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Symbiotic brain-machine drawing via
visual brain-computer interfaces
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Brain-computer interfaces (BCIs) are evolving from research prototypes into clinical, assistive, and
performance enhancement technologies. Despite the rapid rise and promise of implantable
technologies, there is a need for better and more capable wearable and non-invasive approaches
whilst also minimising hardware requirements. We present a non-invasive BCI for iterative selection-
basedmind-drawing that infers a subject’s internal visual intent through iterative selection of adaptive
visual probes presented on a screen encoded at different flicker-frequencies and analyses the steady-
state visual evoked potentials (SSVEPs). Gabor-inspired or machine-learned policies dynamically
update the spatial placement of the visual probes on the screen to explore the image space and
reconstruct simple imagined shapes within approximately two minutes or less using just single-
channel EEG data. Additionally, by leveraging stable diffusion models, reconstructed mental images
can be transformed into realistic and detailed visual representations. Whilst we expect that similar
resultsmight be achievable with e.g. eye-tracking techniques, our work shows that symbiotic human-
AI interaction can increase BCI bit-rates by more than a factor 5x, providing a platform for future
development of AI-augmented BCI.

Brain-computer interface (BCI) technologies enable direct communication
between the brain and a computer, with applications ranging from con-
trolling the computer as a means to regain, for example, the ability to move
or navigate the world, to the actual decoding of human thought1–5. BCIs can
be broadly divided into two paradigms. Passive BCIs infer cognitive states
such as workload or fatigue, from spontaneous brain activity6,7, while active
BCIs rely on subjects intentionally modulating their neural signals to issue
commands8,9.

The ability todirectlyobserve anddecode subjective visual imagery is of
fundamental importance, holding transformative potential for assistive
communication, creative co-design and the study of mental health. The
central limitation of existing methods is their reliance on pre-trained, data-
hungry models, which act as a “dictionary” of known images10–13. This
fundamentally restricts the creative potential of mind drawing. In contrast
to direct mental imagery decoding approaches that attempt to reconstruct
arbitrary visual content from neural signals alone, our method employs
brain-guided collaborative visual exploration, where the system adaptively
presents visual probes and the subject’s selective attention guides the
reconstruction process.

Following the development of a “P300 speller”–based painting
system12, a BCI painting system employing a hybrid SSVEP/P300 control
approach was later proposed13. However, both methods rely heavily on

using the SSVEP to “click” the static graphical subject interfaces (GUIs), and
they lack the intelligence to predict the subject’s intention14.

Non-invasive neural decoding methods have been developed
using the main brain sensing technologies, i.e. electroencephalography
(EEG), functional magnetic resonance imaging (fMRI), functional
near-infrared spectroscopy (fNIRS), and magnetoencephalography
(MEG). In recent years, researchers have implemented neural decod-
ing methods to monitor the brain state or to communicate with
others9,15–17 but also to reconstruct mental or visual images from brain
signals. For example fMRI, with its high spatial resolution, has pro-
vided foundational insights into how visual information is encoded in
the brain, has been used to reconstruct images from blood-oxygen-
level-dependent (BOLD) signals18–24.

Recent work has also highlighted the possibility to decode visual
imagery via fNIRS25. MEG was proposed for real-time reconstruction of
visual perception26 and classification27. EEG is more portable than MEG,
(the fewer EEG channels, the more portable) and also has high temporal
resolution andhas been implemented to achieve reconstruction, fromvisual
texture to natural images, with the help of Neural Networks26,28–37. More
recently, the ‘BrainVis’ approach38 demonstrated state-of-the-art semantic
fidelity reconstructions and generation quality. These mind-drawing or
image-reconstruction approaches rely on high-dimensional subject data
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and deep learning algorithms, which are complex to implement and typi-
cally do not generalise to unseen imagery.

Despite significant progress in the field, achieving true mind-drawing
in real-time with model-free and high-fidelity reconstruction of arbitrary
images from imagination alone remains a challenge. A further open chal-
lenge for thefield is relatively low information transfer bit-ratesofBCIs,with
hints that these might be fundamentally limited to ~10 bits/second39.

Here, we propose a non-invasive neural decoding framework that
overcomes key limitations of existing mind-drawing approaches. We
develop reconstruction approaches based on an iterative collaborative
search in image space, guided by dynamically updated sampling weights for
successive visual stimuli (probes) that are presented to the subject. Crucially,
our system does not rely on any pre-trained generative models. Instead, it
generates the layout of subsequent visual probes in real time through a
Gabor analysis of accumulated neural evidence from steady-state visual

evoked potentials (SSVEPs). This allows the system to adaptively adjust its
detection strategy basedon the structure ofmental imagery as this iteratively
emerges during the drawing process, efficiently focusing resources on the
most informative regions in the visual field. Our approach implements
adaptive SSVEP-guided spatial localisation through iterative feedback that
enables the subject and system to jointly converge on the intended image.

Preliminary human experiments demonstrate that this neuro-adaptive
computational imaging framework can reconstruct simple, imagined visual
shapes in approximately two minutes or less using only single-channel
SSVEPdata. The bit-rate of themind-drawing process is improved bymore
than up to a factor 5x when compared to a simple readout of the SSVEP
signal from the same device.

Results
The experimental setup is illustrated in Fig. 1a. The subject was seated in
front of a computermonitorwhilewearing a single-channel EEGdevice and
was instructed to select the flickering disc that overlapped most with their
imagined image. Figure 1b illustrates the workflow of mind-drawing where
the human is in the loop throughout the process. The disc positions are
updated by the policy function based on the accumulated historical data.
Importantly, the task does not require maintaining a stable mental image.
Instead, subjects repeatedly identify the probe with best overlap from pat-
terns updated every few seconds,making the cognitive task intuitive and less
demanding than sustained mental imagery.

At the beginning of each iteration, 10 white visual stimulus probes
(flickering discs) were displayed on a black-background screen (as shown
in Fig. 1c). The subject was then instructed to focus on the region where
the overlap between one presented probe and the mentally imagined
object appeared to be strongest within each iteration. After 4 s of flashing
stimulation (chosen based on SNR requirements: SSVEP signals require
≥2 s to stabilize, and 4 s represents the optimal accuracy-speed tradeoff
for single-channel detection), the SSVEP response was recorded and the
Canonical Correlation Analysis (CCA) value (a correlation coefficient
ranging from 0 to 140) was used to weight the selected probe/pattern that
was then added to the drawn image as real-time EEG feedback to the
subject displayed on the screen background in red. This process was
repeated iteratively, with updated probe positions presented to the sub-
ject each time. The updated positions were determined by a policy
function that determined the placement of the next set of probes (see
Methods for a detailed description of the policies and how these were
applied). We have tested two types of policy functions. Figure 1c shows
an example stimulus under the Gabor policy function, in which discs are
randomly arranged and each disc flickers at a unique frequency.
Figure 1d illustrates an example stimulus under the data-driven policy
function, where disks that have been selected by the subject at the
previous iterations actually now represent machine-learned ‘basis
functions’, shown in green. The final image therefore appears from the
superposition of multiple basis functions as opposed to the simple discs
used in the Gabor analysis approach (see details below and in Methods).

The selected probes were iteratively updated and added to the drawn-
image. In our tests, we found that the optimal choice was a total of 25
iteration runs for theGaborpolicy and seven iterations for themore efficient
choice (but more constrained, see below) data-driven policy case. A 25-
session measurement lasts 2.5 min, also including 2-s resting periods. The
final drawn image In(x, y) was then reconstructed based on the accumulated
weighted pattern,

Inðx; yÞ ¼
Xn
i¼1

BjPjðx; yÞ: ð1Þ

whereBj is theweight, and the patternPj(x, y) is aGaussiandisc in theGabor
policy or is a ‘basis pattern’ in the data-driven policy (see Methods for a
detaileddescription).Through iterative refinement guidedby real-timeEEG
feedbackand the selected policy function, the reconstructed image gradually
converged toward the imagined object by the participant.

Fig. 1 | Experimental setup andworkflow. a Setup of the EEG-basedmind-drawing
system (the picture was AI-assisted (ChatGPT, OpenAI) and subsequently redrawn
and finalized by the authors). The EEG device is custom-built and consists of a
headband housing three wet electrodes (using saline solution to improve contact):
two placed on the temples (ground and reference) and one at the occipital Oz
position. The subject selects the disc that overlaps most with their imagined image.
bWorkflow of the mind-drawing process (Y: Yes; N: No). c Example screen-shot
stimulus under the Gabor policy function, where discs are randomly arranged and
each flickers at a unique frequency. d Example screen-shot of the stimulus under the
data-driven policy function, where discs are randomly arranged, with some repre-
senting green features and others appearing as standalone elements.
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We conducted three single-channel EEG-based mind-drawing
experiments:

Experiment 1: Gabor-policy inspired mind drawing, including eight
subjects with each subject drawing 3 different images, so to achieve multi-
subject validation and estimate similarity and information rate analysis;

Experiment 2: Data-driven mind drawing, including one subject for
different handwritten digit images, demonstrates the effect of data-driven
policy as characterized by mutual information;

Experiment 3: Gabor-policy mind drawing enhanced with stable dif-
fusion, including different drawing results under the sameprompt from two
different subjects, leading to different detailed images fromSD’s output. The
varying number of participants reflects different experimental scopes:
Experiment 2 serves to test test-retest reliability, whilst Experiment 1 vali-
dates robustness across multiple participants.

Gabor-inspired mind drawing
To establish a ground truth, subjects were first required to hand-draw the
image they intend to imagine in the experiment and thenperform themind-
drawing task using the proposed system. Our design prioritizes multi-

subject validation (8 participants × 3 images) to assess robustness for real-
world BCI applications, focusing on semantic alignment rather than pixel-
perfect reproduction. We evaluated the performance across multiple sub-
jects to assess the robustness of the approach. Eight healthy human subjects
participated and each completed mind-drawings of three different images
with 25 iterations. The results are illustrated in Fig. 2, showcasing the sys-
tem’s ability to reconstruct simple geometric shapes with varying degrees of
accuracy across subjects. Green-coloured images represent the handwritten
target after a shape-preserving transformation (i.e. rescaling, rotation,
translation) so that it has same size as the mind-drawn image, shown as a
magenta-coloured image. The overlap regions between the ground-truth
and the reconstructed images appear in white. We calculated the cosine
similarity (COSS) between each ground-truth and reconstructed image pair
to quantify accuracy. The overall average COSS across all subjects was 0.76
(±0.04), indicating a good level of reconstruction fidelity.

Figure 3 shows a COSS box plot and histogram distributions that
illustrates how the COSS values for each subject are relatively consistent,
withmost values ranging between 0.7 and 0.8. This indicates that the system
is robust and generalises well across individuals. The box plot indicates that
there is some variability in reconstruction accuracy between subjects, with
some achieving higher COSS values than others. This variability may be
attributed to individual differences in mental imagery, attention and focus
during the task.

We then estimated the mutual information (MI) between the target
and the reconstructed images, as MI captures the amount of shared infor-
mation and provides an information-theoretic measure of reconstruction
fidelity. The MI (see Methods, Eq. (3)) results for our measurements are
shown in Fig. 4: the plot starts at 91 bits (corresponding to a full black
image), and theMIof all subjects increaseswith thenumberof iterations and
after 25 iterations reaches 222 bits, corresponding to a bit rate of 1.31 bits/
second.

We estimated the more widely used Information Transfer Rate (ITR;
seeMethods, Eq. (4)),whichprovides themaximumtheoretical information
transfer rate (see Methods, Eq. (5)), ITRmax � 0:83 bit=s.

Remarkably, we find that the measured bit rate based on the mutual
information between the target and reconstructed images (1.31 bits/second)
is ~1.6× larger than the maximum ITR predicted for a standard BCI (0.83
bits/second)41,42. We attribute this to the effect of the iterative feedback and
optimisation policy that is used to choose the optimal probe placement at
each iteration, which in turn is based on information from the previous
iteration. This indicates that our real-time brain-computer cooperation
(implemented through our iterative optimisation policy) leads to a much
higher bit rate and higher performance compared to what onemight expect
from a simple, one-way communication BCI.

Fig. 2 | Imaging results from eight subjects, each targeting three imagined shapes.
Panels are grouped three at a time, one group for each subject, i.e. panels
a correspond to subject 1, b subject 2, c subject 3, d subject 4, e subject 5, f subject 6,
g subject 7,h subject 8. Green-coloured images represent the handwritten target after
image resizing, while magenta-coloured images indicate the reconstructed images
generated by our BCI system. We calculated the cosine similarity (COSS) between
each ground-truth and reconstructed image pair to quantify accuracy. The overall
average COSS across all subjects was 0.76 (±0.04), indicating a good level of
reconstruction fidelity.
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Fig. 3 | Distribution of image cosine similarity (COSS) values between target and
reconstructed image pairs. a Box plot of COSS values for each subject. bHistogram
of COSS values across all subjects.
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Data-driven mind drawing
To further accelerate and enhance reconstruction, we leveraged prior
datasets to informprobe selection, specifically by usingmachine-learning to
create ‘basis functions’ that are used in place of the Gaussian discs (used in
the Gabor policy case) to iteratively create the image. We therefore com-
promise image generalisation in favour of reconstruction speed as the use of
prior datasets (that determine the specific shapes of the ‘basis functions’)
unavoidably implies that the images that are drawn will need to resemble
images in thedataset. Specifically,we conducted the second experimentwith
the same procedures as in Experiment 1 but using the MNIST dataset of
handwritten digits with a data-driven policy function (see Methods). We
emphasize that using MNIST digits was not to propose a practical digit
classification system (simpler with direct selection or eye-tracking). Rather,
our objective was to demonstrate significantly higher brain-AI bit-rates
using a well-recognized dataset enabling direct comparison. Our iterative
approach showcases single-electrode EEG interfaced with AI, dynamically
exploring digit space through progressive refinement rather than requiring
all options pre-displayed.The systemsuccessfully reconstructed digits based
on SSVEP signals, demonstrating its ability to handle more complex visual
stimuli beyond simple geometric shapes although, of course, these stimuli
do need to bear resemblance to the images in the data training set. Recon-
struction accuracy varied among digits, with structurally simpler digits
generally yielding higher fidelity.

As shown in Fig. 1d, selected discs are shown with the corresponding
‘basis function’ in green in the background. Figure 5 presents representative
results for the digit “7” with increasing iterations from left to right. The top
row shows, for comparison, the ‘raw’ image that is obtained based onEq. (1)
and showing a Gaussian disc (similarly to what was done for the Gabor
policy approach) at the position of the disc from the SSVPE signal. The
bottom row presents the data-driven policy image results, derived from the
same process but now using the weighted ‘basis functions’ and near-
neighbour analysis. As can be seen from the last panels in each row (f) and
(l), respectively, the full data-driven pipeline provides images that are better
representations of the intended image.

As more ‘basis functions’ are accumulated into near-neighbour ana-
lysis, the reconstructed mental image becomes progressively more detailed
and structured.

The detail with which the image generation occurs is also interesting -
at the early stages, the reconstruction is ambiguous, sometimes resembling a
“0”. With additional iterations, the image gradually clarifies, oscillating
between “7” and “3,” and ultimately converging to a clear “7” with high
fidelity. Notably, in this experiment, the system requires only five iterations
to produce a rough outline of the target digit, and six iterations to achieve a
recognisable form. Each subsequent iteration further refines the recon-
struction, illustrating the system’s capacity for adaptive learning and pro-
gressive improvement based on accumulated SSVEP evidence. Additional
representative results are provided in the SM.

We estimated the MI between the target and reconstructed images, as
done in Experiment 1. As shown in Fig. 6, the MI values demonstrate the
progressive improvement of reconstruction quality across iterations,
reaching rates as high as 4.21 bits/s. This increase in information rate is
driven by the machine-learned data-driven policy, which is introducing
additional information at each iteration.However, we need to recall that this
increase of bit rate from 0.83 to 4.21 bit/s (an increase of more than a factor
5×) comes at the expense of generalisability.

Generative enhancement via stable diffusion
To evaluate whether the reconstructed images could be further refined into
realistic visual representations, we use the same approach as in Experiment
1, i.e., we adopt the Gabor-policy approach but then augment this with a
final step that applies StableDiffusionas a generative enhancementmodel. It
is important to note that this Stable Diffusion step is a conditioned post-
processing stage that introduces semantic priors unrelated to the EEG sig-
nals and should not be interpreted as improved neural decoding fidelity.
Stable Diffusion is a generative model capable of producing high-quality
images from text prompts and/or image inputs. The rationale for this was to
test whether conditioning the evolving mental image would allow Stable
Diffusion to complete and sharpen the reconstructions, driven by neural
signals. As shown in Fig. 7, 4 different classes of images are illustrated,
including a robot, a tree, a desk lamp, andanaircraft. For eachclass,we show
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Fig. 4 | Mutual information (with standard deviation across iterations and
subjects) increases with the number of iterations, although the rate of increase
slows down as more iterations are added. The final MI reaches 222 bits starting
from 91 bits (MI from an image with all black pixels), corresponding to an average
rate of 1.31 bit/s.

Fig. 5 | Reconstruction results for theMNIST digit
“7”. The first row (a–d) shows the step-by-step
reconstruction of the digit from SSVEP signals by
placing a Gaussian disc or ‘basis functions’ at the
location of each disc selected by the SSVEP signal.
The second row (g–j) presents the corresponding
images generated by the system at each step. For
simplicity, we only show the images every 2 iteration
steps. Panels (e, f) and (k, l) show the binarised
reconstructed and predicted images with the aligned
handwritten target in different colour channels:
green indicates the aligned handwritten target,
magenta represents the reconstructedmental image.
The COSS values for the binarised reconstructed
and predicted images are 0.75 and 0.78, respectively,
indicating a high degree of similarity to the
target image.
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two mind-drawing results under the same prompt (but different mind-
drawing sessions) to recreate a new detailed image from a mind-drawn
image. This approach bridges the gap between abstract neural reconstruc-
tions and photorealistic imagery, enabling applications such as creative co-
design, assistive communication, and personalised content generation.

Discussion
We propose a non-invasive neural decoding approach that enables mind-
drawing through an adaptive, iterative process that is based on a straight-
forward, single-channel EEG device.

The system’s performance across multiple subjects demonstrates its
robustness, with promising results in reconstructing simple visual forms.
Interestingly, we found that the mutual information of the mind-drawing
system is significantly larger than the maximum expected ITR. This is a
result of the iterative and policy-driven optimisation process of the com-
puter prompts, supporting the concept of true brain-machine cooperation.
Our data-driven method achieves 4.21 bit/s (1.6–5× improvement over
standard P300/SSVEP BCIs at 0.5–1.0 bit/s), whilst the Gabor-policy
method achieves 1.31 bit/s. The data-driven approach requires only 7
iterations (~1min) for recognizable digit reconstruction. The 4-second
stimulationwindow ensures sufficient SNR for stable single-channel SSVEP
detection. Future acceleration strategies include increasing displayed
probes, optimizing probe placement, and leveraging multi-channel EEG to
reduce windows to 2–3 s. Current speeds (~2min per drawing) are

acceptable for assistive communication, whilst predefined shape selection
completes within seconds.

We note that a similar approach could in principle also be imple-
mentedwith other technologies, specifically for examplewith an eye tracker.
However, the key point we wanted to make here is that it is possible to
achieve this with EEG or neural signals alone as this might be relevant for
future development towards more complex mind-driven systems. Our
approach also has several advantages. First, it is a very affordable system that
can be home-built for less than $100. Second, it can use SSVEP-based
attention as a graded output to weight patterns (the weighting is derived
directly from the intensity of the SSVEP signal), whereas an eye tracker
typically provides only a binary focus position. Finally, SSVEPs can be
modulated both by attention and by the focus point, while eye trackers rely
solely on eye movements.

Our primary ambition with this work was to investigate what can be
achieved in terms of brain-AI collaboration with the simplest possible EEG
setup. While this choice ultimately limits what can be achieved, it also
highlights what can still be achieved with minimal resources. The current
system is optimized for simple geometric shapes, letters, and digits, which
defines the scope of our contribution. Further investigation is required to
either adapt the current approach to new specific tasks or, alternatively, to
expand this approach into a general-purpose BCI.

The ability to infer non-verbal, open-ended spatial geometric content
in real-time could provide an opportunity for new applications in neu-
roscience, cognitive science, and assistive communication. By prioritising
subject experience, the systemallows for intuitive interactionandadaptation
to individual mental imagery patterns. We expect that with further devel-
opments, by focusing on overlapping regions between visual probes and
imagined objects such that the system effectively captures the subject’s
intent, will also enable a more natural and engaging BCI experience.

Future multi-channel EEG could provide: 2–4x SNR enhancement via
spatial filtering (reducing stimulus duration to 2–3 s), bit-rates of 6–8 bit/s
through parallel processing, and improved robustness via information
redundancy across recording sites.

Methods
Participants
Eight healthy subjects (6 males, 2 females; ages 25–35) participated in
Experiment 1, one in Experiment 2, and two in Experiment 3. All were BCI-
naïve except Subject 6. Participants completed 1–2practice sessions (~5min
each) before formal experiments. All provided informed consent (Uni-
versity of Glasgow Ethics Committee, no. 300230193).

EEG system and pattern stimulus
We used a three-electrode EEG device, with one active electrode placed at
the Oz position to capture the SSVEP signal from the primary visual cortex,
a reference electrode above the left ear (M1position), anda ground electrode
above the right ear (M2 position). Participants were seated ~50–70 cm from
the computer screen. The system used MATLAB for real-time data

Fig. 7 | Examples of mind drawing with the Gabor policy approach that is
enhanced with a final Stable Diffusion generative post-processing step. Panels
a–h show examples of Gabor policy drawings. Panels i–p show the corresponding

final images generated under the same SD text prompt via conditioned post-
processing (these are grouped into 4 pairs, i.e. (i–p) have the same SD text prompts).
Prompt and model details are provided in the SM.

Iterations
0 2 4 6 8

M
ut
ua
lI
nf
or
m
at
io
n
(b
its
)

150

200

250

300

Mutual Information with Std Dev

MI1
MI2

Fig. 6 |Mutual information during the reconstruction ofMNISTdigits, averaged
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acquisition and analysis, with visual stimuli presented using Psychtoolbox
(PTB). EEG signals were sampled at 1 kHz via a microphone-based ADC
sound card (Startech C-Media, 361 ICUSBAUDIO). The setup was
implemented on a Windows 10 desktop equipped with a 480Hz 26.5-inch
QHD (2560 × 1440) monitor (ROG Swift OLED PG27AQDP), working at
120Hz or 240Hz to ensure stable visual presentation. A square stimulus
area of 1440 × 1440 pixels was centred on the screen.

At the beginning of the experiment, each subject sketched a simple
imagined shape, such as a letter Y, on the canvas (details in SM) using a
mouse. This image served as the target for the subsequent mental imagery
task. After completion of the drawing and before the periodic flashing disc
stimulus, a static image containing 10 discs was displayed on the screen
shortly, and then starts flashing. The number of discs on the screen is
determined by two factors: (1) the size of each disc (a 3 degree visual angle
provides a robust SSVEP response) and their spacing (the centre-to-centre
spacing is kept 2× the stimulus size i.e. the centre-to-centre spacing is 300
pixels). (2) the flicker frequency of each disc is chosen within the 10–19Hz
range and with a separation of 1Hz.

After sketching the imageusing adrawingboardwith amouse, subjects
were informed touseminddrawing todraw theoutlinefirst and thengo into
detail, following the following strategy to enhance reconstruction accuracy
and speed:
1. Focus on overlapping areas: Select the disc with the largest intersection

or overlap with the imagined object. Concentrate on the overlapping
region of the disc rather than its centre.

2. Prioritise outline information: Begin by marking points with larger
spacing i.e. attempt tofirst reconstruct the large-scale features andbasic
structure of the object. For instance, place points on the key strokes of
the object (e.g., for the letter “Z,” mark points on the horizontal,
diagonal, and vertical strokes).

3. Refine details: Gradually select points with smaller spacing to add finer
details and progressively refine the shape of the object.

In the Gabor policy function mode, as shown in Fig. 1c, the stimulus
consists of 10 discs, each flickering at a distinct frequency. These discs are
placed at random locations on the screen, with each disc serving as a
potential probe location for the subject’s imagined image.

In the Data-driven policy function mode, as shown in Fig. 1d, the
stimulus also comprises 10 discs, with some representing green features
(‘basis function’patterns from theMNISTdataset; details in SM) and others
serving as standalone elements. The subject is instructed to select the disc
whose presented pattern overlaps most closely with their imagined image.
Additionally, a reconstructed image is displayed in the background
throughout the experiment. Initially, this background corresponds to the
dataset’s average image, but it is iteratively updated based on the subject’s
selections and the system’s ongoing reconstruction. This background serves
as visual feedback and context, allowing the subject to monitor the pro-
gression of mental image reconstruction.

The CCA algorithm was applied to determine which probe the
participant was focusing on. The participants focused on the disc that
overlapped the most with their imagined image, eliciting an SSVEP
response in the EEG signal. In the next iteration, the selected disc was
weighted with its corresponding CCA value and displayed as part of the
red background in the static image at the beginning of the subsequent
iteration.

Gabor-inspired policy function
Gabor filters are specialised bandpass filters sensitive to textures and
edges in specific directions and frequencies. A set of Gabor filters with
varying orientations and scales acts as a detector array for “texture and
structure.” This is particularly relevant because studies have shown
that the receptive fields in the primary visual cortex (V1) closely
resemble Gabor functions. Thus, employing Gabor analysis to process
subject-drawn images is chosen so as to emulate the early stages of
human visual processing43.

We apply a 2-step Gabor analysis (including feature kernel and
probability kernel, detailed in SM) to the current estimated image, Ipt, which
is composed of a sparse set of discrete CCA-weighted pixel points (centre of
the disc), as shown in Eq. (2).

1. Extraction of Gabor features: Gaussian smoothing, σ = 50 pixels, is
applied to Ipt, producing a blurred image Igs highlighting low-frequency
structure. Here, Igs is equal to In in Eq. (1). TheGabor feature kernel,Gfeat, is
convolved with Igs to extract initial structural features, Igg, such as edges and
stripes.We then subtract themeanof eachfilter channel,�Igg , and the result is
passed through a ReLU function (to retain only the positive components)
followed by weighting of the original point-based estimate Ipt, yielding a
weighted feature map Ifeat.

2. Sampling weights: This feature map, Ifeat, is subsequently convolved
with the Gabor probability kernel, Gprob, producing the final probability
map Iprob (also referred to as a sampling weight), which guides the spatial
placement of probe disks in the next iteration.Gfeat,Gprob, and one example
of this 2-step flow is detailed in SM. Summarising the steps above in for-
mulas, we have:

Igs ¼ Ipt � Gaussian;
Igg ¼ Igs � Gfeat;

Ifeat ¼ Ipt � ReLU Igg � �Igg
� �

;

Iprob ¼ Ifeat � Gprob:

ð2Þ

If the class of images is limited to a specific set, then as shown in the next
section, a Data-driven Policy Function can be used to enhance the
reconstruction process further. In this case, the Gabor feature analysis is
replaced by a data-driven approach that leverages prior knowledge from a
dataset, such as MNIST for handwritten digits. This allows the system to
adaptively select probes based on the current estimate of the mental image.

Data-driven policy function
The data-driven policy function is designed to accelerate the reconstruction
process by leveraging prior knowledge from a dataset, such as MNIST for
handwritten digits.

In our experiments, we use theMNIST dataset, which contains 60,000
training and 10,000 test images of handwritten digits (each 28 × 28 pixels).
Non-negativeMatrix Factorisation (NNMF) decomposes these images into
a set of basis patterns (atoms) and their corresponding weights. This allows
images to be represented in a lower-dimensional, more efficient feature
space for reconstruction. Here, we select 25 atoms from the NNMF
decomposition to serve as the feature space for image representation and
reconstruction, as detailed in the SM.

In our framework, atom/basis patterns are presented as probe options,
similar to the previous approach of displaying 10 disc probes. As shown in
Fig. 1d, some probes correspond to basis patterns (highlighted with a green
feature background), while others correspond to discs themselves. The
participant is asked to prioritize selection of an atom pattern. If no atom
pattern overlaps with the subject’s imagined image, the subject is instructed
to select a normal probe (without green feature background). If there is still
no overlap for any of the discs, the subject focuses on a neutral area.

The ‘seed image’ at the beginning of the experiment is taken simply as
the average image of thewhole dataset and is projected into the atom feature
latent space as a vector, guiding the selection of the feature patterns.

To guide the selection of the next atompattern, we first identify the 100
nearestMNIST images to current reconstructed image In in the latent space.
The average of their latent vectors yields a (1 × 25) vectorWn, which is then
usedas the samplingweight for thenext atomprobe selection.Moreover, the
prediction of the subject’smental image, obtained fromWn is displayed as a
red background on the screen, visible to the subject.
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Information rate calculation
For a single pixel, the mutual information can be expressed as

IðX;YÞ ¼ plog2ð2pÞ þ ð1� pÞlog2 2ð1� pÞ� �
; ð3Þ

where p denotes the probability of a correctmatch rate between two images.
Ifn is the number of image pixels, then themutual information for the entire
image can be estimated asMI = n I(X; Y). In our experiment, p is estimated
by comparing the whole image with the ground truth and calculating the
correct rate for pixels.

We can also estimate the maximum theoretical information transfer
rate for a BCI using the standard equation (the Wolpaw formula)41,

ITR ¼ 1
T

log2N þ Plog2P þ ð1� PÞlog2
1� P
N � 1

� �
ð4Þ

where N is the number of targets, P is the probability of correct target
identification (i.e. accuracy) and T is the average time required for a single
selection. In our experiments,N = 10, T = 4 s (the time for a single iteration
during which a single target is identified with probability P = 1), and the
maximum theoretical ITR is:

ITRmax ¼
1
T
log2N � 0:83 bit=s ð5Þ

Data availability
Data relevant to this work is deposited at https://doi.org/10.5525/gla.
researchdata.2167.
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