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Extended DataFig.1|Schematic and anatomical interfacing of SEMG
ResearchDevice. a, The SEMG Research Device electrical system architecture.
The sEMG-RD uses 48 pogo-pinstyle round electrodesin order to provide good
comfortand contact quality. The 48 channels are configured into 16 bipolar
channels arranged proximo-distally, with the remainder electrodes serving as
eithershield orground. Eachelectrodeis 6.5 mmindiameter (gold plated
brass). For each differential sensing channel (16 in total), centre-to-centre
spacing between paired sensing electrodesis 20 mm. The sEMG-RD has low
noise analog sensors withinput-referred RMS noise of 2.46 pVrms, measured
duringbenchtop testing with differential inputs shorted to their mid-point
voltage. With analog sensors’ nominal gain value of190 and Analog to Digital
Converter’s (ADC) full-scale range of 2.5V, the sSEMG-RD offers adynamic range
of approximately 65.5 dB. Each channelissampled at2000 Hz. The Inertial
Measurement Unit (IMU) functional block includes sensors of 3-axis
accelerometer, 3-axis gyroscope, and 3-axis magnetometer sampled at 100 Hz.
We note that the IMU was not utilized for any online or offline experiments
described in this manuscript. The microcontroller facilitates the transfer of
unprocessed datafromall ADCsand IMU directly to the bluetooth radio. No
skinpreparation or gels are needed for using the sSEMG-RD, because its analog

LEDs +
buttons

sensors have very high input-impedance —approximately 10 pF capacitance

in parallelwith10 TOhmresistance — providing excellent signal robustness
against large variations of electrode-skinimpedance among the population.
b, Computer-aided design rendering of the SEMG-RD. The mechanical
architecture consists of akinematic chain with flexible joints connecting

16 pods thathouse the pogo-pinstyle electrodes that comprise the SEMG
channels. This enables broad population coverage in maintaining consistent
quality contactbetween the dry electrode and skin. Since each differential
sensing channelis placed along the proximal-distal direction, the device
isable tomaintainsymmetry with respect to wrist anatomy and provide
generalizability acrossright and left hands, as long as the wearer keeps the gap
locationonthe ulnaside. c, Anatomical depiction of electrode locations
relative torelevant muscle and skeletal landmarks, adapted from a public
domainimage®. Pink overlays cover muscles that predominantly control the
wrist, blue overlays cover muscles lessinvolved in wrist control, red overlays
cover blood vessels and yellow overlays cover nerves. The green diamond
indicates the position of the electrode gap. Note the gap that arises between
channels 0 and 15, due to variation in wrist circumference and elasticity between
compartments, isaligned with the region of the wrist where the ulnais located.
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Extended DataFig.2|See next page for caption.
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Extended DataFig. 2| Extraction and validation of putative MUAPs.

a-b, Toevoke putative MUAPs, one participant followed a series of prompts
instructing the execution of various low-force muscle contractions
interspersed with periods of rest. To facilitate generating sparse and spatially
focal EMG signals, the participant was provided visual feedback about the raw
EMG on amanually selected channel during prompted rest (a) and movement
(b) epochs. Eachepochlasted 10 sand was repeated three times. High-pass
EMG on all channels (top) and on the manually selected channel (12) for visual
feedback (middle) during a prompted rest epoch during data collection for
putative thumb extension MUAPs. Grey vertical scale barsindicate 20 pV.
MUAPs on any channel were detected using peak finding on the channel-
averagedrectified and smoothed EMG (see Methods). The timings of detected
MUAPs were used to construct aspike train capturing the activity of this multi-
unitactivity, whoseinstantaneous firing rate was computed by taking the
inverse of each event’sinterspike interval (ISI) in seconds (bottom). c, Mean
instantaneous firing rates (computed as the total number of detected MUAPs
over the epoch duration) during rest and movement epochs for each tested

movement (IF:index flexion; MF: middle flexion; PE: pinky extension; TAb:
thumb abduction; TE: thumb extension; WP: wrist pronation). Eachsample
corresponds to one prompt (rest or move) epoch. d, Coefficient of variation
(CoV) during the prompted movement periods. CoV was computed as the
standard deviation of interspike intervals (b; bottom) normalized by their
mean. e, Multi-channel waveforms for putative MUAPs extracted during the
prompted movement epochs for each action. For visualization, MUAPs for
each movement were normalized by the 99.95th percentile of the absolute
maximum (over samples and channels) of each MUAP. Thin lines correspond
toindividual MUAPs (total number detected indicated as n) and thick lines
correspond to the median waveform over MUAPs for each movement. Each
waveformis20 mslong. Vertical scale barsindicate 20 uV. f, MUAP spatial
profiles. The spatial profile foreach MUAP was constructed using the peak-to-
peak value of the waveform on each channel. The mean (solid line) and standard
error (shading; nearly within solid lines) of the spatial profiles are shown for
each movement. Angular locations represent approximate channellocations
around the wrist (indicators) and the radii represent the peak-to-peak value.
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Extended DataFig. 3| Anthropometricand demographicfeatures of

sEMG datasets. a, The number of participantsineach corpus. b-e, Histograms
of anthropometric characteristics of all participants (n =11,236): (b) wrist
circumference, (c) self-reported age, (d) BMI calculated from self-reported
heightand weight, and (e) self-reported height. Theirregularityin the
histogram of self-reported age is likely due to participants rounding their age to
nearby values. We measured wrist circumferences with astandard measuring
tapeatthe wristjust below the ulnar styloid process where the participants are

expected to dontheband. Values outside of the range 0f10-30 cm were
truncated. We calculated BMI as the weight (in kilograms) divided by height
(inmetres) squared. f-i, Distributions of the demographic characteristics
acrossall participants (n=11,236): (f) dominant handedness, (g) self-reported
proficiency at typing onacomputer keyboard, (h) self-reported gender, and
(i) armexercise frequency, chosen from one of the following options: Never
(never), Less than once per week (rarely), 1-2 times per week (occasionally),
more than twice per week (often).
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Please write the prompt shown below:

how was your day

Press any key to advance to the next prompt.

Extended DataFig. 4| Examples of prompting used to collect training data
for the three tasks. a, Time series of example prompter frames from the open-
loop task used to collect training data for the wrist decoder. The participant
was instructed to make wrist movements following a cursor (pink circle)
making centre-out movements. For the user to be able to preempt the direction
ofthe cursormovement, alineemanated out from the cursor toindicate the
directionit was going to move to before subsequently moving. b, Time series
of example prompter frames from the cursor-to-target closed-loop control
task used to collect training data for the wrist decoder, with the 2D target
configuration. Inthis task the participant was prompted to move the cursor to
ahighlighted target (light blue rectangle in panel labelled t,). When the cursor
(red) landed onthe target, ashort timer began, marked by the blackfill of the
cursorand black border of the target region (panel t;). In this trial, the cursor
was held onthe target for 500 msto complete the timer, so the target was
acquired and therefore disappeared as the next target was prompted (light
bluerectangleinpanelt,).c, Example prompter from the smooth pursuit
closed-loop control task used to collect training data for the wrist decoder.
Inthis task the participant was instructed to move the cursor (red) to follow a
target (black) movinginarandomly sampled smooth trajectory.d, Example
of prompting for open-loop task used to collect training data for the discrete
gesturerecognizer. Aseries of gestures tobe performed are depicted, with

middle

middle

zone,

exactly

096 527 19

to the 13th of

how was your day

colours andlabels correspondingto the gesture type. Gestures were separated
byblankintervalsin which no gesture was to be performed. Prompts scroll
fromtherightofthescreento theleft. Participants wereinstructed to perform
each gesture whenthe corresponding promptreached theindicatorline
(highlighted withanarrow) - either instantaneous gestures such as finger
pinches or thumb swipes that are depicted as single lines, or held gestures such
asindex and middle holds that are depicted as solid bars. Participants were
instructed torelease held gestures when the indicator line reached the end of
therectangle. Gestures that have already been prompted are shownin grey.

e, Detailed example of prompting during holds. At t,anindex hold gesture
promptappeared ontherightside of the screen, with the timeindicatorlinein
white. Att, the gesture promptreached the timeindicator, and the hold prompt
changed colour toindicate the hold should be performed by the participant.
Att,the hold wasnolonger selected by the indicator barand turned grey,
indicating that the participantshould release the hold. f, Example prompter
shown during the handwriting task. The screeninstructed the participant to
write “how was your day” with their hand on the surface of the table, while
seated. g, During the experimental session, different prompts, including
numbers and punctuation, were shown, ranging fromsingle characters to full
sentences. Besides writing on adesk surface, the participant was also asked to
performhandwriting on their leg while standing and on their leg while seated.
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Extended DataFig.5|sEMG event similarities and single-participant sSEMG
decoder generalization performance. a, Purple: cosine similarity between
individual sSEMG activations of agiven gesture and the sSEMG template
(event-triggered average) for that gesture. From left to right: cosine similarities
areplotted forallevents withinasingle session (single band placement), across
allsessions of asingle participant, or across all sessions fromall participants
from Fig.2a (100 sessions, 5 from each of 20 users). While similarity was
relatively high within asingle band placement, sEMG activationsbecame
progressively more distinct across different band placements and individuals.
Orange:same, except for the cosine similarity of one gesture compared to the
template foradistinct gesture. These were lower than similarity within the
same gesture, irrespective of whether the grouping was done over asingle
band placement or across the population. Differences shown across sessions,
participants and gestures are representative for all gestures and pairs of
gestures. Boxes show median, lower quartile, and upper quartile, with whiskers
extending to +1.5xIQR. b, For each held-outindividual, the fraction of other
single-participant modelsin the discrete gesture detection task (Fig.2c,d) that
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outperformthatindividual’'sownmodel (i.e. had lower FNR). For all except two
participants, none of the other single-participant models outperformed their
ownmodel. Alltheresultsin panels b-d are based onn =100 single-participant
models, each trained on 4 sessions from that participant. ¢, For each pair of
participants, we computed the FNR of each participant’smodel on data from
every other participant. We embedded the resulting distance matrix in 2D
using t-SNE. Qualitative inspection of t-SNE embeddings reveal no prominent
similarity structure.d, Scatter plot comparing each person’s model’s average
offline performance on every other participant’s data (donor FNR, x-axis)
against the average performance of other participant’s models on that person’s
held-outsession (receiver FNR, y-axis). The dashed line shows x=y. Thereis
notasignificant Pearson correlationbetween the donorandreceiver score
(r=0.11,p=0.26, two-sided test, n =100 participants). All models show high
FNR, and the lack of correlationindicates that the generalizability of agiven
participant’smodelto otherindividualsis not predictive of the other individual’s
model’s generalizability to that participant.
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Extended DataFig. 6 | Multivariate power frequency featuresimprove
wrist decoder performance over root meansquare power features.
Decodingerror of 4.4 M parameter wrist decoders trained to predict wrist
angle velocity from MPF EMG features (black) or root mean square power EMG
features (gold). Eachdot shows mean +/-SEM decoding error evaluatedona
fixed testset of held-out participants (n =22), following the same conventions
asinFig.2e. Asterisks below each pair of pointsindicate p <107, two-tailed
paired sample Wilcoxon signed-rank test. Root mean square power EMG
features were calculated by first rescaling and high-pass filtering the EMG
signalasinthe MPF features (see Methods) and then taking the root mean
square of each channelin arolling window of length 200 samples (100 ms)
strided by 40 samples (20 ms). Thereduced dimensionality of these features
(16 dimensions, as opposed to 384) implied asmaller number of input
dimensions to the fully connected layer in the rotational-invariance module,
which we compensated for by increasing the number of hidden dimensions
from512to 600 to keep the total parameter countat 4.4 M.
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Extended DataFig.7|Example screenshots of closed-loop evaluation
tasks. a, Screenshots from an example trial of 1D horizontal cursor control
task, inwhich the participant was prompted toreach to the rightmost target
(inpanellabelledt,, light blue rectangle). When the cursor (red) landed on
thetarget, the target was marked withablack borderand ashort timer began,
marked by the black fill of the cursor (middle panel, t,). In this trial, the cursor
was held onthetarget for 500 ms to complete the timer, so the target was
acquired and therefore disappeared as the next target was prompted

Phrase count: 10

example flashing

Time left: 104s

(right panel, t,). b, Screenshots from an example sequence in the discrete grid
navigation task, inwhich the participant was prompted to perform (fromleft to
right, marked as ty-t,): thumb swipe up, index hold, thumb swipe right, thumb
swiperight, middle hold. ¢, Screenshots froman example trial in the handwriting
task, inwhichthe participantis prompted to write the phrase “example flashing
red light means” (top) and the handwriting decoding model outputinresponse
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to the participant’s behaviorin the handwriting task (below).
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Extended DataFig. 8| Additional online evaluation metrics. a, MeanFitts’
law throughput on the 1D horizontal cursor control task. Throughput s
defined as the index of difficulty divided by acquisition time, with the index of
difficulty defined asin®: log,(1+d;/w), whered;isthedistancetothetargetat
thestartoftrialiand wis the target width. Eachbox shows the distribution
oftrial-averaged throughput over participants (n =17), following the same
conventionsasFig.3d,e. Throughputsignificantly improved from the practice
block to the evaluation blocks (p < 0.005, two-tailed Wilcoxon signed-rank
test), indicatinglearning effects consistent with theimprovementsin
acquisition time and dial-in time shown in the main text. Dashed red line and
shading shows median and 95% confidence interval of the performance ofa
differentset of n =162 participants controlling the cursor with ground truth
wrist angles measured viamotion capture (see Methods). Dashed orange line
and shading shows median and 95% confidence interval of the performance
ofthe same n =17 participants controlling the cursor with MacBook trackpad
(see Methods). For each baseline, confidence intervals for medians were
calculated using the reverse percentile bootstrap. b-d, Performance onthe
discrete grid navigation task with Nintendo SwitchJoy-Con controller (n =23
participants). (b) Fraction of prompted gesturesin eachblockinwhich the first
gesture detected by the model was the correct one (out of 130 total prompted
gesturesineachblock), asinFig. 3f. This value was used as the baseline in Fig. 3f.

wrist discrete hand-
gestures writing

LI L L | T 71
12 14 16 18 20 22
wrist circumference (cm)

18 26 34 42 50 58 66 74
age (years)
(c) Mean gesture completionrateineachtask block, asinFig.3g. This value
was used as the baselinein Fig.3g. (d) Discrete gesture confusion ratesin
evaluationblocks, averaged across participants, asin Fig. 3h. Confusion rates
areexpressed asapercentofinstancesinwhich the corresponding gesture
was expected (across rows). Note that, despite using acommercially available
and widely used controller, confusion rates remain non-zero, reflecting
behaviouralerrors. e, Distribution of subjective impressions about the
reliability of each EMG decoding model. Atthe end of each online evaluation
task, participants were asked to respond to a multiple choice question about
howreliably theirintended action was detected. For the discrete gestures task,
they were asked to answer this question separately for each of the thumb swipe
directions and “activation” gestures. f-i, Demographics of participants that
performed the online evaluation tasks for the wrist decoder (n=17), discrete
gestures decoder (n=24),and handwriting decoder (n =20): (f) self-declared
gender, (g) self-declared dominant hand, (h) self-declared age, (i) measured
wrist circumference. For allboxplots, boxes show median, lower quartile, and
upper quartile, with whiskers extending to +1.5xIQR. Any values beyond these
aremarked with open circles. One and two asterisks respectively indicate
p<0.05and p<0.005,and “ns” indicates “not significant” (p > 0.05); two-tailed
paired sample Wilcoxon signed-rank test.
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Extended DataFig.9|Spatiotemporal properties of all discrete gesture
decoder convolutionalfilters. a, Index of channel with max root mean square

(RMS) power (n =512 convolutionalfilters). Here and in all other panels in this
figure, the triangles at the top mark the values of the 6 example convolutional

c 150 d 150
v v vy
100 100
50 50
0 0
0 200 400 600 800 1000 0 150 300 450
peak frequency (Hz) bandwidth (Hz)

filters from Fig.4b (blue triangles) and the 6 example putative MUAPs from
Fig.4c (orange triangles). b, Number of channels with RMS power within 50%
ofthe peak channel. ¢, Peak frequency response of the channel with max RMS
power.d, Bandwidth of the channel with max RMS power (see Methods).
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Extended DataFig.10|Influence of early stopping during personalization.  the maintext, except withtheinclusion of early stopping during fine-tuning.
Inthisfigure, we employ early stopping during personalization to disambiguate b, Same as Fig. 5e of the main text, except with the inclusion of early stopping

therole of more personalization datafromincreased fine-tuningiterations as during fine-tuning. Compared with Fig. 5e, transfer of personalized models
wellasto mitigate regressions among the best-performing users. Specifically, to other participants yields overall smaller regressions likely because early-
we used mean CER on held out test data as aselection criteria for epoch-wise stopped models remain closer to the pre-trained model. ¢, Same as Fig. 5f of
early stopping. Aside from early stopping, the setup hereisidentical to thatin the main text, except with the inclusion of early stopping during fine-tuning.

Fig.5b,e,f) of the main text. Overall, results are very similar to Fig. 5 of the main Regressions exhibited by a few of the best performing users in Fig. 5fare now
text, indicating thattheincreasein personalizationdataisthe primarydriverof  absentdueto early stopping. We show the range of Pearson correlation
improved performance. Regressionsamong the best-performingusersarenow  coefficients for eachfitand the median p-value (two-sided test); maximum
absent. Note also that we do not have separate validation and test sets,sothese  p-value over allfitsis 0.020.

results should be understood as validation performance. a, Same as Fig. 5b of
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and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender We report self-described gender of participants in Extended Figure 3h and Extended Figure 8c to reflect the breadth of
participants in the training and evaluation corpora. Performance of models across genders and gender-specific analysis was
beyond the scope of the study.

Reporting on race, ethnicity, or  We do not perform any analyses based on race, ethnicity, or social grouping.
other socially relevant

groupings

Population characteristics We report measured wrist-circumference and self-reported age, BMI, height, handedness, typing speed, gender, and
exercise frequency (Extended Figure 3) for training data and self-declared gender, (d) self-declared dominant hand, (e) self-
declared age, (f) measured wrist circumference for the evaluation dataset. Analysis of performance correlated with these
covariates was out of scope of the manuscript.

Recruitment Study recruitment was performed by a third-party vendor.

Ethics oversight Study recruitment and participant onboarding followed protocol(s) approved by an external IRB (Advarra). All studies began

by providing participants with information about the study protocol and asking them to review and sign an IRB-reviewed
consent form prior to beginning the study. Participants were provided with the opportunity to ask questions prior to their
participation and were able to discontinue their participation at any time. On-site research administrators monitored
participants during the study protocol(s) to ensure participant well-being. Participants were financially compensated for their
time participating in the study.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences D Behavioural & social sciences D Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No methods were used to pre-compute sample sizes.

Data exclusions  No relevant data was excluded from analysis.

Replication All evaluations were verified across a large held out test dataset.
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Randomization In our experiments there was no need to assign participants to different experimental groups.

Blinding Blinding was not relevant to our study.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
Antibodies |:| ChlIP-seq
Eukaryotic cell lines D Flow cytometry
Palaeontology and archaeology [] MRI-based neuroimaging

Animals and other organisms
Clinical data
Dual use research of concern

Plants

MK XXX XK
pguoogog

Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Authentication Describe any authentication procedures for each seed stock used or novel genotype generated. Describe any experiments used to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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This checklist template is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were made. The images or other third party material in this article are included in
the article's Creative Commons license, unless indicated otherwise in a credit line to the material. If material is not included in the article's Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0,
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