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Ultrafast visual perception beyond human
capabilities enabledbymotionanalysis using
synaptic transistors

Shengbo Wang 1,2,14,15, Jingwen Zhao3,4,15, Tongming Pu2,15,
Liangbing Zhao 5,15, Xiaoyu Guo 6 , Yue Cheng 3,4, Cong Li2, Weihao Ma2,
Chenyu Tang 7, Zhenyu Xu2,8, Ningli Wang 9, Luigi G. Occhipinti 7,
Arokia Nathan 10,11, Ravinder Dahiya 12, Huaqiang Wu 13, Li Tao 3,4 &
Shuo Gao 1,2

Optical flow, inspired by biological visual systems, calculates spatial motion
vectors aiming to enable robotics to excel in dynamic environments. However,
current algorithms, despite human-competitive task performance on bench-
mark datasets, suffer from significant time delays, limiting practical deploy-
ment. Here, we introduce a neuromorphic temporal-attention hardware that
emulates the interaction between the retina and the lateral geniculate nucleus
(LGN) to extract temporal motion cues directly in hardware. Using a two-
dimensional synaptic transistor array, the system encodes brightness changes
and accumulates them in analog, non-volatile states, generating compact
regions of interest (ROIs). These ROIs then act as inputs to conventional
downstream optical flow and vision algorithms, enabling ultrafast motion
analysis. At the hardware level, the synaptic transistor offers high-frequency
response (~100 μs), non-volatility (>10,000 s), and endurance (>8,000 cycles).
Compared to state-of-the-art algorithms, our approach demonstrates a 400%
speedup, surpassing human-level performance while maintaining or improv-
ing accuracy through temporal priors.

Optical flow, originally introduced by James J. Gibson in the 1950s and
inspired by biological visual perception, estimates motion vectors
within a visual scene1–3. Over the decades of development, current
state-of-the-art algorithms such as RAFT and GMFlow have

demonstrated impressive performance on benchmark datasets. By
leveraging two-dimensional gradient representations of pixel move-
ment, optical flow offers clear, intermediate motion representations
compared to end-to-end approaches, enabling it to excel in dynamic
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scene analysis at performance levels comparable to human
capabilities4–9. However, translating these achievements to real-world
applications is still challenging due to the high computational over-
head required to process visual inputs in real time. For instance, while
Tesla’s Autopilot employs occupancy networks to achieve latency as
low as ~10 ms10,11, performing optical flow analysis and object seg-
mentation on a 1920 × 1080 resolution image can require over 0.6 s on
an Nvidia V100 GPU, 4X humans (Supplementary Notes 1, 2). Such
delays are unacceptable for time-sensitive applications like autono-
mous driving, where a one-second delay at highway speeds can reduce
the safety margin by up to 27m, significantly increasing safety risks.
Thus, due to this obvious time delay, the field deployment of optical
flow seems to be unrealistic12–15.

Optical flow is initially aimed to mimic the processing pipeline of
biological visual systems, but cannot faithfully replicate their high
processing efficiency in practice, which is because biological vision
excels at processing large volumes of visual information efficiently
through dynamically focusing on regions where motion occurs16,17.
Specifically, biological vision, including the retina and lateral genicu-
late nucleus (LGN), emphasizes temporal change and dynamically
routes information toward locations where motion occurs, acting as a
temporal-attention function that detects moving regions before high-
level complex processing18,19. This suggests a design principle for
artificial vision: a fast, low-overhead function that dynamically detects
motion regions, thereby accelerating downstream motion analysis by
focusing computation where changes occur. Replicating this dynamic
processing in artificial systems is challenging due to the intrinsic
inflexibility of conventional CMOS-based technologies, which cannot
readily adjust their processing functions in response to varying
stimuli20,21. Fortunately, neuromorphic devices such as synaptic tran-
sistors and memristors offer synapse-like characteristics that can
emulate theprocessing functions of biological synapses.Their intrinsic
adaptability enables on-device adaptation and local feature extraction
functions, which in turn lowers both energy consumption and pro-
cessing latency. This approach has already been applied across mul-
tiple sensory modalities. In a typical implementation, a front-end
sensor first transduces external stimuli into electrical signals (voltage
or current), which are then transmitted to synaptic devices for pro-
cessing. For tactile perception, the sensor is typically a piezoresistive

or piezoelectric film that converts mechanical force into an electrical
response. Based on this architecture, artificial tactile receptors are
widely studied—including rapidly adapting mechanoreceptors and
nociceptors—using neuromorphic hardware22–25. For example,Wang et
al. proposed amemristor-based perceptual signal processing method,
which can emulate multiple essential tactile receptors and sensory
neurons with a single memristor22. For auditory processing, neuro-
morphic device arrays can capture and process auditory temporal
patterns directly in hardware, enabling low-latency, low-power front
ends for sound recognition and localization26–28. For visual processing,
the high spatial redundancy of video frames aligns perfectly with the
local, in-memory processing capability of synaptic devices22,29–31. For
example, Baek et al. recently reported a neuromorphic neuron with
dendritic morphology based on silicon-nanowire transistors that can
perform nonlinear integration of excitatory/inhibitory synaptic inputs
while considering spatial distribution dependency. Its built-in direc-
tion selectivity enables on-device motion detection, and the power
consumption of processing event-based pulses from the 1000pixels is
about 0.1–2.0 mW32. More broadly, the on-device adaptation cap-
ability of synapticdevicesmakeshuman-like ultrafast visualprocessing
possible22,33–35.

Here, inspired by the biological LGN system, we propose a neu-
romorphic hardware that directly detects motion changes using two-
dimensional neuromorphic synaptic transistors. The array encodes
brightness derivatives and accumulates these temporal changes in
analog, non-volatile states, as shown in Fig. 1. The resulting array state
generates temporal motion cues, i.e., compact maps of regions of
interest (ROIs) that guide and accelerate downstream optical flow
calculation. In our demonstration, conventional optical flow calcula-
tion methods (e.g., Farneback, GMFlow, and RAFT) are applied only
inside these ROIs, not the entire image, ultimately accelerating various
tasks such as motion prediction, segmentation, and tracking. In sum-
mary, the neuromorphic hardware rapidly extracts motion change
information, which is then passed to conventional processors for
downstream optical flow computation in our demonstration (Supple-
mentary Movie 1). At the device level, leveraging the superior prop-
erties of two-dimensional materials, such as atomic thickness and
enhanced electrostatic control, the developed floating gate synaptic
transistors demonstrate high-frequency response (~100μs), robust
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retention (>104 s), and exceptional endurance (>8000 cycles). In our
experiments, we deployed our pipelines across various application
scenarios—including vehicle operation, UAVs, robotic arms, and sports
activities—to perform tasks like motion prediction, object segmenta-
tion, and object tracking. The results demonstrate that our method
significantly accelerates processing times, achieving an average of
~400% speedup and surpassing human-level speeds (~150ms) in most
cases. Notably, by incorporating spatial-temporal consistency of
motion information, our spatiotemporal approach maintains or
improves accuracy, such as a 213.5% performance increase in the
vehicle scenario. These advancements empower robots with ultrafast
and accurate perceptual capabilities, enabling them tohandle complex
and dynamic tasks more efficiently than ever before.

Results
Floating gate synaptic transistor
In our neuromorphic motion extraction hardware, synapse arrays
serve to embed temporal information from external visual scenes. To
achieve precise encoding and long-term retention of this information,
the synapse array must exhibit synapse-like characteristics—adjusting
its state in response to external stimuli—and non-volatile properties to
maintain stored data36. To further ensure high-frequency processing
capabilities and long-term system stability, we have designed floating
gate synaptic transistors based on a two-dimensional van der Waals
heterostructure as neuromorphic devices that generate temporal
motion cues directly in hardware. Based on the Fowler-Nordheim
tunneling mechanism, the floating gate synaptic transistor precisely
regulates the charge in the floating gate through the gate voltage, thus
realizing the long-term stable storage of information and guaranteeing
the continuity and reliability of produced motion cues in the time
dimension. Fig. 2a demonstrates a schematic structure of this floating
gate synaptic transistor. From bottom to top, the synaptic transistor
includes a gold film (serving as the control gate), an aluminium oxide
(Al2O3) blocking layer, a multilayer graphene (MLG) floating gate, a
thin hexagonal boron nitride (h-BN) tunneling layer, and a molybde-
num disulfide (MoS2) channel. In operation, gate-source voltage (Vgs)
pulses are applied to the control gate (with the source grounded) to
modulate the drain-source current (Ids). Comprehensive details on the
fabrication process of the floating gate synaptic transistor and the
Raman characterization of its heterostructure are provided in Sup-
plementary Figs. 1 and 2. Under these conditions, the MoS2 channel’s
output characteristic confirms a good ohmic contact with the Cr/Au
interface (Supplementary Fig. 3). In terms of memory behavior, the
transfer curve of this synaptic transistor at a fixed drain-source voltage
(Vds = 1 V) depicts a clockwise memory window that reaches 11.2 V
when the Vgs is swept from −10 V to +10 V (Fig. 2b). Furthermore, the
memory window increases with the maximum applied Vgs, as pre-
sented in Supplementary Fig. 4.When applyingVgs pulses, this synaptic
transistor displays obvious synapse-like characteristics. As shown in
Fig. 2c, the change in conductance is positively related to the number
of applied pulses. The calculation method for the pulse-number line-
arity is detailed in the Supplementary Fig. 22. The modulation
mechanism is elucidated by the energy band diagram: negative Vgs
pulses drive holes into the floating gate and elevate the device’s con-
ductance, while positive Vgs pulses facilitate electrons tunneling into
the floating gate and reduce its conductance. Additional details about
the operating mechanism can be found in Supplementary Fig. 5. This
modulation can be controlled by varying the amplitude and duration
of applied voltage stimuli. As depicted in Fig. 2d, the increase in con-
ductance correlates positivelywith both the amplitude andduration of
the negative Vgs pulses. We successfully achieved weight regulation at
a lower negative Vgs amplitude of 7 V by enhancing the gate coupling
ratio37,38, as detailed in Supplementary Note 7. Supplementary Fig. 6
illustrates the variation of conductance with the amplitude of the
positive Vgs pulses. With respect to response speed, this floating gate

synaptic transistor demonstrates rapid operating speed, achieving a
current switching of 60 μA (from a low- to high-conductance state)
under −15 V Vgs pulse with a duration of 100μs (Fig. 2e). This ~100μs
response time is suitable for high-frequency visual information pro-
cessing. Moreover, the synaptic transistor exhibits repeatable pro-
gramming characteristics andmultiple analog states (Fig. 2f), enabling
the precise encoding of external information as its state. In terms of
endurance, up to 8000 programming/erasing cycles can be achieved
under positive and negative Vgs pulses (±15 V, 1ms), with the Ids at
Vds = 1 V remaining at ~10−9 A and 10−5 A in the low- and high-
conductance states, respectively (Fig. 2g). Furthermore, this synaptic
transistor displays non-volatile behavior. Both the low- and high-
conductance states are maintained for over 104 s (Fig. 2h), confirming
their non-volatility in storing external stimuli data. The excellent
retention characteristics are primarily attributed to the intrinsic phy-
sical properties of the material and the optimized device structure
design, as detailed in the Supplementary Note 6. Comparedwith other
reported devices (Fig. 2i), this synaptic transistor requires a low Vgs
amplitude for weight modulation and presents excellent
retention37,39–47. The excellent performance of the device, including
fast response, long endurance, and stable retention, can be attributed
to the selection of materials and thicknesses of each functional layer,
the enhanced gate coupling ratio37, and the establishment of atom-
ically sharp and flat interfaces39,48–50; a detailed comparison is provided
in Supplementary Fig. 7 and Supplementary Table 1. When scaling a
single synaptic transistor to a 4 × 4 array as shown in Fig. 2j, the
developed fabrication process can be found in the Methods section
and Supplementary Fig. 8. After encapsulation (Fig. 2k), the array can
be interfaced with external circuits via pins or connectors, facilitating
integration with other system components. Such scalability paves the
way for the development of commercial chips. The variation among
multiple devices, as exhibited in Fig. 2l, demonstrates the consistent
synaptic modulation behavior.

Temporal motion cue generated by neuromorphic devices
To directly generate temporal motion cues at the hardware level, we
propose the imaging architecture illustrated in Fig. 3a. In this design, a
conventional imaging array could serve as the front-end sensor, con-
verting external stimuli into an analog voltage signal. This signal is then
processed along two parallel paths: one is digitized to form the con-
ventional image representation, while the other converts the analog
signal and modulates a synapse array to record temporal information.
Specifically, the circuit needed for voltage conversion, shown in
Fig. 3b, c consists of a differential processing part and an amplitude
conversion part. The differential processing part extracts changes in
light intensity, while the amplitude conversion part generates
voltage pulses applied to the synaptic transistor array, reflecting the
temporal information of the current visual scene. In the differential
processing part, a high-pass filter first differentiates the light intensity,
and an operational amplifier (op-amp) then amplifies these changes
within a suitable operating range for subsequent processing (Fig. 3b
and Eq. 1):

Vi, j tð Þ=a
dIi, j
dt

=a Ii, j tð Þ � Ii, j t � Δtð Þ
� �

ð1Þ

where V is the output voltage of the differential processing unit; Δt
refers to the sampling interval; (i, j) represents the spatial coordinates
of the temporal information, corresponding in size to the synapse
array; I is the analog visual voltage transmitted from the imaging array
(which may be resized to match the synapse array size); and a is a
proportionality coefficient ensuring the voltage remains within a sui-
table operating range. In the following amplitude conversion part, an
absolute circuit is constructed to extract the absolute voltage change,
focusing on themagnitude of the light intensity change rather than its
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direction (Eq. 2):

V̂ i, j = Vi, j

��� ��� ð2Þ

Then, a reconfigurable op-amp generates a corresponding mod-
ulation pulse based on the current amplitude of the absolute voltage

V̂ i, j . The relationship follows Eq. 3:

eVi, j =
p1 × V̂ i, j � b1

� �
, V̂ i, j >Vth

p2 × V̂ i, j � b2

� �
, V̂ i, j ≤Vth

8><>: ð3Þ

where eVi, j is the modulation voltage Vgs applied to the synapse array,
p1, p2 are different proportional coefficients, b1, b2 represent different
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Fig. 2 | Performance characterization of the floating gate synaptic transistor.
a Schematic illustrationof the floating gate synaptic transistor structure.bTransfer
characteristic of the device, with amemorywindow reaching 11.2 V atVds = 1 Vwhen
Vgs is swept from −10V to 10 V. The inset shows the transfer curve for Vgs swept
from−5 V to 5 V. cConductancemodulation through 16 negative/positiveVgspulses
with the operating mechanism of this synaptic transistor. d Absolute change in
conductance (ΔG) as a function ofVgs pulse amplitude (top; pulsewidth = 1ms) and
pulse width (bottom,Vgs = −7.5 V). e Switching of conductance state under −15 V Vgs

pulse of 100 µs. f Conductance changes induced by 100 consecutive negative and
positive Vgs pulses at 7.5 V amplitude and 100μs width. The inset depicts multiple
conductance states. g Endurance performance of the synaptic transistor executed
with alternate positive andnegative Vgs pulses ( ± 15 V, 1ms).hRetention stability of

the synaptic transistor after 10 negative/positive Vgs pulse, demonstrating stable
high- and low-conductance states. i Comparison with previously reported studies,
where the range of the blue ellipse is derived from themean and standard deviation
of the data points in the most advanced research progress in recent years. The
centroid represents the mean of the data, while the boundary of the ellipse cor-
responds to the 95% confidence interval. Further details can be found in Supple-
mentary Table 1. j, kOptical images of the floating gate synaptic transistor array (j;
scale bar, 100 µm) and its bonded chip (k; scale bar, 1mm). l Variations in pulse
modulation among devices in the 4 × 4 array. Each device is modulated by 16
consecutive negative/positiveVgs pulses with the duration of 1ms and amplitude of
7.5 V. The blue solid line and blue envelope represent the mean and variance of
conductance of 16 devices under Vgs pulses.
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modulation biases, and Vth is a preset threshold. Under the effect of
modulation voltage Vgs, the synaptic transistor at position (i, j) of array
is modulated to a resistance state related to the nature of the light
intensity change. By comparing it with the threshold Vth, dramatic
changes caused by potential moving objects and mild changes caused
by background movement or noise are separated and translated into
negative and positive Vgs pulses, respectively, resulting in different
trends of device state switching. The pulse width and the maximum

supported processing frequency are detailed in Supplementary
Note 13. When analyzing this synapse array, the temporal motion
information can be inferred from the distribution of Ids values. For
example, devices with high Ids values (low-resistance under the mod-
ulation of negative Vgs pulses) that cluster spatially indicate regions
containing moving objects. More details of this circuit and the
manipulation of analog visual voltage can be found in Supplemen-
tary Fig. 10.
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In our implementation, we employed a commercial camera to
capture 800 × 800 images within a vehicle scenario and processed the
visual input using the 4 × 4 synapse array (Fig. 3d). During processing,
the visual stimuli captured by the commercial image sensor are resized
by averaging the light intensity of a matrix of m × n pixels into a basic
unit. Here,m and n are set to 200. In this configuration, external visual
stimuli are translated into modulation voltages for the synapse array
according to the voltage conversion circuit. Thus, the temporal
information of the current visual scene is mapped onto this transistor
array. For instance, when a pedestrian suddenly runs in front of the car
(Fig. 3d, e), a noticeable change in the analog visual voltage occurs at
position (2, 4), leading to a negative Vgs pulse. As a result, the synaptic
transistor at (2, 4) switches to a high-conductance state, causing its Ids
value to increase significantly under a fixed Vds. As shown in Fig. 3f, the
distribution of measured Ids across the 4 × 4 synaptic transistor array
clearly reflects the temporal dynamics of the current visual scene,
highlighting the presence of a moving object on the right side. To
further facilitate integration with conventional visual processing
methods, these temporal data are transformed into values ranging
from 0 to 255, as shown in Fig. 3g using a logarithmic mapping (see
“Methods”), making them compatible with common image processing
libraries such as Python’s OpenCV (cv2) package. Through this pipe-
line, the temporal information encoded by the neuromorphic devices
can be seamlessly combined with the original image (Fig. 3h).

Accelerated movement velocity calculation
After extracting temporal information of the current visual scene from
the synapse array states, this data can be transformed into temporal
cues that accelerate velocity estimation, ultimately producing the
optical flow assisted by temporal cues (Fig. 4a). Specifically, the con-
version into temporal cues involves two main steps. First, there is a
binarization process based on a predefined threshold. Second, a con-
nectivity analysis that includes defining connectivity, labeling con-
nected components, and expanding these regions is performed
(Fig. 4b). The resulting list of connected regions serves as the temporal
cues, as shown in Fig. 4c. In addition to the vehicle operation scenario,
the UAV operation scenario with a resolution of 160 × 160 is also pro-
cessedusing the same4 × 4 synaptic transistor array. By comparing the
original image and the generated temporal cues, it is observed that the
constructed temporal cues areas effectively highlight potential mov-
ing objects. During the subsequent velocity inference, the temporal
cues serve as ROIs that help automatically filter the areas where
movement velocities need to be calculated (Fig. 4d). This filtering
process speeds up velocity calculations compared to processing the
entire image. Additionally, the neuromorphic pipeline seamlessly
integrates with current velocity inference approaches, whether they
are based on traditional computer vision techniques or neural
networks.

In our implementation, we demonstrate the adaptability of our
method using three representative algorithms for movement velocity
calculation: the traditional Farneback algorithm and the neural
network-based GMFlow and RAFT algorithms, as shown in Fig. 4e.
Integration with other algorithms, such as FlowFormer, is demon-
strated in Supplementary Figs. 11 and 13. These algorithms vary in their
operational characteristics and should be selected based on the
practical working environment. For instance, Farneback is suitable for
less demanding scenarios, while GMFlow and RAFT are more appro-
priate for situations requiring higher accuracy and adaptability, albeit
at increased computational and technical costs. Nevertheless, the
capability of integrating various movement velocity calculation
methods ensures that the neuromorphic pipeline is applicable to
unstructured environments, which can vary significantly. Taking the
vehicle operation scenario as an example, the temporal cues filter
the visual input so that only highlighted regions are forwarded to the
subsequent velocity inference stage. In practical implementations, to

improve robustness and resolution, the selected region is slightly
padded to include peripheral information about the moving area. As
shown in Fig. 4f, the detectedmotion region is slightly padded, and the
movement information can be calculated using various velocity
inference algorithms. Details on the strategy of padding and handling
multiple moving objects can be found in Supplementary Note 5.

In the vehicle scenario, processing examples are shown in Fig. 4g.
Even during periods of high motion—when the running pedestrian
occupies a large portion of the scene—our method remains faster
(Fig. 4i). Compared to conventional optical flow methods, our spa-
tiotemporal approach enables the detection of potential motion
regions (1–2ms) as shown in Supplementary Fig. 15, and the average
total velocity inference times for Farneback, GMFlow, and RAFT are
reduced to 13.0%, 37.2%, and 19.6%, respectively (Fig. 4j). For the UAV
scenario analysed with Farneback as shown in Fig. 4h, the average
inference time is reduced to 51.0% of the original duration (Supple-
mentary Fig. 12).

Demonstration of fundamental tasks
Optical flow assisted by temporal cues integrates both temporal and
spatial motion information (e.g., calculated spatial movement velo-
city), and it can support fundamental tasks that enable autonomous
vehicles, UAVs, and robots to perceive, understand, and interact with
their environments autonomously and intelligently (Fig. 5a). During
task execution, these motion cues are first decomposed. Then, tem-
poralmotion cues selectivelyfilter spatial cues to focus onlyon regions
with potential motion information rather than processing the entire
scene. This selective focus significantly accelerates subsequent task
execution. The filtered spatial cues are then combined with visual
input to execute task-specific algorithms. The implementationpipeline
is detailed in Supplementary Note 4. Aligning with the vision of uti-
lizing optical flow to help robotic systems efficiently perceive the
dynamic world, similar to biological visual systems, the above pipeline
for processing visual information in our method mirrors the human
visual system. This includes a perception unit corresponding to the
human eye, a synapse array that extracts temporal motion cues ana-
logous to the LGN, and task-specific algorithms that performhigh-level
processing similar to the visual cortex. Additional descriptions of the
human visual system can be found in Supplementary Note 1.

In our implementation, the visual inputs encompass various sce-
narios, including vehicle operation, UAV operation, sports activities
(e.g., table tennis from the UCF dataset)51, and grasp operation (Sup-
plementaryMovie 2). The settings for visual processing are provided in
the Methods section and in Supplementary Table 5. Utilizing optical
flow assisted by temporal cues, essential tasks such as motion pre-
diction, object segmentation, and object tracking are performed on
these visual inputs. Detailed task-specific algorithms can be found in
the Methods section and Supplementary Fig. 16. As shown in Fig. 5b,
spatial motion cues are calculated using multiple velocity inference
methods and employed to execute various tasks. Additional results are
presented in Supplementary Figs. 17–21. Notably, the table-tennis
sequences did not exhibit missed detections despite the small object
size, owing to an appropriately chosen sensor-to-synapse pooling size,
as detailed in Supplementary Notes 11–12. The overall accelerated
processing, which includes both velocity inference and task execution
in the neuromorphic pipeline, achieves processing times comparable
to human perception—approximately 150ms (Supplementary Note 1).

In addition to highprocessing efficiency, these tasks are evaluated
using standard metrics, including the Structural Similarity Index
Measure (SSIM), pixel accuracy (PA), and Intersection over Union
(IoU), and neuromorphic pipeline achieves comparable performance
to conventional pipeline (Fig. 6a). In certain scenarios, such as vehicle
operation, UAV operation (small), and grasping, neuromorphic pipe-
line significantly outperforms conventional methods. On average, the
accuracy improvements are 213.5%, 157.4% and 740.9%, respectively.
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The comprehensive statistical metrics can be found in Supplementary
Figs. 50–52, clearly indicating that the main source of the observed
performance enhancement is the improved accuracy in object tracking
tasks. Specifically, these performance improvements are attributed to
the additional environmental knowledge embedded in the temporal
cue. For instance, in the RAFT-based object segmentation for grasping

operations (Fig. 5b), RAFT cannot infer velocity accurately due to its
limited generalization. However, the temporal cue provides a bound-
ary constraint, enhancing segmentation accuracy. Similarly, in object
tracking tasks, the temporal cue highlights the region containing
the moving object while excluding irrelevant regions. As a result, the
tracking accuracy is improved by reducing the impact of noise. The
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results of significance testing, summarized in Supplementary Table 11,
statistically confirm these improvements and underscore the robust-
ness and reproducibility of our approach. More detailed task perfor-
mance data can be found in Supplementary Table 2. Although device
metrics such as uniformity and linearity (see Supplementary Table 6)
are within commonly reported ranges for synaptic transistors, the
demonstrated analogweight updatingunder cumulative same-polarity
voltage pulses enables reliable storage of temporal motion patterns
sufficient for our tasks. Design optimizations and algorithmic correc-
tions used in the experiments to achieve such high accuracy can be
found in Supplementary Note 8. In terms of processing efficiency
(Fig. 6b), the ability of our method accelerates full-spectrum visual
processing, including both velocity inference and task-specific algo-
rithms. Thus, a faster response can be observed compared to con-
ventional optical flow methods. When using Farneback for velocity
inference, the acceleration ratio—i.e., the ratio of the original whole
processing time to the whole accelerated processing time—ranges
from 12.5 to 58.0%, with an average of 27.5%. For GMFlow-based tasks,
the acceleration ratio ranges from 4.7 to 36.7%, with an average of
20.6%. For RAFT-based tasks, the acceleration ratio ranges from 16.7 to
53.3%, with an average of 29.1% (Supplementary Table 3). After exam-
ining all 33 groups of tasks, the average acceleration ratio is 26.1%,
which corresponds to an approximate 4X speedup. When fitting the
acceleration ratio of velocity inference and the percentage of filtered
regions based on temporal cues in the vehicle scenario, clear linear
relationships are observed for both Farneback and RAFT methods,
with all R² values exceeding 0.94 (Fig. 6c). However, velocity inference
using GMFlow does not follow this trend due to its unique operational

characteristics (Supplementary Fig. 14). Other velocity inference
methods, such as FlowFormer, exhibit similar linear acceleration
trends (Supplementary Fig. 13). In the acceleration of task execution,
similar linear relationships can be observed using data points from
Farneback-based vehicle scenario processing. This general accelera-
tion, which correlates with the size of filtered visual input based on
temporal cues, demonstrates the effectiveness of the proposed
approach in enhancing both velocity inference and task execution
performance. As a result, the neuromorphic motion extraction hard-
ware pipeline enables real-time visual processing capabilities that are
comparable to, or even exceed, human-level perception (Fig. 6d and
Supplementary Table 4). A comparisonof ourmethodwith other state-
of-the-art neuromorphic visual approaches is provided in Supple-
mentary Table 12.

Nevertheless, in challenging scenarios involving ego-motion or
out-of-distribution motion, the performance of our method may
degrade. To evaluate its robustness under such conditions, we con-
ducted a comprehensive evaluationdetailed in SupplementaryNote 10
and Supplementary Movie 3. Specifically, we performed two sets of
experiments: (i) controlled sequences captured using a hand-held
phone, with concurrent IMU recordings of devicemotion, and (ii) real-
world recordings from an in-car dashcam. In the first experiment, the
observed speedup decreased to 170%, while in the second, the accel-
eration ratio was 74.8%, corresponding to a reduction in speed-up
from 400 to 134% (1/74.8%). Regarding accuracy, as shown in Supple-
mentary Table 8, performance degrades in complex scenes compared
with sparse-motion scenarios. This is consistent with the limitations of
conventional optical flow methods, which also perform poorly under
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such conditions52,53. The observed degradation arises primarily from
the constraints of the deployed optical flow computation and down-
streamtask algorithms.The core role of our neuromorphichardware is
to extract motion regions and generate ROIs, thereby accelerating

downstream processing, making it powerful in scenes with sparse
motion. Furthermore, we discuss potential motion compensation and
fallback strategies that could be incorporated to further enhance sys-
tem robustness (Supplementary Note 10).
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inference methods (Farneback, GMFlow, and RAFT).
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Discussion
Compared to conventional spatial-only optical flow methods, optical
flow assisted by temporal cues integrates additional temporal motion
cues of the current visual scene. By utilizing the spatial-temporal
consistency of motion, which refers to the simultaneous spatial dis-
placement of pixels and the temporal variation in light intensity within
a motion region, this added temporal information enables the direct
delineation of potential moving regions in as little as 1–2ms using
synapse array state information. This delineation offers two major
benefits. First, it enables selective processing of visual input, resulting
in substantially faster velocity calculations and task execution. Second,
the delineation information provides valuable prior knowledge for
velocity inference and task executionprocesses. For instance, in object
tracking tasks, the temporal cues from our approach constrain the
tracking range, reducing false detections from background noise and
greatly enhancing robustness. Furthermore, for neural network–based
velocity inference, the delineation information supplies a reasonable
range of results even in untrained working environments, thus
addressing the limited generalization problem of current neural net-
work methods.

This ROI-first strategy has precedents in software and sensorwork
that restrict optical-flow computation to likely moving regions. For
example, Sagar et al. detect foreground regions and combine
foreground-focused processing with template/scale cues for mono-
cular MAV obstacle avoidance; their pipeline demonstrates that pro-
cessing only foreground regions can substantially reduce computation
and improve obstacle confidence in constrained flight settings54.
Denman et al. propose a combined optical-flow algorithm that uses
foregroundmasks to limitflowcomputations and to improveflownear
object boundaries55. Our work differs from these prior software pipe-
lines in one fundamental respect: the temporal cues are generated
directly in analog hardware by synaptic transistors with non-volatile,
high-frequency response. This hardware generation obviates repeated
frame-to-frame accumulation in software, enabling rapid ROI forma-
tion and thus ultrafast visual perception. In short, while Sagar & Visser
and Denman et al. demonstrate the value of restricting flow to motion
regions, our synaptic array provides a hardware temporal attention
mechanism that produces those regions faster and with a different
information representation.

The primary novelty of our work is the proposed framework,
which couples temporal information generated in situ by the neuro-
morphic synapse array with spatial gradients extracted from image
frames, thereby accelerating the entire pipeline—from velocity infer-
ence to downstream high-level processing tasks. This framework is
general and can be integrated with other neuromorphic synaptic
devices, including ferroelectric memristors, phase change memory,
etc. Through the non-volatile characteristics of synaptic devices, our
method enables efficient temporal cue generation directly in hard-
ware, significantly reducing external latency compared to software-
only approaches (see Supplementary Note 14). The overall pipeline
latency is shown in Supplementary Fig. 49. Besides, this pipeline can
also be realized with photo-memory devices; a comparison between
our separated design and integrated photo-memory implementations
is provided in Supplementary Note 9.

In practical implementation, the neuromorphicmotion extraction
hardware pipeline significantly reduces the processing time of visual
data, enabling robotics to excel in more complex tasks, particularly
those requiring real-time processing capabilities like collision avoid-
ance and object tracking. For example, in vehicle operations, the
average ~0.2 s improvement in processing time observed in our
method can result in a reduction in full-braking distance of 4.4m at a
speed of 80 kmh−1, greatly enhancing driving safety. Similarly, our
method enables at least a threefold reduction in reaction time in
UAV(small) scenarios, significantly improving their durability and
performance in dynamic environments. Across all tasks using

Farneback and GMFlow for velocity inference, processing times
remain below 40ms. This enhanced processing allows UAVs to track
moving objects between frames in the setting of 25 frames per second.
As a result, UAVs can adjust their speed and pose in real-time,
achieving near-theoretical minimum delay in target tracking. Beyond
robotic applications, our method holds great promise for improving
human-robot interaction. With an emphasis on response time to
ensure real-time feedback, robots must interpret visual scenes—such
as gestures and movement recognition—within 100 to 200ms. The
ultrafast visual processing enabled by neuromorphic motion extrac-
tion hardware can serve as a crucial information source for future
human-robot interaction, ensuring smooth and responsive
engagements.

Looking forward, the core principle of our approach lies in
capturing the temporal information of visual scenes through
synapse arrays, enabling a temporally guided analysis of visual
stimuli. This design ensures high compatibility with various types
of front-end sensors. Compared with event-based cameras, which
also extract motion changes rapidly, the proposed synapse array
performs analog accumulation of light-intensity changes, produ-
cing a continuous-valued representation that reflects short-term
motion history. Thus, the synapse array should be viewed as an
alternative approach to event-based vision for detecting regions
of motion. Its output, determined by the continuous conductance
states of the neuromorphic hardware, differs fundamentally from
the binary ON/OFF events produced by DVS sensors, providing
cleaner and more actionable data for high-level processing
beyond mere optical flow computation. A more detailed com-
parison is provided in Supplementary Note 15, and we further
demonstrate that our neuromorphic hardware can accumulate
event-based input streams (see Supplementary Note 16). In terms
of applications, this temporally guided approach extends far
beyond optical flow calculation alone. For instance, after identi-
fying potential ROI within our proposed system architecture,
other algorithms—such as YOLO neural networks for object
detection—can be directly applied to these identified areas
(Supplementary Fig. 53). As a result, computational resource
usage and the time required for visual motion processing are
minimized. With the ability to enhance efficiency across a wide
range of applications, our spatial-temporal integrated approach
could pave the way for broader adoption in fields such as
robotics, autonomous systems, and computer vision, driving
transformative advancements.

In conclusion, this work proposes and demonstrates a neu-
romorphic motion extraction hardware pipeline leveraging a
synapse array to deliver a more comprehensive and efficient
understanding of visual scenes compared to conventional spatial-
only optical flow approaches. Compared to conventional optical
flow methods, our method encodes additional temporal motion
cues directly within the hardware, which identify ROIs in real
time. Therefore, the full spectrum of optical flow-based visual
processing can be accelerated. Furthermore, the seamless inte-
gration of various movement velocity calculation algorithms
ensures adaptability across real-world complex environments.
Benchmark evaluations across multiple robotic platforms and
tasks demonstrate that our method outperforms state-of-the-art
algorithms, achieving an average 4X improvement in processing
speed while maintaining or enhancing accuracy in motion pre-
diction, object tracking, and segmentation. Notably, our method
facilitates the entire processing time, including velocity inference
and task execution that approach or exceed human-level speeds
(approximately 150ms), thereby realizing the initial vision of
optical flow and providing autonomous systems with unparalleled
perception capabilities essential for safe and intelligent interac-
tion with dynamic environments.
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Methods
Device fabrication
The bottom control gates in the floating gate synaptic transistors were
prepared via electron beam lithography (EBL) on 285 nm SiO2/Si sub-
strate, followed by thermal evaporation. Atomic layer deposition
(ALD) technique was used to deposit the gate dielectric aluminum
oxide (Al2O3). MoS2/h-BN/MLG heterostructure in a single device was
prepared by mechanical exfoliation from bulk materials (Nanjing
MKNANO Tech. Co., Ltd., https://www.mukenano.com), and precisely
positioned on the Al2O3 via the dry-transfer method. MoS2/h-BN/MLG
structures in a floating gate synaptic transistor array were fabricated
from chemical vapor deposited materials (Six Carbon Technology
Shenzhen), and stacked via wet transfer, then patterned through
reaction ion etching according to the structural design. Furthermore,
5/50 nm Cr/Au drain-source electrodes on MoS2 channel were defined
sequentially by EBL, thermal evaporation and lift-off.

Device characterization
Electrical measurements of the floating gate synaptic transistor were
conducted by a semiconductor parameter analyzer (Bl500A, Keysight)
under atmospheric conditions. The thickness of the two-dimensional
material was measured by Bruker Mulyi-Mode 8 AFM. Raman char-
acterization was tested using a confocal Raman spectrometer (WITec
alpha 300R) with a 532 nm laser as the excitation source.

Logarithmic mapping
To transform the drain-source current of the floating gate transistor to
a range of 0–255, a logarithmicmapping is employed as shown in Eq. 4:

s = � 3366

logIds10

� 306 ð4Þ

where Ids represents the drain-source current, and s is the transformed
current scaled within the range of 0 to 255.

Task algorithms
In the task ofmotionprediction, it involves predicting the position of a
moving object. For the filtered visual input, by using reference frames
and employing the Lanczos interpolation method, the moving object
in thenextmoment canbe inferred. The Lanczos interpolation formula
is as Eqs. 5 and 6:

g xð Þ=
Xn
k =�n

g kð ÞLn x � kð Þ ð5Þ

Ln xð Þ=
sin πxð Þ sin πx

nð Þ
πxð Þ2 , x =0

1, x =0

(
ð6Þ

where g(x) represents the interpolated value at position x, g(k) repre-
sents the pixel values at integer positions k in the current frame, Ln(x) is
the Lanczos kernel function, and n is the size of the kernel.

For object segmentation, the optical flow assisted by temporal
cues is first converted to polar coordinates. This transformation
separates the original movement velocity information into direction
(angle) and magnitude (distance) components, making it easier to
analyze motion information. Notably, this step only manipulates the
ROI that includes significant moving objects inferred from the motion
pattern layer, thereby omitting regions with slight noise caused by
environmental changes, such as slow variations in lighting. After the
transformation, the image is converted from RGB to HSV color space,
where the direction and magnitude of motion velocity layers are
represented using the hue and value channels, respectively. This pro-
cess is beneficial for subsequent processing because it allows more
intuitive manipulation of color-based information: the hue channel

encodes the direction of motion, while the value channel encodes the
magnitude of motion. This separation simplifies the process of iden-
tifying and segmenting moving objects based on their motion char-
acteristics. When the motion information of the ROI is represented in
the HSV color space, thresholding operations along with erosion and
dilation operations can be applied to create a binary mask that accu-
rately segments themoving objects. Thresholding isolates the relevant
motion information, while erosion and dilation help refine the seg-
mentation by removing small noise and closing gaps in the detected
objects, respectively. This process results in a clear and precise seg-
mentation of moving objects, thus enabling subsequent tasks such as
object tracking and interaction in dynamic environments.

In object tracking, coordinate conversion, which is similar to that
used in object segmentation, is applied first. This conversion separates
motion information into direction and magnitude components. Fol-
lowing this, morphological opening is performed to smooth bound-
aries and remove noise. Then, using the contour detection algorithm,
multiple bounding boxes are detected. Next, non-maximum suppres-
sion is applied to eliminate redundant detections and retain the most
significant objects. This step ensures that only the most prominent
moving objects are tracked across frames, improving the accuracy of
the tracking process. Unlike conventional optical flow, which can be
disturbed by backgroundmovements leading to unnecessary tracking,
our pipeline focuses solely on the ROI regions that include potential
moving objects. This targeted approach enhances tracking precision
and reduces computational overhead by ignoring irrelevant back-
ground motion.

When evaluating the performance of the above tasks, metrics
including SSIM, PA, and IoU are calculated to quantify the quality of
prediction, segmentation, and tracking (Eq. 7–10), respectively:

SSIM x, yð Þ=
2μxμy +C1

� �
2σxy +C2

� �
μ2
x +μ2

y +C1

� �
σ2
x + σ2

y +C2

� �
where μx and μy are the average values of predict result x and ground
truth y, σx2 and σy

2 are the variances of x and y, σxy is the covariance of x
and y, and C1 and C2 are constants to stabilize the division with weak
denominator.

PA =
P

i niiP
i ti

where nii is the number of pixels correctly classified for class i, and ti is
the total number of pixels in class i. Here, PA calculates the percentage
of correctly segmented pixels.

IoU=
Pn

i = 1 IoUsi

n

IoUs =
A \ Bj j
A∪Bj j

where |A∩B| is the area of overlap between the trackingmask A and the
ground truth mask B, and |A∪B| is the area of union between the
trackingmaskA and the ground truthmaskB, IoUsi represents the IoUs

between the i-th bounding box and the ground truth. All evaluation
metrics (SSIM, PA, and IoU) are calculated over the entire image area
for both conventional and our methods to ensure fair comparison.

Running environment
Performance evaluations of the neuromorphic pipeline with the Far-
neback method for velocity inference are performed on the 12th
Generation Intel® Core™ i9-12900H processor. In contrast, perfor-
mance evaluations of the neuromorphic pipeline utilizing neural
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network–based velocity inference methods, including RAFT, GMFlow
and FlowFormer, are conducted on a server outfitted with an NVIDIA
V100 GPU and an Intel® Xeon® Platinum 8260 CPU operating at
2.40GHz.

Visual processing
To demonstrate the scalability of our approach, visual input data—
encompassing UAV (small) operations, table tennis, and grasping
scenarios—are simulated using the synapse array based on our fabri-
cated synaptic transistor (Supplementary Fig. 9).

Visualization of optical flow
Following thework by Baker et al., opticalflowvectors aremapped to a
color-coded image52. In this visualization approach, color hue repre-
sents the direction of motion, and color intensity/saturation corre-
sponds to the magnitude of motion.

Data availability
All data supporting this study and its findings are available within the
article, its Supplementary Information and associated files. Source
data havebeendeposited in Figshareunder accession codehttps://doi.
org/10.6084/m9.figshare.30977674.

Code availability
All the necessary codes used in the tactile experiments and visual
experiments, and their descriptions are available in https://github.
com/RTCartist/Neuromorphic-Spatiotemporal-Optical-Flow.
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