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Methodology

= [nput: An Ising Hamiltonian H.

We iteratively contract one edge per round to reduce the Ising Hamiltonian. Edges are classified
as either alignment or anti-alignment via a weighted binary cross-entropy (BCE) loss, where the
weight is the model’s confidence in the prediction.
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where s € [0, 1] is the anneal fraction, o7 is the Pauli x-matrix for the i-th qubit, and Hyopjem is the
problem Hamiltonian, equivalent to Hamiltonian (1). A(s) and B(s) define the anneal schedule.
Qubits alighment. We classify each edge (¢, 7) based on the behavior of connected spins across
all ground states: alignment (s;,s; have same sign), anti-alignment (s;, s; have opposite signs), and
neutral (si,sj alignment varies).
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At layer ¢, the message passing scheme updates each node representation based on the neigh-
boring nodes’ representations at the previous layer ¢ — 1; meanwhile, each edge representation is
updated based on the edge’s two corresponding nodes. Formally, we have:
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number of layers of message passing, a feature vector zy, = h&L) + hq(}L) -+ e&?.
The logistic regression model predicts the probability on each edge (i.e. edge confidence) as:

Gup = U(<wa Zuv>); (3)

Table 3: Optimality with different number of GNN layers at
n = 200 and reduction rate = 75%.

Table 2: Optimality for different loss functions for n=200,

edge reduction 75%.

CONCLUSION & FUTURE WORK

= A framework based on GNNs automates the process of finding reduction rules for Ising in-

stances.

= Our framework enables solving larger optimization problems on current guantum devices.

= Extend GRANITE to handle real-world optimization problems from various domains.

= Adapt compression techniques for different quantum computing technologies and devices.
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