Graph Signal Diffusion Models for Wireless
Resource Allocation

Yigit Berkay Uslu  Samar Hadou  Shirin Saeedi Bidokhti ~ Alejandro Ribeiro

Department of Electrical and Systems Engineering, University of Pennsylvania

June 10, 2026

Y. Berkay Uslu, Samar Hadou, Shirin S. Bidokhti, Alejandro Ribeiro Graph Signal Diffusion Models for Wireless Resource Allocation.



Optimal Resource Allocation

> Optimally allocate network resources to maximize an ergodic utility, subject to ergodic QoS requirements.
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> Optimal (expert) allocations are stochastic (graph) signals. = We learn to sample them.
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Graph Signal Diffusion Model Policies

» Train a conditional diffusion model to imitate a primal-dual expert policy over a family of network graphs.
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Near-Optimal Power Control Policies that Generalize
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> Generalizes to unseen QoS targets and transfers to larger networks

Learned policy-switching achieves near-optimality and ergodic feasibility.
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Imitation Learning of Expert Policies
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Stochastic Resource Allocation Policies

> Find an optimal (stochastic) allocation of network resources for a given network state H:

P* H = i q
(H) m%(lmglm Expy w) [fo(x(H), H) ],

subjectto Ep, ) [f(x(H),H)] > 0.

= Dy (H) maximizes an expected utility while satisfying expected requirements.
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Imitation as Conditional Generative Modeling

> Fit a parametric policy to the expert over a channel state distribution:

D3(H;6) = argmin EDH[DKL(@;(H) [ z)x(H;e))].

> Expert conditionals lack a closed-form, but we can draw samples from them.

» Train a conditional diffusion model policy to generate samples X | H drawn from dual descent roll-outs.
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A Primal-Dual Expert Algorithm

> Take the deterministic per-network problem and form its Lagrangian:

L(x, ) = fo(x,H) + 1Tf(x, H)

» Run projected dual (sub)gradient descent iterates:

Xk = XT(/lk) € argmaxf(x, /lk), Aksq = [/lk - ﬂ,{f(xk)]
xeX +

> Expert dataset = a late-iteration window of the primal—dual trajectory.
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Primal-Dual Expert Policies

> Tterates are pointwise infeasible, yet the randomized policy is near-optimal and average-feasible.!
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> A long-transient precedes convergence. = Generative solutions bypass it.

Ribeiro, Ergodic Stochastic Optimization Algorithms for Wireless Communication and Networking, IEEE TSP, 2006.
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Graph Signal Diffusion Models




Resource Allocations as Graph Signals

» Channel state information (CSI) defines a graph-structure.

= Users are nodes; allocations are signals on top.
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Denoising Diffusion of Graph Signals

> Forward chain transforms a policy sample Xg stochastically into a noise sample.

= Xk (X0, €) = \akXo + V1 —ake, € ~N(0,1). = q(xx) ~ N(0,1).
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Training & Sampling

> We reparametrize the reverse chain p, and train a

€ argmin £() = By, ne ||e0 (X (X0, €), k; H) — 6”2 ,

> We iterate the learned reverse chain:

1 Br ,
r— li— ,kiH . W~ NI, k=K,...,1.
W(Xk o (Xk )) + OkW, Xk, W (0,1

(k=1 | Xk H): Xpoq =

> We generate novel samples Xg | H~ = ~ D;(H).
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U-GNN Denoiser Backbone
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Experimental Results: Power Control
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Wireless Channel Model

> N =400 tx-rx pairs as nodes; long-term channel gains H are the GSO.
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Optimal Power Control

> Tx i allocates power X; r > 0 at time T and causes interference to neighboring tx-rx pairs j € N (i).

> Communication rate r determined by SINR at each rx j. = SINR; » =
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> Given H, allocate transmit powers to maximize sum-rate
utility, s.t. min-rate requirements and power budget Xmax:

;

1

P*(H) = i — r(SINR;

i PIDVES
1

subject to ?ZF(SINR,’,T) 2 Imins V),

7=1

subjectto 0 < Xj r < Xmax, Vi, 7=1,...,T.
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Matching the Multi-Modal Expert

> Optimal power control policies X}
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closely match the experts.

= Improved percentile-rates over the baselines.

H ~ Di (H) are generally multi-modal.
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Optimal Time-Sharing of Resources

> Strongly-interfering pairs alternate their transmission slots. = Policy-switching
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> A learned stochastic policy that is near-optimal and near-feasible in the ergodic sense.
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Optimal Time-Sharing of Resources (Zoomed-in)

> Strongly-interfering pairs alternate their transmission slots. = Policy-switching
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QoS-Level Generalization

» One U-GNN trained across fmin € {0.4,...,0.8}, evaluated at unseen QoS levels (hollow markers).
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> Percentile rates stay above the requirement across fni, € [0.3,0.8] = Inheriting the GNN’s stability.
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Size Transferability

» Trained at N = 400 (mixed densities), evaluated on networks of varying size at f,j, = 0.6.
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> Tail-rate percentiles stay stable across sizes. = inheriting the GNN’s scalability and transferability.
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Fast Generative Solutions

> Iterative dual descent trades off objective optimality for faster dynamics. N
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> Learned generative solutions bypass the transient and sample from the stationary dynamics.
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Conclusions & Going Forward

> We trained a graph signal diffusion model to
= imitate stochastic experts for constrained wireless optimization.
= amortize thousands of primal-dual iterations into a single DDIM sampling pass.

= generalize across QoS levels and transfers across network sizes and densities.

> Beyond wireless:

= Denoising graph signals on known topologies. E.g., financial forecasting, RecSys . ..
= Latent graph signal generative VAE/diffusion models.

> Beyond imitating experts:

= Energy-based models, stochastic control . ..

= Inference-time algos. coupling diffusion-sampling and optimization.
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Supplementary Slides: Interpretability of Learned Pooling
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U-GNN Pooling Patterns in Wireless
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U-GNN Pooling Patterns in S&P 500
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