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Abstract: Vision plays a peculiar role in intelligence. Visual information, forming a large part of the sensory information, is fed into
the human brain to formulate various types of cognition and behaviours that make humans become intelligent agents. Recent advances
have led to the development of brain-inspired algorithms and models for machine vision. One of the key components of these methods is
the utilization of the computational principles underlying biological neurons. Additionally, advanced experimental neuroscience tech-
niques have generated different types of neural signals that carry essential visual information. Thus, there is a high demand for mapping
out functional models for reading out visual information from neural signals. Here, we briefly review recent progress on this issue with a
focus on how machine learning techniques can help in the development of models for contending various types of neural signals, from
fine-scale neural spikes and single-cell calcium imaging to coarse-scale electroencephalography (EEG) and functional magnetic reson-
ance imaging recordings of brain signals.
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1 Introduction

Every day, various types of sensory information from
the external environment are transferred to the brain
through different modalities and then processed to gener-
ate a series of coping behaviours. Among these perceptu-
al modalities, vision is arguably the dominant contribut-
or to the interactions between the external environment
and the brain. Approximately 70 percent of human per-
ception information is derived from visionlt, far more
than the auditory system, tactile system, and other sens-
ory systems combined. The visual system is the part of
the central nervous system that is required for visual per-
ception, processing, and interpreting visual information to
build a representation of the visual environment. It con-
sists of the eye, retina, fibers that conduct visual informa-
tion to the thalamus, the superior colliculus, and parts of
the cerebral cortex. Today, researchers can collect neural
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signals using different recording modalities, e.g., spikes,
electroencephalography (EEG), and functional magnetic
resonance imaging (fMRI), from brain activity in differ-
ent parts of the visual system, such as the retina, lateral
geniculate nucleus (LGN), and primary visual cortex (V1)
cortex, etc. Depending on the corresponding collecting
devices, different recording modalities differ in their in-
vasiveness, scale, and precision.

Neural coding is an important topic for understand-
ing how the brain processes stimuli from the environ-
ment? 3. The aim of neural decoding is to read out in-
formation embedded in various types of neural signalsl.
As for vision, understanding how neurons perceive and re-
spond to rich natural visual information is a major topic
of neural encodingl® 6, whereas, the goal of neural decod-
ing of visual information is to restore the original stimu-
lus from neural responses as much as possiblel’, as shown
in Fig. 1. It is also critical to the development of artificial
vision used by brain-computer interfaces and virtual real-
ity devices.

Much effort has been made to study the various mech-
anisms underlying neural decoding in the visual pathway
in recent decadesl®!2l. These mechanisms can be roughly
divided into three categories depending on the decoding
type: 1) Visual stimulus classification, in which a specific
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stimulus is classified into the best-matched image set;
2) Visual stimulus identification, in which the stimulus is
identified with a specific visual object; 3) Visual stimuli
reconstruction, in which the corresponding visual stimu-
lus is reconstructed in accordance with the resulting neur-
al responses. Most decoding approaches have depended on
linear methods due to their interpretability and computa-
tional efficiencyl® 13 14. Although linear decoding meth-
ods are capable of decoding spatially uniform white noise
stimuli and the coarse structure of natural scene stimuli
from neural responses[!3: 14, the recovery of the fine visu-
al details of naturalistic images is difficult for these types
of methods. The most recent decoders utilized nonlinear
methods for the fine decoding of complex visual stimuli.
For instance, optimal Bayesian decoding was leveraged
for white noise stimuli, but achieved limited generalizabil-
ity to a large neural populationl!. For natural scene im-
age structures, key prior information was used to per-
form computationally

expensive approximations to

Bayesian inferencel!6: 17. Some researchers have com-
bined linear and nonlinear approaches to generate coarse
reconstructions of natural stimuli through calcium ima-
ging datall0; 1820l Additionally, many researchers have
begun to successfully use deep learning techniques for
visual neural decoding, leading to the great achievement
in artificial vision[l1; 2124,

Visual neural decoding is a significant issue that can
help advance engineering applications such as brain—ma-
chine interfaces and a more holistic understanding of the
brain in neuroscience. Considering the rapid develop-
ments of related techniques in visual neural decoding,
there is a strong demand for a comprehensive and up-to-
date review in this field. In this review, we sorted out the
research evolution in visual neural decoding. Various
neural recording modalities are introduced in this review,
especially for the emerging calcium imaging data. We
summarized the advantages and disadvantages of differ-
ent neural decoding methods. In addition, open resources,
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Illustration of two types of visual neural decoding

including public neural data and software toolkits, are
also provided for the convenience of neural decoding re-
search. Finally, we conclude with our perspective on the
open challenges and future directions for the outlook in
this study. We aim to provide a review of neural decod-
ing in visual systems that could serve as an inspiration to
both neuroscience and multidisciplinary researchers look-
ing to understand the state-of-the-art and current prob-
lems in neural decoding, especially regarding the develop-
ment of artificial intelligence and brain-like vision sys-
tems.

2 Task evolution in visual neural deco-
ding

Visual neural decoding has been a core topic in com-
putational neuroscience in recent decades. To date, the
history of visual neural decoding has involved several
stages from the perspective of decoding tasks. Advance-
ments in recording devices of different modalities and in-
creasing efforts in decoding research have allowed more
challenging tasks that have been accomplished with re-
searchers’ endeavors. Visual neural decoding methods can
be coarsely divided into three categories: image classifica-
tion, image identification, and image reconstruction. In
image classification, the stimulus that evoked the neural
response recording is classified into a specific stimulus set
comprised of similar stimuli. For example, Kamitani and
Tongl?’l successfully predicted which of the eight stimu-
lus orientations the subject was seeing from individual
fMRI signals recording trials. Yargholi and Hossein-
Zadeh?6] used an augmented naive Bayesian classifier to
decode the fMRI signals generated in response to hand-
written digits into correct classes. In image identification,
one stimulus is identified as the specific image (usually
the most similar image) according to the corresponding
response; this category is seen as more challenging than
classification. Kay et al.27l proposed receptive-field mod-
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els for different voxels that allowed the identification of
the specific image the subject was seeing from a large set
of completely novel natural images. Horikawa and Kamit-
aninl?8] identified the object seen in the most similar cat-
egory according to a feature vector predicted by meas-
ured fMRI activity. Image reconstruction typically in-
volves methods that perform pixel-level reconstructions of
stimuli from the recorded responses, which is evidently
more difficult than the above two decoding tasks and also
the recent focus of neuroscience researchers. The deep
learning neural network (DNN) for visual decoding is the
most frequently proposed approach to solve the recon-
struction problem in recent years(1?].

Image classification and identification have been forms
of decoding tasks in the early stages of development in
the field of neural decoding. In recent years, researchers
in the field of neural decoding have mainly regarded
reconstruction as the task goal of neural decoding (see
Section 4). In order to reflect the latest developments in
the field of neural decoding, in this review, we mainly fo-
cus on the reconstruction task in neural decoding. Ex-
cept for special emphasis, the literature and methods
mentioned in this paper are generally oriented toward re-
construction tasks of neural decoding. Those emerging de-
coding tasks beyond reconstruction will be discussed in
future directions in Section 6.

3 Neural recording modalities

As the input to various types of neural decoders, it is
important to understand the characteristics of the sig-
nals obtained with neural recording modalities, as shown
in Fig2. The differences in signal types, data structures,
and spatial and temporal resolutions, which are summar-
ized in Fig. 3, have a great influence on the design of visu-
al neural decoders.

3.1 Spikes

Action potentials are fast electrical changes that are
triggered when the membrane potential of individual
neurons depolarizes their thresholds that can be meas-
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ured as consistent waveforms (called “spikes”)2. Spike
events are usually detectable with microelectrodes or mi-
croelectrode arrays, with a high temporal resolution de-
coding on a millisecond timescale. Spikes are the most
common invasive recording methods, in which electrodes
are inserted into or adjacent to neurons to record voltage
events30-32, Because a large number of electrodes need to
be implanted in parallel into a single probe in order to re-
cord a large number of neurons simultaneously, the neur-
al information collected from subjects depends on the
sophistication of the underlying electrophysiology techno-
logy!33. 341,

In certain neural decoding systems based on spike sig-
nals, spike events are usually converted to firing rates (in
a fixed time bin), as shown in Fig.3, which are then fed
into neural decoders(?3l. The temporal coding of spike
events is rarely seen in neural decoding models based on
spike signals. Some dimensionality reduction methods are
used prior to decoding when a large number of neurons
are recorded prior to decodingl®37l. Such dimensionality
reduction methods range from the classical machine
learning methods, e.g., principal component analysis, to
deep learning algorithms.

Recent advances in neural decoding with spike signals
collected from visual systems have benefitted from relev-
ant recording technology, such as Neuropixels probes and
the increased availability of public datasetsll: 3841, Zhang
et al.23] used spike signals collected from salamander ret-
inas to recover the dynamic movie stimuli. Igbal et al.[*?]
used a deep neural network to decode natural stimuli
from spike responses collected in the mouse cortex. Lever-
aging the development of large-scale multielectrode re-
cording systems, Kim et al.[43] applied the spike signals of
2 000 retinal ganglion cells to develop a multistage decod-
ing approach that exhibited improved accuracy over lin-
ear methods. Xu et al.l*4 proposed a deep spike pattern
decoder, which was not only capable of perceiving inputs
from noisy environments, but also had a good reconstruc-
tion ability of generalizability to images, fMRI brain
activities, and sound signals.

Spike signals are still the most widely used neural
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Fig.2 Key methods in the history of visual neural decoding. On the left, different colored circles represent different neural recording
modalities. The decoding methods are indicated with different colored text.
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data in visual neural decoding, and consequently, studies
on visual neural decoding based on spike signals are pre-
dominant in this field. Signals from other recording mod-
alities can be transferred to spike signals first and then
decoded with appropriate neural decoders designed for
spikes. For example, in some visual decoding studies, cal-
cium imaging traces are converted to spike events with
transcoding algorithms, which are then decoded to ex-
tract stimulus information (see Section 3.4).

3.2 EEG

EEG is a low-cost, non-invasive neuroimaging techni-
que that provides high temporal resolution recordings of
brain activity, and consequently, has been widely applied
in various fields, e.g., brain-computer interface systems
and brain activity monitoring. However, EEG has limita-
tions resulting from the recording technique. As illus-
trated in Fig. 3, the complex, high-dimensional EEG sig-
nals usually have a low signal-to-noise ratio and nonlin-
earity and nonstationary properties, resulting in signals
that require artificial removall45-48],

Due to the complexity and information redundancy of
EEG, one critical component of EEG neural decoding is
the extraction of features from the original EEG signals.
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Researchers have proposed a series of feature extraction
methods that operate from different aspects of the signal.
For example, methods focusing on the time-domain as-
pects of the signal include independent component ana-
lysis and autoregressive models; those investigating fre-
quency-domain information from EEG signals include fast
Fourier transform and Welch’s method; and wavelet
transform and short-time Fourier transform can be used
to conduct time-frequency domain analyses. Recent stud-
ies have analyzed the advantages and shortcomings of
each feature extraction method, noting that the appropri-
ate feature extraction method must be chosen according
to the specific type of task[49-53,

One general decoding goal of EEG acquisition is clas-
sification. The EEG classification process pipeline in-
volves data preprocessing and splitting the dataset into a
training set for training the classifiers and a test set for
predicting the new data classes. In addition to conven-
tion algorithms, e.g., support vector machine and linear
discriminant analysis, various machine learning and deep
learning algorithms have been used for EEG classifica-
tion tasks, e.g., motor imagery processing, motion recog-
nition and attention disorder classification450. Beyond
these fields, various computational neural decoding mod-
els have been proposed(57-60. Garofalo et al.l5l found that
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the event-related potential signals of prediction errors are
modulated by the likelihood of occurrence based on the
predicted response-outcome model.

In addition to the classification decoding tasks, EEGs
have been proposed for use with inverted encoding mod-
els which attempt to reconstruct the contents of memory
or attentional focus of EEG brain activity/62-66],

3.3 fMRI

fMRI is the most frequently used non-invasive record-
ing modality, in human decoding experiments. As shown
in the fMRI recording of Fig.3, blood oxygenation is
measured by fMRI and utilized as a proxy of neural
activity. Moreover, fMRI allows the simultaneous record-
ing of whole-brain blood oxygenation-level dependent
activity, providing the largest scale coverage among all
recording approaches as well as insight into brain func-
tion study. fMRI represents the recorded signals in differ-
ent “voxels” (locations) of the brain during the experi-
ment|67, 68].

Univariate methods were typically used for fMRI
brain activity pattern analysis in the early stage, employ-
ing a general linear model that was used to estimate each
voxel in the brain separately in most univariate
methods[%. However, Univariate methods depend on a
uniform relation between neural activity and the investig-
ated function, in both individual voxels and across parti-
cipants, which makes it difficult to detect spatial pat-
ternsl™. To overcome this limitation, multivariate pat-
tern analysis was proposed, capable of detecting the ac-
tivation distribution of the brain and accurately decod-
ing the cognitive state of the patient("!]. Thus, multivari-
ate methods are widely used to train classifiers on un-
smoothed, voxelwise, patterns of brain activity in differ-
ent conditions.

In addition, some researchers used their own handcraf-
ted methods to process fMRI data in visual decoding. For
example, Zhang et al.2?l unravelled the voxel data as a
one-dimensional vector to input them into a deep neural
network decoder. Du et al.[™2l assumed that the correla-
tions among fMRI voxels could naturally reflect the char-
acteristics of the corresponding visual stimuli and used a
full-covariance matrix to capture these correlations in
their decoding experiments.

3.4 Calcium imaging signal

Calcium imaging is another invasive technique for re-
cording the activity of activated neurons™. In calcium
imaging data, neuronal activity is measured by the fluor-
escence intensity of calcium indicators, which is captured
by an electron microscope; these calcium indicators are
usually chosen according to the type of neuron. As the
traces are shown in Fig.3 calcium signals part, the raw
outputs of two-photon electron microscopes in the calci-
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um imaging experiment are videos, which record the loca-
tions and fluorescence changes of activated neurons dur-
ing the measuring progress™l. Usually, traces of fluores-
cence changes in calcium indicators are extracted from
the recording video for further analysis[™].

Visual decoding from calcium imaging data is a relat-
ively recent and understudied field in visual information
processing. Nevertheless, several methods have been pro-
posed by calcium imaging researchers. Previous work has
focused on classification algorithms. For example, Grewe
et al.l"8l attempted to use four machine learning struc-
tures to classify the V1 responses of natural stimuli ac-
cording to the calcium traces acquired during the selec-
ted frames. A series of studies converted calcium imaging
traces to spike events[™8l and their findings have been
leveraged to conduct several neural decoding studies
based on calcium imaging datall% 20l For example,
Garasto et al.l'9l conducted a pixel-by-pixel reconstruc-
tion of a complex natural stimulus from the spike count
estimated from the calcium imaging response of the
mouse primary visual cosrtex (V1). In some recent work,
the standard ratio of fluorescence change (usually depic-
ted as dF/Fy form) of each of the regions of interest
(ROIs) during a blank screen prior (Fy) to stimulus
presentation (F) was calculated as the neuron’s calcium
imaging response. Tang et al.f? evaluated how well the
sparse calcium imaging response allowed a decoder to dis-
criminate 2 250 natural stimuli. Yoshida and Ohkill% be-
lieved that natural images could be reliably reconstruc-
ted by sparse calcium imaging population responses in
the mouse visual cortex.

4 Decoding approaches

As illustrated in Fig.1, the visual neural decoding
problem can be formulated as the identification of stimu-
lus z = (z1,--- ,:rN)T that produces the observed brain
activity y = (y1,--- ,ya)T best. The stimulus in visual
neural decoding tasks is usually presented as an image,
one movie frame, etc. Neural decoding specifically refers
to predicting = from y, in which the representation of the
external environment in neural recordings is prospect-
ively revealed.

4.1 Linear decoding methods

In recent decades, various methods have been de-
veloped. Fig. 2 illustrates a timeline of some key studies in
the history of visual neural decoding. Traditionally, a
neural decoder can be optimized with linear and nonlin-
ear statistical methods/® 11, In linear decoding methods,
the relationship between stimulus set X and neural re-
sponse set Y can be formulated as follows:

X =YW. (1)
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The optimal weight matrix for the linear decoding
model W is calculated using least squares regression:

Wop = (YTY)_1 vTX. (2)

And the weights W, are then used to reconstruct the
stimulus in a held-out set of brain activity datasets.

For instance, Schoenmakers et al.[’3 reconstructed
BRAINS characters from measurements of human brain
activity using the linear reconstruction approach. Linear
decoding methods are derived from the reverse of early-
stage linear encoding models in neuroscience. Due to the
limited representation power of these structures, the de-
coding tasks were usually simple and the performance in
natural image reconstructions was not satisfactory. To
overcome this limitation, Brackbill et al.['4) combined
nonlinear and linear reconstructions to develop a cascade
decoding model for retinal ganglion cell (RGC) natural
stimulus-response signals.

Most early approaches to visual neural decoding have
depended on linear methods due to their interpretability
and computational efficiency. Nevertheless, the limited
representation power of linear methods makes it difficult
to reconstruct the fine visual details of natural images.

4.2 Bayesian-based decoding methods

More recent visual decoding studies have incorpor-
ated nonlinear methods for better reconstruction perform-
ance with complex natural stimuli, as illustrated in Fig. 2.
Among these studies, a series of Bayesian methods have
been proposed to explore the correlations between neural
recording signals and visual stimuli.

In a typical Bayesian-based method, the visual neural
decoding problem can be formulated as the following
maximum a posteriori probability (MAP) estimation
problem:

& = argmax p(x | y). (3)

Here, @ is the best matching stimulus among all . y
represents the recorded brain activity signals. Specifically,
the stimuli & can be then presented as images or movie
frames, for example. The interpretation of modality y de-
pends on the specific neural recording technique used in
the physiological experiment. Typically, for the sake of
simplification, both the stimulus and the response are as-
sumed to be zero mean, standard Gaussian distributions.

T
In practice, let the acquired dataset D = { (m(t), y(t)) }
t=1

consists of T' stimulus-response pairs. Then, by plugging
in the predictive density, the MAP solution can be for-
mulated as

p(@ |y, D) = / p(z | y,0)p(6 | D) (4)

and further simplified to p(z | y,D) = p(x | v, é), where
0= arg maxg p(0 | D). Notably, in practice, many unique
stimuli in D are used to sample the stimulus space
accurately, and the average value of responses to the
same stimulus is used as one of the ¥ values to weaken
the influence of noise.

Naselaris et al.[l6] presented a Bayesian framework for
accurate reconstructions of the spatial structure of natur-
al images. However, in their framework, a reconstruction
was defined as the image with the highest posterior prob-
ability that was thought to evoke the corresponding brain
activities. Nishimoto et al.ll7l constructed a Bayesian de-
coder with a sampled natural movie prior to reconstruct-
ing a movie stimulus from fMRI signals. In their frame-
work, a motion-energy encoding model was presented to
match the slow fMRI responses to dynamic stimuli.

Gallant first used a Bayesian reconstruction model to
decode fMRI data from early visual areas, and the result-
ing reconstruction is a predefined natural image, selected
according to its posterior probabilityl!6: 7. 84, Fujiwara et
al.B4 proposed a Bayesian canonical correlation analysis
in which image bases were automatically learned, and an
invertible mapping was obtained between brain activity
and image bases. Recently, Du et al.[’2l leveraged the lat-
ent variables inferred by Bayesian reconstruction to cap-
ture the correlations among the voxel activities of fMRI
signals; this resulted in an increased reconstruction accur-
acy.

As mentioned above, Bayesian decoding models usu-
ally outperformed simple linear decoding models in visu-
al neural decoding tasks. However, there are also some
constraints for Bayesian decoding methods. The Bayesian
decoding methods usually have to resort to the specific
prior information encoded by a specifically designed mod-
el. The determination of parameters in the overall decod-
ing process needs to be elaborated. Furthermore, the
mapping between the visual stimuli and the correspond-
ing brain activity determined by Bayesian methods does
not typically describe the relationship between these two
cross-modal data. Consequently, fine natural image de-
tails are difficult to be reconstructed with this type of
method.

4.3 Deep neural network methods

As illustrated in Fig. 2, deep learning techniques, espe-
cially deep neural networks, have been implemented in
the neural decoding field in recent years. Some studies
have revealed that the essential DNN mechanism corres-
ponds to the human visual cortex28 8587, Some designs
of essential blocks in deep learning have been inspired by
developments in neuroscience. For example, the concept
of simple and complex cells in the V1 primate cortex has
inspired computation model development from a micro
perspectivelss: 89 e.g.. the popular convolutional neural
network (CNN) submodule in deep learning. DNN mod-
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els usually comprise simple modules, e.g., simple artificial
neurons running matrix multiplication and nonlinearity
computations, and complex layered modules, e.g., convo-
lutional neural network CNNs, recurrent neural networks
(RNN5) [90-95],

CNN is the most popular module in various deep
learning neural network structures. The core idea of the
CNN was derived from the visual cortex of cats by Hu-
bel and Wiesell%6l. Specifically, CNN uses convolutional
layers with convolutional kernels (analogous to receptive
fields in neuroscience) of different sizes to extract visual
features from the input image layer by layer[9l 92, 95, 97],
Simplistically, the 2-dimensional image convolution oper-
ation can be written as follows:

k

filter 2d = "> "g(i,j) @ X(k—i,k—j)  (5)

i=0 j=0

where X is the input image matrix to be convolved with
the kernel h. The indices 7 and j depend on the image
size, and k depends on the kernel size. Usually, 3-
dimensional convolution is conducted in a CNN, with an
additional dimension called channel, i.e., 2D convolu-
tional operations with different kernels. Other layers also
contribute to the benefits of CNNs in the computer vision
field, such as pooling layers that reduce the size of
features fed to the next layer for computational efficiency,
dropout layers that ameliorate overfitting by randomly
closing neurons during training, and softmax layers that
help score the classification problem. Recent advances in
CNN algorithms have led to outstanding performance in
various tasks, such as image processing and natural
language processing(®10l, Even so, the performance of
the CNN is highly dependent on hyperparameter tuning,
such as the number of layers and the kernel sizes in the
convolutional layers.

The RNN is a time series-based deep learning al-
gorithm that utilizes sequential data with temporal in-
formation from network inputs, in contrast to traditional
deep neural networks, which regard the input and output
as independents]. The output of the RNN depends on
the prior outputs and the current inputs. Generally, the
general formulation of RNN can be formulated as follows:

nety = Uxy + Wi
si—1 = f (neti—1) (6)

where x; is the input at time ¢ and s;—; is the output of
the RNN at time ¢t — 1, U and W are their corresponding
weights. f(*) is a nonlinear operation. Many variants of
the RNN have been proposed for specific tasks, e.g.,
classic long short-term memory (LSTM)I]  gated
recurrent unitsl!02, and multiplicative LSTMI[3, RNN
architectures have been applied in many fields due to
their effective time-series data analysis characteristics,
such as speech recognition[l%4, natural language proces-
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singll9], and signal identification(196]. Given the essential
temporal characteristics of neural recording data, there
are exciting prospects for applying RNNs in visual neural
coding. Even for the retina, it was shown that the role of
recurrence is important for encoding of dynamics
videos!107],

Generative adversarial networks (GANs) are another
popular approach used for visual neural decoding. Good-
fellow et al.2l first proposed the core mechanism of the
GAN from game theory, i.e., the generator network at-
tempts to generate data that can fool the discriminator
network, while the discriminator network attempts to dis-
tinguish the generated (forged) data from real datallo8,
which can be briefly formulated as follows:

minmax V (D, G) = Eymp,...(2)[l0g D(z)]+
E.p.(»)log(1 = D(G(2))]  (7)

where D and G are the discriminator and generator,
respectively, ~ pgata is the distribution of the real data,
p- is the distribution of noise, and F is the expectation.
Here, the generative model captures the distribution of
the real data and is trained to maximize the probability
that the discriminator will make a mistake. The generator
is trained while the discriminator is idle to obtain its
predictions when attempting to fool the discriminator.
Such steps are repeated as both the discriminator and
generator improve in their respective tasks. Various types
of GANs have been proposed: Conditional GAN
(CGAN)[1%8]| deep convolutional GAN (DCGAN)[I09]
Laplacian pyramid GAN (LAPGAN)!0 and superreso-
lution GAN (SRGAN)[1],

Transfer learning is an emerging technique in ma-
chine learningl!'? 113] in which a machine exploits the
knowledge gained from a previous task to improve the
generalizability of another[}!4 15: ysually, the scale of
data in the original training task is larger than that in
the new problem. In this case, the advantages of transfer
learning are obvious, i.e., it reduces training time, results
in better neural network performance (in most cases), and
does not need much data. The neural coding issue is quite
appropriate for transfer-learning applications, given the
scarcity of neural recording data. Indeed, a recent study
shows that a pre-trained DNN decoder can be used for
real-time video decoding via spikes[!6l. The use of trans-
fer learning techniques in visual neural decoding is dis-
cussed in Section 6.

Although conventional visual neural decoding meth-
ods, involving the application of linear decoding and
simple nonlinear decoding approaches, have made
achievements in the visual neural decoding of white noise
and simple artificial pattern stimuli, these methods have
encountered a bottleneck in regard to natural scene stim-
ulus decoding. Meanwhile, the great representation power
of deep learning techniques has attracted more and more
researchers to apply them in various research fields, in-
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cluding neuroscience.

In the last several years, DNN-based neural decoding
methods have been proposed to address this task. For ex-
ample, Parthasarathy et al.[22l first linearly reconstructed
an image from simulated RGC spike signals and then en-
hanced it through a deep neural network. The reconstruc-
tion performance with their decoding framework outper-
formed that of linear decoding methods. To overcome the
limitations of Parthasarathy’s methods, Zhang et al.[23]
proposed an end-to-end decoding framework and recon-
structed dynamic movie stimuli from salamander RGC
signals. Shen et al.l''7l designed an end-to-end direct re-
construction model in which fMRI brain signals are de-
coded to natural stimuli. Furthermore, Shen et al.[l!8] ex-
plored the generalizability of their decoding model from
natural stimuli to artificial images.

Apart from the supervised learning DNN methods (in
which the ground truths for the reconstruction targets are
provided) above, as illustrated in Fig.2, recent studies
have also focused on the application of deep generative
techniques in visual neural decoding, for example, the
variational autoencoder (VAE). Advancing beyond pair-
wise matching (stimulus-response) for a given real
physiological dataset, the VAE uses an encoder to de-
scribe the probability distribution of the latent state
space. New stimuli that do not exist in real physiological
datasets can be created by sampling from the latent state
space, resembling the regular patterns of real stimuli. Han
et al.ll!9 reconstructed the video inputs of the fMRI
activity by converting the latent variables to the video
frames through the VAE’s decoder. Du et al. proposed a
neural decoding model based on the VAE to learn the
disentangled image representations. Furthermore, Du et
al.[’2l first introduced the Bayesian deep learning to a
neural decoding study and combined it with a multiview
deep generative model called DGMM.

Due to the great success of GANs in synthesizing
high-fidelity images, some researchers have leveraged
GAN-based approaches to generate visual stimuli. St-
Yves and Naselaris['?0 trained their CGANs with recon-
structed images conditioned on given fMRI signals. Ger-
ven et al.ll?2ll trained a DCGAN separately on image
datasets to learn the latent state space and then used it
to generate handwritten characters and natural grayscale
images from fMRI signals. Some GAN-based methods
have been proposed for human face image decoding. For
example, Gerven et al.['22] first inverted the linear trans-
formation from latent features to neural responses with
MAP estimation. Then, adversarial training was used to
perform a nonlinear transformation from perceived stim-
uli to latent features. VanRullen and Reddyl!23] trained a
VAE using a GAN over a large celebrity face dataset and
obtained the corresponding latent space. When linear-
transformed fMRI signals are input to the VAE, both ro-
bust pairwise decoding and accurate gender classification
can be achieved. Compared with linear reconstruction

methods, nonlinear methods, especially DNN-based meth-
ods, can greatly improve the accuracy of natural image
reconstruction, especially for visual details. Although the
performances of current DNN-based decoding methods
depend greatly on the scale of neural data, deep learning
techniques are still one of the most promising methods for
the development of visual neural decoding.

5 Open resources

The open-source nature of datasets with high-quality
neuronal physiological responses is essential for neuros-
cience research. These open-source data objectively con-
nect different research works through sharing data and
play an important role in forming benchmarks in the field
of neural decoding. Here, we summarize three large-scale
open neural databases widely used worldwide, as well as
some neural analysis software toolboxes.

OpenNEURO['24] is an open-science neuroinformatics
database that is freely available online. All researchers
can browse and explore the public datasets, which have
been shared by a wide range of global contributors. In ad-
dition, the OpenNEURO collaboration is committed to
obtaining more public datasets compatible with brain
imaging data structure (BIDS), a standardized format of
neural imaging data. OpenNEURO is run by a research
group led by Russell Poldrack and originated from the
OpenfMRI project!!2 in 2013. Today, the OpenNEURO
database comprises MRI (17 940 participants, 509 public
datasets), positron emission tomography (PET) (9 parti-
cipants, 7 public datasets), magnetoencephalography
(MEG) (365 participants, 21 public datasets), EEG (2 454
participants, 68 public datasets), and intracranial electro-
encephalography (iIEEG) (202 participants, 12 public
datasets).

The Allen Brain Map is a large, open science plat-
form established by the Allen Institute for Brain Science,
whose goal is to accelerate neuroscience research with the
release of large-scale, publicly available atlases of the
brainl38l. The Allen Institute publicly shares all the data,
products, and findings from their research work. The
main projects in the Allen Brain Map consist of the fol-
lowing databases. The Allen Brain Atlases capture pat-
terns of gene expression across the brain in various spe-
cies. The Allen Cell Types database contains the differ-
ent types of neurons and other brain cells in human and
mouse brains. Connectivity includes neural connections at
scales ranging from the whole brain to the subcellular
level. Finally, the Allen Brain Observatory contains the
result of a series of systematic experiments conducted on
mice with a variety of visual stimuli. Multiple recording
modalities are the key features of this project, including
calcium imaging response from multiple cortical visual
areas across hundreds of two-photon imaging sessions and
spiking activity from the visual cortex, hippocampus, and
thalamus across dozens of electrophysiology sessions. In
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addition, a series of software toolkit resources, e.g., the
AllenAPI and AllenSDK and modelling tools, are
provided for related analysis work.

Collaborative Research in Computational Neuros-
cience (CRCNS) is a website primarily developed by Jef-
frey L. Teeters of both of the Redwood Center for Theor-
etical Neuroscience at UC Berkeley[12°l that hosts large-
scale and high-quality experimental datasets. The data
range from physiological recordings from sensory and
memory systems to eye movement data. Specifically,
datasets are classified according to their corresponding
collection area for navigation, such as the visual cortex,
auditory cortex, motor cortex, hippocampus, retina, and
LGN.

Some software toolboxes have been developed as aux-
iliary resources for neuroscience researchers. NeuroRA is
an easy-to-use toolbox based on Python, which can con-
duct representational similarity analysis (RSA) on nearly
all kinds of neural data, including behavioral, EEG,
MEG, stereoelectroencephalography (sEEG), electrocor-
ticography (ECoG), fMRI and others. In addition, users
can perform neural pattern similarity (NPS), classifica-
tion-based EEG decoding in NeuroRA[l'26l, Brainlife
provides an online, community-based platform where
users can publish code and data while integrating cloud-
computing resources to run their projects!!27. MultiVari-
ate pattern analysis in Python (PyMVPA)I28 is a free
Python package that provides a handy interface to a wide
range of algorithms for classification, regression, feature
extraction, data input and output, and other data pro-
cessing demands in the neuroimaging field. Many popu-
lar machine learning packages, such as scikit-learn, sho-
gun, the modular toolkit for data processing (MDP), etc.,
are integrated well into the PyMVPA framework!!29, 130,
Recently, Huang et al.!31 developed an open-source tool-
box for human brain mapping and decoding called Easy
fMRI. This toolbox includes advanced machine learning
techniques and high-performance computing for analyz-
ing task-based fMRI datasets. It provides a friendly GUI-
based environment for conducting feature analysis, hyper-
alignment, multi-voxel pattern analysis (MVPA), RSA,
and more.

6 Open challenges and future directions

As we mentioned in Section 4 above, the issue of visu-
al neural decoding has been a topic of interest for dec-
ades, with rapid advances in the development of both
brain-activity recording techniques and neural decoding
analysis methods. Here, we highlight several potential dir-
ections and open challenges and hope to provide research-
ers with insight into this issue.

Open challenges:

1) Most of the current visual decoding studies are off-
line, that is, the whole decoding process is limited by the
scale of the recorded neural physiological data. These
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methods cannot ensure equivalent performance for new
data as that for the test set (derived from the recorded
neural data). In practice, medical engineering applica-
tions, such as brain-machine interfaces, aim to decode in-
formation that is usually detected by specific neuroima-
ging devices in real-time. Therefore, more challenges re-
main in online deployment for current state-of-the-art
visual neural decoders. Researchers should consider on-
line applicability when designing visual decoders.

2) Despite the availability of some public neuros-
cience resources, as introduced in Section 5 above, large
public physiological datasets will remain an ongoing de-
mand for a long time to come. The main reasons are the
scarcity of public large-scale neural recording data and
the high costs of physiological experiments in accessing
these data.

3) To date, most visual neural decoders have been de-
signed according to the specific neural recording modal-
ity available to researchers. This type of modality-specif-
ic neural decoder limits the generalization to different
neural-decoder applications.

Future directions:

1) Given their strong capability for data fitting, ma-
chine learning techniques, especially the deep learning
techniques, have greatly improved the performance of
visual neural decoding systems, outperforming tradition-
al methods, i.e., linear methods and unsophisticated
Bayesian methods. The trajectory of neuroscience re-
search will involve new deep learning techniques, given
the rapid advancements in deep learning-based research
fields such as computer vision, and the increasing speed
of deep-learning and computationally friendly hardware.

2) The “transfer learning” strategy in the computer
vision field, i.e., transfer of a model trained on one data-
set to another problem (usually involving a smaller scale
of data), provides a promising means to ameliorate the
decoding performance in the field of computer vision.
Some decoding studies have made use of this type of
technique. For example, Shen et al.[ll'7l used a comparat-
or network trained on the ImageNet dataset%! as part of
their deep image reconstruction model from fMRI data.
VanRullen and Reddyl'?¥. trained a VAE using a GAN
over the public, large-scale face dataset CelebA and then
mapped the recorded fMRI signal into the latent space in
the VAE to achieve face reconstruction.

3) In addition, given the difficulties in large-scale pair-
wise neural signal communication, semisupervised learn-
ing techniques have been used to explore visual decoding
without the need for a ground truthl!327136], For example,
Beliy et al.l'32 leveraged a self-supervision technique to
train their reconstruction model with unlabeled fMRI sig-
nals. Du et al.!34 solved the labelled-data-scarcity prob-
lem by casting the semisupervised classification problem
as a specialized missing data imputation task.

4) Multimodality and cross-modal decoding are also
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future directions beyond reconstruction that have be-
come popular in visual neural decoding studies. Mul-
timodality decoding is the decoding of a combination of
signals from more than one type of recording modality.
For example, Ibayashi et al.['37) conducted speech decod-
ing from signals in the ventral sensorimotor cortex, simul-
taneously leveraging information from spikes and local
field potentials. Cross-modal decoding describes joint de-
coding models compatible with different recording modal-
ities. For instance, Xu et al.¥4 proposed a transcoding
framework in which the stimuli can be reconstructed from
spikes transcoded from signals from multi modalities.

5) Although several emerging open large-scale neural
datasets have been made available (see Section 5), a great
demand persists for standardized benchmarks of datasets
and metrics in visual neural decoding, which could pave
the way for strong baseline decoding models and widely
recognized validation and evaluation standards for incom-
ing studies in this field. Focusing on different fields, the
Brain-Score platform[!38], where submitted models can be
scored on a range of brain benchmarks and new bench-
marks can be incorporated to challenge the models, serves
as a good example for reference in the development of
visual learning decoding benchmarks.

6) Most of the current visual decoding studies are
based on neural data collected from single brain areas,
e.g., the V1 cortex, the LGN, and the retina. The interac-
tion and association from the whole-brain connectivity
are usually disregarded. Here, we suggest that research-
ers in the visual decoding field focus on the simultaneous
study of neuroscience and brain science and regard visual
neural decoding from a macro perspective. Recently,
Kriegeskorte and Diedrichsenl!39 proposed that the brain
is not a conventional computer, but nothing a dynamic
system in his review on brain coding. Haxby et al.[140] cri-
ticized decodability as a poor guide for revealing the con-
tent of neural representations in his decoding opinion.
These debates and discussions deserve focus and in-depth
consideration by neural decoding researchers.

7 Conclusions

In this paper, we first briefly analyzed the evolution of
decoding tasks, i.e., classification, identification, and re-
construction, as this research field has developed. And we
introduced the main neural recording modalities used in
visual neural decoding and analyzed the characteristics of
the data they acquire. Then we reviewed the main types
of decoding approaches that researchers have proposed in
recent decades in this field. Open data resources of data
and toolkits, as well as open challenges and potential fu-
ture directions of visual neural decoding, are suggested as
well. The ultimate purpose of visual decoding is to de-
code the content of our experience in the absence of visu-
al input. However, the scarcity of pairwise neurophysiolo-
gical stimulus datasets and accurate, large-scale record-

ing neural modalities continue to hinder the development
of this discipline. Nevertheless, the importance of visual
neural decoding cannot be understated. The development
of neural decoding technology will promote the develop-
ment of neural prostheses and brain-computer interface
devices. We hope that our brief review will inspire ideas
for future work in the cross-disciplinary field of brain sci-
ence and neural computing.
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