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The blind spot in matching decoders It beats both baselines under correlated It’s data, not architecture
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> A DEM-informed, DEM-weighted edge-feature GNIN: nodes are T A A S Same architecture, more shots: the reduction vs. MWPM climbs
detectors, edges are DEM fault mechanisms weighted by fault probability. 152/59/67% (2|\/|,/5|\/|/12|\/|) énd Ve belief-ma.tching 18/22/34%, with no
> b6 message-passing layers, width 128, ~430k parameters; message Per-round logical error rate £, across bias settings (2M shots). Both the GNN saturation. d = 5 needs far more data: 3x the stabilizers and we,ight-2
passing reads the joint X-Z syndrome that matching discards. and belief-matching cut plain MWPM by 30-57%. The GNN's extra correction blow up the syndrome space, so at a fixed 8M budget
» Trained with focal loss on the natural error distribution plus threshold edge over the strong belief-matching baseline (starred bars: +5 to +12%, belief-matching overtakes, a data-budget limit rather than a capacity ceiling.
calibration; evaluated on seed-disjoint holdout shots. McNemar p < 10~°) appears only under strong two-qubit bias, where it keeps

the joint X-Z syndrome coupled instead of decoding the two graphs separately. . . .
But it doesn’t extrapolate in time

Why a learned decoder helps Round extrapolation: the GNN cliff

The DEM detector graph

Regular detector graph (d=3, 3 rounds)
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Per-round p; as experiments run longer than training (< 37 rounds). The GNN

A DEM-informed GNN recovers the X-Z correlation matching discards, tracks matching out to ~50 rounds, then crosses plain MVWPM near round
@ xstabilizer detector [ virtual boundary radius {geometric) edge beating plain MWPM by up to 60% and belief-matching by ~25% at d = 3 70 and collapses far beyond its training regime (19% vs. 3% at 150 rounds).
® Zstabilizer detector == DEM edge {width « error prob.) with 430k parameters. Under unbiased noise the two tie; the open gaps Generalizing across experiment length, not raw accuracy, is the open problem.

larger codes, longer experiments) are data and generalization, not capacity.
The decoder graph is built directly from the detector error model (larg 5 P ) 5 pacity

(DEM): detector nodes in space and time, with DEM-weighted edges (width
o error probability) that span the X and Z sublattices wherever a common

fault couples them.

Setup: Stim rotated memory z, d = 3, p = 0.001, rounds 1-17 (depth to 37) e Baselines: plain MWPM & belief-matching (BP + matching) e metric: per-round logical error rate g;



