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Abstract

Typing systems driven by noninvasive electroencephalogram (EEG)-based brain-
computer interfaces (BClIs) can help people with locked-in syndrome communicate.
These systems mainly suffer from lack of sufficient accuracy and speed due to
inefficient querying to surpass a hard pre-defined threshold. We introduce a novel
recursive state estimation framework for BCI-based typing systems using active
querying through sequences of stimuli and stopping criterion. Previously, we
proposed a history-based objective called Momentum which is a function of pos-
terior changes across sequences. In this paper, we first extend the definition of
the Momentum objective and we propose a unified framework that employs this
extended Momentum objective both for querying and stopping. We show that this
framework leads to significant improvement in the accuracy/speed ratio in human
intent estimation for BCI-based typing systems. To provide a practical example,
we employ a language-model-assisted EEG-based BCI typing system called RSVP
Keyboard. Our results show the proposed framework on average improves the
information transfer rate (ITR) and accuracy at least 52% and 8.7%, respectively,
when compared to alternative approaches, such as random or mutual information
methods.

Keywords: Recursive state estimation, Active querying, Stopping criterion, BCI typing interface,
RSVP Keyboard.

1 Introduction

Noninvasive electroencephalography (EEG)-based brain-computer interface (BCI) typing systems
are designed for people with limited speech abilities to establish an alternative communication tool.
These systems require presentation (mostly in visual forms) of sequences of stimuli (e.g. a set of
symbols from the English alphabet) to induce changes in the EEG of the user to infer the intended
symbols [1, 2]. Due to the low signal-to-noise ratio characteristics of the recorded EEG in response
to the presented stimuli, generally in order to improve the accuracy of the user intent inference,
these systems require repetition of sequences of symbols until a certain confidence level is reached.
Moreover, language models (LM) are used to further improve the typing performance of such systems
through the fusion of EEG and LM evidences to make the final decision on the user intent [1, 2].

Because typing process needs repetition of multiple sequences in EEG-based BCI typing systems,
the user intent inference can be formulated as a recursive state estimation (RSE) problem assuming
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that the unknown state represents the intended symbol by the user [3, 4]. The formulation is recursive
because, these systems try to make an inference after each sequence. One approach to collect evidence
for each correspondent letter, is presenting the entire alphabet in the stimuli. However, by nature
languages are structured and not every possibility is equally likely and hence repeating the entire
alphabet is not efficient. Therefore, a subset query selection is usually preferred to make these systems
more practical and real-world-worthy. In this scenario, the system is tasked to decide on a subset
from the alphabet to update its belief over state estimates.

Query optimization for BCI typing systems is not a well-studied problem. To the best our knowledge,
there are limited number of studies that addressed the query optimization problem for the BCI typing
system designs. Omar [5] proposed a posterior matching scheme for a typing task. Higger [3]
used maximum mutual information (MMI) coding for query selection to maximize the information
transfer rate (ITR) in the typing task. In the last study done by Moghadamfalahi [4], authors used
expected posterior maximization (EPM) for query selection for a BCI typing system. However, all
of these query selection methods result in the selection of the N-best stimuli based on the posterior
distribution [6, 7]. In this scenario, with respect to the current posterior, letters are selected with
descending order of associated probability mass function. Choosing the N-best queries based on the
current belief (prior information), however, does not always provide the best performance in RSE
problems. Because, current belief may not be always trusted and may include misleading information.
In the case of the BCI typing systems, for instance, the current belief may be negatively influenced by
the prior information provided by a language model. The language model provides probability values
over the alphabet that is statistically learned from a dataset. As a matter of fact, word choices are
topic dependent and it is not possible for the statistical model to capture each possibility. This yields
some word choices to be statistically uncommon for the language model. If the the user intent (target
state) is an uncommon phrase (e.g. an English word starting with letter X), the prior behaves in an
adversarial manner, causing a longer estimation session, or may lead to a wrong state estimation due
to limitations of EEG evidence such as noise and limited number of typing sequences. Therefore,
such BCI systems also require to explore beyond the current belief (posterior probability over letters).

In addition, due to noisy measurements in BCI applications, e.g. EEG-based BCI, making confident
decisions about the user intent becomes a challenge. Accordingly, BCI typing systems typically
require excessive querying process to reach a pre-defined threshold to provide a minimum confidence
for every chosen letter. In RSE problems, to compensate for the detrimental effect of noise in
measurements, the confidence threshold is set to a high value to decrease ambiguity in the state
estimation. However, incremental gains over the posterior probability of a particular estimate comes at
the disproportionately high expense of time and budget. For instance, in BCI typing systems, in order
to increase accuracy, the system repeats the presentation of stimuli multiple times, which translates to
reduced typing speed and user frustration. Moreover, the inclusion of backspace command in such
interfaces for error correction, can exacerbate these issues. Therefore, when facing constraints for the
inference problem, a trade-off between accuracy and speed must be considered.

To address both challenges for query optimization and stopping of the decision process, in this
paper, we propose a new recursive state estimation framework that utilizes an evidence history-
based objective called Momentum. Previously, we have shown that including Momentum of states
in the stopping criterion of the estimation process provides a better accuracy/speed ratio in RSE
problems [8]. Moreover, in [9], we have shown that Momentum of queries can provide a trade-
off between exploration and exploitation during query selection by increasing the chance for the
unlikely queries to be selected compared to N-best approaches. However, since our previous approach
only considered non-zero Momentum for already queried stimuli. The selection of non-queried but
potentially intended state was significantly delayed. This can introduce a significant problem for
a typing interface that uses a language model. In this manuscript, we extend beyond our existing
approaches, redefine the Momentum to consider all the possible stimuli that can be used for querying
and propose a unified state estimation framework that utilizes the new Momentum objective both
for query selection and as stopping criterion simultaneously during recursive user intent inference.
To examine the performance of the proposed framework, we use an EEG-based BCI typing system
called RSVP Keyboard. We present typing performance results for both simulation and actual
human-in-the-loop typing schemes.



2 Method

In BCI typing systems, the user has an intended phrase in mind. Estimating the intended symbol is
the smallest decision block in a BCI typing system. For the sake of simplicity in the application, in
such typing systems, users are instructed to type one symbol at a time. We refer to the user-intended
symbol (target which is the unknown state in the recursive state estimation) as o which is an element
of a finite set of alphabet denoted by .A. The BCI system proceeds with the estimation through a
sequential decision making process containing sequences indexed by s of multiple trials indexed by
1. In BCI designs, a trial is a finite-length window of EEG signal time-locked to the onset of a trial,
which is a visual stimulus (query). In the typing system, the system decides on a subset of queries
(symbols), ®; £ {pl, 2, ..., X} where any ¢ € A to present to the users. Here, K is the number
of trials in a sequence. After @ is selected, the BCI system observes feedback from the user e.g.,
recorded EEG, e, = {el,¢2, ..., X} before moving on to the next sequence. Since estimation of
o requires repetition of multiple sequences, the estimation process can be well formulated in the
recursive state estimation (RSE) framework as follows.

2.1 Mathematical Formulation of RSE Problem

Figure 1 shows the probabilistic graphical model proposed for an RSE problem for a BCI typing
system. Here, &, denotes the system’s state including the probability of all states at s-th sequence.
It should be noted that Jy includes the prior information about the decision. dg is the BCI system
decision at the last sequence S. It is assumed that the system state represents the target state
which belongs to a finite discrete space. Although, the observation space is defined over a bounded
continuous space. As shown in Figure 1, the dynamics of the system state &, follows a Markov
decision process (MDP), which is similar to a Markov chain, except that the transition matrix depends
on the actions taken by the system at each sequence.

We can decompose the RSE problem into inference I and querying @) objectives. Using Bayesian
framework, the inference objective is function of the posterior probability, p(c|e, @, H;). At query
optimization step, the system queries the environment until the inference constraints are satisfied. To
extract information from the observation, the system needs to explore various sequences. Accordingly,
the aim of the system is to query a subset of queries to estimate the state, which is the the target letter.
Therefore, based on the collected evidence if a decision is not possible, the system selects a subset of
queries for the upcoming sequence to improve its confidence. This process is formulated by query
optimization, which is defined as expected value of posterior with respect to the prior distribution or
expected posterior maximization (EPM) as follows.

(I): 6=arg max p(o|Hs)

st.p(o|Hs) > 7 0

(Q): ®yp1 = argmax Byioppe) [Epielo) [p(0le, ,1,)]|

where 7 represents the minimum posterior probability, i.e. confidence level required to type a symbol
according to the predefined stopping criteria.

Since log is a monotonically increasing function, the querying problem in (1), can be written as:
®41 = arg max log (Epwm [Ep(elo',i’) [p(cle, <I>77'ls)]D 2)
Using Jensen’s inequality, the objective in (2) is bounded from below by,

log (Ep(o'r;‘-[s) |:Ep(e\o',<1>) [p(0|€7‘1’77'ls)]D > Epon.) [bg (Ep(e|0',<1>) [p(0|€,q>77'ls)])}
3)

Instead of maximizing the original () objective in (1), we can optimize the lower bound in (3).

(I)s—i-l = arg mgx Ep(a\?—ts) |:10g (Ep(e\aﬁb) [p(O’lE, (I),/HS)}):| (4)

To simplify the querying objective in (4), Moghadamfalahi et al. [4] approximated
| IRES [p(cr\s, D, H s)] with a sub-optimal linear approximation around the mean, by assuming



concentrated-unimodal distribution condition over the p(e|®), which are not necessarily valid as-
sumptions in many applications, such as EEG-based BCI systems with noisy measurement.

Instead of solving (4), we can consider another lower bound for fg in (1), which is:

Ep(a|7-t,g) |:1Og (Ep(s|a,¢>) [p(0'|€, (I)vHs)]):| Z Ep(a|7-t,g) |:Ep(sa,<1>) [IOg (p(0|57 (I)aHs)):|:|
%)

Minimizing the right term in (5) is identical to minimizing the conditional entropy H (o|e, ®, H) or
maximizing mutual information I (o, &|®, H ), which is conditioned on the history of previous EEG
evidence and new (not observed) evidence €.

Accordingly, query selection using mutual information can be written as the following objective:

b,y = arg max I(o,e|®,Hs)

— argmgx fH((7|€,q),'HS) ©

Before introducing the proposed framework, here, we present the following assumptions for the
proposed framework.

e Number of trials in a sequence is capped at ' € N, and the number of sequences is defined
as {j € N| 0 < j < S}, which implies that the stop action must be selected (a decision
needs to be made) in at most S’ sequences.

o After each sequence, EEG observations are only function of the user intent and the query
subset presented in that sequence. The observations are independent of the task history
H._1, such that,

p(€s|oa (I)s; Hs—l) = p(55|0—7 (Ds)

p(es‘q)s; Hs—l) = p(€s|q)s)
e There is a prior information p(c|Hg) provided by the LM, conditioned on previously typed
symbols (if any).

e Independent evidence trials: The BCI system proceeds with the estimation through a
sequential decision making process containing sequences indexed by s of multiple trials
indexed by 7. Observation corresponding to different trials in a sequence are independent
conditioned on the unknown state o. Therefore the posterior probability at time s is written

as:
< p(Ele.d))
p(o-|€$7(p$77-[s—l) U|HO HH

Jj=1li=1 lld)l

e Unimodality in evidence distributions: It is assumed that all observations originate from
two unknown unimodal probability distributions conditioned on state and query tuples: (i)
conditioned on target class (intended state), fo«, bis and (ii) conditioned on non-target class,

foe.0i-
e Each query subset includes a unique set of stimuli, i.e., Vi # r € {1,2,--- , K}, ¢§- # ¢

o Estimability: We assume that there exists at least one query for any two states that enables
unique identification of the unknown state such that

Va#be AT ¢st. fq0(€) # fo0(€) Ve

e Asymptotic convergence: Given the estimability condition, every state can be estimated by
sufficient number of queries. Additionally the set of queries ¢1.; is not unique,

Vo; 3 q)l:j S.t.p(U‘El;j,q)l;j) € {0, 1}

2.2 Active Querying

In state estimation, mutual information is a measure of expected information gain with the current
belief (posterior) of an estimate. It can be observed that the posterior for the state is expected to
increase with further evidence observation, based on the estimability and asymptotic convergence



assumptions. Since mutual information is a submodular set function and observations within a
sequence are assumed to be independent, i.e. independent evidence trials assumption, the sequential
subset query selection can be achieved via a greedy approach by optimizing (6) for each query with
theoretical guarantees [10, 11]. Therefore, query selection objective can be reformulated for each
query as:

t1= arggleajd(o,daﬁ,?-ls) (7)
It has been discussed in [9] that using greedy selections such as MMI or minimizing entropy may
be misleading especially if the intended symbol is highly unlikely for the LM (adversarial case).
Authors in [9] introduced a history-based objective called Momentum, which is function of posterior
changes across sequences, but only for previously queried states and its value is zero if the state was

not queried. To compute the posterior changes for all states, here the Momentum objective is defined
as:

M(6|H,) Zm oIH;) (8)

where
m(¢|H;) = > p(o[H; 1) {bgp(ffk;»(ﬁ,%j—l) —logp(o|H;-1) 9)
ccA
where m(¢|7;) is the summation of probability displacement multiplied by the probability mass. It
should be noted that the initial Momentum m(¢|Ho) = 0, V¢.

Accordingly, the query selection objective can be defined as combination of mutual information and
Momentum objectives in (7) and (8), respectively to balance between exploration and exploitation
including all states as follows:

i1 = argmax I(o,e], H) + AM(9[H,) , A2 0 (10)

where, ) is a tuning parameter that balances between mutual information and Momentum.

2.3 Improving Stopping Criterion

As we discussed in (1), in conventional RSE framework, the BCI system makes a decision when the
state posterior achieves a pre-set confidence threshold, 7. However, meeting this fix threshold as a
stopping of the estimation process may unnecessarily need more queries. The querying process is
costly, particularly in BCI applications that require several sequences in order to precisely estimate
the user intent. In [8], we have shown that using similar history-based objective, Momentum, the
system can achieve to the target state faster than the threshold-based approach. Accordingly, the
inference problem can be expressed as:

6 = argmax p(o|Hs)
occA (11)
st.p(o|Hs) + AM(o|Hs) =7, A=0

where

M(o|Hs) Zp o|H;j-1) [logp(o|H,) —log p(o|H;-1)] (12)
j 1
and ) is a hyperparameter. Since, Momentum is function of o, we do not have any weighted average
over p(o|Hs).

2.4 Active RSE Framework for BCI-based Typing Systems

Finally, using the Momentum in both inference constraint and query optimization, the final RSE
framework can be presented as:

I): 6=

(I): 6=arg max p(o|Hs)

st.p(o|Hs) + AMM(o|Hs) =7, A1 =0 (13)

(Q) : ¢i+1 = arggleaj( I(U7€|¢7HS) + )‘QM((vb‘,Hs) ) >\2 Z 0



Algorithm 1 Active Recursive State Estimation for Letter Decision in BCI
initialize A, A\, )2 € [0,00), 7, K € N

1:

2: 54 0,Hs < {Ho}

3: stop + {0|Vo € A}

4: while z < 7|Vz € stop do

5: A +— A

6: for i € [0, K] do _ > Batch query selection
7 $iyy  argmaxpe s I(ovel y|dy Hy) + Ao M (6, H,) > (10)
8: A= AN\ {¢h 4}

90 Qg1 {¢ipqli € [0, K]}
10: €s+1 observed evidence from the user for @, ; > EEG recording from BCI
11: Hsi1 — Hs U{esi1, Psy1} > Update History
12: s+ s—+1
13: stop < {p(o|Hs) + M M(o|Hs)|Vo € A} > (13)

14: ¢ = .
¢ = argmax p(a|Hs)

15: return &

The pseudocode of the proposed framework is demonstrated in Algorithm 1.

In the following sections, we will illustrate how using the introduced RSE framework can enhance
accuracy and speed in the BCI-based typing systems.

3 Experiment Design

As a BCI typing system, we use RSVP Keyboard, which is a language-model-assisted EEG-based
BCI typing interface. This typing interface uses RSVP paradigm that stands for rapid serial visual
presentation [1, 2]. It includes a finite set of symbols from the English alphabet together with symbols
corresponding to backspace and space, A = {A, B,C, ..., Z, _, <}, where _ and < represent space
and backspace, respectively. RSVP Keyboard systems consists of the following main components:

Presentation: Controls the paradigm of visual stimuli presentation. The current system features
three presentation paradigms: (i) rapid serial visual presentation paradigm, (ii) row column flash
matrix presentation paradigm, and (iii) single symbol flash matrix presentation paradigm [12].
Figure 2a illustrates an example of keyboard presentation at each paradigm. In paradigm (i), a set
of pseudo-randomly ordered stimuli are presented on a pre-fixed location of the screen in a rapid
serial manner. Each stimulus is a trial. A set of trials which have been presented with no time gap in
between, is called a sequence. Every sequence contains only a single target stimulus. Time-series
analysis is used to identify the stimulus on which the attention (target) is placed on. In paradigm (ii),
there exits an R x C' matrix of symbols. Typically, each row and column of the matrix is flashed in a
pseudo-random fashion, while the participants count the number of highlighted rows or columns that
include the target symbol. Paradigm (iii) has similar matrix presentation to paradigm (ii), with the
exception that in paradigm (iii) only single characters at each cell of the matrix are flashed (again in a
pseudo-random fashion).

EEG Feature Extraction: Collects EEG evidence and applies some preprocessing steps including
filtering, dimensionality reduction, etc. depending on the application. Since EEG signals are noisy
with very low signal-to-noise ratio (SNR), it is essential that the EEG signal features are extracted as
evidence. In EEG-BClIs the primary interest of filtering is to extract the P300 components [1, 13, 14].
Typically, filtering part includes drift removal (frequencies « 1Hz) and a bandpass filter to remove the
artifact-related high frequency components in the measurement. After filtering, time-windowed data
from different EEG channels is usually concatenated to obtain the EEG feature vector that has a high
dimension because of using a multi-channel measurement. Therefore, dimensionality reduction using
ICA or PCA is also needed [1].

Language Model (LM): Provides the prior distribution that is used for computing the posterior
distribution of a symbol. The most widespread LM is the n-gram statistical models that estimate
the probability of a word given (n — 1) preceding words. In the current system, we are using and



Online-Context Language Model (OCLM) that provides prior distributions given EEG evidence as
part of our BCI system.

User Intent Detection (Inference): Estimate the intended user letter according to the EEG evi-
dence collected under specified presentation paradigm and prior knowledge provided by LM com-
ponent. EEG evidence typically is assumed to be a Gaussian process with unknown mean and
covariance, and the parameter estimation is required for BCI inference. In order to estimate the
posterior probability, the context prior P (a|7—[0) is provided by the LM, which estimates the condi-
tional probability of every letter in the alphabet based on n — 1 previously typed letters in a Markov
model framework. Here, the BCI inference follows the introduced f; objective in (13) using an active
recursive state estimation framework.

Moreover, the described RSVP Keyboard system has three important system operation modes that
are utilized in most of BCI applications:

Calibration mode: During calibration, users are asked to pay attention to pre-defined target symbols
within randomly-ordered sequences to collect labeled EEG data. The data collected in this mode are
used in the estimation of class-conditional EEG evidence distributions and classifier parameters.

Copy phrase task mode: In this mode, users are presented with a set of pre-defined phrases. Each
phrase includes a missing word and the users are asked to complete the phrase by typing the missing
word. This mode is designed to assess the system and the typing performance in terms of speed and
accuracy in the presence of a language model. Figure 2b shows an example of a user attending Copy
phrase task.

Simulation: This mode is basically a copy phrase task that is simulated without user intervention.
We use the proposed probabilistic simulation framework in [15], in which the Monte-Carlo sampling
method is used to draw samples from the class conditional distributions learned in the calibration
mode. This mode that could replicate the operational performance of the system, could be really
beneficial for evaluating new BCI designs and can report the possible system performance in terms of
speed and accuracy.

Typically the RSVP presentation paradigm has lower speed than the matrix presentation. Therefore,
for the experimental study, we only use RSVP paradigm to show the impact of the proposed framework
on the typing speed and accuracy. More Detailed information about the RSVP Keyboard system can
be found in [1, 13, 14].

4 Results and Discussion

To assess the performance of the proposed query selection method, 10 healthy participants (six
females), 20-35 years old were recruited under an approved IRB to assess the performance of the
proposed system. EEG signals were acquired from 20 sensors according to international 10-20 system
locations: Fpl, Fp2, Fz, F3, F4, F7, F8, Cz, C3, C4, T3, T4, TS, T6, P3, P4, O1, 02, Al and A2.
A DSI-24 Wearable Sensing EEG Headset was used for data acquisition, at a sampling rate of 300
Hz with active dry electrodes. All participants performed the calibration session containing 100
sequences; each sequence includes 5 trials; and one trial in each sequence is the target symbol which
is displayed on the screen prior to each sequence (RSVP paradigm). The time interval between trials
is 200 ms. Optimal parameters for both target and non-target class distributions were learned using
the calibration data, which are used in simulation studies and copy phrase task.

After performing calibration session, all participants attended four copy phrase sessions. In copy
phrase sessions, users were asked to type the following phrases in a pseudo-randomly ordered fashion.

- "It is too hot."

- "They are happy."

- "I am an arctic explorer."

- "It occurred randomly."

- "He read the annals of US history."

- "She needs one month to convalesce."



Here, the target words were written in bold (with green color during the experiment). We have
attempted to pick different phrases with different difficulty levels in terms of prior probability
provided by the LM. For instance, words such as "too" or "are" are relatively easy to type. Because,
their initial symbol is very likely based on the LM prior. However, words like "convalesce" or
"occurred" are fairly difficult to type.

To have a comprehensive assessment, we examined the performance of the proposed RSE framework
for both simulation and real-time typing experiments.

4.1 Simulation Experiments

To evaluate the empirical performance of the proposed query selection, a copy phrase task where
simulated using EEG data collected during the calibration sessions. Using class conditional distribu-
tions f,- 4: (target class) and f - 4 (non-target class), we used Monte-Carlo sampling method to
draw samples from class distributions. Figure 3 shows the simulation results for typing symbols ‘C’,
‘0’, and first ‘N’ for phrase ‘SHE_NEEDS_ONE_MONTH_TO_CONVALESCE’ using four different
methods in typing including random, only Momentum-based objective, MMI, and the introduced
framework. For each simulation, the number of Monte-Carlo samples is chosen to be 500.

Figure 3 illustrates the average probability changes for the target symbol with different prior during
the RSE process using different estimation approaches. All results presented for two users with
different calibration performance; one with a higher calibration AUC, i.e. 0.82 and one with a lower
calibration AUC, i.e. 0.67. AUC is the area under the receiver operating characteristics curve. The
bar plot next to each plot shows the LM prior at the beginning of a decision cycle. For instance,
in Figure 3a it can be seen that the LM probability for ‘C’ is very low and it is not quite likely to
start a word with this letter. Accordingly, MMI method that is performing as N-best selection, is
highly influenced by the LM prior, needs more sequences to estimate the target symbol. Looking to
the performance of the Momentum approach, we can see that in the early sequences of the decision
process, this approach on average is faster than MMI to pick the intended symbol for the query
subset. Although, after some sequences, because of EEG measurement noise and miss-classification,
Momentum gets close to zero and could not pick the intended symbol. As expected, random method,
due to the random query selection and decision does not perform well as well. Overall, the proposed
framework outperforms the other three methods in selecting the target symbols.

In Figure 3, we can also see that when there is a likely symbol like ‘O’, MMI method and the
proposed framework perform similarly in terms of learning the probability values of the symbols. By
comparing the simulation results of user 7 (with higher AUC) with user 1 (lower AUC), it can be
seen that all of the methods are faster for the user 7 with higher calibration performance due to larger
gap between f,- 4i and fy- 4i, which provides less miss-classification in the estimation process.

Another observation in Figure 3 is that for user 1 with lower performance where there is more overlap
between class conditional distributions, the proposed framework can estimate the target symbol quite
fast. However, it is more difficult for Momentum method to capture the target symbol. In such cases,
MMI method also requires more number of sequences for a precise estimation.

Figure 4 presents the average probability changes and accuracy as a function of number of sequences
for different discussed approaches. In this simulation, we used both conventional fix threshold and the
proposed Momentum-based criterion for each query optimization method. The pre-defined threshold
7 is 85%. The results for 500 Monte-Carlo simulation show that in all cases, the system can achieve
similar accuracy level using the Momentum-based stopping criterion. In all sub-figures, again we
visualized the results for user 1 and 7 with different typing performances. Figures 4a shows the
simulation results for random method. Due to the low AUC value for user 1, there is no stopping
point and the system continued querying until it reached the maximum number of sequences, i.e. 40
sequences. In Figures 4b Momentum method again could not precisely estimate the target symbol for
both users. Comparing results in Figure 4c and Figure 4d, we can observe that for both MMI method
and proposed framework, the Momentum-based stopping criterion terminated the estimation earlier
(on average 3 sequences) compared to the fix threshold, with marginal accuracy loss.



4.2 Human-in-the-Loop Experiments: Copy Phrase Task

The calibration session proceeds with a short break (10 minutes) followed by four Copy phrase tasks
including typing six introduced phrases with different typing difficulty levels. In this experiment,
7 = 85% and maximum number of sequences for typing a letter is 50. Each user participates four
copy phrase tasks with different methods including random, Momentum, MMI, and the proposed
framework. In the random method, the subset of queries was selected randomly and the stopping
criterion was based on the fix threshold. In the Momentum method, the query selection was only using
Momentum objective and the stopping criterion was based on the Momentum measure. For MMI,
the query selection was based on mutual information and the stopping criterion is the conventional
fix threshold. In the proposed one, we used the proposed objectives introduced in (13). The order
of the tasks were randomly assigned to the participants to avoid the learning effect on the typing
performance.

Table 1 shows the average typing performances of each user using different querying and stopping
approaches. In this table, we reported the typing performance in terms of four measures: AUC of the
classifier (trained using the calibration data); accuracy in typing a letter correctly (ATL) that is the
total number of correctly typed letters divided by the total number of typed letters; accuracy of the
phrase completion (APC) which is the the average ATL for completed phrases; and probability of the
phrase completion (PPC) that is total number of correctly typed phrases divided by the total number
of phrases.

As another typical evaluation metric for BCI typing systems, we used information transfer rate
(ITR) [16], which presents the information common to both the user intent o and estimated symbol
0. In fact, ITR summarizes the accuracy and speed into a single metric and it is commonly used to
measure typing performance. Figure 5 illustrates the ITR values for all users sorted according to their
calibration session AUC values.

Table 2 shows the average typing performance of all estimation methods for all users for copy phrase
sessions. It shows the proposed framework outperforms the other methods in terms of speed and
accuracy measures. Our statistical analysis also shows that the proposed framework significantly
improved typing performance compared to MMI and random query selection (p < 0.02 based
on Wilcoxon signed-rank test), which includes at least 52% enhancement for ITR, 30% for speed
(1/Numseq), and 8.2% for ATL.

5 Conclusion

A new recursive state estimation framework has been proposed for the non-invasive EEG-based
BCI typing systems to enhance the typing speed and accuracy. The intended symbol estimation
requires a selection of queries to be presented to the user, which can be formulated as a RSE problem.
Taking advantages of posterior probability changes due to asking different questions across sequences,
we introduce an active RSE framework for inference and sequence optimization by expanding the
Momentum function proposed for active query optimization. To assess the proposed framework
performance, a language-model-assisted EEG-based BCI typing system called RSVP Keyboard
has been used. Using RSVP paradigm of this typing system, we examine the performance of the
framework in both simulation and copy phrase modes. Our results showed that using Momentum
jointly as stopping criterion and query optimization provides higher probability in picking the target
letter that can lead to higher accuracy and speed in typing, specially in typing unlikely words.
Our results for both simulation and copy phrase experiments showed that the proposed framework
significantly outperforms the alternative estimation approaches.
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Table 1: Typing performance for 10 participants performing RSVP Keyboard task using four estimation
approaches. AUC,, represents the AUC value for the calibration task and AUC,,, presents the AUC value of the
copy phrase task.

Random Momentum Proposed
User AUC, | AUC., ATL APC PPC | AUC., ATL APC PPC | AUC., ATL APC PPC | AUC., ATL APC PPC
1 0.67 090 022 000 000 | 08 049 075 050 | 091 063 073 067 | 08 069 100 0.67
2 0.79 096 049 043 017 | 093 084 069 1.00| 095 075 088 083 | 095 097 095 1.00
3 0.79 096 077 062 050 | 095 071 064 083 | 091 081 061 100 | 08 079 057 1.00
4 0.78 095 018 001 000 | 093 076 049 1.00 | 085 068 053 083 | 08 067 073 067
5 0.80 076 028 060 033 | 075 062 070 050 | 08 071 082 083 | 076 08 100 083
6 0.77 075 002 000 000 | 08 051 08 033 | 08 066 100 067 | 08 070 076 0.67
7 0.82 094 018 000 000 | 092 08 064 1.00| 092 076 088 083 | 09 073 082 083
8 075 091 026 000 000 | 090 08 074 083 | 08 077 049 100 | 08 08 071 1.00
9 0.69 076 004 000 000 | 069 08 059 050 | 08 058 060 050 | 08 064 085 0.67
10 072 090 021 100 017 | 08 048 100 033 | 092 055 080 050 | 092 061 100 067
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Table 2: Average typing performance across all participants performing RSVP Keyboard task using four
estimation approaches. The reported average values for Random and Momentum belong to cases that the
participant completed the task before reaching the maximum number of sequences (mandatory termination).

| Random Momentum Proposed
ITR (bits/min) 04.28 19.32 22.72 34.95
NumSeq 45 38 31 24
ATL 0.28 0.69 0.69 0.75
APC 0.27 0.71 0.73 0.84
PPC 0.12 0.68 0.77 0.80
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Figure Captions

Figure 1: The graphical representation of recursive state estimation for BCI-based typing systems. The dynamics
of the system follows a Markov decision process.

Figure 2: (a) Schematic illustration of three presentation paradigms in RSVP Keyboard system. (b) Copy phrase
task for EEG-based BCI using RSVP paradigm. The user is asked to type ARCTIC.

Figure 3: Probability of the letter completion for 500 Monte-Carlo simulations for typing three target symbols in
phrase ‘CONVALESCE’. Intended symbols contain: (a)‘C’, (b)‘O’, and (c) ‘N’ in the target phrase. Simulation
results are reported for two users with different calibration performances. User 7 with AUC = 0.82 has lower
performance than user 1 with AUC = 0.67. Bar plots show the LM prior probability over all typing symbols
before typing each letter.

Figure 4: Probability of the letter completion for 500 Monte-Carlo simulations for typing a single letter using
four query optimization methods and two stopping criteria. (a) Simulation results for random querying using
fix threshold and the Momentum-based stopping criteria. (b) Simulation results for Momentum querying using
fix threshold and the Momentum-based stopping criteria. (c¢) Simulation results for MMI querying using fix
threshold and the Momentum-based stopping criteria. (d) Simulation results for the proposed querying using fix
threshold and the Momentum-based stopping criteria. In all sub-figures, the top plot belongs to User 7 with AUC
= 0.82 and the bottom plot belongs to User 1 with AUC = 0.67. Dots presents the stopping point according to
each criterion.

Figure 5: Average of information transfer rate for four query selection methods: Random (red), Momentum
(black), MMI (green), and the proposed framework (blue). All of the results belongs to 10 users attending the
copy phrase task in RSVP Keyboard experiment.
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