
Graph Signal Diffusion Models for Wireless
Resource Allocation
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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.

H

x0 xk xk′ xK· · ·
q(x1|x0) q(xk|xk−1)

pθ(x0|x1;H)

· · ·
q(xk′ |xk′−1)

pθ(xk|xk+1;H)

· · ·
q(xK |xK−1)

pθ(xK−1|xK ;H)pθ(xk′ |xk′+1;H)

▶ A U-GNN denoiser generates allocations, conditioned on channel + node states.
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Near-Optimal Power Control Policies that Generalize

▶ Learned policy-switching achieves near-optimality and ergodic feasibility.
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▶ Generalizes to unseen QoS targets and transfers to larger networks (graphs).
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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) = maximum
Dx (H)

EDx (H)
[
f0
(
x(H),H

) ]
,

subject to EDx (H)
[
f
(
x(H),H

) ]
≥ 0.

⇒ D∗
x (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:

D∗
x (H; 𝜃) = argmin

Dx (H;𝜃 )
EDH

[
DKL

(
D∗

x (H)


 Dx (H; 𝜃)

) ]
.

▶ 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:

L̃(x, 𝝀) = f0 (x,H) + 𝝀⊤f(x,H)

▶ Run projected dual (sub)gradient descent iterates:

xk := x† (𝝀k) ∈ argmax
x∈X

L̃(x, 𝝀k), 𝝀k+1 =

[
𝝀k − 𝜂𝝀f

(
xk
) ]

+
.

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

▶ Iterates are pointwise infeasible, yet the randomized policy is near-optimal and average-feasible.1

0

10

20

30

40

50
Du

al
 M

ul
tip

lie
r (

)

RX 33 ( =6.09)
RX 49 ( =12.10)

RX 230 ( =15.70)
RX 305 ( =9.24)

0 5000 10000 15000 20000 21000
Epoch

0.15

0.10

0.05

0.00

0.05

Co
ns

tra
in

t S
la

ck

Iteration-averaged worst slack
Per-iteration infeasible %

0.00

0.20

0.40

0.60

0.80

1.00

RX
 4

9 
/ P

m
ax

RX (33, 49) RX (230, 305)

0.00 0.50 1.00
RX 15 / Pmax

0.00

0.20

0.40

0.60

0.80

1.00

RX
 3

8 
/ P

m
ax

RX (15, 38)

0.00 0.50 1.00
RX 112 / Pmax

RX (112, 333)

0

20

40

60

80

100

Co
ns

tra
in

t v
io

la
tio

ns
 (%

)
▶ A long-transient precedes convergence. ⇒ Generative solutions bypass it.
1 Ribeiro, Ergodic Stochastic Optimization Algorithms for Wireless Communication and Networking, IEEE TSP, 2006.
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Graph Signal Diffusion Models
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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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▶ GNNs are scalable, transferable parametrizations for the generation task.
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Denoising Diffusion of Graph Signals

▶ Forward chain transforms a policy sample x0 stochastically into a noise sample.

⇒ xk (x0, 𝝐) =
√
𝛼̄kx0 +

√
1 − 𝛼̄k𝝐 , 𝝐 ∼ N(0, I). ⇒ q(xK ) ≈ N (0, I).

H

x0 xk xk′ xK· · ·
q(x1|x0) q(xk|xk−1)

pθ(x0|x1;H)

· · ·
q(xk′ |xk′−1)

pθ(xk|xk+1;H)

· · ·
q(xK |xK−1)

pθ(xK−1|xK ;H)pθ(xk′ |xk′+1;H)

▶ Learned reverse chain maps noise back into synthetic samples, conditional on H. ⇒ p𝜃 (·;H) ≈ D∗
x (H).
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Training & Sampling

▶ We reparametrize the reverse chain p𝜃 and train a denoiser 𝝐 𝜃∗ :

𝜃∗ ∈ argmin
𝜃

L(𝜃) ≔ Ex0 ,H,k,𝝐


𝝐 𝜃 (xk (x0, 𝝐), k;H

)
− 𝝐



2
,

▶ We iterate the learned reverse chain:

p𝜃∗
(
xk−1

�� xk ;H
)
: xk−1 =

1
√
𝛼k

(
xk −

𝛽k√
1 − 𝛼̄k

𝝐 𝜃∗ (xk , k;H)
)
+ 𝜎kw, xK ,w ∼ N(0, I), k = K , . . . , 1.

▶ We generate novel samples x0
��H ∼ p𝜃∗ (·;H) := Dx (H; 𝜃∗) ≈ D∗

x (H).
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U-GNN Denoiser Backbone

▶ A U-shaped encoder–decoder cascade of
GNN blocks.

▶ Hierarchy of graph convolutions + learned
pooling of nodes for coarsening.2

⇒ Nested down/up-sampling by Db.

⇒ Reduced GSOs Sb := DbS𝛾b D⊤
b with

pooling and stride.3

▶ Conditioned jointly on channel graph GSO
S = H and node states u directly.

ϵθ(xk, k;S,u)

D1=I

×

D2

×

D3

×

D4

nested sampling
Db =

∏
j≤bCj
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Fig. 1. U-GNN denoiser (B=3) as a vertical encoder–decoder U. Each block stacks its per-block
projection Πb (fuse with Db[U0;K0]) on the GNN Φb. Selectors Ψb produce Cb+1 (reused trans-
posed by the matched decoder up-sampling); the left pipe nests Db =

∏
j≤bCj. The graph shift

operator S enters once and parametrises every GNN block. The module frame ϵθ leaves the raw
I/O (k,u,xk,S, ϵθ) outside. The encoder and decoder blocks (outlined) are detailed in Fig. 2.

2 Zhitao et. al., Hierarchical Graph Representation Learning with Differentiable Pooling, NeurIPS, 2018.
3 Gama et. al., Convolutional Neural Network Architectures for Signals Supported on Graphs, IEEE TSP, 2018.
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Experimental Results: Power Control

Y. Berkay Uslu, Samar Hadou, Shirin S. Bidokhti, Alejandro Ribeiro Graph Signal Diffusion Models for Wireless Resource Allocation. 15



Wireless Channel Model

▶ N = 400 tx-rx pairs as nodes; long-term channel gains H are the GSO.
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WRA network anatomy  high density, network 0, r_min=0.6  [full]

▶ Networks drawn from an RGG layout + large-scale fading
(path-loss & shadowing).

▶ Mixed user densities 𝜈 ∈ {6.6, 8.2, 10.1, 11.9} pairs / km2

▶ Instantaneous channel gains fluctuate hij,𝜏 ∼ DH̃ |H (H):

⇒ a small-scale (Rayleigh) fading model.
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Optimal Power Control

▶ Tx i allocates power xi,𝜏 ≥ 0 at time 𝜏 and causes interference to neighboring tx-rx pairs j ∈ N (i).

▶ Communication rate r determined by SINR at each rx j. ⇒ SINRj ,𝜏 =
hjj,𝜏 . xj,𝜏

1 +∑
i∈N(j ) hij,𝜏 . xi ,𝜏

.
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NETWORK
  links (TX-RX)   : 400
  interf. range   : 200 m  (2x max TX-RX sep = 100 m)
  interf. edges   : 4000  (top_k=10)
  P_max           : 0.01 W   noise_var: 1.59e-13 W

RATES (ergodic, bits/s/Hz)
  mean / min      : 2.606 / 0.000
  p5  / median    : 0.000 / 2.181
  feasible (>=r_min): 77.2%
  Jain fairness   : 0.572

ALLOCATION
  mean power/P_max: 0.065
  active (>1% Pmax): 80.0%
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WRA network anatomy  high density, network 0, r_min=0.6  [full]

▶ Given H, allocate transmit powers to maximize sum-rate
utility, s.t. min-rate requirements and power budget xmax:

P∗ (H) = maximum
x𝜏∼Dx (H)

1
T

T∑︁
𝜏=1

∑︁
j

r (SINRj,𝜏)

subject to
1
T

T∑︁
𝜏=1

r (SINRj,𝜏) ≥ rmin, ∀j,

subject to 0 ≤ xi ,𝜏 ≤ xmax, ∀i, 𝜏 = 1, . . . , T .
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Matching the Multi-Modal Expert

▶ Optimal power control policies x∗
𝜏

��H ∼ D∗
x (H) are generally multi-modal.
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▶ U-GNN policies closely match the experts. ⇒ Improved percentile-rates over the baselines.
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Optimal Time-Sharing of Resources

▶ Strongly-interfering pairs alternate their transmission slots. ⇒ Policy-switching
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WRA power-allocation realizations vs stochastic time-sharing  low density, network 0, r_min=0.6  (200 PD samples, time-share over all)

▶ 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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WRA power-allocation realizations vs stochastic time-sharing  low density, network 0, r_min=0.6  (camera zoom · 19 RXs in view, cross-boundary edges trail off)

▶ A learned stochastic policy that is near-optimal and near-feasible in the ergodic sense.
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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 fmin ∈ [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 fmin = 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.

⇒ Dual dynamics are required.
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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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Selector Sampling Phase Heatmap | Epoch 1601 | Split=val | Dataset=medium-large_outdoor_low_density/wrpc_v1_primal_history_k200_h43d4a26a4203 | Network=network_20 | AGGREGATE (all batches)
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Selector vs Ergodic Rates | Dataset=medium-large_outdoor_high_density/wrpc_v1_primal_history_k200_ha6c7c432ee13, Network=5
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Selector vs Ergodic Rates | Dataset=medium-large_outdoor_low_density/wrpc_v1_primal_history_k200_h43d4a26a4203, Network=2
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Selector vs Ergodic Rates | Dataset=medium-large_outdoor_mid_density/wrpc_v1_primal_history_k200_hc1f8f7a25432, Network=1
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Selector vs Ergodic Rates | Dataset=medium-large_outdoor_ultra-low_density/wrpc_v1_primal_history_k200_h0dd7afd393f9, Network=4
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U-GNN Pooling Patterns in S&P 500
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Selector Sampling Phase Heatmap | Epoch 4501 | Split=test | Dataset=sp500 | Network=network_0 | AGGREGATE (all batches)
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