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Abstract

Brain-Computer Interfaces (BCIs) help people with severe
speech and motor disabilities communicate and interact with
their environment using neural activity. This work focuses
on the Rapid Serial Visual Presentation (RSVP) paradigm of
BCIs using noninvasive electroencephalography (EEG). The
RSVP typing task is a recursive task with multiple sequences,
where users see only a subset of symbols in each sequence.
Extensive research has been conducted to improve classifi-
cation in the RSVP typing task, achieving fast classification.
However, these methods struggle to achieve high accuracy
and do not consider the typing mechanism in the learning pro-
cedure. They apply binary target and non-target classification
without including recursive training. To improve performance
in the classification of symbols while controlling the classifi-
cation speed, we incorporate the typing setup into training by
proposing a Partially Observable Markov Decision Process
(POMDP) approach. To the best of our knowledge, this is the
first work to formulate the RSVP typing task as a POMDP
for recursive classification. Experiments show that the pro-
posed approach, MarkovType, results in a more accurate typ-
ing system compared to competitors. Additionally, our exper-
iments demonstrate that while there is a trade-off between ac-
curacy and speed, MarkovType achieves the optimal balance
between these factors compared to other methods.

Code — https://github.com/neu-spiral/MarkovType

1 Introduction
Brain-Computer Interfaces (BCIs) allow people with severe
speech and motor disabilities to communicate and interact
with their environments (Orhan et al. 2012). Recent BCI re-
search spans applications like typing tasks (Bigdely-Shamlo
et al. 2008; Lawhern et al. 2018; Smedemark-Margulies
et al. 2023) and prosthetic arm control (Bright et al. 2016).
Common BCI paradigms include steady-state visual evoked
potentials (SSVEP) (Norcia et al. 2015), imagined motor
movements (MI) (Wierzgała et al. 2018), rapid serial visual
presentation (RSVP) (Acqualagna et al. 2010), and matrix
layout-based P300-speller (Krusienski et al. 2008), which
uses P300 event-related potentials observed in EEG to en-
able individuals to communicate without relying on volun-
tary muscle activity (Farwell and Donchin 1988; Mak et al.
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2011). In certain cases, one paradigm may be more suitable
than others. For example, individuals with severe speech
and motor impairments, such as those with locked-in syn-
drome, ALS, or cerebral palsy, might not have the precise
gaze control required for eye-tracking systems and matrix
layout-based P300 spellers. However, precise gaze control is
not required in RSVP to distinguish between symbols (Ac-
qualagna et al. 2010; Orhan et al. 2012).

This paper focuses on the RSVP paradigm, where users
type a target symbol from a predefined alphabet without
physical movement, while the system rapidly presents can-
didate symbols (a query) and collects continuous EEG data.
Users perform multiple sequences, and the model updates
symbol probabilities based on their responses to each query.
Typing stops when the probability of any symbol exceeds a
confidence threshold or when the maximum number of se-
quences is reached. In RSVP setups, users do not observe the
entire set of symbols at once. Instead, they observe a subset
of symbols at each sequence. This makes RSVP suitable for
formulation as a partially observable Markov decision pro-
cess (POMDP). In POMDPs, the true state of the environ-
ment is unknown, and the agent or neural network receives
only partial observations at each step (Kaelbling, Littman,
and Cassandra 1998).

We introduce “MarkovType”, which formulates the RSVP
typing task as a POMDP and enhances the recursive typing
performance. We state our contributions as follows:

• We propose a Markov Decision Process for non-invasive
BCI typing systems (MarkovType) and formulate the
BCI typing procedure as a Partially Observable Markov
Decision Process (POMDP), incorporating the typing
mechanism into the learning procedure. To the best of
our knowledge, this is the first time that the BCI typing
procedure has been formalized as a POMDP and used for
the typing task classification.

• We evaluate MarkovType in a simulated typing task and
show it outperforms previous approaches using Recur-
sive Bayesian Estimation in classification accuracy and
information transfer rate.

• We also show that there is a trade-off between accuracy
and the number of sequences in the typing task. This
opens the door for future improvements and explorations.
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2 Related Work
Extensive research exists on RSVP classification using EEG
data. Prior work on classification has focused on using lo-
gistic regression or linear discriminant analysis (Meng et al.
2012; Bigdely-Shamlo et al. 2008), and applying the Recur-
sive Bayesian rule for classification (Higger et al. 2013).
In addition to classification, Recursive Bayesian methods
are used for query optimization (Koçanaoğulları, Erdoğmuş,
and Akçakaya 2018; Koçanaoğulları et al. 2019; Marghi
et al. 2022), and designing stopping criteria for typing
tasks (Koçanaoğulları, Akcakaya, and Erdoğmuş 2021).

There are also prior works on using convolutional neu-
ral networks (CNNs) for single-trial EEG RSVP classifica-
tion (Shamwell et al. 2016; Zang et al. 2021; Lawhern et al.
2018). However, these methods cannot perform recursive
classification. Smedemark-Margulies et al. (2023) focuses
on a recursive Bayesian classification based on a discrimi-
native probability for each query, which they approximate
using neural network classifiers such as EEGNet (Lawh-
ern et al. 2018) and hand-crafted CNNs. They show that
discriminative models using hand-crafted CNNs outperform
generative models such as linear discriminant analysis and
logistic regression. They do not include the typing procedure
in training and assume responses within a query are con-
ditionally independent. Consequently, they perform binary
classification, predicting each response in a single query
as either a “target” or “non-target”. Although the proposed
method performs well in binary classification, symbol clas-
sification can be improved by including the typing task in
training and reconsidering the independence assumption to
allow classification over the alphabet. We propose to do this
by formulating the RSVP typing task as a partially observ-
able Markov decision process (POMDP).

POMDP is used in many applications, such as visual
attention networks (Mnih et al. 2014), human-robot inter-
action (Chen et al. 2018), autonomous driving (Bai et al.
2015), and medical diagnosis (Ayer, Alagoz, and Stout 2012;
Hauskrecht and Fraser 2000). In the BCI domain, numer-
ous works use POMDP-based models for symbol classi-
fication. Park and Kim (2012); Park, Kim, and Jo (2010)
employed a POMDP-based model for classification using
a matrix speller, while Tresols, Chanel, and Dehais (2023)
proposed a POMDP-based model for high-level decision
making across three BCI modalities: SSVEP (Norcia et al.
2015), MI (Wierzgała et al. 2018), and code-modulated vi-
sual evoked potentials (CVEP) (Sutter 1992). However, to
the best of our knowledge, no prior work formulate the
RSVP typing task as a POMDP.

3 Methods
3.1 Problem Statement
This work focuses on an RSVP typing task with N inde-
pendent sequences, where the user tries to type the symbol
t from an alphabet of A letters. At each sequence, the user
sees a query of symbols indexed by qn ∈ ZK with K differ-
ent symbols, where K ≤ A and the index of target letter t
may or may not be in qn. We observe the EEG responses to
the queried symbols, En ∈ RK×c×f , where c is the number

t

pn−1

Simulator qn

En

fe(θe)

Gn

fh(θh)hn−1 hn

fc(θc)

pn

n=1:N

Figure 1: MarkovType Model Architecture. It consists of a
simulator, a feature extractor fe, a core network fh and a
classification network fc. A single typing trial includes N
sequences. Given the target symbol t and the prior over
the alphabet pn−1 ∈ RA, the simulator extracts a query
with K unique symbols qn ∈ ZK and EEG responses
En ∈ RK×c×f , where A is the length of the alphabet, c
is the number of EEG channels and f is the feature length.
fe extracts features from En and maps them over the alpha-
bet using qn as in Eq. (1) to obtain Gn ∈ RA×L, where L is
the feature length. fh forms the hidden states of the current
sequence hn using the alphabet features Gn and the hid-
den states of the previous sequence (hn−1), which provides
knowledge of the responses to previous queries.

of EEG channels and f is the feature-length. Note that the
user never sees all the symbols in the alphabet simultane-
ously; they only see a subset of symbols appearing sequen-
tially on the screen within a sequence.

To perform classification on this typing task, previous
works assume that the EEG responses En to the K sym-
bols in the query qn are independent (Smedemark-Margulies
et al. 2023; Koçanaoğulları, Erdoğmuş, and Akçakaya
2018). As a result, they classify each symbol in the query
as either “target” or “non-target”, without incorporating the
recursive typing task into training.

Here, we include the RSVP typing task in the training pro-
cedure, where the model has partial observations (never re-
ceiving responses for all symbols in the alphabet simultane-
ously) and jointly learns EEG feature extraction and a fusion
process for recursive classification over multiple sequences.
To achieve recursive classification from partial observations
and to incorporate the typing process in both training and
testing, we formulate the typing process as a POMDP.

We propose a recursive classification model for the RSVP
typing task, inspired by the recursive classification network
of the Recurrent Attention Model (RAM) proposed by Mnih
et al. (2014). In our setup, as illustrated in Figure 1, the agent
(which is the model itself) learns to extract features from a
query and incorporates hidden states recursively to perform
classification over the alphabet A, while receiving a scalar
reward that it aims to maximize. During this process, the
agent chooses a query qn from the prior over the alphabet
pn−1, which is updated with each sequence.

At the first sequence, we assume a uniform prior over the
alphabet p0 ∈ RA, which is then updated after each se-
quence. Note that non-uniform priors can be incorporated,
often employing language models (Orhan et al. 2013; Oken
et al. 2014). However, we opted to analyze the performance
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of MarkovType without the influence of language models.
Details on the prior update are given in Section 3.2.

3.2 MarkovType Model Architecture
The overall model architecture, as shown in Figure 1, in-
cludes a simulator, a feature extractor fe, followed by a core
network fh and a classification network fc. In this setup, a
single typing trial consists of N sequences. Given the target
symbol t and the prior over the alphabet pn−1, the simula-
tor extracts the query qn and EEG responses En. fe extracts
features Gn ∈ RA×L from En and maps it over the alphabet
using qn as in Eq. (1), where L is the feature length.

Gn,i =

{
fe(En,i) if i ∈ qn ,

0L otherwise .
(1)

0L is a zero array with length L, En,i is the EEG response,
and Gn,i are the features for the symbol i ∈ A at sequence
n. The hidden states of the current sequence hn ∈ Rv

(where v is the length of the hidden feature) are formed by
fh using the alphabet features Gn and the hidden states of
the previous sequence (hn−1), which provide information on
previous responses. Please see Section 4.1 for model details.

Actions At each sequence, the agent (neural network) per-
forms an environment action qn ∈ ZK , where each element
of qn is sampled from pn = fc(hn;θc). This action affects
the next state of the environment (En+1).

Reward The setup explained in Sections 3.1 and 3.2 is a
particular case of the POMDP. In the POMDP setup for this
problem, the user’s EEG responses to all symbols in the al-
phabet are unknown and the agent (in our case, the neural
network) receives partially observed sets of responses En to
the query qn at each sequence.

The total reward function according to POMDP is given
in Eq. (2), where rn is the reward assigned at sequence n.

R =
N∑

n=1

rnd(n) (2)

rn is equal to 1 if the predicted label t̂ = argmaxi∈A(pn,i)
matches the correct target label t at sequence n, and 0 other-
wise, where pn,i is the probability of symbol i. d(n) is the
discount factor. It creates a trade-off between finding the ac-
tions with the largest immediate reward and those with the
largest sum of rewards. See Section 4.2 for details on d(n).

3.3 Learning Rule
The neural network needs to learn a stochastic policy
π((qn)|s1:n;θ) which maps the history of past interactions
with the environment to a distribution over actions for the
current sequence. The history of past interactions s1:n =
E1,q1, ...,En−1,qn−1,qn,En where En is the observation
produced by the environment, and qn are the actions. In this
paper’s setup, the policy π is defined by the model, and the
history sn is summarized in the hidden state hn.

Model parameters are learned by maximizing the total re-
ward the model expects when interacting with the environ-
ment, using the REINFORCE rule (Wierstra et al. 2007).

POMDP - REINFORCE RULE The REINFORCE
rule (Wierstra et al. 2007) follows the policy gradient frame-
work, where model weights θ are updated directly by esti-
mating the gradient in the direction of higher reward. s1:n is
the observed history, but we also need to define the complete
history H, which includes the unobserved (future) states. It
is expressed by HN = ⟨sN ,G1:N ⟩. The probability of a
history for given policy-defining weights θ is p(H|θ), and
R(H) is a measure of the total reward achieved during his-
tory H, which we aim to maximize in Eq. (3).

J(θ) =

∫
H

p(H|θ)R(H)dH . (3)

We rewrite Eq. (3) using gradient ascent to update θ:

∇θJ =

∫
∇θp(H|θ)R(H)dH . (4)

Viewing the problem as a POMDP setup, we can first ap-
ply the “likelihood-ratio trick” (also considering the fact that
∇θR = 0 for a single, fixed H), as follows:

∇θJ =

∫
p(H|θ)
p(H|θ)

∇θ(p(H|θ))R(H)dH ,

=

∫
p(H|θ)∇θ log(p(H|θ))R(H)dH .

(5)

We take the sample average with the Monte Carlo approxi-
mation (MC) in Eq (6), where M is the number of episodes.

∇θJ = EH [∇θ log(p(H|θ))R(H)]

≈ 1

M

M∑
m=1

∇θ log(p(H
m|θ))R(Hm) .

(6)

To calculate log p(H|θ), we state that the probability of a
particular history is the product of all actions and observa-
tions given the sub-histories as follows:

p(HN |θ)=p(E1,G1)
N∏
t=2

[
p(En,Gn|s1:n−1,qn−1,G1:n)

× π(qn−1|s1:n−1;θ)
]
, (7)

Then, taking the log-derivate of Eq. (7) results in:

∇θ log p(HN |θ) =
N∑

n=1

∇θ log π(qn|s1:n;θ) . (8)

Therefore, the gradient approximation can be written as:

∇θJ ≈
1

M

M∑
m=1

N∑
n=1

∇θ log π(q
m
n |sm1:n;θ)Rm

n , (9)

where Rm
n is the sum of rewards at sequece n and episode m.

Note that ∇θ log π(q
m
n |sm1:n;θ) is the gradient of the model

and can be computed by standard backpropagation. Also,
to overcome the high variance problem of the gradient due
to MC, a baseline b is added (that may depend on sm1:n but
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not on the actions qm
n ) as explained by Mnih et al. (2014).

Therefore, we rewrote Eq. (9) as:

∇θJ ≈
1

M

M∑
m=1

N∑
n=1

∇θ log π(q
m
n |sm1:n;θ)(Rm

n − bn) .

(10)

Hybrid Supervised Loss We follow the supervised loss
described by Mnih et al. (2014), as defined in Eq. (11).

Laction=− log(pN,t) , (11a)

Lbaseline=
1

N

N∑
n=1

(Rn − bn)
2, (11b)

Lreinforce=−
1

M

M∑
m=1

N∑
n=1

log π(qm
n |sm1:n;θ)(Rm

n −bn) ,

(11c)
L=Laction + λ (Lbaseline + Lreinforce) . (11d)

Laction is the negative log-likelihood loss, where pN,t is the
predicted probability of the target t at the last sequence, and
λ ≥ 0 is a regularization parameter. Lbaseline and Lreinforce
increase the reward and reduce bias in gradient estimation.

4 Experiments
4.1 Dataset and Model Details
We perform all experiments on a large, publicly available
RSVP benchmark dataset containing over 1 million stimu-
lus presentations (Zhang et al. 2020) that is suitable for a
simulated typing task. In this study, 64 healthy subjects per-
formed a target image detection task involving street-view
images, either with humans (“target”) or without (“non-
target”), during 64-channel electroencephalogram (EEG)
data recording. We follow the preprocessing steps outlined
by Smedemark-Margulies et al. (2023). We perform all ex-
periments using data pooled from all subjects, repeating
each experiment across 5 randomized train/test splits (with
seeds from 0 to 4) and using 10% training set for validation,
as described by Smedemark-Margulies et al. (2023). Details
of the simulator, feature extractor fe, the core network fh,
baseline bn and classification network fc are provided be-
low.

Simulator One can use any type of typing simulator or
language model. We use the simulator from Smedemark-
Margulies et al. (2023). This simulator randomly selects K
unique symbols from the alphabet based on the prior over the
alphabet pn−1 and samples the query of symbols indexed
qn. This affects the state of the environment at sequence n,
i.e., the EEG responses En to the queried symbols.

Feature Extractor For feature extraction, we use a hand-
designed one-dimensional CNN with 5 convolutional layers,
applying 1D convolutions only across the time axis.

Core Network The core network fh is used to update
hn =LayerNorm(Rect(Linear(hn−1) + Linear(Gn))),
where LayerNorm is a normalization layer, Rect is a rec-
tified linear unit layer, and Linear is a linear layer.

Baseline We follow the baseline calculation from the im-
age classification example given by Mnih et al. (2014) and
calculate the baseline at n as bn =Linear(hn).

Classification Network It is formulated using a softmax
output: fc(hn) =Softmax(Linear(hn)). p0 is uniformly ini-
tialized, and h0 is initialized as an all-zero feature vector.

4.2 Implementation Details
We ran experiments on 2.4 GHz Intel E5-2680 v4 CPUs
and 2.1 GHz Intel Xeon Platinum 8176 CPUs, using Py-
Torch (Paszke et al. 2019) 2.3.0. We train the models using
the Adam optimizer (Kingma and Ba 2014) with a learn-
ing rate of 0.001 for 200 epochs, decaying the learning rate
by a factor of 0.97 after each epoch, and use a batch size
of 28. We set the number of symbols shown in a query K
to 10, the number of sequences N to 10, the number of
episodes M to 1 and the alphabet length A to 28. We per-
form hyper-parameter tuning on a validation set consisting
of a held-out 10% of the training set, checking λ values of
{0.01, 0.02, 0.03, ..., 0.1}.

Our analyses include different discount factors of: d(n) =
{ 2N−n−1

N , 1
n ,

1
n2 ,

1
n3 }. These vary in how much importance

they give to early correct classifications. Specifically, the im-
portance increases in the given order, from 2N−n−1

N to 1
n3 .

The final λ values used for models with these discount fac-
tors are {0.02, 0.02, 0.01, 0.1}, respectively.

4.3 Competing Methods
We compare our model against the two best-performing
discriminative methods described by Smedemark-Margulies
et al. (2023), which are 1D and 2D CNNs. Similarly, these
methods are trained with the Adam optimizer (Kingma and
Ba 2014) using a learning rate of 0.001 for 25 epochs, de-
caying the learning rate by a factor of 0.97 after each epoch,
as described by Smedemark-Margulies et al. (2023). We re-
fer to these methods as “RB - 1D CNN” and “RB - 2D
CNN” throughout this paper. Note that during classification,
RB methods do not classify En directly over the alphabet
(number of A classes). Instead, they classify symbols as “tar-
get” or “non-target”. During testing, they receive queries of
length K, perform binary classification using the Recursive
Bayesian rule and map the results to the alphabet, explained
by Smedemark-Margulies et al. (2023).

4.4 Experimental Setup
Algorithm 1 outlines the testing procedure for the simulated
RSVP task using MarkovType1. The threshold τ is used
for early stopping. If any posterior probability exceeds this
threshold or if the maximum number of sequences (set to 10)
is reached, the classification sequence for target t is termi-
nated. Since we are simulating the typing process, we gen-
erate En by sampling from the “target” and “non-target” ex-
amples given the query qn and the symbol t. For RB meth-
ods, a recurrent Bayesian update occurs instead of line 8 of
Algorithm 1, which does not use hn−1 as inputs. See Sec-
tion 4.5 for Information Transfer Rate (ITR) calculations.

1https://github.com/neu-spiral/MarkovType
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Algorithm 1: Test procedure
Input: Trained model f(·), Pos. and Neg. Test Data E+, E−,
Symbols per query K, Sequences per symbol N , Alphabet
size A, Decision threshold τ .
Output: ITR (bits per symbol), ITRnτ (bits per se-
quence)

1: C ←0, Nτ ←0 // *Correct symbol count, Total num-
ber of sequences taken

2: for t← 1 : T // *Target symbols do
3: h0 ← (0, . . . , 0) // *Hidden feature initialization
4: p0 ← ( 1

A , . . . , 1
A ) // *Uniform symbol prior

5: for n← 1 : N // *Number of sequences do
6: qn ∼ pn−1 // *Sample query
7: {En[k] ∼ E+ if qn[k] = t else En[k] ∼ E−}Kk=1
8: pn,hn ← f(En,qn,hn−1) // *Model outputs
9: ind, val← argmax(pn),max(pn)

10: if val ≥ τ or n = N then
11: if ind = t then
12: C ← C + 1
13: end if
14: Nτ ←Nτ + n
15: break
16: end if
17: end for
18: end for
19: nτ ←Nτ/T // *Mean number of sequences
20: return ITR(A,C/T ), ITR(A,C/T )nτ

Our analyses of test time include classifications both with
and without a threshold τ = 0.8, using 1000 target symbols
from an alphabet of length 28.

4.5 Evaluation Metrics
We compare the accuracy and information transfer rate
(ITR) (Shannon 1948) of different models. ITR per selec-
tion (Smedemark-Margulies et al. 2023) is calculated as:

ITR(A,P ) :=log2(A)+P log2(P )+(1−P ) log2(
1− P

A− 1
),

(12)
where P is the accuracy and A is the alphabet length. How-
ever, this formulation does not account for the time to type
a symbol. We use ITR per sequence given in Eq. (13) to in-
clude the time spent typing a symbol, where nτ is the mean
number of sequences taken for making a decision.

ITR(A,P )nτ =
1

nτ
ITR(A,P ) . (13)

5 Results
We evaluate the performance of MarkovType and RB meth-
ods both with and without using the threshold τ . When the
threshold τ is applied, the classification sequence for a sym-
bol terminates if any posterior probability exceeds τ or the
maximum number of sequences is reached. This allows us
to assess the time spent making a decision (i.e., the number
of sequences taken), as well as accuracy and ITR. Without
the threshold, early stopping does not occur, and we evaluate

performance as a function of the number of sequences, with
classification occurring at every sequence. This also demon-
strates the upper limit for classification performance.

5.1 With Threshold τ
Here, we report the model performances when the testing
process for the simulated typing uses the threshold τ for
early stopping. Table 1 includes a comparison of Markov-
Type with RB methods using the following metrics: number
of parameters, ITR per selection, accuracy, mean number
of sequences per selection (nτ ), and ITR per sequence. We
observe that all MarkovType models perform better than RB
models in terms of ITR per selection and accuracy. However,
RB methods have a lower nτ , indicating they make deci-
sions faster than MarkovType methods, but with lower per-
formance in terms of ITR per selection and accuracy. This
highlights a trade-off between speed and accuracy.

To analyze ITR with the time spent on decisions, we in-
corporate the number of sequences into the ITR calcula-
tion (ITR per sequence). We observe that despite requiring
a higher nτ , all MarkovType models achieve better overall
performance. When comparing the effect of discount fac-
tors, we observe that going from 2N−n−1

N to 1
n2 results in a

decrease in nτ and an increase in ITR per sequence. How-
ever, this trend does not continue when moving to 1

n3 . As
explained in Section 4.1, the discount factors vary in the im-
portance they assign to early correct classifications; i.e., the
importance increases in the given order from 2N−n−1

N to 1
n3 .

Figure 2 shows the distributions of correct and incorrect
decisions made at each sequence. Similar to the observa-
tions in Table 1, RB methods make most of their decisions
at earlier sequences and classify all 1000 symbols before
sequence 8. MarkovType methods make decisions at later
sequences, with some cases classified after sequence 7, but
they achieve a higher accuracy rate at each sequence. We
observe that going from 2N−n−1

N to 1
n2 results in more de-

cisions being made in the first 4 sequences. However, this
trend does not occur when moving from 1

n2 to 1
n3 .

To analyze the accuracy of decisions in more detail sta-
tistically, Figure 3 examines the accuracy of decisions made
at each sequence, showing performance over 5 data splits.
The lines represent the mean accuracy, with confidence bars
indicating the standard deviation across the 5 data splits.
Figure 3 clearly demonstrates the accuracy difference be-
tween MarkovType and RB methods, with MarkovType con-
sistently achieving much higher accuracy than RB methods.
In most sequences, the accuracy difference is about 0.4.

5.2 Without Threshold τ
In this section, we evaluate accuracy performance as a func-
tion of the number of sequences, ranging from 1 to 10.
We present model performances without using the thresh-
old τ , with all 1000 symbols in the test set classified at
each sequence and no early stopping. Without a threshold,
the model can correct incorrect predictions in subsequent se-
quences, resulting in differences in accuracy between cases
with and without a threshold. Figure 4 shows the accuracy
of all symbols across different sequences, with the lines
representing mean accuracy and confidence bars indicating
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Model d(n)
Num.
Par

ITR w/τ
per Selection (↑)

Accuracy
w/τ (↑)

Num. Sequences
per Selection (↓)

ITR w/τ
per Sequence (↑)

MarkovType 2N−n−1
N 479293 3.635±0.031 0.870±0.004 4.956±0.183 0.734±0.023

MarkovType 1
n 479293 3.550±0.110 0.859±0.015 4.832±0.213 0.735±0.026

MarkovType 1
n2 479293 3.450±0.143 0.845±0.020 4.524±0.243 0.763±0.012

MarkovType 1
n3 479293 3.502±0.074 0.852±0.010 4.638±0.142 0.756±0.031

RB - 1D CNN - 542210 1.230±0.061 0.457±0.013 2.321±0.064 0.531±0.037
RB - 2D CNN - 1603042 1.377±0.058 0.489±0.012 2.564±0.040 0.537±0.020

Table 1: Number of parameters, ITR per selection, accuracy, mean number of sequences per selection (nτ ), and ITR per
sequence are evaluated with the threshold for MarkovType using different discount functions d(·), and RB - 1D and 2D. Note
that classification sequences terminate when any posterior probability exceeds the threshold or when the maximum number
of sequences (in this case, 10) is reached. Therefore, lower sequences per symbol with high accuracy are desired for good
typing performance. We observe a trade-off between accuracy and the number of sequences per symbol. Even though RB
methods perform quicker classification, MarkovType methods still achieve better ITR per sequence, where the mean number of
sequences per symbol is included in the ITR calculation.
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Figure 2: Distribution of correctly and incorrectly classified symbols over 5 data splits across sequences (1-10). Note that
classification sequences terminate when any posterior probability exceeds the threshold or when the maximum number of
sequences (in this case, 10) is reached. At each sequence, the blue bar represents correct decisions, and the orange bar represents
incorrect decisions. Together, they show the total number of decisions made at each sequence. We observe that although RB
methods (e) and (f) make most of their decisions early on, these decisions are mostly incorrect. In contrast, MarkovType
methods (a)-(d) tend to make decisions later than those using recursive Bayesian methods but achieve a higher ratio of correct
decisions.
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Figure 3: Accuracy across sequences with threshold τ . Lines
represent the mean accuracy and confidence bars indicate
the standard deviation across the 5 data splits. This plot
shows the accuracy of decisions made across sequences.
Classification sequences terminate when any posterior prob-
ability exceeds the threshold or when the maximum number
of sequences is reached. With RB methods, no symbols re-
main to be classified after the 7th sequence. MarkovType
consistently achieves higher accuracy than RB methods.

the standard deviation across the 5 data splits. MarkovType
methods have higher accuracy across all sequences, except
the first, where all methods exhibit similar accuracy. By the
10th sequence, which demonstrates the limits of all meth-
ods, MarkovType achieves higher accuracy, with the method
using the 1

n2 discount factor performing the best.

6 Conclusion
This work proposes a Markov Decision Process for non-
invasive BCI typing systems (MarkovType) that formulates
the RSVP typing task as a Partially Observed Markov De-
cision Process (POMDP) for recursive classification. To the
best of our knowledge, this is the first work to formalize the
RSVP typing task as a POMDP. Formulating the RSVP typ-
ing task as a POMDP is appropriate because the task in-
volves multiple sequences where partial subsets of symbols
from an alphabet are presented. We perform our analyses
on a simulated typing task and compare them with Recur-
sive Bayesian-based methods. Unlike MarkovType, they as-
sume that responses to each query are independent and do
not include the typing procedure during training. Our exper-
iments show that MarkovType significantly outperforms Re-
cursive Bayesian methods in terms of accuracy and informa-
tion transfer rate per selection and symbol, with the symbol-
based calculation accounting for the time spent on selec-
tion. However, we observe a trade-off between accuracy and
speed, specifically the number of sequences required for a

1 2 3 4 5 6 7 8 9 10
Number of sequences

0.0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

Accuracy across number of sequences without threshold

RB - 1D CNN
RB - 2D CNN
MarkovType (2N− n− 1

N )
MarkovType (1

n)
MarkovType ( 1

n2 )
MarkovType ( 1

n3 )

Figure 4: Accuracy across sequences without threshold τ ,
with lines representing the mean accuracy and confidence
bars indicating the standard deviation across the 5 data splits.
This plot shows the accuracy of symbols with varying num-
bers of sequences from 1 to 10. Note that when the algorithm
includes a threshold, early stopping occurs. Without early
stopping, we can observe the upper limit of accuracy with
different numbers of sequences. For instance, with a thresh-
old, the model might make an incorrect prediction without
an opportunity to correct it in subsequent sequences, result-
ing in differences in accuracy between cases with and with-
out a threshold. At each sequence, the classification of 1000
symbols in the test set is performed. We see that Markov-
Type methods perform better at each sequence compared to
RB methods, with the MarkovType method using the 1

n2 dis-
count factor achieving the highest accuracy.

decision when a confidence threshold is used to terminate
sequences. This opens the door for future improvements in
achieving both fast and accurate classification. Additionally,
all experiments are conducted on a large RSVP benchmark.

Future work might focus on the real-world adaptation of
MarkovType with limited data and user-specific training. In
this work, we aim to keep MarkovType simple yet effec-
tive to facilitate its potential real-world use, with fewer pa-
rameters than the baselines. If the model proves too com-
plex for real-world applications with limited data, simpli-
fying the architecture could be considered. Our method is
also trained globally in this work. For user-dependent cases,
transfer learning approaches should be considered to adapt
the model to different users in real-time.
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Stopping criterion design for recursive Bayesian classifica-
tion: analysis and decision geometry. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 44(9): 5590–
5601.
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