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1 Motivation

Brain-Computer

» Robot-assisted therapy acts at the limb level Interface (BCI)

Robot-Assisted Therapy
— engaging impaired neural circuits only
indirectly [1].

» Closing the loop between intent and
assistance is the missing ingredient for

neuroplasticity-targeted rehabilitation [2].

» Motor imagery (Ml) gives a non-invasive route to

intention-contingent control [3]. 4 Can a BCI reliably decode both the )
» Most MI-BCls decode only onset, but reliable

onset and offset of intended movement — in
offset matters for assist-as-needed therapy [4] real time, under exoskeleton-induced noise — to

o gate assist-as-needed therapy? )

2 Offline Data Collection

Eight healthy participants completed a single calibration session, performing Ml onset and offset while donned in
the Harmony SHR® exoskeleton [5].

“Initiate a continuous
reach with my arm.”

“Halt the ongoing
movement of my arm.”
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DECODER TRAINING SAMPLES — §3

21 s trials - 6 runs x 20 trials - 60-Ch EEG (10-10 layout) + bipolar EOG - stNMES on triceps (Start Ml) and biceps (Stop Mi).

4 Experimental Setup & Online Control

e Distance to Posterior Estimation

Onset/Offset Control

Figure Legend
' (@ Harmony SHR® exoskeleton

' () EEGcap

i (c) stNMES pads under the cuff

i (d) arm-mounted LEDs indicating trial
Robot stops | s
' (e) fixation-based recentering (§ 7)
Gbei = 0 . ()  Riemannian decoders (§ 3)
i (9) three spatial targets defining goal-
directed trajectories.
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a Temporal Smoothing & Decision Rule

6 Recentering Bias

Recentering corrects day-to-day EEG drift, but our online protocol only ever sees the target class (Start or Stop

Ml). Building the reference from those samples alone pulls them toward the offline mean.
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Target margins drop (A,,s<0) while distractor margins rise (A, ,>0):
the two classes collapse toward each other, so Ag,, is strongly
|_negative for onset and offset alike (p = 0.0078).

Apeg= Mpeg(task) — My 4(identity)

Asep: Apos - Aneg

J

Task-based recentering makes Start look more like Rest (and Stop like Maintain) - squeezing the classes into
the ambiguous middle, where a single fixed threshold can no longer tell them apatrt.

3 Riemannian Decoding Pipeline

Each 1s EEG window becomes a point on a curved space of covariance matrices. Hierarchical minimum-

distance decoders ask, in real time: ”Is the user trying to start?” then ”Are they trying to stop?” [6]

0 From EEG signals to spatial covariances
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e Distance on the SPD manifold
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95 Results
Offline Results

| ERDIERS(, 1) = Iog0 Aff, 11/B(0

To see when and where the brain modulates, we Grand Average Spectrogram, Electrode C3

track each frequency's power:

Sto

Robot Returns.

Robot Stops (rest)

—'bot Moves
== =2

A(f, t) = live spectral power - B(f) = baseline power before the countdown.

Frequency (Hz)
Power (dB/Hz)

Robust u-band ERD locked to Start Ml and a
clear B-band rebound after Stop MI, canonical Ml

signatures persist despite movement [4], evoked Timeks)

\ Sensory feedback and exoskeleton-induced noisej

Negative — ERD Positive — ERS

Online Results
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A single non-invasive decoder delivers both reliable start and stop commands to a rehabilitation
exoskeleton - closing the loop in real time, under real instrumental noise and passive arm motion.

7/ Fixation-Based Recentering

The fix: build the drift reference from the pre-cue fixation period - EEG that belongs to neither class. This tracks

day-to-day drift without ever touching the command classes, so it can't pull them together [6].

KEY IDEA: CLASS - AGNOSTIC REFERENCE
Conventional recentering whitens using target-class samples. We

instead whiten using only fixation samples, neutral by construction 7

preserving the Start—>Stop geometry. :Z\—/\\\.
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AUC: Task vs Fixation-Based Recentering

Onset

AUC

1. Covariances + log-Euclidean mean of the fixation window.

0.6 A

2. Trim outliers on the SPD manifold: drop the farthest 20% (blinks, 8 S USSR PRV IR N S AU M—

motion), recompute. 0.4] —o TasK

3. Shrink toward identity for a neutral reference p—
logSrix = (1 — a)logSrqw . Offset

4. Eigenvalue shrinkage for conditioning, so no channel dominates 0.9
Sfix = leag((l — A)‘g + A{)VT 0.8-§\/\/\

5. Smooth across runs in the log domain to slowly track the drift. 0.7
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ONSET - THRESHOLD-FREE AUC

0.55 — 0.87

+56% - p =0.0117

OFFSET - THRESHOLD-FREE AUC "

+34% gain

S2,R1 S2,R2 S2,R3 S2.R4 S3.R1 S3,R2 S3,R3 S3,R4
p = 0.0251

p=0.0251

Session Number, Run Number

A class-agnostic reference restores separability and suppresses the unilateral bias - a more symmetric,
more stable decision boundary that holds within runs and across days, with less recalibration.

8 Takeaways & Future Work

6 Diagnosed & fixed a hidden bias

Revealed and quantified the task-
recentering bias; a class-agnostic
fixation reference restored

0 Intention-gated start & stop e Reliable across sessions

First online demonstration of both
initiating assistance and terminating it
mid-trajectory on a clinical upper-
limb exoskeleton from non-invasive feedback held up under robot motion separability and cut unilateral bias
motor imagery, in real time. across multiple days. within & across days.

61.5% onset - 64.5% offset MDM - AIRM distance AUC +56% / +34%
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A geometry-aware Riemannian
decoder with subject-specific
thresholds and proprioceptive

e Multi-session validation e Post-stroke users

e Sharper metrics

Test whether repeated exposure improves stopping precision and Handle altered sensorimotor rhythms, non-stationarity, and fatigue Stop-accuracy kinematics, lower system latency, fewer false
activations.

day-to-day stability online. in the target population.

An important feasibility step toward MI-BCI rehabilitation, bridging motor-imagery transition decoding and real-time robot control, before clinical translation.
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