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Talk Outline

1. Spot Capacity Markets for Networks.

2. Auction Algorithm for Market Clearing.

3. Markets with Learning & Predictions.
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Mobile Data Offloading

» Problem: Mobile data traffic growth outpaces the increase of network capacity.

» A cost-efficient solution: reroute the traffic over Wi-Fi networks (offloading).
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Spot Capacity Market

» Typical approach: operators deploy their own Wi-Fi APs.

¢ Costly solution; fails to adapt to spatio-temporal demand variations.

» A different approach: lease idle capacity from user-owned APs (outsourcing).

* A spot market can enable dynamic capacity expansion.
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» Our goal: Match APs to network operators so as to maximize market efficiency.
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Spot Capacity Market

e @, » Many buyers & sellers.

s DA Bs: * Buyers: operators;
U w00 W * Sellers: AP owners;
ik _E i q.:) o e Traded commodity: Wi-Fi capacity (Mbps).
L MU AP: }
» How should a broker run this market?

* Maximize the benefit for the buyers;
* Minimize the costs for the sellers.

» Practical Issues:

1. Each operator has multiple points of demand; and its intensity varies with time/location;

2. Every AP incurs different cost for serving the traffic (power costs, internal needs, etc).
3. The value of each AP for an operator depends on the capacity it leases from other APs;

4. The AP’s effective capacity depends on other APs activation (due to interference);
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Spot Capacity Market

» How can a broker maximize the efficiency of this market?

» Obstacles for the broker:

e Information asymmetry — values and costs are unknown;

e Network constraints — shared capacities, allocation externalities, etc.

» Solution

¢ Use an auction mechanism to elicit the hidden information and maximize efficiency.

¢ Typical auction algorithms cannot address the above issues.
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Model

» A market of multiple buyers and multiple sellers:
¢ Set of M Buyers; Set of / Sellers.

» Buyer m:
® Jn(Xxm): utility when obtaining x, resources.

v

Seller i:
e Vi(yi): cost when selling y; resources.

v

Broker’s objective:

¢ Maximize the Buyers’ utility and Minimize the Sellers’ costs.

v

Efficiency Maximization

Q: )rpma}),fl{;nn:zvt/a, > Im(xm) — Z Vi(y;)  Efficiency
memM i€eT

subjectto > nq Yim < Cj, Vi € I, Capacity constraint
Xmi = Yim, YM € M,i € Z.  Feasibility
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lterative Double Auction — IDA

» Problem Q cannot be solved directly due to information asymmetry.

* The broker is not aware of functions J, and V;, Vm, i.
* Buyers and sellers have incentives to misreport them (moral hazard).

» Auction mechanisms can elicit this hidden information, using:

¢ An allocation rule to determine how the resources will be traded;
* A pricing rule to determine how much each buyer will pay for each seller’s resource.

Main Idea: Find the rules which incentivize the buyers and sellers to submit bids that
maximize market efficiency, i.e., to solve Q indirectly.

» Solution process:

1. Instead of solving directly problem Q;

2. we design a proper auction algorithm (pricing + allocation rules);
3. solve a proxy problem P using input (signals) from the bidders;
4

. and prove that the new problem yields the same solution as Q.
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lterative Double Auction — IDA

> hm(-), gi(-) are the payment and reimbursement rules for buyer m and seller i.

» The Bidders’ bidding problems:
Pn : maximize Jm(Xm(pm)) — hm(pm), solved by Buyer m;
Pmi>0,Vi

P, : maximize — Vi(yi(a))) + gi(a)), solved by Seller i.
aj;m>0,Vm

» The Broker’s allocation problem:

P: maX|m|ze F({Xm(pm)} {y,(a,)})

Xm,Yi,Ym,¥Y
subjectto >\ Vim < G, Vi€ Z,
Xmi = Yim, YM € M,i € T.
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lterative Double Auction — IDA

> hm(-), gi(-) are the payment and reimbursement rules for buyer m and seller i.

» The Bidders’ bidding problems:

Pn : maximize Jm(Xm(pm)) — hm(pm), solved by Buyer m;
Pmi>0,Vi

P;: maximize — Vi(yi(a))) + gi(a)), solved by Seller i.
aj;m>0,Vm
» The Broker’s allocation problem:

P: maximize F({Xm(pm)},{y;(a,-)})

Xm, Y, Ym,Vi
subjectto >\ Vim < G, Vi€ Z,
Xmi = Yim, YM € M,i € T.

What pricing and allocation rule ensure the equivalence: {Pi, Pn} + P — Q ?
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lterative Double Auction — IDA

» The KKT conditions for the efficiency maximization problem Q:

m(x2) _ o . o
(A1) : 2lm) — e (A2): =5 == = i = AT
(A8): 7 (s Vi = C) =0, (A4) s x5 = yim,
(A8) : ki - Wi — Xm) = 0, (AB) = Xmi» Yim» A7 = 0.
» And, if we use the following allocation rule:
F= Z Z (pmi log Xmi — Imy$n>
meMiel
then, the KKT conditions for the broker’s problem P are:
L% _ Pmi p‘ml B A;K
(B1):xyi==-, (B2):ym=—"—, (B3) — (B6) as (A3) — (A6).
Hmi QAjm

» The solutions of P and Q coincide, if the bidders submit the following bids:

. Odm(Xx; 1 oVi(y")
pi = . 2ImWKm) 1 OVilT)

OXmi E Yim
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lterative Double Auction — IDA

» The desired bidding is induced with the payment and reimbursement rules:

I
hm(Pm) = Pmi, m=1,...,M
i—1
M
i — )2 )
gilay) = MM:L---J
m=1 aim

> Interpretation:

¢ Buyers pay exactly the amount they bid for each resource.
¢ Sellers are reimbursed for the sold resource, weighted by congestion.
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lterative Double Auction — IDA
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» The basic steps of this iterative mechanism are:

1. The broker announces the pricing signals, i.e., Lagrange multipliers \;, pm; of P.

2. Each Seller i and Buyer m update their bids solving P; and P,,,, using the new multipliers.
3. Buyers and Sellers communicate their bids to the broker.

4. The broker updates the pricing signals \;, Vi, um, Vm using a gradient update method.

[ Main Theorem: The IDA mechanism converges to the optimal solution of problem Q.

Proof: construct a proper Lyapunov function and apply the Foster-Lyapunov stability criterion.

G. losifidis, L. Gao, J. Huang, and L. Tassiulas. " A Double Auction Mechanism for Mobile Data Offloading
Markets”, IEEE/ACM Trans. on Networking, vol. 23, no. 5, 2015.
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Handling Uncertainties

Johannes Vermeer, View of Delft, 1660
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Handling Uncertainties

» What if the solver (bidder or broker) does not know the problem parameters?
¢ Objective functions or constraints might be time-varying and unknown!
¢ How much resources a vertical should ask, when not knowing the demand of its users?
* Which slice composition will be best in terms of performance?

¢ How much a resource provider should charge each requester?

» Our proposal: design a learning framework by combining:

* Online convex optimization (OCO) techniques for worst-case scenarios;

¢ with predictions that might be available, e.g., from regression models, Deep learning, etc.

F. Orabona "Modern Introduction to Online Learning”, Arxiv, 2025.
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OCO with Predictions

Static Problem (fixed for T slots) Dynamic Problem

19

st. g(x) X0

» Market operates in a time-slotted fashion with unknown information:

¢ Functions f;(x), g:(x) might change in each slot ¢, in an arbitrary fashion;

¢ and they might be even unknown when we decide x;.

» Goal: select {x;}: so as to achieve zero average loss and constraint violation:
lim Vi/T = where V. =H[ ] H
Jim Vr/T=0 ere T Egt(xr) N

Jim Rr/T=0  where Ar= z{: fir(xt) — Xt: fi(x*)

w.r.t. the ideal solution x* = arg miny { S f(X) i xeEX A 9:1(x) = 0}.
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OCO with Predictions

» High level view of the prediction-assisted online learning framework.

Offline _
Predictor ft+1

/’ l Ge+1

Implement 3 Observe 3 Observe 3 Learning

Decision Results New Data Policy
Tt fe(2e), g:(21) Tt+1
t=t+1
> X;.1 is selected using past observations {f;, g,-},'.:1 and predictions {7,“ ,Oti1}
» No restrictions on the quality of predictions: we learn on-the-fly how to use them!
» Predictions are accurate: achieves best possible performance, i.e., Rt = O(1).
>

Predictions are inaccurate: gradually discard them and achieve Ry = O(T"/2).

losifidis, Mhaisen, Leith, "Optimistic Learning for Communication Networks”, FnT in Networking, NoW, 2026..
Abdullah, losifidis, Ayoubi, Tijani, "Constrained OCO with Memory and Predictions”, AAAI, 2026.
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General Framework

Several open challenges for Flecon-6G (Network of Networks)

1. Combine multiple predictors with a hedging for best-of-all-worlds performance.

2. Strike a balance between efficiency, revenue, fairness, cost, etc.

3. Design bespoke forecasting tools for networked markets and markets of networks.
4. Move from utility functions to quantifiable intents.

5. Other?
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Thank you for listening!
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