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Light‑driven molecular reorientation 
for large‑scale photonic in‑memory computing
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Abstract 

Photonics has the potential to transform high-speed and energy-efficient artificial intelligence. However, most pho‑
tonic computing platforms still rely on costly electro-optic conversions for data input, weight loading and storage, 
resulting in substantial overhead during large-scale computation. Here, we present a large-scale photonic in-memory 
computing platform based on liquid crystal (LC)-enabled Poincaré-sphere-connected neural networks. Megabyte-
level nonvolatile photonic memory is introduced through light-driven reorientation of sulfonic azo-dye and LC mole‑
cules, which also functions as the reconfigurable optical neurons. This architecture uniquely integrates optical sensing, 
memory, and computing in situ, allowing minimal data-movement overheads in various switchable machine vision 
tasks. Ultrahigh scalability is demonstrated by a 9.44-million-neuron photonic processor array that supports massively 
parallel optical computing, recording and retrieval, providing a memory capacity 100,000 times larger than state-of-
the-art photonic in-memory computing. This work offers a novel pathway toward scalable submicrometer-precision 
photonic memory, thus establishing a new paradigm for physical neural networks and brain-like artificial intelligence.

Keywords  Optical computing, Optical neural networks, Polarization optics, Liquid crystals, Reconfigurable 
microstructures

1  Introduction
The rapid advancement of artificial intelligence (AI) is 
driving an urgent demand for more efficient computing 
architectures. Conventional von Neumann platforms, 
which separate memory and processing units, face fun-
damental limitations in speed and energy efficiency due 
to frequent data movement across electronic modules. 
Inspired by the seamless integration of sensing, memory, 
and computing in the human brain, emerging in-memory 
and in-sensor computing paradigms  [1–4] seek to over-
come this bottleneck by performing computation directly 
where data are stored or sensed, but remain limited by 
repeated digital-analog conversions, voltage-drop errors 
in crossbar wires, and device behaviour variations. Pho-
tonics, with ultralow latency and intrinsic parallelism, has 
emerged as another compelling alternative to overcome 
the von Neumann bottleneck  [5, 6], facilitating high-
throughput computation in both on-chip and free-space 
architectures. On-chip optical computing architectures 
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based on Mach–Zehnder interferometers [7–10], optical 
attenuators [11], and micro-ring resonators [12, 13] offer 
advantages in compactness and computational density, 
whereas free-space architectures based on 3D-printed 
masks [14–16], spatial light modulators (SLMs) [17–19], 
and metasurfaces  [20–23] excel in computational scale 
and parallelism. However, most current optical comput-
ing platforms are designed primarily as accelerators and 
still depend heavily on costly electro-optic conversions 
for data input, weight loading, and storage.

To approach brain-like efficiency and parallelism, it 
is essential to integrate optical sensing, memory, and 
computing in  situ to minimize data movement. Recent 
advances in photonic in-memory computing  [24] have 
demonstrated the potential for co-located storage and 
processing with either nonvolatile or volatile reconfigur-
ability. Nonvolatile photonic in-memory chips have been 
developed for matrix multiplication based on phase-
change materials  [25–27] and magneto-optic materi-
als [28]. Yet, their constrained spatial dimension and high 
optical loss intrinsically limit the interconnection scale of 
photonic networks. In contrast, free-space optical com-
puting based on light diffraction [29] marks a milestone 
in scaling photonic neural networks. For in-memory 
matrix multiplication, weights can be directly encoded 
onto SLMs [30, 31] or tunable metasurfaces [32] in a vol-
atile manner. For a wider range of applications, diffractive 
neural networks (DNNs)  [14] have emerged as a com-
pelling architecture, demonstrating remarkable success 
in image classification [33–35], optical imaging  [36, 37], 
optical logic operation  [38, 39], holographic reconstruc-
tion  [40, 41], and wireless sensing  [42]. However, these 
diffraction-based optical computing platforms either lack 
reconfigurability or rely on volatile electrical program-
ming that requires continuous power supply. The absence 
of nonvolatile photonic memory poses a critical chal-
lenge to realizing large-scale photonic in-memory com-
puting with minimal electro-optic conversion.

In this work, we present a scalable photonic in-mem-
ory computing platform using photo-rewritable liquid 
crystals (LCs). The LC molecules are programmed with 
iteratively trained in-plane orientations to construct 
Poincaré-sphere-connected vectorial DNNs, integrating 
high-dimensional optical computing with sensing capa-
bilities. Via a polarization-sensitive dye, the LC orienta-
tions can be optically reconfigured to induce persistent 
trajectory variations on the interconnected Poincaré 
spheres, which further incorporates the nonvolatile 
photonic memory. In the experiment, up to 9.44 mil-
lion reconfigurable vectorial neurons are built to sup-
port in-situ optical sensing, memory, and computing 
of vectorial light. Through expansion into large-scale 
processor arrays, this platform can achieve massively 

parallel computing, single-shot recording, and light-
speed retrieval of 576 polarization encoding channels. It 
also allows flexible switching between various machine 
vision tasks while consuming negligible static power. This 
work greatly enhances the scalability and dimensionality 
of photonic in-memory computing, providing transform-
ative opportunities for next-generation intelligent pho-
tonics and AI hardware.

2 � Results
2.1 � Photonic in‑memory computing based on LC vectorial 

DNNs
As prototypical dynamic matter with strong anisot-
ropy, LCs  [43, 44] not only find wide applications in 
displays and SLMs, but can also convert the polariza-
tion of light  [45–49], causing the evolution of states on 
the so-called Poincaré sphere—a prominent geometric 
representation of polarization  [50]—according to their 
molecular arrangements. Here, using photo-rewritable 
LCs for nonvolatile photonic memory, we propose a 
new photonic in-memory computing platform based on 
Poincaré-sphere-connected vectorial DNNs as concep-
tually illustrated in Fig. 1a. For the input and output lay-
ers, the polarization of light at each position is described 
as a point on the Poincaré sphere. For the hidden layers, 
the vectorial neurons formed by space-variant polariza-
tion converters are described as numerous trajectories 
on the Poincaré spheres, with their start and end points 
indicating the polarization states before and after conver-
sion. Through free-space diffraction of the vectorial light 
field, the Poincaré spheres in adjacent layers are intercon-
nected across amplitude, phase, and polarization dimen-
sions, thereby linking the input to the output vectorial 
light.

The nonvolatile photonic memory is developed through 
light-driven reorientation of LCs, leading to the Poin-
caré-sphere-reconfigurable DNN (Fig.  1b). For a given 
LC orientation, the corresponding polarization conver-
sion trajectory on the Poincaré sphere is a circular arc 
rotating around a specific axis, whose angle with the S1-
axis is exactly twice the in-plane orientation angle of the 
LCs. The start point of the trajectory coincides with the 
incident polarization state, and its rotation angle equals 
the LC phase retardation (see Additional file 1: Note 1 for 
details). Intriguingly, by rewriting the LC orientation, this 
specific axis synchronously rotates, resulting in nonvol-
atile trajectory variations on the Poincaré sphere. Here, 
a photosensitive dye is utilized as the medium for the 
reorientation of LC molecules (Fig. 1c). When exposed to 
UV light with changing linear polarization, the photosen-
sitive azo-dye molecules on substrates tend to reorient 
their absorption oscillators orthogonal to the UV polari-
zation direction owing to their photoisomerization and 
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dichroic absorption. Through anisotropic intermolecular 
interactions, these azo-dye molecules will further reori-
ent the adjacent LC molecules into the same alignment.

With large-scale reconfigurable Poincaré spheres, the 
LC vectorial DNN enables not only higher capacity and 
adaptability but also specialized functionalities such as 
Poincaré-sphere-perceptive photonic in-memory com-
puting (Fig. 1d). Conventionally, sensing, computing, and 
recording of polarized objects are usually performed in 
separate electronic modules. In contrast, the vectorial 
DNN can simultaneously sense and distinguish them 
via the medium of light through proper manipulation 
of photonic memory in the Poincaré sphere array, and 

the computing results can be directly recorded in addi-
tional programmable Poincaré spheres, which holds great 
promise for real-time all-optical processing of ubiquitous 
light polarization.

2.2 � In‑situ optical computing 
via Poincaré‑sphere‑connected DNNs

To train the Poincaré-sphere-connected vectorial DNN 
to perform different tasks directly in the optical domain, 
we establish its forward propagation model using the 
Jones matrix method (Fig.  2a–c; Additional file  1: Fig. 
S1). As illustrated in Fig.  2a, each polarization state on 
the Poincaré sphere can be represented by a Jones vector 
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Fig. 1  Schematic of photonic in-memory computing based on LC vectorial DNNs. a, Schematic of the Poincaré-sphere-connected vectorial DNN. 
The points on the Poincaré spheres in the input and output layers represent local polarization states, and the arrows in the hidden layers represent 
various polarization conversions. The orange lines depict the diffraction-induced interconnections between adjacent layers. b, One of the LC-based 
reconfigurable Poincaré spheres in (a), showing that the trajectory (red arrow) on the Poincaré sphere can vary over time and act as nonvolatile 
photonic memory by rewriting the in-plane orientation of LC molecules (blue rods sandwiched by glass substrates). The white arrows indicate 
the polarization states before and after conversion. The red dashed circles around the switchable yellow axis (determined by the LC orientation) 
indicate other possible polarization conversions. c, Photonic memory mechanism of the LC-based Poincaré spheres, where nematic LC molecules 
tend to reorient orthogonal to the polarization of UV light in a nonvolatile manner due to the intermolecular interactions from photosensitive 
dye molecules. d, Potential application of the LC vectorial DNN in Poincaré-sphere-perceptive photonic in-memory computing. Compared 
to the conventional approach, where sensing, computing, and recording of polarized objects are performed in separate electronic modules, 
the vectorial DNN can complete all these processes in the same all-optical system
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]T . Consequently, the space-variant vectorial light 

field in the k-th layer can be vectorized as 
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which the 2D distributions of Ex and Ey are flattened into 
a column vector. Considering multiple layers of diffrac-
tion and modulation (Fig.  2b), the forward propagated 
vectorial light field can be formulated as
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Wk denotes the diffractive weight matrix from the 
(k − 1)-th layer to the k-th layer, which can be derived 
from the Rayleigh-Sommerfeld diffraction theory (see the 
Methods for more details). J kxx , J kxy , J kyx , and J kyy represent 
the space-variant vectorial light modulations in the k-th 
layer, which are essentially the vectorized form of the 2 × 2 
Jones matrix J. In this work, LCs serve as the polarization 

Fig. 2  Poincaré-sphere-connected DNN model for in-situ optical computing. a, Schematic of the Poincaré sphere. Six typical polarization states are 
marked on the sphere (red arrows) and labeled with their respective Jones vectors (unnormalized). b, Forward propagation and backpropagation 
model of the vectorial DNN. The independent diffraction of horizontally and vertically polarized light are depicted by blue and pink arrows, 
respectively. The arrows within blue dotted boxes indicate the trainable polarization conversion relations. c, Trainable Jones matrix J of LCs 
dependent on their tilt angle θ and in-plane orientation angle α. The red dotted lines in the θ-dependent curve chart mark the first-order half-wave 
condition of LCs. d, Schematic of intelligent polarization encoding, where different digits can be encoded into different polarization states (colourful 
stars and arrows) through diffraction. e, LC orientation distribution α1 trained for the function in (d). f, Experimental results of digit classification 
via polarization encoding. The insets represent the input images. The intensity patterns are their respective output fields. The measured polarization 
ellipses (upper right) and polarization-filtered intensities (blue bars) indicate the averaged polarization within the detection area (blue square box). 
g, Detected polarization for 200 blind test images plotted in the 3D perspective (left), 2D top-down view (middle), and 1D equatorial projection 
(right) of the Poincaré sphere. The colours of the points indicate their respective true labels. β refers to the azimuthal angle of the Poincaré sphere. h, 
Experimental confusion matrix of the polarization encoding task
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converters in the vectorial DNN (Fig.  2c). Their trainable 
Jones matrix J(α, θ) can be expressed as

where α and θ denote the in-plane orientation angle 
and out-of-plane tilt angle of the LCs, respectively; 
Γ(θ) represents the phase retardation; I is the identity 
matrix; and i2 = –1. For simplicity, LCs can be adjusted 
to a half-wave condition to keep cos(Γ/2) = 0 so that the 
Jones matrix depends solely on α. A loss function can be 
defined to quantify the difference between the output 
vectorial field and the ground truth (see Additional file 1: 
Note 2 for the definitions of different loss functions). 
Using the gradient-based error backpropagation algo-
rithm, the α distribution in each LC layer can be itera-
tively updated to minimize the loss function, ultimately 
leading to the optimal parameters for the intended task.

As an explicit demonstration, we trained the Poin-
caré-sphere-connected DNN for intelligent polarization 
encoding, in which different images can be encoded into 
different polarization states. As shown in Fig.  2d, the 
handwritten digits 1 to 4 from the MNIST dataset are 
targeted to four separate points on the Poincaré sphere. 
Through the LC vectorial DNN, the input digit with hori-
zontal polarization will gradually converge to the detec-
tion area (equivalently regarded as a single pixel), with 
its polarization state “walking” on the Poincaré sphere. 
On the basis of its final position relative to the four tar-
get points, the input digit can be rationally classified. In 
the experiment, the optimal orientation α1 (Fig. 2e) was 
written into LCs through the first round of light-driven 
molecular reorientation. Some examples of its use in 
classifying 200 blind test handwritten digits are shown 
in Fig.  2f, in which the inference can be easily made by 
detecting the central polarization or by comparing the 
intensities under different analyser directions. Figure 2g 
presents the polarization encoding results for all 200 test 
images. From the 3D perspective, 2D top-down view, and 
1D equatorial projection of the Poincaré sphere, different 
digits are clearly separated in the polarization space, lead-
ing to a high classification accuracy of 94.5% (Fig. 2h).

2.3 � In‑situ photonic memory 
for Poincaré‑sphere‑reconfigurable DNNs

The nonvolatile photonic memory via LCs was then 
explored to realize the Poincaré-sphere-reconfigurable 
DNN. In our dual-functional optical setup (Fig. 3a), blue 
and red lasers are used for LC reorientation and opti-
cal computing, respectively. By sandwiching an SLM 
between two achromatic quarter-wave plates, an arbi-
trary linear polarization distribution can be constructed 

(2)

J(α, θ) = cos
Ŵ(θ)

2
I− i sin

Ŵ(θ)

2

[

cos (2α) sin (2α)
sin (2α) − cos (2α)

]

,

for both lasers (see the Methods for details), which is 
then projected onto the LC device via a 4-f system. For 
the blue laser, this space-variant polarization can rewrite 
the vectorial DNN in a single shot, serving as the recon-
figurable photonic memory. For the red laser, an addi-
tional polarizer is added in front of the LCs to convert 
the polarization distribution into an arbitrary amplitude 
image, which can directly serve as the input of the vec-
torial DNN. Compared with other micro/nano-polari-
zation converters [51], the employed LC device requires 
only simple fabrication steps (Fig.  3b), offering a much 
more cost-effective and fabrication-friendly platform. 
Moreover, by setting the first diffraction distance to 
zero, memory rewriting and optical computing can even 
be conducted in  situ without any movement of the LC 
device (Fig. 3c; see the Methods for details), completely 
avoiding any time-consuming light-to-device alignment. 
In this work, five different vectorial DNNs (α1 to α5) 
were successively reconfigured with the same LC device 
(Fig. 3d), verifying the remarkable optical reconfigurabil-
ity of LC vectorial DNNs and their potential in photonic 
in-memory computing.

Leveraging this reconfigurability, we rewrote the vec-
torial DNN from α1 to α2 to achieve greater accuracy in 
polarization encoding through ensemble learning  [52] 
(Fig. 3e). Since α1 and α2 were jointly trained (see Addi-
tional file  1: Note 3 and Fig. S2a for details), their joint 
inference can effectively correct some mispredictions 
from a single model (Fig.  3f ), thereby enhancing the 
computing robustness. The joint confusion matrix for 
all 200 test images and its difference from the single-
model matrices are shown in Fig. 3g,h, demonstrating an 
increased classification accuracy of 96.5% (see the simu-
lation results in Additional file 1: Fig. S3). This ensemble 
learning of multiple sequential models suggests a new 
approach to achieving higher computing performance 
and supporting more complex tasks, which is as effective 
as adding spatial layers (Additional file 1: Fig. S2b-d).

2.4 � In‑situ polarized object sensing 
via Poincaré‑sphere‑perceptive DNNs

Furthermore, the LC orientation was reconfigured to α3 
(Fig. 3d) to demonstrate the Poincaré-sphere-perceptive 
DNN, which can simultaneously sense and compute 
polarization information. During training, nine catego-
ries of images in three polarization states were allocated 
to three detection areas (Fig. 4a) with a fixed horizontal 
analyser, enabling polarization-multiplexed classification 
and polarized object perception.

The three rows in Fig.  4a can be viewed as polariza-
tion multiplexing of three independent tasks (Additional 
file 1: Fig. S4a), including letter (E-MNIST), fashion item 
(Fashion-MNIST), and digit (MNIST) classifications. In 
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each polarization channel, the image category is deter-
mined by identifying the detection area with the highest 
intensity. Some experimental results are shown in Fig. 4b 
and Additional file  1: Fig. S4c, indicating that the input 
images with appropriate incident polarizations can be 
correctly classified. After 200 images were tested for each 
task, three polarization-dependent confusion matrices 

were obtained (Fig.  4c), with classification accuracies of 
88%, 92.5%, and 93%. By adding a fully connected layer 
for adaptive training, these accuracies can be further 
improved to 91%, 95%, and 95.5% (Methods; Additional 
file  1: Fig. S5). Notably, while polarization significantly 
expands the computing capacity of DNNs, DNNs also 
help exceed the inherently limited number of polarization 

Fig. 3  Poincaré-sphere-reconfigurable DNN with in-situ photonic memory. a, Shared optical setup for LC reorientation and optical computing. 
DM, dichroic mirror; L1-L4, lenses; P1-P3, polarizers; QWP1-QWP3, quarter-wave plates; BS, beam splitter; SLM, spatial light modulator; M1-M3, mirrors; 
LED, light-emitting diode. The reorientation and computing modules can be switched in situ, leading to the nonvolatile photonic in-memory 
computing. b, Fabrication steps of the LC device. c, Repeatable memory rewriting process of the LC vectorial DNN. A high-frequency electrical 
signal (2 MHz) is applied during reorientation and erasing to improve the reconfiguration quality via the LC electrothermal effect. A low-frequency 
electrical signal (1 kHz) is applied during computing to satisfy the half-wave condition of LCs, which can be omitted with appropriate cell thickness. 
d, Five optically reconfigured LC structures involved in this work, including their trained LC orientation distributions (α1-α5) and respective polarized 
optical micrographs (POM1-POM5). The blue t-axis represents their reprogramming sequence. The red, blue and purple colours of the dashed 
rectangles and circles correspond to the three different functionalities involved in this work, namely polarization encoding, polarization 
perception, and optical recording. The white arrows depict the crossed polarizer and analyser. All scale bars represent 400 μm. e, Schematic 
of rewriting the vectorial DNN from α1 to α2 to make joint inference for digit classification, which is expected to enhance computing performance 
and robustness. f, Two examples of making joint inference by the two models. The insets represent the input images. Pink and blue bars represent 
the predictions from α1 and α2, respectively. g, Experimental confusion matrix based on the joint inference of α1 and α2. h, Difference matrix 
between (g) and single-model confusion matrices based solely on α1 (upper right) or α2 (lower left)



Page 7 of 14Liu et al. eLight            (2026) 6:26 	

Fig. 4  Poincaré-sphere-perceptive DNN for in-situ polarized object sensing. a, Schematic of Poincaré-sphere-perceptive classification, where nine 
categories of images in three polarization states (red arrows and dots) are allocated to three detection areas with a fixed horizontal analyser. 
The three rows can be viewed as polarization multiplexing of three independent classification tasks, while the three columns can be viewed 
as the perception of three categories of polarized objects. b, Experimental results of polarization-multiplexed image classification in the second 
polarization channel. The insets represent the input images with their incident polarization marked by red arrows. The intensity patterns are their 
respective output fields. The detection areas with the highest overall intensities are highlighted by red square boxes, which indicate the predicted 
labels. c, Experimental confusion matrices of the three multiplexed image classification tasks. d, Schematic of polarized object perception, 
where objects with different polarization features can be sensed and classified by the vectorial DNN. e, Experimental results of polarized object 
perception for the second category. The insets conceptually represent different polarization features of the input polarized object, with their 
respective polarization marked by red arrows. f, Experimental confusion matrix of the polarized object perception task. g, Envisioned application 
of the vectorial DNN in real-time biological sample analysis and pathological diagnosis. h, Optical setup of the convolutional vectorial DNN 
for real-world cell classification. P1-P2, polarizers; L1-L3, lenses; LC1-LC2, photo-rewritable LC devices. The dashed line represents the imaging plane 
of the sample, which overlaps with the input plane of the 4-f system. i, Experimental results of sensing and classifying two types of plant cells. The 
scale bars in the micrographs represent 400 μm. The black arrows represent the polarization states of corresponding polarization features
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channels (see the simulation results of 10-channel multi-
plexing in Additional file 1: Fig. S6).

More interestingly, the three columns in Fig.  4a can 
be viewed as the perception of three categories of polar-
ized objects (Additional file 1: Fig. S4b), in which differ-
ent images conceptually represent different polarization 
features of the input object. As illustrated in Fig.  4d, 
if all the polarization features can be correctly identi-
fied by the vectorial DNN, then their combination, i.e., 
the actual polarized object, can be reasonably classified. 
Experimentally, different polarization features belonging 
to the same object category tend to converge to the same 
detection area (Fig. 4e; Additional file 1: Fig. S4c), reach-
ing a high classification accuracy of 91.2% for all 600 test 
polarization features (Fig. 4f ). As an application example, 
this strategy is potentially applicable to real-time biologi-
cal sample analysis and pathological diagnosis (Fig.  4g). 
After being trained with measured polarization features, 
the vectorial DNN can be used to classify tissue or cel-
lular samples in an all-optical polarization-perceptive 
manner, thereby reducing computational latency and 
enhancing diagnostic accuracy.

In the proof-of-concept experiment, we constructed a 
novel convolutional vectorial DNN to directly sense and 
classify two types of plant cells, i.e., onion epidermal cells 
and cauliflower cells, in the optical domain. As shown 
in Fig. 4h, the convolutional vectorial DNN consists of a 
fixed optical convolutional layer and a trainable diffrac-
tive layer. The first LC device with a spiral-phase pattern 
is placed at the Fourier plane of a 4-f system to perform 
optical convolution, which can convert different edge 
directions into different polarization directions  [46]. As 
a result, the onion epidermal cells with dominant verti-
cal edges can produce a generally vertical polarization, 
whereas the cauliflower cells with multi-directional edges 
can produce a polarization with no preferred directions. 
The second LC device was trained using the polariza-
tion features of these cells after optical convolution and 
is placed at the output plane of the 4-f system to func-
tion as a polarization classifier. It can concentrate verti-
cally polarized light and polarization‑unbiased light into 
different detection areas, thereby enabling direct optical-
domain classification of these two types of cells (see more 
details in Methods and Additional file 1: Fig. S7).

2.5 � Large‑scale photonic in‑memory computing
Beyond weight storage in photonic in-memory comput-
ing, the nonvolatile photonic memory via LCs further 
suggests an ingenious way to incorporate single-shot 
vectorial light recording into DNNs. Because the pho-
tonic memory arises from the direct interaction between 
light and molecules, it can achieve a recording resolu-
tion down to the hundred-nanometer scale at sufficiently 

small layer thicknesses. As illustrated in Fig.  5a and 
Additional file 1: Fig. S8, the blue-light computing result 
of the vectorial DNN can be recorded by an additional 
LC device by reorienting LCs orthogonal to the output 
polarization. Similar to the memory rewriting process, 
the recorded light will activate the circles around a spe-
cific axis on the Poincaré sphere, which can be opti-
cally read or retrieved (see Additional file  1: Note 4 for 
details). To experimentally demonstrate this, we recon-
figured the vectorial DNN to α4 (Fig. 3d) to perform the 
same polarization encoding task as in Fig.  2d but for a 
blue-light wavelength. For an input digit “3”, this vectorial 
DNN generates a generally vertically polarized light spot 
(Fig.  5b) and thus horizontally reorients the LC mole-
cules in the central area (Fig. 5c; see Additional file 1: Fig. 
S9 for more experimental results). A full-wave plate was 
inserted into the polarized optical microscope to read the 
recorded LC orientations (Fig.  5d; see Additional file  1: 
Fig. S10 for details), where the green colour verifies the 
horizontal LC orientation.

By integrating 12 × 12 vectorial DNN units with 9.44 
million reconfigurable vectorial neurons (Fig.  5e; Addi-
tional file  1: Fig. S11), we further achieve large-scale 
photonic in-memory computing (Fig.  5f ). Each identi-
cal unit in the array was trained to classify an input let-
ter (“a”, “b”, “c”, or “d”) by encoding four light spots. Only 
the spot corresponding to the true label is optimized as 
vertically polarized, whereas the other three spots are 
optimized to be horizontally polarized, leading to 576 
parallel polarization encoding channels in total. As an 
example, a 3 × 2 subarray was utilized to simultaneously 
classify the six letters “bad cab” (Fig. 5f (i)). With the opti-
cally reconfigured LC orientation α5 (Fig. 5e), each letter 
can be encoded into four spots (Fig. 5f (ii)), with the spot 
corresponding to its true label optimized as vertically 
polarized. The output vectorial light can be recorded in 
another LC device and subsequently retrieved by laser 
illumination. Since the optical recording effect is weak at 
small exposure dosage below the threshold and tends to 
saturate at large exposure dosage, a sigmoid-shaped non-
linear relation naturally exists between the retrieved and 
recorded light (Fig.  5f (iii)), indicating its potential as a 
nonlinear activation function  [53]. Such parallel optical 
recording is verified by the LC micrographs after record-
ing (Fig.  5f (iv)), where 24 bright spots with positions 
and geometries consistent with the recorded light are 
observed. With an inserted full-wave plate, the catego-
ries of the six input letters can be inferred based on the 
observed colours. In general, the spots corresponding to 
the true labels appear closer to green, indicating the hori-
zontal LC orientation and vertically polarized recorded 
light. Parallel optical retrieval is further achieved by 
illuminating the LC recording device with a laser. After 
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crossed polarizers, a light field containing the previously 
recorded computational results can be reconstructed at 
light speed (Fig. 5f (v)). This field can be further used in 
the next all-optical loops, enabling network extension, 
power regeneration, repeated data access, and temporal 
sequence processing in deep DNNs (Additional file 1: Fig. 
S8). More explanations and results can be found in Addi-
tional file 1: Note 5 and Fig. S12.

3 � Discussions
By developing nonvolatile photonic memory compat-
ible with large-scale free-space interconnections, the 
proposed platform substantially enhances the scalability 
of photonic in-memory computing, further enabling a 
brand-new class of memory-integrated free-space optical 
systems for end-to-end photonic processing, all-optical 
training, time-series computation, photonic switches, 
and photonic neuromorphic computing. Up to 9.44 mil-
lion reconfigurable vectorial neurons with 8-bit weight 
precision are implemented to sense, compute, record, 

and retrieve vectorial light in a multi-core parallel man-
ner, providing a high memory capacity of 151.04 Mbit 
across the two LC layers. Approximately 2.72 × 109 real-
valued multiply-accumulate operations can be performed 
in memory at a time, which can lead to an effective com-
puting speed of 5.44 × 1016 FLOPS, assuming real-world 
input and 10  MHz photodetectors are used. The task 
complexity is currently limited by a trade-off with high 
computational parallelism. By using large-scale neurons 
as a single-core processor, introducing additional dif-
fractive layers (Additional file  1: Fig. S13), incorporat-
ing nonlinear activations (Additional file  1: Fig. S14), 
or constructing hybrid optoelectronic neural networks 
(Additional file  1: Fig. S15), more complex tasks can be 
solved with high performance. The memory rewriting 
speed highly depends on the power density and wave-
length of the writing light. In our case, with a low-power 
continuous laser (450 nm, 2.05 mW/cm2), the LC orien-
tations can be rewritten within 60 s. This can be drasti-
cally shortened to below 100 ms by using a higher-power 

Fig. 5  Large-scale photonic in-memory computing. a, Schematic of vectorial light recording using the nonvolatile photonic memory via LCs. The 
white arrow represents the vertically polarized blue-light computing result, which can be recorded by reorienting LCs into horizontal alignment. 
The recorded information corresponds to the circles (red) around a specific axis (yellow) on the Poincaré sphere, which can be optically read 
or retrieved. b, Experimental computing result to be recorded in the blue-light polarization encoding task. The insets show the input image (upper 
left) and the enlarged intensity pattern marked with ideal polarization (upper right). c, Polarized micrograph of LCs after recording and the enlarged 
micrograph marked with ideal LC orientations (upper right). The white arrows depict the crossed polarizer and analyser. d, Readout of the LC 
orientation distribution with crossed polarizers (P and A) and a 530 nm full-wave plate (WP). The colour bar indicates the relation between colours 
and LC orientations. e, 12 × 12 large-scale array of the LC vectorial DNN α5 (upper) and its real-world photo under crossed polarizers (lower). The 
effective area is enclosed by dotted lines. f, Experimental results of large-scale photonic in-memory computing based on the LC device in (e), 
including: (i) optical input example “bad cab”; (ii) output intensity pattern after parallel optical computing; (iii) nonlinear relation between retrieved 
and recorded light; (iv) micrographs of another LC device after recording the computing results, with black or white arrows labeling the crossed 
polarizers and the yellow arrow labeling the optional full-wave plate; (v) light-speed optical retrieval of the computing results under crossed 
polarizers, which can be used in the next all-optical loops. The experimental results for the second input letter “a” are enlarged and labeled 
with dotted circles, with the ideal output polarization and LC orientations marked in (ii) and (iv), respectively. The scale bars represent 200 μm 
in (b,c) and 10 mm in (e)
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continuous laser (405  nm, 1.07 × 104  mW/cm2) and 
potentially shortened to only 3  ns using an ultrahigh-
peak-power femtosecond laser (400 nm, 1.24 × 1013 mW/
cm2) (Additional file 1: Fig. S16 and S17; Methods).

Compared to SLM-based solutions  [30, 31] and the 
tunable metasurface solution from Neurophos  [32], the 
proposed new platform is distinguished by its nonvola-
tile nature, which offers negligible driving power and 
high energy efficiency during static operation (Additional 
file 1: Table S1). It also offers a higher transmission effi-
ciency of 92.5%, corresponding to an insertion loss as 
low as 0.34 dB, while its relatively limited rewriting speed 
makes it more suitable for problems that fit within the 
hardware resources and do not require external memory 
access. A more detailed performance assessment is pro-
vided in Additional file 1: Note 6 and Table S2, along with 
a comprehensive comparison with state-of-the-art opti-
cal computing technologies in Additional file 1: Tables S3 
and S4. Moreover, this work demonstrates the unprec-
edented in-situ optical reconfiguration of vectorial light. 
By overcoming the intrinsic static constraint of conven-
tional polarization platforms, it promises to transform 
polarization optics from a fixed-function paradigm into 
a programmable and adaptive one. This capability facili-
tates versatile polarization-related applications (see an 
envisioned deployable system for real-time biological 
sample analysis in Additional file  1: Fig. S18) and also 
suggests a pathway for sensing, computing, and recording 
of other dimensions of light [54], holding great potential 
for high-dimensional imaging  [55–57], content genera-
tion [18, 58], and in situ training [59].

In summary, a large-scale photonic in-memory com-
puting platform is developed based on light-driven reori-
entation of LC molecules. Its unique neural network 
architecture, depicted by an interconnected Poincaré 
sphere array, enables optical encoding, multiplexing, 
and perception of polarization information, substantially 
enhancing the dimensionality of current DNNs. The dis-
tinctiveness of the nonvolatile photonic memory further 
allows adaptable function switching, retrievable optical 
recording, and scalable parallel computing. This work 
establishes a new paradigm for optical neural networks 
by integrating optical sensing, memory, and computing 
in  situ, opening new avenues for intelligent photonics 
and brain-like AI architectures.

4 � Methods
4.1 � Vectorial DNN model
In the forward propagation model of the vectorial 
DNN, the vectorial light fields in different layers are 
modulated by polarization converters and intercon-
nected through free-space diffraction (Fig.  2a–c). For 
each position, the vectorial light field can be depicted 

by a Jones vector 
[

Ex Ey
]T . Ex and Ey refer to the hori-

zontal and vertical polarization components, respec-
tively. To describe the space-variant vectorial light field 
in the k-th layer of the vectorial DNN, the Jones vector 

can be further vectorized as 
[

Ek
x Ek

y

]T
 , where each ele-

ment represents a polarization component within a sin-
gle pixel. For example, a 256 × 256 area corresponds to 
a vectorized Jones vector with 131,072 elements (65,536 
for each polarization component). If LCs are selected as 
the polarization converter, their modulation effects on 
vectorial light can be represented by a Jones matrix J, 
which is dependent on the orientation angle α and the 
tilt angle θ of local LC molecules (Fig. 2c). The expres-
sion of J can be written as follows:

R is the rotation matrix, I is the identity matrix, and 
i2 = –1. Γ is the phase retardation resulting from the 
birefringence of LCs, which can be expressed as

where d is the thickness of the LC layer, λ is the wave-
length of incident light, no is the ordinary refractive 
index, and neff is the effective extraordinary refractive 
index dependent on θ. For simplicity, neff or d can be 
adjusted to keep cos(Γ/2) = 0 and sin(Γ/2) = –1 (i.e., the 
half-wave condition), so the Jones matrix becomes

which is solely dependent on the optically reconfigur-
able parameter α. Similar to Ex and Ey, the four elements 
of J’ (i.e., Jxx, Jxy, Jyx, and Jyy) can also be vectorized to 
represent the spatial variance of vectorial light modu-
lation. Accordingly, the transform of the vectorial light 
field between successive layers can be formulated as

where Wk denotes the diffractive weight matrix 
from the (k – 1)-th to the k-th layer; J kxx , J kxy , J kyx , and 
J kyy represent the vectorial light modulation in the k-
th layer, which are essentially the vectorized form of 
the four elements in the Jones matrix J’. Considering 

(3)
J = R(−α) ·

[

exp (−iŴ/2) 0
0 exp (iŴ/2)

]

· R(α)

= cos
Ŵ

2
I− i sin

Ŵ

2

[

cos (2α) sin (2α)
sin (2α) − cos (2α)

] .

(4)Ŵ =
2π(neff − no)d

�
,

(5)J′ =

[

Jxx Jxy
Jyx Jyy

]

= i

[

cos (2α) sin (2α)
sin (2α) − cos (2α)

]

,

(6)

[

Ek
x

Ek
y

]

=

[

diag(J kxx) diag(J kxy)

diag(J kyx) diag(J kyy)

]

[

Wk 0

0 Wk

][

Ek−1
x

Ek−1
y

]

,
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multiple layers of diffraction and modulation, the for-
ward propagated vectorial light field can be formulated 
as

The diffraction in DNNs is usually explained by the 
Rayleigh-Sommerfeld diffraction theory, which consid-
ers each neuron as a secondary wave source. Assuming 
the position of the secondary wave source is (xm, ym, 
zm), the complex-valued diffractive weighting func-
tion that represents the contribution of this source to 
the m’-th neuron of the k-th layer at (x, y, z) can be 
expressed as

where λ is the wavelength and i is the imaginary unit. 
r can be expressed as

According to Eq. (8), light diffraction is a linear pro-
cess that can connect the output from the previous 
layer to a broad region in the following layer.

In this work, the angular spectrum method was used 
for higher computational efficiency. The angular spec-
trum method can calculate the diffraction result by 
two Fourier transforms, which is equivalent to the con-
volutional form of Rayleigh-Sommerfeld diffraction. 
The propagation of vectorial light is regarded as the 
independent propagation of two orthogonal polariza-
tion components, such as Ex and Ey. Their diffraction 
processes for a distance d have the same expression as 
follows:

where Es can be Ex or Ey, F  ( F−1 ) is the two-dimen-
sional Fourier (inverse Fourier) transform operator, and 
H is the transfer function of free-space diffraction. (x, 
y) and (fx, fy) represent spatial coordinates and spatial 
frequency coordinates, respectively. The expression of 
H is as follows:

Besides, the polarization detection process 
can optionally be incorporated into the forward 

(7)
[

EN+1
x

EN+1
y

]

=

[

WN+1 0

0 WN+1

]

(

1
∏

k=N

[

diag(J kxx) diag(J kxy)

diag(J kyx) diag(J kyy)

]

[

Wk 0

0 Wk

]

)

[

E0
x

E0
y

]

.

(8)

wk
m′(x, y, z) =

z − zm

r2

(

1

2πr
+

1

i�

)

exp

(

i2πr

�

)

,

(9)r =

√

(x − xm)2 + (y− ym)2 + (z − zm)2.

(10)Es(x, y, d) = F
−1{F [Es(x, y, 0)] ×H(fx, fy, d)},

(11)

H(fx, fy, d) = exp

(

i
2π

�
d

√

1−
(

�fx
)2

−
(

�fy
)2
)

.

propagation model of vectorial DNNs, through mul-
tiplying the output vectorial light field by the Jones 
matrices of polarizers. The intensities filtered out at dif-

ferent polarization directions can be variously designed 
as the criterions for inference.

4.2 � Model training
In our model, LCs function as the reconfigurable vecto-
rial neurons to program the interconnected Poincaré 
spheres in the neural network, so we set the LC orienta-
tion distribution α as the trainable parameter. The size for 
a single vectorial DNN unit was set to be 256 × 256 for an 
area of 4.19 mm2. The diffraction distance was selected 
as 10  cm for satisfactory computing performance. For 
the different functions reported in this work, various 
loss functions were defined to quantify the difference 
between the output vectorial light field and the ground 
truth (see definitions of all these loss functions in Addi-
tional file 1: Notes 2 and 3). Then, the error backpropaga-
tion learning was implemented using Python 3.9.13 and 
TensorFlow 2.12.0 on a server (Nvidia RTX 4090 24 GB 
GPU, Intel Xeon Gold 6226R CPU, 256 GB of RAM and 
the Microsoft Windows 11 operating system), in order 
to find the optimal LC orientation distribution that can 
minimize the loss function. The training and test images 
of handwritten digits, fashion items, and letters used in 
this work are sourced from the MNIST, Fashion-MNIST, 
and E-MNIST datasets, respectively.

Regarding the training of the convolutional vectorial 
DNN, the LC convolutional layer is fixed as a 768 × 768 
spiral-phase pattern, and only the 256 × 256 LC diffrac-
tive layer needs to be trained. Instead of employing both 
intensity patterns and polarization states for training, the 
training process of the diffractive layer leverages only the 
averaged polarization states of the optical convolution 
results, which simplifies the training process and allows 
the diffractive layer to function as a robust polarization 
classifier.

Regarding the electrical adaptive training, shallow fully 
connected layers can be added to compensate for the 
system errors and thus improve the experimental per-
formance. For each task of the polarization-multiplexed 
image classification, a single fully connected layer with 
12 learnable parameters was added, along with the Soft-
max nonlinear activation function (Additional file 1: Fig. 
S5c). These parameters were trained based on experi-
mental results, which were obtained through the opti-
cal classification of 500 training images. In this hybrid 
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optoelectronic neural network, the electronic part 
accounts for only 0.05% of the total trainable parameters, 
but increases the experimental test accuracies by 2.5–3%.

4.3 � Device fabrication and reconfiguration
The two key materials involved in this work are the 
photosensitive sulfonic azo-dye SD1 (DIC, Japan) and 
the nematic LC 5CB (HCCH, China), with their chemi-
cal structures shown in Fig.  1c. The major fabrication 
steps of the LC device are illustrated in Fig. 3b. First, the 
solid-state SD1 was dissolved in dimethylformamide at a 
concentration of 0.35 wt.%. Next, two indium-tin-oxide 
(ITO) glass substrates were UV-Ozone treated and then 
spin-coated with this SD1 solution. After curing at 100 °C 
for 10 min, these two substrates were assembled into an 
empty cell with 7-μm spacer/glue mixtures in between. 
Afterwards, this cell was heated to 55 °C and then filled 
with 5CB (clearing point: 35 °C) via the capillary action.

After cooling to the room temperature, the fabricated 
LC device can be mounted in the optical setup (Fig. 3a) 
to perform repeatable memory rewriting and in-mem-
ory computing. Thanks to the shared optical setup for 
LC reorientation and optical computing, the LC vecto-
rial DNN can be optically reconfigured in  situ without 
any movement of the LC device, acting as the nonvola-
tile photonic memory. Specifically, when exposed to lin-
early polarized UV light, SD1 molecules tend to align 
orthogonally to the local polarization direction. Via 
the intermolecular interactions between SD1 and 5CB 
molecules, 5CB can acquire the same orientation dis-
tribution as SD1. Notably, blue light also falls within 
the absorption spectrum of SD1, allowing light-driven 
reorientation of LCs. In this work, the arbitrary linear 
polarization distribution was created by the SLM-based 
polarization projection system (specified in Experimen-
tal Setup, Methods). Up to 2.07 million vectorial neu-
rons (1920 × 1080) can be optically reconfigured at once 
using the SLM, which can be further scaled up (almost 
infinitely in theory) by translating the LC device for tiling 
operations. During each optical reconfiguration process, 
a 365 nm light-emitting diode (LED; 42.5 mW/cm2, 10 s) 
was used to erase the original LC orientations, which 
can accelerate the subsequent rewriting process, and a 
450  nm laser (2.05 mW/cm2, 60  s) was used to rewrite 
new orientations (Fig. 3c). To improve the rewriting qual-
ity, a 2 MHz, 10 V square wave was applied during eras-
ing and reorientation to transform LCs into the isotropic 
phase via the electrothermal effect, which can be omit-
ted when the full-wave condition is satisfied. Notably, the 
450 nm laser used here is a low-power source and does 
not perfectly match the absorption peak of SD1. After 
testing the optical reconfigurability of LCs using a higher-
power continuous laser (405  nm, 1.07 × 104 mW/cm2) 

and an ultrahigh-peak-power femtosecond laser (400 nm, 
1.24 × 1013 mW/cm2), we find that even in the absence of 
LED erasing, the laser rewriting time can be drastically 
reduced to 100  ms and 3  ns, respectively (Additional 
file 1: Fig. S16 and S17).

4.4 � Experimental setup
As shown in Fig. 3a, the reported memory rewriting and 
optical computing were conducted in the same optical 
setup. A blue laser (450 nm) and a red laser (632.8 nm) 
are combined and then expanded by a factor of 16.67, 
used as reorientation and computing light, respectively. 
A polarizer is followed to convert both lasers into lin-
ear polarization. After the polarizer, a reflective SLM 
(PLUTO-2.1-NIR-145, Holoeye Photonics AG, Ger-
many; resolution: 1920 × 1080, pixel pitch: 8 μm) is sand-
wiched between two achromatic quarter-wave plates 
(AWP20Q-T2Q, JCOPTIX, China), which can construct 
arbitrary linear polarization distribution for both lasers. 
The underlying principle is that the first quarter-wave 
plate can convert the lasers into circularly polarized light, 
with equal-intensity horizontal and vertical polariza-
tion components. The SLM can only program the phase 
of the horizontal polarization component, while directly 
reflecting the vertical polarization component with-
out any modulation. The second quarter-wave plate can 
transform these two linear polarization components into 
two orthogonal circular polarization components, with 
one circular polarization modulated and the other not. 
According to the phase difference between these two 
components, which is arbitrarily controlled by the SLM, 
the linear polarization direction of their superposition 
can be arbitrarily determined.

The generated polarization distribution is then projected 
onto the LC device via a 4-f imaging system composed of 
two achromatic lenses (OLD2466-T2, JCOPTIX, China). 
Using the blue laser, LC orientations can be rewritten by 
the space-variant polarization with the aid of a UV LED, 
achieving the optical reconfiguration of the photonic 
memory. When performing optical computing with the red 
laser, the same optical setup is used with several additional 
polarizing and analysing elements. The polarizer added in 
front of the LCs can convert the generated polarization 
distribution into an arbitrary amplitude image, which can 
directly serve as the input of the vectorial DNN. Notably, 
the uniform polarization direction of the amplitude image 
can also be customized, yielding the differently polar-
ized input for the Poincaré-sphere-perceptive classifica-
tion tasks. A uniform voltage (1  kHz, ~ 1  V) is applied to 
LCs during computing to satisfy their half-wave condition, 
which is theoretically dispensable with appropriate cell 
thickness. The quarter-wave plate, polarizer and camera 
behind the LCs are used to detect the vectorial light fields 



Page 13 of 14Liu et al. eLight            (2026) 6:26 	

at the output plane, namely, the computing results. This 
part can be replaced by other vectorial light sensors, such 
as polarization detectors or another LC device as shown 
in Fig.  5a. In this work, the alignment-free LC reorienta-
tion and optical computing were achieved by setting the 
first diffraction distance to zero in the forward propagation 
model. In other cases, the light-to-device alignment pro-
cess can also be substantially simplified by using a transla-
tion stage to move the LC device precisely along the optical 
axis.

In the experimental setup for the convolutional vectorial 
DNN (Fig. 4h), a 20 × objective and a lens are used for the 
magnified imaging of plant cell samples. The correspond-
ing imaging plane overlaps with the front focal plane of a 
4-f system, which can perform two optical Fourier trans-
forms. The first LC device is placed at the Fourier plane of 
the 4-f system to perform optical convolution, while the 
second LC device is placed at the back focal plane of the 
4-f system to function as a polarization classifier. Using this 
optical setup, the onion epidermal cells and cauliflower 
cells can be easily classified by identifying the overall out-
put intensities within the two predefined detection areas.

4.5 � Characterizations
All the micrographs were captured using a polarized opti-
cal microscope (Ci-POL, Nikon, Japan) under the trans-
mission mode. Brightness variation in the micrographs 
was observed under the crossed polarizer and analyser, and 
colour variation which better reflects the LC orientations 
was observed with an additional 530  nm full-wave plate 
(45° to the crossed polarizers). The output light fields of the 
convolutional vectorial DNN were measured by a polariza-
tion camera (CS505MUP1, Thorlabs, USA). All the other 
intensity distributions were recorded by a colour CMOS 
camera (CS165CU, Thorlabs, USA). To characterize the 
polarization of the output vectorial light, we measured the 
intensities of six different polarization components (I0°, 
I45°, I90°, I135°, Ileft, Iright) using the combination of a quarter-
wave plate and a polarizer. The overall intensity within each 
detection area was obtained by matching the measured 
intensity pattern to the predefined detection areas through 
an initial calibration step and then summing the pixel val-
ues within each area. Afterwards, the Stokes parameters 
S1, S2, and S3 of the output vectorial light were calculated 
through the following expressions:

After normalization, these three parameters became 
the coordinates of a point on the Poincaré sphere, offer-
ing a prominent geometric representation of the output 

(12)











S1 = I0◦ − I90◦

S2 = I45◦ − I135◦

S3 = Ileft − Iright

.

polarization state. Besides, the power density of the eras-
ing light and the reorientation light were measured by a 
digital optical power meter (PM100D, Thorlabs, USA). 
The minimum exposure time for memory rewriting 
was determined by varying the exposure time and then 
evaluating the corresponding LC reorientation quality by 
calculating the coefficient  of  variation within the reori-
entation area of the polarized optical micrograph (Addi-
tional file 1: Fig. S16 and S17).
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