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Supplementary Figures
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Supplementary Fig. 1 | Example of neural signal recordings and the neural representation of
handwriting. a, [llustration of spiking activity recorded from each microelectrode array during a 3-
minute window, captured on the 1402™ day after array implantation. b, Statistics of single unit
numbers for both arrays across 20 sessions (M+SD). There were 137.3+15.8 units after offline
spike sorting with Array A and B together (with 42.6+11.2 for Array A and 94.71+15.2 for Array B,
n = 20 sessions). ¢, Neural activity in the top 2 principal components is shown for three example
characters, 15 repetitions for each character. The color scale is normalized within each panel

separately for visualization.

Neuron num

1504 T

5]
3
1

o
3
1

Qv

¥ @
v@vﬁ‘v

PC1 7

(wan) PC2
Ten thousand

Tﬁjf‘ PC 1 [Ehi i




Simple-tuning Complex-tuning State-segmentation
neuron neuron by TFC
R?=0.36 FD=2.12 R?=0.0034 FD=2.03

each color represents a state

Y/ /; / /
15 1 1
—
BE) e - =1 =1
& T I
Py
-.—?f = -3 x £
A J J J
i 3 ” ”
{d@i , 5 fen,
P, @ Ay » 2
& y )
=] =
\H?] 2 2 o 12
|
[15=0/8 » 2 31 a) =W

b 2
A
_\

I
b
e

OX¥>0
%[>

®

Firing rate
(normalized)
208
[l (06,08)
[0.4,0.6)
[0.2,0.4)

<02

States

nw —

= Y

©

O Y O O
1 L L L
i m m m
L n n n
S S S S
\u | '

3

H

7

9

O~ o D —

O~

Supplementary Fig. 2 | Examples of neuronal responses and state segmentation during
handwriting of different contents. a, Illustrative examples showcasing the neural response of a
simple-tuning neuron. The neuron demonstrates a consistent preferred direction of down left, while
it only selectively fires at part of down left trajectories. This neural activity can be explained by a
state-dependent model, where each state shares a consistent preferred direction with diverse
modulation depth. b, Similar to a, but with a complex-tuning neuron, this neuron exhibits divergent
preferred directions and fires in both leftward, rightward, and downward trajectories. This neural
activity can be explained by a state-dependent directional tuning model where the preferred
direction shifts across states. ¢, State-segmentation results with the TFC method across different

characters in three repetitions.
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Supplementary Fig. 3 | Evaluation of the TFC algorithm in writing state identification. a,
Simulation experiment assessing the TFC algorithm's efficacy in correctly identifying distinct mode
(state) and mode (state) switch processes during handwriting (see details in Supplementary Text). b,
State identification accuracy under varying signal-to-noise ratios (SNR). ¢, Statistics of the length
of states with different selections of lgpp0en- d, The state-transition matrices with three non-
overlapping character sets (session 220623-S5). Each element (7, j) indicates the state transfer
probability from state i to state j. The diagonal values are set to 0. e, The similarity of state-transition
matrices of each pair of non-overlapping character sets within sessions (n = 18), measured by the
Kendall's 7, value. The Kendall's 7, values are significantly higher than the shuftle condition
(paired two-tailed #-test, #(17) = 18.21, P=1.373E-12, Cohen’s d = 6.82), indicating state-transition
patterns independent of character sets. f, The state sequences during writing three exemplar strokes.
We only focused on the highlighted strokes (colored), and the other parts of the characters were left
gray. Consistent state sequences were observed when writing the same stroke, regardless of the

Chinese character in which the stroke appeared.
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Supplementary Fig. 4 | The state-dependent encoding model better predicts neuronal activities
when writing different content. a-c, The state-dependent directional tuning model significantly
enhances the R? for reliably tuned neurons (n = 30) with the writing of English letters (a, State-
dependent vs. Random states: paired two-tailed #-test, #(29) = 6.747, P= 2.098E-7, Cohen’s
d=0.997; State-dependent vs. State-independent: paired two-tailed ¢-test, (29)="7.718, P=1.642E-
8, Cohen’s d =1.348), shapes (b, State-dependent vs. Random states: paired two-tailed r-test, #(29)
=6.747, P=2.098E-7, Cohen’s d = 0.997; State-dependent vs. State-independent: paired two-tailed
t-test, #(29)="7.718, P=1.642E-8, Cohen’s d = 1.348), and numbers (¢, State-dependent vs. Random
states: paired two-tailed z-test, #(29) = 6.747, P=2.098E-7, Cohen’s d=0.997; State-dependent vs.
State-independent: paired two-tailed #-test, #29) = 7.718, P=1.642E-8, Cohen’s d =1.348).
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Supplementary Fig. 5 | State prediction with the state-dependent decoding model. a, State
identification with TFC, with the training set (first line), test set (second line, without model
learning, directly applied the learned models during training). The third line illustrates the state
predictions in a state-dependent decoding process with the neural data only. b, The state prediction
accuracy of the state-dependent neural decoder is shown in the histogram (n = 800, 22 sessions
with leave-one-repeat-out cross-validation; please see Supplementary Text for details). ¢,
Comparison of handwriting decoding performance with single-unit activity (SUA, offline sorted)
and multi-unit activity (MUA, unsorted). The mean difference of R? was minor (0.33 vs. 0.30 for
state-dependent and 0.10 vs. 0.06 for state-independent, n = 18 sessions. State-independent: paired
two-tailed #-test, #(17) = 4.453, P=3.49E-4, Cohen’s d = 0.426; State-dependent: paired two-tailed
t-test, #(17) = 9.054, P= 6.507E-8, Cohen’s d =0.330). d, The cross-session/day decoding
performance with the state-dependent decoder, with a month time span.
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Supplementary Fig. 6 | Comparison of state-dependent and state-independent handwriting

decoding with different writing contents. a, Comparison of the decoded handwriting trajectories.

b, Comparison of the decoding performance with the R? (Character: paired two-tailed #-test, n = 36,
#(35)=12.23, P=3.385E-14, Cohen’s d =2.232; English letter: paired two-tailed #-test, n =30, #29)
= 11.38, P=3.229E-12, Cohen’s d=2.271; Shape: paired two-tailed ¢-test, n = 15, #(14) = 23.05,
P=1.567E-12, Cohen’s d=6.341; Number: paired two-tailed ¢-test, n = 30, #(29) = 9.012, P=

6.614E-10, Cohen’s d =1.396).



A state-dependent, hierarchical neural architecture for handwriting control
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Supplementary Fig. 7 | Neural processing architecture of handwriting. Sophisticated

handwriting is divided into stable states, each corresponding to a stroke fragment. Under each state,
movement is controlled through a state-specific neural ensemble, which possibly consists of two
types of neurons. The complex tuning neurons encode a fragment of the movement trajectory and
are connected to a set of simple tuning neurons, which directly control the movement direction at

the current time moment.



Supplementary Text
1  Data collection sessions

We scheduled 2-3 experiment days in a week, and each experimental day contained 2-3 sessions.
During a session, the participant sat in a wheelchair in an upright position, with a pillow placed to
support his head and neck. His hand rested on a dinner board in front of him. A computer monitor
was placed about 1 meter in front of him, indicating which character to write. The experimental
sessions used for analysis in this work are listed in Supplementary Table 1. The sessions used in
each figure are listed in Supplementary Table 2.

Supplementary Table 1. Data sessions included in this study.

Session N; N Characters P

220601-S1 30 3 JRFZBLHYE XS BRI LA K O IREE Ui R AT 2K XA

220601-S2 30 3 JRFZBLHIE XS BRI LA K O IREE i R AT 2K XA

220607-S1 30 3 FEAE M B A5 I 5 1 [ 18] WL T AT S B[R] (8 FH AR E

220607-S2 30 3 FEAE M B A S I 1 [ 1] WL T AT S R IR L AR E

220609-S1 30 3 G H BINE A E A v e P R 4% S B 5 1 HL RS IR A 0 b G B4 PR

220609-S2 30 3 G WCH BITE A E A v e P SR A% S B 5 1 EL RS IR A 0 b U B A PR

220610-S1 30 3 AHXMNFKIURTADA VAT # L EHEFAR IS R T K E

220610-S2 30 3 AHKMNKIURTADA VAT H L EHEFARIS TR E

220623-S4 30 3 ARIFIHALAE KU S DG A T DR LIL O FE S RIS D 5 R AR

220623-S5 30 3 ARIFIHALALIAE & S A AT LIE A BRI 1 B S S SR AR S v
220630-S1 30 3 ARG ARZACEES S Rl P dr BEE BT A KA

220630-S2 30 3 ARRHEGARZACEES S v Rl P i BRI A KA

220701-S1 30 3 AT AR AR RSALRIINAZ 7o i H P Ak s kiR 2 15

220701-82 30 3 AT AR AR RSALRIINAZ s R H P AR s KR 2 A5

220707-S1 30 3 EHEHFTRKIACAS RS i AIAKIENY % KW 75 £ ) 5 i

220707-S2 30 3 EHEMWITRKIACAS IR A YIAKIENY S KW 5 E L 5 i

220708-S1 30 3 SESESRAEENEVFENLEE T NOAE T S 4 H is R NE R T AR

220708-S2 30 3 SEAESRAEENEVFENLEE T NOATE T S 4 H is R NE R E T AR

221027-S1 6 15 JIIGHAATF CW
230327-S2 8 5 WL KMkl SW

230511-S3 32 3 HEHEERHERIE B BSUSURR BLFE R AR RS BB AR R AR AR Rk CW

230724-S3 37 3 FATFMERMEHETF, 5 shapes, 10 numbers, 10 English letters (k-t) W




* N¢: The number of characters

* Ng: The number of repeats
* P: Paradigm
* CW: Single-character writing with visual guidance paradigm

* SW: Sentence writing with visual guidance paradigm

Supplementary Table 2. List of all data collection sessions used for the figures

Figures Sessions

220601-S1; 220601-S2; 220607-S1; 220607-S2; 220609-S1;
220609-S2; 220610-S1; 220610-S2; 220623-S4; 220623-S5;
220630-S1; 220630-S2; 220701-S1; 220701-S2; 220707-S1;
220707-S2; 220708-S1; 220708-S2; 230511-S3; 230724-S3

Fig. 2a, 3f, 5a, 5b, 5c, 5d, Se, S1b, S3c

Fig. 2b, 2¢, 2d, S2a, S2b, S2¢, S3f, S4a, S4b,
S4c

230724-S3

220601-S1; 220601-S2; 220607-S1; 220607-S2; 220609-S1;
Fig. 3b, 3c, 3d, 3e, 3h, 4a, 4b, 4c, 6c, 6d, S3e, 220609-S2; 220610-S1; 220610-S2; 220623-S4; 220623-S5;
S5c, S5d 220630-S1; 220630-S2; 220701-S1; 220701-S2; 220707-S1;
220707-S2; 220708-S1; 220708-S2

Fig. 3g 220601-S1
Fig. 6b, S5a, S5b, S6a, S6b 230327-S2
Fig. Slc 221027-S1
Fig. S3a, S3b 220610-S1
Fig. S3d 220623-S4

2 Neural representation of handwriting

2.1  The tuning behavior of neurons (Fig. 2a)

To evaluate the tuning behavior of neurons, we assessed it using two metrics: R? and FD. A total
of 20 experimental sessions were included (please refer to Supplementary Tables 1 and 2), involving
2850 neurons. Note that, since we plotted neurons from different sessions together, it may contain
reduplicated neurons appeared at multiple sessions.

The R? of one neuron represents the proportion of its neural variance explained by the directional
tuning model. The spiking probability P(spike|velocity) is modeled as a linear function of the
velocity components along the x and y axes, given by:

P(spike|velocity) = by + byvy + byv, (D)

where v, and v, are the velocity along x- and y-axes, respectively, and by, by, b, are the



model parameters. The R? was computed by:

2k — Ii)?

Rz = - e 5 0
(v — ¥)?

(2)
where y,, is the firing rate at time step k of the analyzed neuron, ¥ is the firing rate estimated
by the directional tuning model at time step k, and ¥ is the average firing rate of this neuron.

The FD (Fisher’s discriminant value) is a metric indicating one neuron’s discriminative ability (or
reliability) of the tuning patterns by comparing the inter-character distance to the intra-character
distance of neural representations, which was defined as:

dfnter ZC[:(:,Cm#C(yl - ym)z/N(l,m)
FD = —= = — _
intra Cl=c,Cn=c(YL - Yn) /N(l,n)

(3)

1
FD = —ZX.FD 4
N wctPe (4)
where ¢ denotes a certain Chinese character and N, denotes the total number of the target
characters. The term df,

inter
: c
while d;pirq

represents the average neural distance between different characters ,
demotes the average neural distance between different repetitions of the same
character. [,m,n are trial indexes and Z¢=cc, (V) — Ym)? refers to the sum over all
(I, m) pairs, which satisfy trial [’s target C; is character ¢ while trial m’s target C,, is not
character c¢. N, represents the total number of (I, m) pairs that satisfy this condition. A high
FD value indicates a high discriminative ability of neuronal response, namely consistent in

repetitions while discriminative with different characters.

2.2 The rasters overlaid on characters (Fig. 2b, 2¢, 2d, S2a, S2b)

To plot a raster overlaid on a character, spike counts of the example neurons were first binned into
50 ms bins. Then, max-min normalization was applied to the neuronal firing rate in bins. Next, the
sequence of neural responses was plotted on the corresponding trajectory of the character. Here, the
handwriting trajectory is the same as the visual instruction in the video. Only strong neural responses
above a certain threshold (0.2) were displayed for clearer visualization.

3 Identification of stable states

3.1 Simulation for TFC evaluation (Fig. S3a, S3b)

To validate the reliability of the TFC algorithm, we first conducted experiments on simulated data,
as shown in Fig. S3a and S3b. The simulated experiments utilized the character set from 220610-
S1 consisting of 30 Chinese characters. Initially, each character was randomly divided into multiple
segments, with lengths varying between 5 and 20 bins. Subsequently, we randomly generated
Ngiate = 10 encoding models, supposing there are 10 states in the writing process. Each segment
was then randomly assigned to one encoding model, and the corresponding neural signals were
generated using this model and the kinematic segment. Finally, the neural signals for each character
were constructed by concatenating the neural signals generated by different encoding models, with



the addition of Gaussian noise at different levels. Note that we generated three sets of neural signals
for each character, with the same model assignments but random noise to mimic the real

experimental settings.

Specifically, for each encoding model, we first generated cosine tuning curves for d, = 100
simulated neurons by drawing their preferred directions (PDs) randomly from a uniform distribution
over [0,2m]. Baseline firing rates were drawn from a uniform distribution over [1, 2.5], and
modulation depths were drawn from a uniform distribution over [0.005, 0.025], where these
parameter ranges were determined based on observations of real data. Then the encoding model can
be constructed as a linear mapping matrix B € R¥N*(1+4x) where d, = 2 is the dimension of
kinematics (writing velocities along x- and y-axes), 1 denotes the dimension of bias. Here, the first
column of the mapping matrix B is the baseline firing rate of each neuron, while the second and
third columns of B are the sine and cosine values of neuron PDs, multiplied by the corresponding
modulation depth. The above process was repeated 10 times to obtain 10 encoding models. These
encoding models allow us to predict the firing rates based on the kinematic inputs.

Different levels of Gaussian white noise were added to the final constructed neural signals,
according to the signal-to-noise ratio (SNR):
Vi

Psignal
SNRs = 1010g10 (522) = 10108057

(5)

where y,, is the clean neural signals at time step k, and ¥, is the neural signals with added noise,
which can be obtained directly from the function awgn(.) in MATLAB. In our simulation, we set up
5 noise levels of SNR,z = 10, 20, 30,40, and 50, respectively.

After generating the simulation data, we then used the TFC algorithm to identify these 10 states
using M = 10 models. The error smooth window size lg00tn Was 1. In Fig. S3b, the accuracy of
model assignment was reported according to:

maX(THm;l’ Tj{m;z’ o T}[m,j’ ot THm,Nstate)

accy = (6)
Hom T
M_ acc

M

where Ty represents the number of overlapping indices between the data selected by model .,
and the data of state j. Ty, ~denotes the length of data selected by model Hy,.

3.2  Identifying stable states with TFC (Fig. S2¢, S3f)

We used the TFC algorithm to analyze real data and segmented the writing process into stable states.
Fig. S2c, S3f shows the examples from 230724-S3. Before applying the TFC algorithm, the spike
counts were divided into 200 ms bins using a sliding window with a step of 50 ms. A moving average
of 10 bins was then applied for smoothing. The neural signals corresponding to the writing phase
were extracted for analysis. The TFC algorithm was configured with M = 10 models. The error

smooth window size lgyo0tn Was set to 5 bins.



3.3  The state-transition patterns (Fig. S3d, S3¢)

To assess whether state transitions exhibit temporal dependencies, i.e., whether one state comes
after another randomly or some states are more likely to come after a certain state, we divided the
data from each session into three non-overlapped subsets and calculated the state transition
probabilities for each subset. For each state transition matrix, we removed the diagonal elements
that reflect self-transition within a state since they usually contain outlying large values. In S3d,
we visualized the state transition matrices for the three subsets (with different character sets each)

from an example session.

Subsequently, we computed the pairwise Kendall's 7, values between the three subsets for all 18
sessions, where 7, ranges from [-1, 1], with higher values indicating greater similarity between
the transition matrices. To obtain the shuffled control, Kendall's 7, was recalculated after
randomly shuffling the transition matrices.

4  State-dependent neural encoding of handwriting

4.1  Neural encoding loss with different model numbers in TFC (Fig. 3b, 3¢, 3d, 3e)

To investigate the relationship between the neural encoding capability of the TFC algorithm and the
number of specified models, we varied the number of models from 1 to 100 and plotted the resulting
loss curve for neural encoding. The experiment included 18 sessions of data, as described in
Supplementary Tables 1 and 2. Data were first divided into a training set and a test set, with three-
fold cross-validation with no overlapping characters. That is, each session contains 30 characters
with 3 repeats, and we divided them into 3 folds, and each fold contains 20 characters for training
and the other 10 characters for test. The figure plots the average encoding loss for both the training
set and test set with each model number (n = 18 sessions), with the error bar denoting the standard

deviation value.

Besides, we also plotted the loss decrease for both the training set and test set, which is calculated
from the difference of the loss value. To choose an appropriate number of models, we computed the
BIC (Bayesian Information Criterion) value using the following equation:

BIC = —21In(L) + k - In(n) (8)

where L is the likelihood of the model, and k is the number of parameters in the model, n is the
number of data points. Since we already have the value of the encoding loss, i.e., the mean squared
error (MSE), the only thing we need to do is to calculate the In(L). Assuming the residuals follow
a Gaussian distribution with zero mean, then the variance can be estimated using the mean squared

error, MSE. Thus, the log-likelihood can be calculated as follows:

| (L) | 1—[7’1 1 _(Yi_l//z\z)z (9)
n =1n e 20
i=1V2mo?
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Here, y; is the ground truth of neural signals, and ¥, is the neural signals estimated by our models.
So the final BIC can be calculated directly from the encoding loss:

BIC =n-In(2m - MSE) + n + k - In(n). (10)

4.2  The pair-wise encoding loss across states (Fig. 3f)

In Fig. 3f, we calculated the encoding loss between each pair of states, namely the models in TFC.
Our analysis was based on 20 experimental sessions, where each session involved the collection of
at least 30 Chinese characters with 3 repetitions (please refer to Supplementary Tables 1 and 2). We
employed the leave-one-repeat-out method, resulting in a total of 60 runs of the TFC algorithm. And
the reported loss was the average across these runs.

Here, we calculate each pair of encoding loss L(i,j) between state i and state j. The computation
of L(i,j) involved encoding the kinematic data selected by model H; using model H; .
Subsequently, we calculated the mean squared error between the encoded neural signals and the
neural signals selected by model #;. Then the final loss was averaged over all time bins and

neurons. This process can be mathematically expressed as:

dy Tw;

i)=Y (e~ 36000)) (1D

n=1k=1

Here, Yy, € R%*™; represents the neural signals selected by model H;, H;(-) denotes the
encoding function of model H;, and Xj;, corresponds to the kinematic data selected by model ;.

4.3  Directional tuning curves in different states (Fig. 2b, 2¢, 2d, 5b. 5¢)

To closely examine the responses from reliably tuning neurons (R*> > 0.1 and FD > 1.4,n=179)
out of 20 experimental sessions, we plotted the tuning curves of these neurons with and without
considering the states. Fig. 5b and 5c display four example neurons from session 230724-S3,

including two simple-tuning neurons and two complex-tuning neurons.

Regarding the specifics of drawing the tuning curve, the movement kinematics during writing were
meticulously partitioned into eight directional intervals (0°~45°,45°~90°, ... , 315°~360°). For each
interval, we computed the average firing rate of the neuron at every corresponding time point. The
resulting graph illustrates the firing rates for each angle and its subsequent 45° range. Furthermore,
we applied a cosine function to fit the mean firing rates and visually represented it in the graph.



For each tuning curve, we used the thickness of the curve to reflect the data size; the thicker the
curve, the more data points were included for that state. Additionally, we used the color of the curve
to represent the performance of the neurons; the darker the color, the higher the R? of the neuron
within that state.

Fig. 2b, 2c, 2d plot the directional tuning curves without the fitting step of four example neurons
from 220324-S2, 220724-S3, and 220724-S3, respectively.

5 State-dependent decoding of handwriting trajectories

5.1  Particle-based estimation for the state-dependent decoder

The DyEnsemble model can be solved using a particle filtering algorithm, which estimates a
posterior distribution with a set of particles and their associated weights. Specifically, to estimate
p(xklyox) » two  conditional  probabilities of  p(xi|h () = Hpn (), Vo)  and
p(hie (1) = Hy (D |Yo.x) should be estimated.

Let’s consider time step k , where we already have prior information
Npar
=1’

p(hi () = HyOlYok-1),m=1,...,M and a set of particles with weights {w,i(_l,)(,i(_l}
where Np,, represents the size of the particle set. Here, xL_, denotesthe i*" particle with weight
wk_, attime k — 1. The particles can be randomly initialized, or given by the kinematic data
from the training set. We used the kinematic data of the training set in this study. The term of

Pl () = H; (4, Vo) can be approximated by:

N ar . .
p(xphie () = Hpy (), Vo) = Zifl (‘);n,ka(xk _Xllc)' (12)
Here, 6(-) represents the Dirac function, and the term (uin’k is the normalized weight of particle
w;'n,k = 1

XL when using the encoding model H;,(-), and Z'L.Iipf ’

The term  of  p(he(:) = Hpn()lyex) can  be  recursively computed  given
p(hi () = Hp(Olyor-1) and Py Vilyo.x—1) » and the particle-based approximation for
Pm Vil Yo:e—1) is given by:
Npar i [
P Vil You-1) = Z; 27 O je—10m (Ve )- (13)

Here, p,,(Vk|x:) represents the Gaussian likelihood of particle y. when using the encoding

model H,,(-).

5.2  State prediction accuracy (Fig. S5a, S5b)

To verify the accuracy of the DyEnsemble state predictions, we conducted experiments on 22
sessions. For each session, we first applied three-fold cross-validation to divide it into training and
test sets. After the division, we followed three steps:

1. State Identification on the Training Set Using TFC: We used the TFC method to identify states

in the training set by inputting neural and writing signals, resulting in state segmentation



(corresponding to the first row in Fig. S5a).

2. State Identification on the Test Set Using TFC: Similarly, the TFC method was applied to the
test set using the same inputs (neural and writing signals). The results from this step served as
the ground truth for subsequent state predictions (corresponding to the second row in Fig. S5a).

3. State Prediction on the Test Set Using DyEnsemble: The DyEnsemble method was employed
to predict states in the test set, this time using only neural signals without writing signals.
DyEnsemble calculated the probability of each state based on the current neural signal input,
converting these probabilities into state weights. In the figure, colors represent the dominant
model at each time point, and the transparency indicates the weight of the dominant model
(corresponding to the third row in Fig. S5a).

Fig. S5a is an example of one repeat from session 230327-S2. Fig. S5b shows the statistical results

of all repeats across 22 sessions and M = 10 states (n = 800). Hard weight accuracy =

N Eg”n)sist /N (Gr?) is a metric used to measure the accuracy of state predictions, where N((;TTn) is
the number of time bins where the m™ model is the ground truth, and N c(;rr?si st 1s the number of

time bins where the m™ model is both the predicted dominant model and the ground truth.

Fig. S5b displays the distribution of the accuracy of DyEnsemble's state predictions (in purple)
compared to the distribution of accuracy after shuffling the predicted state weights (in grey). The
accuracy after shuffling is approximately at the basic level of a 10-class classification, around 1/10,

which is significantly different from the accuracy of DyEnsemble's state predictions.

5.3  Visualization of decoded writing trajectories (Fig. 6b, S6a)

We selected the four Chinese characters “fiii#/l#% 1> (meaning: Brain-computer interface) to
illustrate the decoding performance in Fig. 6b. Two decoders were compared, with one state-
dependent decoder (DyEnsemble, see Methods for details) and a decoder without considering states
(Kalman filter). Initially, the spike counts were grouped into 200 ms bins using a sliding window
with a step of 50 ms. To smooth the signals, a moving average with a window size of 10 bins was
applied. For decoding, we employed a cross-validation approach known as leave-one-repeat-out.
This means that the preprocessed data was divided into training sets and test sets according to the
number of times each character was repeated. In each iteration, we used one repeat for test and the

remaining repeats for training.

For the DyEnsemble decoder, we first utilized the TFC algorithm to identify M = 10 states and
their associated models in the training data. The parameter [g,0tn Was set to 10, and the early-
stopping threshold £ was set to 0.001. Subsequently, we used the dynamic ensemble algorithm to
calculate the weights for each model and predict the kinematic states based on the neural signals at
each time step during testing. The particles used in the algorithm were unique kinematic states from
the training set, and the sticking factor a was set to 0.1.

For the Kalman filter (KF), we employed a velocity Kalman filter with a linear-Gaussian state-space
model:



X = Axg 1 +b+ Gy (14)
Yk = ka + Ek (15)

where k denotes the time step index, x;, € R% is the kinematic state and d, = 2 is the
dimensions of xy, including the writing velocities in X-axis and Y-axis. y, € R% is the neural
measurement and d,, is the dimensions of y,, determined by the number of neurons recorded in

this session. ¢, ~ N(0, JCZ), & ~ N(0,02) are state transition noise and measurement noise.

The stroke trajectory was obtained by integrating the decoded velocities to visualize the characters.
The start point of each stroke was predefined with the knowledge of the character, i.e., we applied
the standard stroke start position with the Kai font of the character.

In Fig. S6a, we used data from the example session 230724-S3, which included four different types
of writing content: Chinese characters, English letters, shapes, and numbers. Apart from the
differences in writing content, all other decoding settings were consistent with those used in Fig. 6b.

5.4  Details of state-dependent decoding of handwriting (Fig. 6¢, 6d, S6b)

To generate the statistical results for Fig. 6¢, 6d, the decoding performance of the Kalman filter and
the DyEnsemble decoder was evaluated using 18 experimental sessions, consisting of 1620 trials
with 270 targets. For Fig. S6b, the decoding performance was assessed using one example session
(230724S3), which included different types of writing content: Chinese characters, English letters,
shapes, and numbers. Each writing type was decoded separately, using the leave-one-repeat-out test.

The results of Fig. 6¢, 6d were offline decoding performance. The decoding was performed within
each session using the three-fold cross-validation with no overlapping characters. With the training
set, we first used the TFC to learn 10 encoding models, and these models served as the model pool
for the DyEnsemble decoder. With the training data and the model pool, the DyEnsemble estimated
the parameters for f(-) and ¢,~N(O, acz), and parameters of &,, , using the estimation residuals
of each encoding model in the pool. With these parameters, DyEnsemble can estimate the

handwriting velocity recursively online, given the incoming neural signals.

We evaluated the decoding performance of the strokes in characters. Two evaluation metrics were
used for the decoded velocity: root mean squared error (RMSE), and coefficient of determination
(R?). The formulas for these metrics are as follows:

1
RMSE = \/?Z};:l(xk — 5C\k)2 (16)

i (g — 551()2

RZ=1- .
i (x — %)?

(17)
In these formulas, X, represents the velocity at time step k € [1,T], X, represents the velocity
the decoder estimates at time step k, and X is the average velocity of all time steps.

To calculate the final performance of each session, the metrics were averaged over all replicates. In
the graph, each data point represents the decoding result of a session (n = 18). To assess the



significance of the decoding performance between the two algorithms, a paired ¢-test was performed,
with P < 10*in terms of RMSE and RZ.

5.5 Decoding performance with SUA and MUA (Fig. S5¢)

To assess whether spike sorting step affects the results, we compared the decoding performance
between SUA- and MUA-based decoders. In Fig. S5¢, the decoding performance (R?) of both
state-independent (Kalman filter) and state-dependent (DyEnsemble) decoders is shown for SUA
and MUA data. The dataset and testing protocol were identical to those used for Fig. 6¢ and 6d.

5.6  Cross session/day decoding performance (Fig. S5d)

To investigate the stability of neural activity over time, we evaluated the decoding performance
across sessions spanning one month. Due to fluctuations in the number of recorded neurons across
different days, we utilized MUA signals for decoding. In Fig. S5d, the matrix shows the cross-
session decoding performance (R?) using the DyEnsemble decoder. Each element in the
performance matrix at position (i, j) represents the decoding accuracy when training the model

using neural and kinematic signals from session 7, and testing it on neural signals from session ;.

5.7  Online decoding settings and delay analysis

We carried out online experiments that decoded the neural signals into handwriting trajectory with
the state-dependent decoder in real-time and output the decoded handwriting trajectory to a robotic

arm to evaluate the possibility of online handwriting BCls.

In the online decoding process, neural signals were unsorted, and we used the thresholding approach
to detect spike events for each channel. The time bin was 10 ms without overlap for quick response.
The online experiment contains a training session and a test session. The training session used the
'sentence writing with visual guidance paradigm' (SW) without output to collect several sentences
to train the state-dependent decoder, and then the decoder was deployed for the online decoding
process in the second session (SW paradigm, with the robotic arm output). For the demonstration in
Supplementary Video 2, the training session was 230327-S1 and the test session was 230327-S2.
The detailed training and test contents are listed in Supplementary Table 3. The online decoding R?
was 0.51 for session 230327-S2.

Supplementary Table 3. Training and test sessions for online demonstration

Session N; Ny Characters p

230327-S1 30 3 A RARIFOIRAEE FWL K FMHLEE VR 2 ik i BY LA H S SW

230327-S2 8 5 WL KEmiNLED SW

The robotic arm was controlled by position signals (x, y, and z) at each 10 ms, to hold a pen and



write on a whiteboard. Chinese characters contain multiple strokes such that there were pen-lift and
pen movements between adjacent strokes. As the verification of the state-dependent encoding model,
we only decoded the movements of the stroke writing process and output the trajectories of strokes.
Thus, extra information was required to composite strokes into characters: 1) the start and end
timestamp of each stroke, and 2) the start position of each stroke on the board. In the proof-of-
concept demonstration, to know when each stroke started and ended, for each character, we adopted
the timestamps of the start and end for each stroke in the generated trajectory (synchronous to the
instruction video). The start position of each stroke was predefined according to the Kai font of the
character. During the online decoding process, at the end point of each stroke, the robotic arm
automatically lifted the pen and moved the pen tip to the start point of the next stroke.

The computation of neural decoding could be achieved in each 10 ms bins. The computational cost
for the state-dependent decoder was 11.8+3E-3 ms per bin with CPU only, and 4.15+2E-4 ms per
bin with GPU acceleration. We used GPU acceleration for online experiments. The workstation used
for computing was equipped with an AMD CPU (AMD Ryzen 5 5600G with Radeon Graphics, 3.90
GHz) and an NVIDIA GPU (NVIDIA GTX 1080), with 64G of memory.

During the online process, we observed a delay in robotic arm control. The delay was mostly due to
the movement of robotic arm between the writing of adjacent strokes. The first delay was caused by
the pen-tip lifting process, where after writing each stroke, the robotic arm should pull the pen tip 2
mm away from the whiteboard, move the pen to the start point of the next stroke, and then push the
pen tip to the whiteboard again. The pull and push process was additional for the robotic arm, such
that it caused a delay (about 300 ms per character). The second delay was the movement of robotic
arm from the end of the preceding strokes to the start of the succeeding strokes, which can be
uncertain, since the end points of the preceding strokes relied highly on the online decoding results.





