vi,n (ms) 3.0-8.0 0.5-2.0 8.9-37.0 11.3-86.1 26.4-70.7 10.7-145.5
αn (GFLOPs) 0.12 0.001 0.55 0.39 1.79 4.15

ut−1
i,K+1−ut−1

i,n ) = pti,n, i.e., pti,n− c̄ti,n ≥ 0, in any time slot t.
Since cti,n follows an i.i.d. distribution and E[|cti,n|] ≤ ∞,

according to the strong law of large numbers, when t is

sufficiently large, the empirical mean converges almost surely

to the expected value of the sample, i.e., c̄ti,n
a.s.
→ ci,n. Then we

have E[pti,n] ≥ E[c̄ti,n]⇒ E[pti,n] ≥ E[ci,n]. □

V. EXPERIMENTAL STUDY

A. Experimental Settings

Data and Models: We adopt the MNIST [28] dataset and

the CIFAR-10/100 [29] dataset. We consider 6 models of 2∼3

types for each dataset, as detailed in Table I.

Edge and Inference Workload: We consider the top

10∼400 London underground stations with the highest pas-

senger counts [36], and use such dynamic passenger counts to

represent the inference workload at each edge. The passenger

data are measured for every 15 minutes on a weekend in 2023,

covering from 5:00 AM to 1:00 AM on the following day. For

each underground station, i.e., each edge node, we randomly

sample 8000 data points from the 10, 000 test data of our

datasets and use those as the incoming data streams.

Costs and Bids: Based on the real computational resource

prices from AWS [5], combined with minimum and recom-

mended specifications to run an XRP Ledger full node [30],

we set the operational cost of the node as [0.24, 0.72]$/h.

Accordingly, we set δ = 66.67 CPU units per dollar and

At ∈ [10, 15] CPU units. We set k = 5 and d0 = 0.35. We

estimate the FLOPs consumed per transaction based on the

energy consumption [56] and the minimum specification of the

XRP Ledger, resulting in 0.70 GFLOPs. The computational la-

tency and the computational resources consumed for inferring

a single data sample are detailed in Table II [31]±[33]. The

computational capacity of each edge is set to 400 GFLOPs

by default or be adjusted based on computational capabilities

in practice. The bidding price is [5, 15] $, following the raw

electricity required to develop and deploy the model [35].

Algorithms: We implement multiple algorithms. First, for

model auctions, we consider the following:

• AUCB [41] considers a deterministic bidding cost and uses

an exploration index ut
i,n =

√
(K + 1) log t/βt

i,n/c̄
t
i,n.

• CMABA [42] uses (κNcmax ln(
B

cmax
))

1
3B

2
3 periods for

exploration and directly adopts the learned results in the
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remaining exploitation phase, with an exploration index

ut
i,n =

√
κ log t/βt

i,n/c̄
t
i,n, where κ is a hyper parameter.

• the ε-first [43] uses the first ε ·B budget as explo-

ration to randomly select K winning models in each time

slot. In the remaining (1− ε) ·B budget, the player will

always select the top K models in the decreasing order

of
r̄t−1
i,n

c̄t
i,n

without any exploration index.

Since the above algorithms are not applicable to the auction

scenario where the bids follow an unknown distribution as in

this paper, we have adapted them via c̄ti,n to this setting.

For validator selection, we consider the following:

• Greedy selects edge nodes with the lowest cost as

validators until the constraint
∑

i y
t
i ≥ Dt, ∀t is met.

• Lyapunov [44] solves time-averaged stochastic opti-

mizations using virtual queues and drift-plus-penalty.

Since the original Lyapunov requires inputs at t to decide

yt, we modify it for fairness in our online setting by using

the faulty computational resources at t− 1 to obtain yt.

• OGD [45] uses gradient descent to solve the decision

variables, without considering long-term constraints.

By pairwise combining the above two groups of meth-

ods, we obtain the following nine baseline schemes

for comparison: AUCB+Greedy, AUCB+LY, AUCB+OGD,

CMABA+Greedy, CMABA+LY, CMABA+OGD, 0.5-first

+Greedy, 0.5-first+LY, and 0.5-first+OGD. These

pairings are constructed because no single existing baseline

natively covers both subproblems; this 3×3 design isolates Au-

cLearn’s advantage from being attributable to either dimension

alone. We also consider an Offline benchmark with full

future knowledge. It selects models greedily using ri,n/ci,n
(setting pi,n = ci,n [41]), and optimizes validator selection

via CasADi [57], yielding an optimal fractional solution to

P2.

B. Experimental Results

Real-Time Cost: Fig. 6 shows the normalized total cost of

different algorithms in the cumulative manner as time goes.

AucLearn has a slower growth trend of the cumulative total

cost compared to the others and is closest to the Offline.
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Fig. 7 depicts the cumulative objective values for P1

and P2 against relevant baselines. The subplots display the

normalized inference cost (reflecting model quality) and the

blockchain operational cost and risk, respectively. In both

cases, AucLearn consistently outperforms other online meth-

ods and closely tracks the Offline, demonstrating superior

performance second only to the offline optimum.

Scalability: Fig. 8 presents the normalized average to-

tal cost. As the number of the edge nodes increases,

AucLearn reduces the total cost on average by 54%,

34%, 59%, 50%, 26%, 57%, 47%, 17%, and 56%, respec-

tively, compared to AUCB+Greedy, AUCB+LY, AUCB+OGD,

CMABA+Greedy, CMABA+LY, CMABA+OGD, 0.5-first

+Greedy, 0.5-first+LY, and 0.5-first+OGD.

Regret & Fit: Fig. 9 and 10 show the regret and the fit of

different algorithms for the problem P0 as the total time range

varies. AucLearn achieves the lowest regret with sub-linear

growth, consistently outperforming all baselines. While meth-

ods like AUCB+Greedy yield lower fit values by prioritizing

low-resource models, they suffer from higher inference costs.

AucLearn shows sub-linear fit, representing a superior trade-

off between constraint satisfaction and inference performance.

Economic Properties: Fig. 11 validates the truthfulness

of our auction mechanism. To show this in expectation, we

analyze the utilities of two randomly selected bidders under

truthful and non-truthful cases. In the latter case, bids are

uniformly sampled from [5, 15] excluding the true value.

Truthful bidding yields utilities of 0.006 and 1.171; and non-

truthful bidding leads to utilities of −8.696 and −6.372.

Fig. 12 illustrates the individual rationality in expectation

of our auction mechanism. We present the expected bid and

expected payment for each bid. The results confirm that the



11

0.1x 1x 10x 30x 50x
Weight of risk

101

To
ta

l c
os

t (
lo

g 
sc

al
e) 0.5-first+Greedy

0.5-first+LY
0.5-first+OGD
AucLearn
Offline

0.1x 1x 10x 30x 50x
Weight of risk

100

101

To
ta

l c
os

t (
lo

g 
sc

al
e)

MNIST
CIFAR-10
CIFAR-100

Fig. 15: Impact of risk

1x 10x 30x 50x 100x
Weight of inference cost

0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

 to
ta

l c
os

t AUCB+Greedy
CMABA+Greedy
0.5-first+Greedy
AucLearn
Offline

1x 10x 30x 50x 100x
Weight of inference cost

100

101

102

103

To
ta

l c
os

t (
lo

g 
sc

al
e) MNIST

CIFAR-10
CIFAR-100

Fig. 16: Impact of inference cost

1 2 4 6 8
Value of D

100

101

102

103

To
ta

l c
os

t (
lo

g 
sc

al
e) 0.5-first+Greedy

0.5-first+LY
0.5-first+OGD
AucLearn
Offline

1 2 4 6 8
Value of D

100

101
To

ta
l c

os
t (

lo
g 

sc
al

e)

MNIST
CIFAR-10
CIFAR-100

Fig. 17: Impact of D

1000 5000 10000 15000 20000 25000

100

102

Co
st 

of
 

1
(lo

g 
sc

al
e)

MNIST CIFAR-10 CIFAR-100

1000 5000 10000 15000 20000 25000
Value of B

101

To
ta

l c
os

t
(lo

g 
sc

al
e)

Fig. 18: Impact of B

1 2 3 4 5

0.8

1.0

A
cc

ur
ac

y

MNIST CIFAR-10 CIFAR-100

1 2 3 4 5
Value of K

100

101

To
ta

l c
os

t
(lo

g 
sc

al
e)

Fig. 19: Impact of K

expected payment for each bid is greater than or equal to its

expected bid, implying non-negative expected utility.

Distribution of Cost-Effectiveness: Fig. 13 illustrates the

decision distributions of various algorithms in terms of re-

ward and cost. The scatter plot maps the average empir-

ical cost (x-axis) against reward (y-axis) for each model

selection. AucLearn’s decisions are predominantly in the

optimal upper-left region (high reward, low cost), whereas

AUCB+Greedy’s fall largely within the non-optimal zone.

Fig. 14 details the distributions of the ªreward over costº

ratios. The violin plot depicts the probability density, with

the width representing data concentration. AucLearn exhibits

the highest density in the high cost-effectiveness region.

AUCB+Greedy is clustered in the low cost-effectiveness

region with the lowest median. CMABA+Greedy and

0.5-first+Greedy slightly trail behind AucLearn.

Impact of Different Factors: Fig. 15 visualizes the nor-

malized total cost as the weight of blockchain operational risk

increases. As the weight rises, total costs increase because

algorithms must select more validators to mitigate risk, thereby

inflating the P2 cost. While the cost of 0.5-first+Greedy

grows exponentially, AucLearn exhibits greater adaptability,

maintaining significantly lower total costs. This conclusion is

further confirmed by results on different datasets.

Fig. 16 depicts the impact of the inference cost weight. As

the weight increases, the total cost for all algorithms rises.

AucLearn consistently tracks the Offline most closely,

highlighting its superior model selection and inference perfor-

mance. Consistent results are observed for different datasets.

Fig. 17 compares performance under different minimum

validator counts D. At D = 1, operational risk dominates,

causing exponential cost growth for 0.5-first+Greedy

and 0.5-first+LY. Increasing D to 2 mitigates this risk,

reducing total costs for these baselines. Yet, as D rises to 8,

the blockchain operational cost becomes dominant, leading to

increased total costs. Throughout these variations, AucLearn

consistently outperforms competitors and remains closest to

the Offline. Results on different datasets remain consistent.

Fig. 18 illustrates the impact of the auction budget B across

MNIST, CIFAR-10, and CIFAR-100. As the budget increases,

inference costs decrease; however, improvements become neg-

ligible once the budget exceeds 20, 000. Consequently, we set

the budget to 20, 000 to ensure sufficient bandit exploration

for effective inference while balancing resource conservation.

Fig. 19 presents the impact incurred by varying the number

of selected models. As the objective accounts for the average

loss, increasing K leads to negligible changes to the total cost.

When K > 1, we employ a soft majority voting mechanism

to obtain the inference label, meaning that incorporating more

models enhances the inference accuracy. Accuracy stabilizes at

K = 4, indicating limited marginal benefit beyond this point.

Inference Accuracy: Table III reports the average inference

accuracy. AucLearn outperforms baselines by 0.06% to

0.11% on MNIST, 1.56% to 3.18% on CIFAR-10, and 0.94%

to 4.62% on CIFAR-100, achieving the highest accuracy

among all online methods and second only to the Offline.

This further shows AucLearn’s superiority in achieving high

accuracy while effectively minimizing total cost.

VI. RELATED WORK

Model Management and Inference in Cloud/Edge: Re-

cent literature has extensively explored DNN model manage-

ment in edge networks, focusing primarily on model parti-

tioning and collaborative inference [11], [12]. Optimization

frameworks have been proposed to balance the trade-offs be-

tween accuracy, latency, and resource costs via joint resource

provisioning [13] or parameter sharing [14]. To enhance secu-

rity and privacy, blockchain technologies have been integrated

into collaborative inference frameworks for IoT and video

analytics [15], [16]. Yet, these works generally focus on offline

problems. They overlook the online model selection and auc-

tion problems in edge AI, failing to address the dynamically-

changing environments and the real-time decision-making.

Trading and Incentive in Cloud/Edge: Resource trading in

cloud/edge scenarios has been studied using various economic

models, including platform-driven pricing [17], game-theoretic

approaches [19], [20], and auction mechanisms [18]. With the

advent of blockchain, decentralized marketplaces have adopted

smart contracts to implement tamper-proof double auctions

for resource sharing [21], [22] or fair incentive allocation

in federated learning [23]. However, existing mechanisms
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TABLE III: Average inference accuracy (%) of algorithms (± the standard deviation of the accuracy for each time slot). • indicates that
AucLearn performs the best except for Offline. The values in boldface indicate the highest accuracy on the corresponding dataset.

Dataset AucLearn AUCB+Greedy CMABA+Greedy 0.5-first+Greedy Offline

MNIST 99.24 ± 1.93• 99.13 ± 2.23 99.18 ± 2.42 99.13 ± 2.75 99.27 ± 2.29
CIFAR-10 90.00 ± 8.66• 87.59 ± 10.42 86.82 ± 9.84 88.44 ± 9.99 92.57 ± 7.59
CIFAR-100 71.98 ± 14.96• 67.36 ± 16.88 70.46 ± 14.63 71.04 ± 15.36 76.25 ± 12.85

focus on price-centric data or resource trading and over-

look performance-aware model trading. Further, most prior

works rely on static optimization or complete information

assumptions, lacking the capability to handle unknown bidding

distributions and long-term budget in an online setting.

Online Learning and Strategic Selection: Combinatorial

Multi-Armed Bandit (CMAB) and auction mechanisms have

been widely adopted for online strategic selection problems

under incentive constraints, with a primary focus on worker

recruitment and task assignment in crowdsensing using UCB-

based arm selection and critical payment [41], [42]. Multi-

agent UCB with posted pricing has been proposed for en-

abling inter-agent experience trading [58], while the budgeted

CMAB has been further reinforced to resist adversarial reward

manipulation through critical-value pricing [59]. Recent works

have also extended to context-aware CMAB for large-scale

unknown worker incentivization [60], differentially private

CMAB to protect sensitive information [61], and discounted

UCB for handling client quality in federated learning schedul-

ing [62]. However, these works generally assume bids or costs

to be deterministic or constant in stationary environments,

and thus fail to handle stochastic bids drawn from unknown

distributions, rendering them inapplicable to performance-

cost-aware model procurement in online edge AI inference.

VII. DISCUSSIONS

A. Quality Assurance against False or Underperforming Mod-

els

AucLearn safeguards against false or underperforming mod-

els through two complementary in-framework mechanisms.

First, the bandit-driven self-correction is intrinsic to our

auction design: the post-inference loss Lt
i,n feeds into the

empirical reward r̄ti,n at each slot, progressively lowering

the UCB score of any low-quality model so that it becomes

increasingly unlikely to be selected, and Theorem 2 further

guarantees that the cumulative regret from selecting any sub-

optimal (including non-adaptively malicious) model grows

only logarithmically in τB . Second, all model specifications,

bids, auction outcomes, and payments are immutably recorded

on-chain via smart contracts, enabling the system operator

to maintain a verifiable history of provider behavior and to

impose out-of-protocol penalties (e.g., revocation of provider

eligibility) for repeated misconduct. An additional direction

explored in the blockchain-marketplace literature is reputation-

based screening, where each provider accumulates a reputation

score from historical performance and is either filtered out

via thresholds or prioritized through top-K selection [63]±

[66]. Integrating such a layer as a pre-screening filter prior to

UCB-based winner selection is a promising future extension

to harden AucLearn against adaptively adversarial providers.

B. IID Assumption and Robustness to Non-Stationarity

Our analysis assumes that data samples are drawn IID

from an unknown but time-invariant distribution D , a stan-

dard premise in the online learning and combinatorial bandit

literature [41]±[43], [52]. In our framework, this assumption

underpins the unbiased convergence of r̄ti,n, which supports the

concentration arguments in Lemma 1, as well as the equality

E[Li,n] = E[ℓn] used in the proof of Theorem 2. However,

real-world edge AI inference scenarios may exhibit concept

drift, i.e., temporal shifts in the underlying data distribution

that can degrade the inference quality of pre-trained models.

AucLearn retains effectiveness under mild violations through

two intrinsic mechanisms. First, each Lt
i,n is averaged over

M t
i intra-slot samples, which reduces the sampling variance

of r̄ti,n by the law of large numbers and keeps the Hoeffding

bounds underlying Lemma 1 accurate at slot granularity when

intra-slot non-stationarity is mild. Second, the exploration term

ut
i,n ∝

√
log t/βt

i,n remains strictly positive throughout the

horizon, so fresh observations gradually correct the empir-

ical estimates of degraded models and allow AucLearn to

revisit previously sub-optimal ones, keeping it responsive to

slowly evolving distributions when the drift relative to τB is

mild. For more pronounced drift, formal sub-linear dynamic

regret guarantees have been established in the non-stationary

bandit literature for both UCB-style and adversarial-bandit-

style algorithms, characterizing the admissible drift regime via

either a bounded number of abrupt change-points [67] or a

variation budget of the form
∑

t ∥Dt − Dt−1∥TV = o(τB)
[68], and requiring explicit non-stationarity-aware machin-

ery rather than standard UCB. In such regimes, AucLearn

admits several low-cost upgrades that preserve its overall

structure, including non-stationarity-aware UCB variants that

replace the cumulative empirical mean with sliding-window

or exponentially-discounted variants (e.g., SW-UCB and D-

UCB [67]), drift detectors, and a re-derivation of guarantees

under dynamic regret. We leave these formal extensions as a

promising direction for future work.

VIII. CONCLUSION

Cost-performance-aware decentralized model trading in

edge AI remains critical yet underexplored. To bridge this

gap, we propose a blockchain-empowered model auction

framework integrating online auctioning, validator selection,

and inference under stochastic dynamics. We design online

algorithms with provable performance guarantees and eco-

nomic properties to jointly optimize blockchain operational

risk, operational cost, and inference cost, subject to budget

and capacity constraints. Extensive evaluations on real-world

datasets validate the effectiveness of our approach across
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multiple dimensions. For future work, we intend to extend our

framework to incorporating more security and privacy aspects.
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