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The agonist drives the gesture; the antagonist co-activates simultaneously, so each

The extensor grid overlies shallow, thin muscle layers — lower crosstalk. The flexor grid
grid records a correlated copy of the other's activity.

overlies deep muscle buried under fat — higher crosstalk. pinch

Figure 1: Left: the extensor grid overlies shallow muscle, the flexor grid overlies deep muscle under fat. Right: during a pinch, the flexor (agonist) drives the motion while the extensor
(antagonist) coactivates in parallel — each grid recording a trace of the other.

Introduction

Results & Discussion

e Surface EMG powers prosthetic control, but top gesture rec-
ognizers need dense, dual-grid electrode arrays that are
expensive, bulky, and slow to run.

e Muscles work in antagonist pairs: when one contracts, its
partner coactivates to stabilize the joint, so every grid picks up
a faint echo of the other muscle's activity (Fig. 1).

o If that echo carries enough signal, a single grid might be all
a classifier needs — and fusing both grids more tightly might
reveal nothing extra. We test both.

eData [1]: 20 participants, 16 single-degree-of-freedom ges-
tures, two 8 X 8 HDsEMG grids over the flexor and extensor
compartments, 5 repetitions each.

o T wo evaluation settings: a generalized model pools all 20
subjects for training and testing, while subject-specific models

retrain the same architecture separately for each person (Fig. 2).

o Architectures: Single-Stream (one grid), Joint Fusion (both
grids, late merge), and Slow Joint Fusion (both grids, merged
early to probe for spatial structure).

o Explainability: GradCAM [2] on the Joint Fusion model shows
which grid the network leans on, gesture by gesture.
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Figure 2: Dropping the flexor grid barely moves the needle; dropping the extensor grid does.
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e Keeping only the extensor grid costs just 5 points of balanced
accuracy (94.6%—89.5%) while cutting channels and train-
able parameters in half (Fig. 2).

e Keeping only the flexor grid instead is a far worse trade: ac-
curacy drops to 84.4% on average, and swings wildly from

subject to subject (619%—-98.5%).

e Fusing both grids more tightly buys nothing — Slow Joint
Fusion lands at 94.0%, statistically indistinguishable from
simply concatenating the grids late.

e GradCAM agrees: across the joint model, the extensor grid
drives the decision for 12 of 16 gestures, the flexor grid for
only 10 (Fig. 3); the extensor's edge is statistically significant
(t = 3.18, p < 0.01).

e Anatomy explains the gap: the extensor sits in thin muscle
close to the skin, while the flexor is buried under extra muscle
and fat, adding crosstalk before the signal reaches the electrodes.
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Teal = positive contribution - brown = negative (scale -0.20 to +0.20). Extensor contribution is positive for 12/16 gestures
and the greater of the two for 10/16.

Figure 3: Teal marks where a grid pushes the model toward the correct gesture; brown marks
where it pushes away.
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