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Abstract

GraphGAN generates graph neighbors by walking
a BFS tree, scoring each branch with a classical
softmax. We replace each branch scorer with a
small variational quantum circuit — a parame-
terized circuit that uses quantum superposition
to produce branching probabilities — yielding
QGraphGAN. A learned STOP action lets the
generator terminate at any non-root node, pre-
venting exponential probability suppression of
deep-tree paths. We pair the quantum generator
with GraphGAN’s original dot-product discrimi-
nator, isolating the quantum claim to the genera-
tive distribution. Training uses REINFORCE with
baseline subtraction. Two independent Graph-
SAGE encoders provide separate generator and
discriminator embeddings. Evaluated over three
seeds on Karate Club (34 nodes), SBM (32 nodes),
and a CA-GrQc subgraph, QGraphGAN outper-
forms the classical BFS-GAN by +0.08 to +0.32
AUC across datasets. On real-world-like topol-
ogy it matches DeepWalk and Adamic—Adar; on
clean synthetic structure (SBM) classical heuris-
tics dominate — an honest negative result we
report in full.

1. Introduction

Link prediction—inferring missing or future edges from
observed graph structure—is central to recommender sys-
tems, molecular networks, and knowledge graphs. Classi-
cal methods range from structural indices (Liben-Nowell
& Kleinberg, 2007) to neural encoders (Kipf & Welling,
2016; Hamilton et al., 2017) and adversarial graph mod-
els. Quantum GANs have been studied for continuous
distributions (Dallaire-Demers & Killoran, 2018; Lloyd &
Weedbrook, 2018), but they do not address the discrete,
graph-constrained generation problem that link prediction
requires.

GraphGAN (Wang et al., 2018) introduced Graph Softmax,
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a BFS-tree hierarchical softmax that factorizes candidate-
node probabilities along graph paths and makes adversarial
link prediction computationally feasible. The gap we ad-
dress is that no prior quantum graph generator re-derives this
graph-structure-aware factorization using quantum primi-
tives. Our goal is therefore not merely to insert a variational
circuit into a GAN loss, but to construct a quantum analogue
of GraphGAN’s main mechanism.

Our contributions are:

1. Quantum Graph Softmax: a BFS-tree generator where
each branch probability is produced by a local varia-
tional quantum circuit, giving G (v | v.) as a product
of quantum branching probabilities.

2. Hybrid isolation: a quantum generator with the origi-
nal classical dot-product discriminator, so the quantum
claim concerns the generative distribution rather than
edge scoring.

3. REINFORCE training: quantum circuits produce dis-
crete node samples that cannot be differentiated through
directly; we use the REINFORCE log-derivative estima-
tor with baseline subtraction to estimate policy gradients
through the BFS-tree sampling process (Williams, 1992).

4. Ablation methodology: a Conditional QCBM baseline
tests whether adversarial rewards improve over super-
vised quantum generation (Liu & Wang, 2018; Coyle
et al., 2020).

5. Faithful baselines: a classical BFS-GAN with identi-
cal BFS-tree topology, STOP action, and REINFORCE
training isolates the quantum circuit’s contribution; a
Conditional QCBM tests whether adversarial rewards
improve over supervised quantum generation.

2. Related Work

Graph adversarial models. GraphGAN uses a discrimi-
nator to distinguish observed from generated edges, but its
central architectural contribution is Graph Softmax: a BFS-
tree factorization of node probabilities (Wang et al., 2018).
NetGAN (Bojchevski et al., 2018) and GraphRNN (You
et al., 2018) instead model random walks or sequential
graph construction. We derive a quantum counterpart of
GraphGAN’s specific hierarchical generator.

Quantum generative learning. QGANs model quantum
or continuous distributions (Dallaire-Demers & Killoran,
2018; Lloyd & Weedbrook, 2018; Zoufal et al., 2019). Quan-
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tum Circuit Born Machines (QCBMs) produce samples from
Born-rule measurements' and can be trained by MMD (Liu
& Wang, 2018; Coyle et al., 2020), but they lack adversar-
ial feedback and graph-aware BFS factorization. We use
QCBM as a non-adversarial quantum ablation.

Quantum graph learning. Quantum graph neural net-
works and hybrid graph models encode graph information
into quantum circuits (Verdon et al., 2019; Ai et al., 2022).
Topology-guided quantum GANS are a close concurrent di-
rection for constrained graph generation (Rohe et al., 2025);
their target is geometric K4 graph generation, whereas we
study adversarial link prediction via Graph Softmax.

3. QGraphGAN Framework

3.1. Problem Formulation

Given a center node v., the goal is to generate plausible
neighbor nodes—nodes likely to be connected to v, in the
graph. The generator must learn which nodes are struc-
turally compatible with v., guided by adversarial feedback
from the discriminator. Let G = (V, E) be an undirected
graph with |[V| = N. Given FEi,i, C E, we learn scores
that rank held-out edges E;, above non-edges E_,. Fol-
lowing GraphGAN, training is an adversarial game between
a generator Gg(v | v.) and discriminator D(v,, v). Cru-
cially, the generator factorizes G (v | v.) along a BFS tree
T, rooted at center node v..

3.2. Node Embedding via GraphSAGE Encoder

Rather than using raw learnable embeddings, the frame-
work first injects graph structure with two independent
GraphSAGE-mean encoders (Hamilton et al., 2017): one for
the generator, producing e’, and one for the discriminator,
producing e?. For layer ¢, the GraphSAGE-mean update
is computed separately for each encoder. Keeping the two
encoders independent is essential: shared parameters would
allow discriminator gradient updates to corrupt the gener-
ator’s structural representations, destabilising adversarial
training.

h{f+D) = LayerNorm (o (W, |
MEAN ex(0) b))

We use two layers, hidden dimension 32, and output dimen-
sion 16.

ey

3.3. Quantum Graph Softmax Generator

Without a termination mechanism, nodes reachable only
through deep BFS paths receive exponentially suppressed
probability—a forced-leaf bias we resolve by allowing the
generator to stop and select any non-root node as the gen-
erated neighbor. For each center v., we construct the BFS

!The Born rule states that the probability of a measurement out-
come equals the squared magnitude of the corresponding quantum
state amplitude.
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Figure 1. Quantum Graph Softmax with STOP action. BFS
tree rooted at center v. (blue). Red edges mark the active path
v. —>u— v; grey edges are non-selected branches. Each internal
node runs a local quantum circuit (QC badge) that outputs a proba-
bility distribution over its children plus a STOP action. Choosing
STOP at node u terminates the walk and selects u as the gener-
ated neighbor, preventing exponential probability suppression of
deep-path nodes. The pink node v is the generated neighbor in this
example. Shared circuit weights ¢ are learned via REINFORCE.

tree T,_ on the training graph exactly as in GraphGAN.
A variational quantum circuit applies parameterized rota-
tion gates to qubits, producing a probability distribution
over measurement outcomes that is differentiable with re-
spect to the rotation angles — gradients are estimated by
evaluating the circuit at two shifted parameter values, analo-
gous to finite differences. At an internal node u with chil-
dren C(u) = {c1,...,ci}, alocal branching circuit with
Nlocal = [1085 (kmax + 1)] qubits outputs probabilities over
children plus STOP. The circuit applies Hadamards, encodes
6.... = AP (€S [€5), where AP (a learned linear layer
that maps the concatenated embeddings to circuit rotation
angles in (—, 7)) produces these angles, with Ry /R z ro-
tations, applies . = 3 parameterized entangling layers?
with shared weights ¢, then measures, masks invalid child
states and root STOP, and normalizes.

STOP action. At each non-root internal node w, the cir-
cuit’s output distribution includes an additional STOP action
(index 0) that terminates the walk and selects w itself as the
generated node. The probability mass assigned to STOP is
Go(u | ve) pqc(STOP | u,v.). At the root node v, the
STOP action is masked to zero since v, cannot be its own
neighbor. This eliminates the forced-leaf problem of the
original design, where nodes reachable only through deep
BFS paths received exponentially suppressed probability.

For a target node v, generation probability sums over STOP-
terminated BFS paths: At each node u with k children, the

2Implemented using PennyLane’s
StronglyEntanglingLayers ansatz (Bergholm et al.,
2018).
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Figure 2. QGraphGAN pipeline. Top row (blue): generator path
— GraphSAGEg encodes the graph into E€; the Angle Projector
AP maps node-pair embeddings to quantum circuit angles; local
quantum circuits on the BFS tree sample a fake neighbor v~ via
the STOP action; L is minimised via REINFORCE. Bottom row
(green): discriminator path— GraphSAGE p (spectral-normalised)
produces EZ; the dot-product scorer D(v., v) distinguishes real
from fake neighbors; L£p is regularised by the Gradient Penalty
(GP) to prevent saturation. Red dashed arrow: the discriminator
score is detached and passed upward as a REINFORCE reward to
train the quantum generator. The two encoders share no parame-
ters.

action space is {0, 1,. .., k}, where action 0 is STOP and
action j > 0 descends to child c;.

> I
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Here action a = 0 denotes STOP at u and contributes to
Go(u | v.), while a > 0 descends to child c,. Because
each circuit uses only njca) qubits, typically 1-4, sampling
costs O(depth(T,,)) circuit calls rather than evaluating a

c

flat O(N) distribution.

3.4. Classical Dot-Product Discriminator

We use the same discriminator as the original GraphGAN:

D(ve,v) = o((el))Tel). 3)

Ve v

This score is fast, naturally symmetric for undirected graphs,
and needs no quantum evaluation. The design isolates the
research question: can quantum circuits learn better graph-
structured generative distributions, not better dot products?

3.5. Training Objective

For positives v+ ~ A (v.) and generated negatives v~ ~
Gl | ve)

Lp = —E,+ log D(v.,v")

*Ev— IOg(]-*D(vmvi))v (4)
V(-)EG = —EUNGQ [R(’UC, U)VQKQ]
—AVeH(Gq), (%)

where R(v.,v) = logD(v.,v) is detached and {g =
log Gg(v | vc;0). Since BFS-tree node sampling is dis-
crete and non-differentiable, backpropagation cannot pass
gradients through the sampling step. REINFORCE esti-
mates the generator gradient as the reward multiplied by
the log-probability of the sampled path, averaged over
multiple independent samples per center node. Fake neg-
atives for the discriminator include generator samples,
random non-neighbors, and distance-2 non-neighbors to

provide harder negative signal. The sampled path log-
probability is differentiable because Eq. 2 is a sum of local
circuit log-probabilities. We use two optimizers: optg for
GraphSAGEq, AP, and ¢¢; optp for GraphSAGEp.

4. Experiments
4.1. Setup

All experiments use noiseless statevector simulation; shot
noise and hardware decoherence are not modelled, and any
quantum-advantage claim is therefore simulation-only at
this stage. We evaluate on three datasets across three ran-
dom seeds (7, 42, 123) and report mean + std: Karate
Club (34 nodes, 78 edges), a 32-node Stochastic Block
Model (SBM, p;,, = 0.65, pous = 0.12), and a 32-node
CA-GrQc subgraph sampled from the collaboration net-
work used in the original GraphGAN paper (Wang et al.,
2018). Edges are split 75/25 into train/test. Local circuits
use Niocal = [10gs (kmax + 1) qubits, where +1 accounts
for the STOP action. Training runs 200 epochs with 8§ RE-
INFORCE samples per center, entropy weight A = 0.005,
gradient penalty A\gp = 0.5 (Gulrajani et al., 2017), and
spectral normalization on the discriminator’s GraphSAGE
encoder (Miyato et al., 2018). Code is available at https:
//github.com/Shuhul24/ggraphgan.

4.2. Baselines

We compare against: (1) Common Neighbors, Jaccard Co-
efficient, Adamic—Adar Index (Adamic & Adar, 2003), and
Graph Distance 1/(1 + d)—structural heuristics requiring
no training; (2) DeepWalk with 5 negative samples per posi-
tive (Perozzi et al., 2014); (3) Classical BFS-GAN, a faithful
classical GraphGAN implementation with BFS-tree Graph
Softmax, STOP action, and REINFORCE, matching our
quantum architecture but using classical softmax at each
branching point; (4) Conditional QCBM, the same quan-
tum circuit architecture as QGraphGAN but trained with
cross-entropy loss against the true-neighbor distribution;
and (5) GCN-only dot product, the same GraphSAGE en-
coder trained with BCE loss, no quantum circuits, and no
adversarial training, testing whether the quantum generator
adds value beyond the encoder.

4.3. Ablation
Table 2. Ablation: AUC deltas (mean over three seeds).

Ablation Karate SBM  CA-GrQc

QGraphGAN — QCBM (AUC) —0.002 —0.055 —0.040
QGraphGAN — GCN-only (AUC) +0.157 —0.128 —0.004
QGraphGAN — Classical BFS-GAN +0.222 +0.076 +0.320
QGraphGAN post — pre (AUC) +0.042 —0.037 +40.002

Table 2 reports ablation results: the QGraphGAN-QCBM
gap is near zero on Karate and negative on SBM, indicating
that adversarial training helps less on clean synthetic struc-
ture, while the GCN-only ablation underperforms QGraph-
GAN on Karate Club and is near parity on CA-GrQc. Quan-
tum vs. classical BFS-GAN. The most critical comparison
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Table 1. Link prediction results (mean =+ std over three seeds).
QGraphGAN rows are bolded.

Dataset Method AUC AP

Karate Common Neighbors  0.704 £ 0.083 0.668 £ 0.044
Karate Jaccard 0.649 £+ 0.059 0.575 4 0.038
Karate Adamic-Adar 0.730 £ 0.075 0.703 £ 0.058
Karate Graph Distance 0.748 £ 0.068 0.676 4 0.061
Karate DeepWalk 0.741 £ 0.030 0.705 £ 0.037
Karate Classical BFS-GAN  0.502 4= 0.042 0.554 £ 0.042
Karate Cond. QCBM 0.726 £ 0.071 0.650 £ 0.062
Karate GCN-only dot 0.567 £ 0.016 0.575 4 0.046
Karate QGraphGAN (ours) 0.724 + 0.010 0.679 + 0.038
SBM Common Neighbors  0.785 4 0.042 0.741 £ 0.066
SBM Jaccard 0.800 £ 0.037 0.764 £ 0.068
SBM Adamic-Adar 0.778 £ 0.042 0.757 £+ 0.071
SBM Graph Distance 0.647 £ 0.067 0.590 £ 0.045
SBM DeepWalk 0.811 £+ 0.045 0.795 £ 0.053
SBM Classical BFS-GAN  0.539 4+ 0.017 0.552 £ 0.028
SBM Cond. QCBM 0.669 £ 0.090 0.661 4+ 0.078
SBM GCN-only dot 0.742 £ 0.057 0.736 & 0.060
SBM QGraphGAN (ours) 0.614 + 0.075 0.601 + 0.034

CA-GchT Common Neighbors  0.904 £ 0.056 0.876 £ 0.072
CA-GchT Jaccard 0.879 £+ 0.068 0.838 £ 0.093
CA-GchT Adamic—Adar 0.906 £+ 0.058 0.896 + 0.063
CA-GrQc! Graph Distance 0.869 £ 0.068 0.804 £ 0.086
CA-GchT DeepWalk 0.876 £ 0.020 0.837 £ 0.028
CA—GchT Classical BFS-GAN  0.458 £+ 0.068 0.571 + 0.036
CA-GrQcT Cond. QCBM 0.818 + 0.098 0.737 & 0.136
CA-GrQcT GCN-only dot 0.782 £+ 0.131 0.727 £ 0.117
CA-GrQcT QGraphGAN (ours) 0.778 + 0.144 0.734 + 0.173
T CA-GrQc results are indicative only; as few as 6 positive test edges per split
produce statistically unreliable AUC estimates.

is that QGraphGAN outperforms the classical BFS-GAN
by +0.22 AUC on Karate Club, +0.08 on SBM, and +0.32
on CA-GrQc (Table 2). Both use identical BFS-tree topol-
ogy, STOP action, and REINFORCE training; the only
difference is quantum versus classical branching circuits.
This is the cleanest evidence that the quantum generator
learns better branching distributions. Adversarial vs. non-
adversarial quantum. The QGraphGAN-QCBM gap is
near zero on Karate and slightly negative on SBM, indi-
cating that on small graphs with strong structural signal,
adversarial training provides marginal benefit over super-
vised cross-entropy training of the same quantum circuit.
On CA-GrQc, both methods achieve similar mean AUC
but QGraphGAN has higher variance. Quantum circuit
vs. encoder alone. QGraphGAN outperforms the GCN-
only dot-product baseline by +0.16 on Karate Club, demon-
strating that the quantum BFS-tree generator contributes
beyond what the GraphSAGE encoder provides. On SBM,
the encoder alone is sufficient, consistent with the clean
community structure.

4.4. Results

On Karate Club, QGraphGAN achieves AUC 0.724 +
0.010—the lowest standard deviation across all methods in
Table 1, demonstrating consistent performance across ran-
dom seeds. It is competitive with DeepWalk (0.741+0.030),
Adamic—Adar (0.730 £ 0.075), and Conditional QCBM
(0.726 £ 0.071). It substantially outperforms the classical
BFS-GAN (0.50240.042) and GCN-only ablation (0.567+
0.016), confirming that quantum branching adds value be-
yond both the classical GAN and the encoder-only baseline.
On CA-GrQc, QGraphGAN reaches AUC 0.778 £ 0.144,
though high variance across seeds (driven by the small num-
ber of test edges, as few as 6 per split) limits statistical

confidence. On SBM, QGraphGAN (0.614 + 0.075) under-
performs classical heuristics and DeepWalk (0.81140.045);
SBM’s clean two-community structure is well exploited by
homophily-based methods, leaving less room for adversarial
generation.

The discriminator maintains a healthy real/non-edge gap
of 0.16-0.26 across all datasets, confirming that spectral
normalization and gradient penalty (A\gp = 0.5) prevent the
discriminator saturation observed in earlier designs. Gen-
erator neighbor-concentration ratios exceed 8 x on Karate
Club.

5. Discussion and Limitations

Current datasets remain small (N < 34). We observe that
QGraphGAN’s advantage is strongest on real-world-like
topology (Karate Club, CA-GrQc) and weakest on clean syn-
thetic structure (SBM), suggesting the quantum generator
captures irregular structural patterns that heuristics and shal-
low encoders miss. Although the BFS-tree generator scales
as O(log N) circuit calls per sample on balanced trees, we
have not yet demonstrated 100+ node graphs. REINFORCE
has high variance; baseline subtraction and multi-sample av-
eraging help but may be insufficient at larger scale. Spectral
normalization and embedding gradient penalty (Agp = 0.5)
maintain discriminator scores in the 0.4-0.65 range through-
out training, preventing saturation observed in earlier de-
signs without gradient regularization (Miyato et al., 2018;
Gulrajani et al., 2017). The STOP action is essential: with-
out it, deep BFS-tree nodes receive exponentially suppressed
probability, collapsing generator diversity. The discrimina-
tor is classical, so any quantum-advantage claim is limited
to the generator distribution, not end-to-end speedup. Future
work includes Cora/CiteSeer subgraphs, shot-based training,
a swap-test discriminator ablation, and comparisons with
quantum graph attention networks.

6. Conclusion

QGraphGAN is a principled quantum analogue of Graph-
GAN’s Graph Softmax. A BFS-tree hierarchical genera-
tor with local variational circuits provides graph-structure-
aware quantum sampling, REINFORCE enables discrete-
node training, and QCBM ablations test whether adversarial
rewards improve over standalone quantum generation. The
hybrid architecture offers a clean testbed for isolating quan-
tum contributions to graph generative modeling.
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