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A B S T R A C T

The neural basis of cognition is rooted in precisely coordinated population activity unfolding on the millisecond 
timescale. To causally probe these spatiotemporally intricate network dynamics, we developed a digital 
micromirror device (DMD)-based photostimulation platform featuring grid patterns with up to 2-μm spatial and 
0.2-ms temporal resolution across a 2-mm-diameter area. Spatiotemporally patterned photostimulation to the 
primary somatosensory cortex of channelrhodopsin-2-expressing mice reliably evoked distinct electrophysio
logical population responses that deep learning algorithms accurately classified. Notably, rapidly changing 
illumination patterns evoked cortical activity with greater trial-to-trial consistency than conventional constant 
photostimulation. Thus, DMD-based spatiotemporal optogenetics enables precise and reproducible control of in 
vivo neuronal population activity.

1. Introduction

A central challenge in neuroscience is to elucidate the neural basis of 
cognition. Increasing evidence indicates that cognitive functions are not 
localized to single neurons but arise from population-level dynamics, 
characterized by coordinated and temporally structured activity pat
terns (Averbeck et al., 2006). In particular, temporal structures on the 
millisecond timescale within neuronal ensembles support complex in
formation representation, as suggested by both experimental observa
tions and computational models (Ikegaya et al., 2004; Izhikevich, 2006; 
Yuste et al., 2024). To directly test the causal role of these dynamics, 
researchers must employ tools capable of manipulating neuronal pop
ulation activity with precise spatial and temporal control.

Advancements in two-photon microscopy, particularly holographic 
stimulation, have made it possible to manipulate neuronal activity at 
single-cell resolution (Adesnik and Abdeladim, 2021; Marshel et al., 

2019; Shemesh et al., 2017). Despite its precision, this approach often 
suffers from limitations in temporal resolution due to the constraints of 
scanning speed (Hira, 2024). As an alternative approach, patterned 
photostimulation based on digital micromirror devices (DMDs) provides 
sub-millisecond temporal precision and has been successfully imple
mented in vitro (Farah et al., 2007; Lo et al., 2015; Sumi et al., 2023; 
Tsuda et al., 2013) and in vivo in several brain regions including the 
olfactory bulb (Dhawale et al., 2010), cortex (Richner et al., 2015), and 
striatum (Zhang et al., 2023). However, it remains to be established 
whether DMD-based approaches can induce distinguishable spatiotem
poral activity patterns in neocortical circuits—particularly on the 
millisecond timescales relevant for cortical coding. Calcium imaging 
approaches used in prior studies are limited by indicator kinetics (~100 
ms), thus preventing characterization of rapid temporal dynamics, and 
are restricted to local readouts rather than circuit-level responses. 
Electrophysiological recordings, which can capture sub-millisecond 
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network activity across distributed cortical sites, offer a complementary 
approach to directly assess whether spatiotemporal light patterns 
translate into discriminable cortical responses.

Here, we implemented DMD-based spatiotemporal optogenetic 
stimulation technology to in vivo experiments by combining wide-field 
DMD stimulation with selective expression of channelrhodopsin-2 
(ChR2) in cortical neurons and concurrent electrophysiological re
cordings. This single-photon approach primarily targets superficial 
dendrites and thus lacks the cellular-level spatial resolution of two- 
photon-based techniques. Consequently, whether this method can 
induce distinct neural activity patterns has remained unclear. To address 
this question, we generated sequences of spatiotemporal light patterns 
(100 ×100 grid patterns) with 20-μm spatial and 0.2-ms temporal res
olution across a 2-mm-diameter area and performed simultaneous LFP 
recordings to directly assess the evoked neural activity and validate its 
efficacy. Our platform achieved high spatiotemporal precision, allowing 
us to test whether both spatial configurations and temporal sequences 
are reliably encoded in neocortical population dynamics.

2. Methods

All experimental procedures involving animals were approved by the 

Animal Experiment Ethics Committee of the University of Tokyo 
(approval number: A2025P007) and conducted in strict accordance with 
the University’s regulations for the care and use of laboratory animals. 
All efforts were undertaken to ensure the humane treatment of animals 
and to minimize any potential suffering.

We used five male 8-to-23-week-old B6.Cg-Tg.Thy1(ChR2-EYFP) 
18Gfng/J mice (The Jackson Laboratory; stock number #007612), 
which express ChR2 predominantly in layer V cortical neurons (Arenkiel 
et al., 2007) and four male 8-week-old C57BL/6 J mice (SLC Japan, 
Shizuoka, Japan), and weighing 23–30 g prior to surgery. All mice were 
housed individually under controlled environmental conditions (22 ± 1 
◦C, 55 ± 5 % humidity) and maintained on a 12:12-h light/dark cycle 
(lights off from 7:00 a.m.–7:00 p.m.) with ad libitum access to food and 
water.

Mice were anesthetized with 1–3 % isoflurane gas, and the scalp was 
removed. The skull was leveled between lambda and bregma, and two 
stainless-steel screw electrodes for ground and reference were implanted 
over the cerebellum (AP − 5.5, ML 4.0 mm). A circular craniotomy was 
made over the left primary somatosensory cortex (AP − 0.5–3.5 mm, ML 
1.0–5.0 mm, S1). Without damaging the dura, a glass window was 
placed over the exposed cortex. We adjusted the mouse's head angle to 
approximately 38◦ during window implantation so that the cranial 

Fig. 1. Optogenetic stimulation with high spatiotemporal resolution. (A) Schematic of the optical imaging system. Light from a 488 nm laser was collimated and 
directed onto a digital micromirror device (DMD). Spatial light patterns generated by the DMD were filtered through an iris to remove unwanted diffraction orders, 
then relayed to a half mirror (HM). The beam passed through lens L4 into the back aperture of a 10 × objective lens (OL). An LED provided brightfield illumination 
when needed. A CMOS image sensor integrated into the optical path enabled real-time imaging, with the entire system controlled by a controller and computer 
interface. The blue beam represents the laser path, while the light blue beam corresponds to scattered light from the laser and LED. (B) Configuration for LFP 
recording. In head-fixed mice, a cranial glass window was implanted over the S1 cortex to allow optical access, and electrophysiological recordings were performed 
from layer V neurons beneath the window. (C) Representative images of the cranial window without stimulation (left, no stim) and during patterned optogenetic 
stimulation (right, stim), showing the projection of a letter “A” pattern (cyan) onto the cortical surface. (D) Characterization of spatial resolution. Left: A checkerboard 
light pattern generated by the DMD, with 20 μm features. Right: Confocal microscopy image of the corresponding pattern projected onto photographic paper, 
demonstrating a measured spatial resolution of 20 μm. Scale bar: 20 μm. (E) Characterization of temporal resolution. Photodiode recordings captured three 
sequential stimulation pulses, demonstrating a maximum switching frequency of 5000 Hz. Blue bars denote the timing of optical stimulation. Scale bars: 100 μs 
(horizontal), 100 μW/mm² (vertical).
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window was positioned parallel to the cortical surface, thereby mini
mizing curvature-related variations in light delivery. An adjacent rect
angular craniotomy (AP 0.5 to − 2.5 mm, ML 0.25–0.75 mm) was then 
made, and the dura was carefully removed. A custom electrode array 
containing 10 nichrome wires (761500, A-M Systems, WA, USA) was 
implanted perpendicular to the cranial window and lowered to a depth 
of 2.25 mm, corresponding to layer V of the S1 (Fig. 1B). The recording 
device and electrodes were secured to the skull with stainless-steel 
screws and dental cement. Following surgery, mice were individually 

housed in transparent Plexiglas cages with free access to food and water.
The experimental setup was designed to deliver precisely patterned 

light stimulation to the cranial window of head-fixed mice. A 488 nm 
blue diode laser (LP488-SF20G, Thorlabs, NJ, USA) was employed as the 
light source, delivering illumination to the cortical surface at an in
tensity of 550 μW/mm² during experiments. After collimation with an 
achromatic lens, the beam was directed onto a digital micromirror de
vice (DLP6500FYE, Texas Instruments, TX, USA), operated by a DLP 
controller (DLPC900, Texas Instruments), and custom software (https 

Fig. 2. Spatially distinct grid optogenetic stimuli evoke distinguishable LFP responses in the mouse S1 cortex. (A) Experimental schematic. Nine distinct stimulation 
patterns, corresponding to the areas of a 3 × 3 grid, were delivered for 50 ms to the mouse S1 through a cranial window. To ensure a systematic test, each pattern was 
presented 400 times in a fixed sequential order (positions 1 through 9) with an inter-trial interval of 550 ms, totaling 3600 trials per mouse. The resulting LFP 
responses to the stimulation were recorded and analyzed using a CNN to predict the delivered pattern. (B) Representative LFP traces evoked by stimulation of each 
area within the 3 × 3 grid. The corresponding colors of these traces match the stimulation areas detailed in the inset. (C) Architecture of the CNN employed for 
classifying the optogenetic stimulation patterns based on LFP data. (D) Confusion matrix of classification performance from a representative mouse. Columns indicate 
predicted areas, whereas rows indicate real stimulation areas. Darker colors represent higher classification frequencies out of a total of 3600 prediction trials (400 
trials per stimulation site). (E) Classification accuracy across experimental conditions. Thy1-ChR2 mice (Real, trained with real labels; n = 5) is compared against 
three controls: Surrogate data (trained on shuffled labels; ***P = 0.0002, post hoc Tukey’s multiple comparisons test, n = 5), Sham condition (trained with real labels 
but light stimulation delivered to a covered cranial window; ***P = 0.0004, post hoc Tukey’s multiple comparisons test, n = 5) and wild-type (WT) controls (Real, 
trained with real labels on data acquired from wild-type mice without ChR2 expression; ###P = 0.0002, unpaired t-test, n = 4). Box plots show median, quartiles, and 
individual data points. Chance level (1/9 = 0.111) is indicated by the dashed line. (F) Dependency of the classification error rate, normalized to the chance level, on 
the Euclidean distance between the two stimulating areas. The spatial separation was grouped into three categories: Near (1 and 21/2 unit distance), Middle (2 and 51/ 

2 unit distance), and Far (81/2 unit distance). There was a significant monotonic downwards trend (**P = 0.0014, Page's L test, n = 5).
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://github.com/UT-yakusaku/PatStimMethod) to generate spatial light 
patterns. The DMD reflected the desired pattern, and an iris diaphragm 
was placed in the beam path to block light from unwanted diffraction 
orders. The patterned light was then relayed to a half mirror (BSW10R, 
Thorlabs), which directed it into the back aperture of a 10 × objective 
lens (UPLXAPO10X, Evident Corporation, Tokyo, Japan) (Fig. 1A). This 
configuration projected the pattern onto the target, resulting in a final 

effective illumination diameter of 2 mm (Fig. 1C). The bright field im
ages were illuminated using an LED (5137, Adafruit Industries, NY, 
USA) and acquired using a CMOS sensor (CS165CU, Thorlabs). The 
spatial resolution of the projected patterns was measured by illumi
nating photographic paper (Sunprint Paper Kit, Lawrence Hall of Sci
ence, UC Berkeley, CA, USA) and subsequently imaging the pattern with 
a confocal microscope (A1-HD25; Nikon, Tokyo, Japan), confirming a 

Fig. 3. Rapid sequences of stimulation grids evoke distinguishable neural responses. (A) Experimental schematic. A 100 × 100 grid stimulation paradigm (each grid 
corresponding to 20 μm) was utilized to present temporal sequences to S1. The stimulation sequence consisted of 20 distinct grid patterns delivered over a 400-ms 
window, with each pattern illuminated for 20 ms consecutively (50 Hz frame rate). Each pattern comprised 1500 out of 10,000 squares (15 % spatial coverage) that 
were simultaneously activated. Sequences were presented in either a forward order (characterized by gradually accelerating frame-to-frame changes, starting with 
small differences and progressing to larger differences) or a reverse order (characterized by decelerating frame-to-frame changes). 100 trials were conducted for each 
sequence. A CNN was utilized to classify the evoked LFP responses as either the forward or reverse stimulation sequence. (B) Representative LFP traces during the 
forward and reverse stimulation sequence. The lines and shadows indicate the mean ± standard deviations of 100 stimulation trials each. (C) Distribution of trial-to- 
trial correlations of LFP waveforms during baseline (gray) and stimulation (blue) periods. The stimulation produced more invariant responses across trials than the 
baseline fluctuations. (****P < 0.0001, Wilcoxon signed-rank test, n = 100 pairs, n = 200 stimulation trials in one mouse.). (D) Trial-to-trial correlations of the LFP 
waveforms across three experimental conditions: Baseline (the 400-ms prestimulus period), 20-grid sequence (the forward sequence of 20 distinct grid patterns), and 
1-grid stimulation (400-ms continuous illumination with a single static grid pattern from the first frame of the forward sequence). Box plots show the median, 
quartiles, and individual data points with connecting lines for paired samples. (Baseline vs. 20-grid: *P = 0.0071; 20-grid vs. 1-grid: *P = 0.019; Baseline vs. 1-grid: 
*P = 0.039, post hoc Tukey’s multiple comparisons test, n = 5). (E) Classification accuracy for sequence direction (forward vs. reverse) decoding. The plot format is 
identical to Fig. 2D. Thy1-ChR2: Real (n = 5). Surrogate (****P < 0.0001, post hoc Tukey’s multiple comparisons test, n = 5). Dark (***P = 0.0002, post hoc Tukey’s 
multiple comparisons test, n = 5), and Wild-type (WT): Real (####P < 0.0001, unpaired t-test, n = 4). The broken line indicates the chance level (0.5). Box plots 
show median, quartiles, and individual data points.

R. Yoshida et al.                                                                                                                                                                                                                                Neuroscience Research 223 (2026) 105012 

4 

https://github.com/UT-yakusaku/PatStimMethod


working resolution of at least 20 μm (Fig. 1D); note that the system is 
theoretically capable of finer resolution (up to 2 μm). The temporal 
switching performance was assessed using a photodiode (FDS100, Texas 
Instruments), which confirmed reliable pattern presentation up to 
5000 Hz (Fig. 1E).

Concurrent with optical stimulation, local field potentials (LFPs) 
were recorded from head-fixed mice using the Open Ephys recording 
system (http://open-ephys.org) and an RHD 32-channel headstage 
(C3314, Intan Technologies, CA, USA). Signals were referenced to 
ground, digitized at 30 kHz, and downsampled to 2 kHz for subsequent 
analysis.

3. Results

To investigate whether spatially distinct patterned stimuli evoke 
discernible LFP responses, we illuminated the S1 of Thy1-ChR2 mice 
with blue-light patterns with a 3 × 3 grid (Fig. 2A). A single square 
within the grid was illuminated for 50 ms per trial. All nine positions 
were presented systematically in sequence, with an inter-trial interval of 
550 ms. Different grid patterns evoked separable LFP responses 
(Fig. 2B). A convolutional neural network (CNN) was trained to classify 
the stimulation patterns from the LFP data (Yamashiro et al., 2024) 
(Fig. 2C, D). Classification accuracy was significantly higher than the 
accuracy by CNNs trained with label-shuffled surrogate data or by CNNs 
trained with real data obtained under sham condition in which light 
stimulation was delivered with the cranial window covered (F(1.023, 
4.090) = 173.2, P = 0.0002, n = 5 mice, repeated-measures one-way 
ANOVA with Geisser-Greenhouse correction; 0.744 ± 0.107 (real) vs. 
0.116 ± 0.006 (surrogated), P = 0.0004; 0.744 ± 0.107 (real) vs. 0.114 
± 0.009 (sham), P = 0.0004; Tukey’s multiple comparisons test; 
Fig. 2E). To exclude photoelectric artifacts, control data was acquired 
from wild-type mice that did not express ChR2. Classification accuracy 
in Thy1-ChR2 mice was significantly higher than in wild-type controls 
(0.744 ± 0.107 (Thy1-ChR2; real) vs. 0.119 ± 0.0046 (WT; real), 
P = 0.0002, t(4.019) = 13.07, n = 5 and 4 mice, respectively, unpaired 
t-test with Welch’s correction; Fig. 2E), whose accuracy was not signif
icantly different from the chance level. Notably, stimulation patterns 
producing similar LFP responses (those frequently confused by the 
classifier) were spatially proximate on the grid. Consistent with this 
notion, the classification errors decreased with the Euclidean distance 
between grid positions (1.45 ± 0.44 (near), 0.89 ± 0.31 (middle), 0.28 
± 0.14 (far), P = 0.0014, L = 69.0, n = 5 mice, Page’s L test; Fig. 2F). 
Overall, spatially distinct grid patterns produced reliable evoked LFP 
responses that could be classified with approximately 75 % accuracy.

Finally, we investigated whether temporally changing sequences of 
spatial patterns evoke distinct neural responses. We generated and 
presented two 400-ms-long sequences to the S1 at a frame rate of 50 Hz. 
Each sequence was composed of 20 distinct 100 × 100 grid patterns. 
Each frame within the sequence maintained 15 % spatial coverage 
(1500 active squares), with an underlying resolution determined by the 
individual squares of approximately 20 μm. Both sequences utilized the 
identical 20 spatial patterns but were delivered in either a forward or a 
reverse temporal order. The forward sequence was defined by a linear 
increase in spatial dissimilarity (drift) from 0.05 (5 % change between 
initial frames) to 0.95 (95 % change between final frames), corre
sponding to accelerating frame-to-frame changes. Conversely, the 
reverse sequence exhibited decelerating changes (0.95–0.05 drift) 
(Fig. 3A). Beyond this specific constraint, the specific positions of active 
squares within each frame were randomly selected, and the same set of 
forward/reverse patterns were used across all mice. Sequential stimu
lation elicited consistent event-related potentials, characterized by low 
trial-to-trial variability (Fig. 3B). This response reliability was quantified 
by comparing each individual trial waveform against the average of all 
other trials (leave-one-out method), which revealed that sequential 
patterns produced highly similar response profiles (W = 3, 
P = 4.27 × 10⁻¹⁸, Wilcoxon signed-rank test, n = 100 pairs; Fig. 3C). 

Furthermore, the responses evoked by the forward 20-frame sequence 
(20-grid sequence) exhibited significantly higher trial-to-trial correla
tions compared to the single constant 400-ms grid pattern (1-grid 
stimulation), which utilized the first frame from the forward sequence. 
(Fisher’s z-transformed values, F(1.155, 4.622) = 20.23, P = 0.0071, 
n = 5 mice, repeated-measures ANOVA with Geisser-Greenhouse 
correction; − 0.00263 ± 0.044 (baseline) vs. 0.549 ± 0.268 (20-grid 
sequence), P = 0.0190; − 0.00263 ± 0.044 (baseline) vs. 0.212 ± 0.102 
(1-grid stimulation), P = 0.0186; 0.549 ± 0.268 (20-grid sequence) vs. 
0.212 ± 0.102 (1-grid stimulation), P = 0.0391, Tukey’s multiple 
comparisons tests; Fig. 3D).

The sequence direction (forward vs. reverse) was successfully 
discriminated, achieving an accuracy greater than 90 %. This perfor
mance was significantly above the levels observed in shuffled, sham, and 
wild-type control conditions (F(1.919, 7.674) = 174.6, P = 4.30 × 10⁻⁷, 
n = 5 mice, repeated-measures one-way ANOVA with Geisser- 
Greenhouse correction; 0.925 ± 0.062 (real) vs. 0.499 ± 0.023 (surro
gated), P = 0.0003; 0.925 ± 0.062 (real) vs. 0.508 ± 0.0035 (sham), 
P = 0.0002; Tukey’s multiple comparisons tests; 0.925 ± 0.62 (Thy1- 
ChR2; real) vs. 0.478 ± 0.061 (WT; real), P = 1.80 × 10⁻⁵, t(6.651) =
10.84, n = 5 and 4 mice respectively, unpaired t-test with Welch’s 
correction; Fig. 3E). Thus, our photostimulation is capable of evoking 
distinguishable neural responses driven by rapid 50-Hz frame changes, 
even when the total accumulated light exposure remains constant.

4. Discussion

This study developed and validated a high-resolution spatiotemporal 
optogenetic stimulation system using concurrent electrophysiological 
recordings. Our DMD-based platform achieved high precision (20 μm 
spatial, 5000 Hz temporal resolution) for delivering patterned light 
stimulation. We demonstrated that this patterned stimulation reliably 
evoked distinct neural responses discriminable by their spatial config
uration and temporal sequence. Specifically, spatially distinct grid pat
terns yielded separable LFP responses with an average classification 
accuracy of approximately 75 %, which decreased with decreasing 
spatial separation. Furthermore, temporal resequencing of identical 
spatial patterns achieved over 90 % classification accuracy. Collectively, 
these results validate a novel platform offering millisecond-scale tem
poral and micrometer-scale spatial control, showing that spatiotemporal 
stimulus features are reliably represented in cortical LFP dynamics.

In addition to validating the reliable responses induced by this 
apparatus, we revealed an intriguing property of neural circuits. The 
evoked response generated by the 20-grid sequence was remarkably 
more consistent than responses to baseline and 1-grid stimulation. The 
neural mechanisms underlying sequence discrimination remain to be 
elucidated. Although intrinsic neuronal dynamics and synaptic pro
cessing may contribute, adaptive mechanisms may also play a critical 
role in this temporal sensitivity. Notably, the progressive accumulation 
of both cell-specific adaptation (e.g., spike-frequency adaptation 
(Ganguly et al., 2024)) and circuit-wide adaptation (e.g., synaptic 
depression (Li and Glickfeld, 2023)) during the 400-ms stimulation 
period may cause identical spatial changes to evoke different responses 
depending on when they occur in the sequence. Future experiments 
employing cell-type-specific recordings or computational modeling 
could disentangle these contributions and clarify how cortical circuits 
exploit temporal structure in information processing.

Furthermore, several technical considerations warrant discussion. 
While our optical system achieves 20 μm spatial resolution (Fig. 1D), the 
effective in vivo resolution is degraded by tissue scattering. The scat
tering length for 473 nm light in mouse cortex is approximately 50 μm 
(Yona et al., 2016). Nevertheless, given that our stimulation primarily 
targets superficial dendrites near the cortical surface (layers I-II/III, 
approximately 0–100 μm depth), the effective spatial resolution remains 
approximately 10–30 μm—a range sufficient for our population-level 
approach. Additionally, optical vignetting reduces light intensity 
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toward field edges (approximately 85 % of center intensity). Despite this 
non-uniformity, our successful classification of peripheral grid positions 
indicates that discrimination was not precluded. For future work, in
tensity calibration could be incorporated to improve uniformity across 
light patterns.

Overall, this study presents distinct methodological and conceptual 
contributions. The methodological advance lies in establishing a plat
form combining high spatiotemporal precision (20 μm spatial, 5000 Hz 
temporal) with electrophysiological readout and quantitative classifi
cation. This combined approach enables the investigation of 
millisecond-scale temporal coding while providing a framework for 
assessing pattern fidelity in cortical circuits. Conceptually, our findings 
reveal two principles of cortical function. First, temporal ordering itself 
is robustly encoded: identical spatial patterns in forward versus reverse 
order evoke distinguishable responses. Second, our observation that 20- 
grid sequential stimulation produces more reliable responses than con
stant stimulation reveals that temporal structure constrains network 
variability, suggesting complex dynamics may serve a computational 
function in reducing noise.

Moreover, these findings align with established principles of cortical 
processing: artificial microstimulation can evoke patterns resembling 
natural sensory input (Pancholi et al., 2023), and cortical circuits exhibit 
pattern completion tendencies (Carrillo-Reid et al., 2019; Shin et al., 
2025) that may amplify and stabilize externally imposed activity pat
terns (Hires et al., 2015). Our demonstration that these principles 
operate at millisecond timescales—and that temporal structure en
hances response reliability—suggests that optimizing both spatial and 
temporal features is critical for effective neural manipulation. Building 
on this foundation, our approach provides a technical framework for 
closed-loop systems that can detect and manipulate endogenous 
spatiotemporal patterns in real-time. These systems will be instrumental 
in addressing questions about how cortical networks encode temporal 
information and how artificial patterns interact with endogenous ac
tivity, with applications in sensory perception (Yoshida et al., 2025) and 
peripheral control (Ishii et al., 2025; Yoshimoto et al., 2024).
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