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High-fidelity intravital imaging of biological 
dynamics with latent-space-enhanced digital 
adaptive optics
 

Yunmin Zeng    1,2,3, Qi Zhang1,3, Yihong Xiao    4, Shidong Wu5, 
Seonghoon Kim    1,3,6, Yunhao Zhang7, Mingrui Wang    1,3, Yuanlong Zhang    3,8,9, 
Xinyang Li    3,4, Zhi Lu    2,3,10  , Jiamin Wu    1,3,4,11   & Qionghai Dai    3,4,11 

Intravital fluorescence microscopy is hampered by optical aberrations 
arising from heterogeneous distributions of the refractive index. Adaptive 
optics (AO) methods are either costly and slow, requiring additional 
hardware, or inaccurate due to lack of wavefront information in multiple 
angular directions. Here we present a latent-space-enhanced digital AO 
(LEAO) method that uses wave-optics priors embedded in high-dimensional 
spatial–angular data and semantically disentangles their representations 
in the latent space. LEAO achieves more than sixfold higher aberration 
estimation accuracy than the existing approach (coordinate-based neural 
representations for computational AO). It also exhibits strong robustness 
across different system configurations and imaging conditions, achieving 
almost an order of magnitude higher accuracy than iterative digital AO 
under extreme conditions such as a low signal-to-noise ratio of 3.4 dB. 
We experimentally demonstrate that LEAO improves diverse biological 
observations in vivo, such as large-scale tracking of T cells across an entire 
lymph node, multiregional neural recording in mouse cortex and long-term 
monitoring of neutrophil activation, extravasation and clearing through 
mouse intact skull after traumatic brain injury.

Fluorescence optical microscopy has remained a mainstream technique 
for probing the intricate and versatile world of cells and tissues, making 
tremendous contributions to immunology1, neuroscience2 and cell 
biology3. However, optical aberration induced by the non-uniform dis-
tribution of the refractive index across deep tissues or manufacturing 
flaws in the optical system leads to the distortion of the light wavefront 
and the subsequent degradation of imaging performance in fluores-
cence microscopy4. Without proper estimation and correction of the 

aberration, observations will be hindered and many downstream tasks, 
such as tracking and spike inference, cannot be accurately performed5,6.

To correct the distorted wavefront caused by thick tissues, multiple 
types of adaptive optics (AO) methods have been proposed, commonly 
categorized into hardware AO, computational AO and the combination 
of both. Hardware AO uses phase-modulating elements such as deform-
able mirrors to compensate for aberrations, but this increases the 
complexity of the optical system, and the deformable mirrors can 
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decoding wavefront distortion. Recent years have witnessed the emer-
gence of a framework called digital AO (DAO) scanning light-field mutual 
iterative tomography16, which synergistically combines hardware-based 
AO with computational AO methodologies. DAO makes use of light-field 
microscopy (LFM) spatial–angular data that physically decouple multi-
angular information at the hardware level; it algorithmically enables 
iterative computation of disparities between angular dimensions for 
aberration estimation. However, it works under simplified ray-optics 
approximations while neglecting full wave-optics physical models, 
resulting in limited AO accuracy (Supplementary Fig. 2). A more effec-
tive tool is needed to use embedded wave-optics priors in 
high-dimensional microscopy measurements. Neural networks have 

perform only discrete compensation based on ray optics, leading to 
decreased accuracy (Supplementary Fig. 1)7. Furthermore, during wave-
front estimation, direct sensing requires the formation of a ‘guide star’8,9, 
which may not always be feasible, and indirect sensing without a wave-
front sensor10,11 grows more time-consuming if dealing with higher 
correction modes and more complicated looping strategies. In contrast 
to hardware AO, deep learning computational AO approaches12–15 pre-
serve imaging throughput by deducing the wavefront directly from 
acquired images and then applying digital compensation during post-
processing. Although they require no additional budget or time, these 
approaches can only deal with small aberrations, typically less than 1 λ, 
due to a lack of spatial–angular information, which is crucial for 
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Fig. 1 | Methodology and performance of LEAO. a,b,c, The ideal model (a), 
ray-optics model (b) and wave-optics model (c) of imaging wavefronts affected 
by aberrations. d, Framework of LEAO. Through optimization in the latent space 
using latent loss, feature distances are minimized for inputs sharing the same 
aberration or structure and maximized for those with different aberrations or 
structures. e, t-SNE analysis of latent features extracted from nine 
measurements, comprising three types of sample structures, each contaminated 
by three different aberrations. f, Two-directional MIPs of endoplasmic reticulum 
(ER) images without AO (first column), with DAO (second column) and with LEAO 
(third column). Zoomed-in regions of the yellow solid box are shown at 
lower-right. Regions corresponding to the 30° projection are marked by a yellow 
dashed line. Estimated aberration wavefronts are displayed in the insets. The GT 

image is shown in the right column. g, PSNR of images obtained by methods 
without AO, with DAO and with LEAO on three types of structures including cell 
membrane, ER and microtubule (MT) (n = 10 simulated data stacks for each type 
of structure). h, Normalized residual aberration σ  (Methods) estimated by DAO 
and LEAO (n = 10 simulated data stacks for each type of structure). Boxplot 
format: center line, medians; limits, 75% and 25%; whiskers, the larger value 
between the largest data point and the 75th percentiles plus 1.5× the interquartile 
range (IQR) and the smaller value between the smallest data point and the 25th 
percentiles minus 1.5× the IQR; outliers, data points larger than the upper whisker 
or smaller than the lower whisker. Scale bars: 20 μm (f), 4 μm (zoomed-in regions 
in f). Aber., aberration; Struct., structure; t-SNE, t-distributed stochastic neighbor 
embedding; w/o, without.
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been proven to be capable feature extractors17–19 and have the potential 
to characterize physics-aware aberration representations from spatial–
angular measurements. Probing the features extracted by deep learning 
methods can be beneficial for a wide range of tasks, from detecting 
hidden variables in dynamical systems20 to identifying semantic disen-
tanglement in single inferotemporal face patch neurons21.

Here we present LEAO, a latent-space-enhanced digital AO method 
in which an autoencoder is employed to utilize physical priors embed-
ded in LFM spatial–angular measurements and represent them as 
high-dimensional features in the latent space while preserving 
wave-optics properties. A customized latent loss is then applied to 
encourage the disentangling of latent features encoding structural 
information and aberration wavefronts, the latter of which can be 
individually decoded by a well-designed estimator. After the joint 
optimization of the autoencoder and estimator by iterative training, 
our method is able to accurately estimate aberrations encoded in 
spatial–angular measurements. Comprehensive simulations con-
firmed that our method achieved accuracy at least six times higher 
than a representative deep-learning-based approach, coordinate-based 
neural representations for computational AO (CoCoA)12, in cases with 
a large aberration magnitude from 1 λ to 5 λ. Another advantage of 
LEAO is its strong robustness in various challenging conditions. In the 
presence of Gaussian noise and photon shot noise, LEAO can tolerate 
a fluorescence photon count three times lower than DAO, with uncom-
promised aberration estimation accuracy until the signal-to-noise ratio 
(SNR) drops below 3.4 dB. The performance of LEAO is stable with 
different spatial sampling rates and across five different system modali-
ties, covering almost all light-field-based systems. LEAO also shows 
stability to different angle numbers of spatial–angular measurements, 
with more than one order of magnitude fewer fluctuations than DAO. 
Experimental results further demonstrated LEAO’s capability to restore 
high-quality images from aberration contamination. LEAO enabled 
high-fidelity recording and tracking of around 5,000 T cells simultane-
ously across an entire mouse lymph node. After the correction of spa-
tially non-uniform aberrations by LEAO, mesoscale analysis of 
multiregional neural activities was achieved with consistent accuracy 
at the cortex-wide level. Moreover, we applied LEAO on 
through-intact-skull (TIS) imaging, which allows for non-invasive visu-
alization of the mouse brain without introducing additional, uncon-
trolled damage that disrupts the experimental design22,23. After 
correction, we observed long-term, sophisticated processes of neu-
trophil activation in bone marrow, extravasation outside blood vessels 
and large-scale influx into the major venous sinus through the intact 
skull of mice challenged with traumatic brain injury (TBI), which was 
impossible by previous means due to severe aberrations.

Results
Principle of LEAO
Ideally, with a spatially uniform refractive index, fluorescence emitted 
from a point source forms a spherical wavefront (Fig. 1a). However, in 
the presence of refractive index inhomogeneities, light rays emitted 

at different angles undergo deflections, which can be partially cor-
rected by hardware AO or LFM with DAO, using a Shack–Hartmann 
sensor or microlens array to collect light and estimate the wavefront 
based on a simplified geometric ray-optics model (Fig. 1b). The esti-
mated wavefront at the objective pupil plane is essentially treated as 
an approximation of the discrete angular components based on pupil 
segmentation16. However, this model neglects the diffraction effect in 
light propagation, which becomes dominant at the micrometer scale. 
Wave-optics theory should be taken into consideration to accurately 
reconstruct a continuous aberration wavefront (Fig. 1c).

A straightforward approach is to train a neural network that maps 
raw spatial–angular measurements directly to the aberration wave-
front, implicitly encoding the wave-optics prior in a large training set 
(Supplementary Fig. 3a). However, this vanilla regressor yields inac-
curate aberration estimations and is unstable to changes in sample 
structure because it fails to explicitly represent the physical priors 
required for reliable correction and discard unwanted information 
that impedes accurate estimation. To better utilize wave-optics 
features, the proposed LEAO encodes spatial–angular measure-
ments into a high-dimensional latent space using a well-designed 
encoder24,25 (Fig. 1d and Supplementary Video 1). We crafted an 
encoder–decoder architecture to project physical priors into the 
latent space, where features that represent the aberration wavefront 
and the sample structure can potentially be disentangled, reducing 
the variance of the estimated aberration when the sample structure 
changes (Supplementary Fig. 3b–e)26–28. An estimator operating on 
the refined latent space then outputs an accurate aberration wave-
front, further aided by a dedicated latent loss computed on data tri-
plets that pulls together similar features and pushes apart dissimilar 
ones during the iterative training (Supplementary Fig. 3f–h). Collec-
tively, these modules constitute the full network architecture of LEAO 
(Supplementary Fig. 4). Therefore, in the latent manifold encoding 
aberrations, features corresponding to the same aberration form a 
distinct cluster; in the manifold encoding sample structures, features 
associated with the same structural patterns form another (Fig. 1e and 
Supplementary Fig. 3i). The recovered wavefront is finally applied 
at the objective pupil to regenerate wave-optics point spread func-
tions (PSFs), which are incorporated into the three-dimensional (3D) 
reconstruction29, thereby generating high-resolution volumes with 
improved fidelity (Supplementary Figs. 3j,k and 5a).

We experimentally evaluated the performance achieved by 
methods without AO, with DAO and with LEAO on spatial–angu-
lar measurements of diverse biological structures (Fig. 1f–h and 
Supplementary Fig. 6). Results without AO exhibited severe structural 
distortion and blurring due to uncorrected aberrations. DAO only par-
tially recovered structural details due to limited aberration estimation 
accuracy. In contrast, LEAO produced the reconstructions with high 
fidelity and contrast, comparable to the ground truth (GT). Statistical 
analysis further confirmed that LEAO achieved an aberration estima-
tion accuracy at least two times higher than DAO, along with superior 
reconstruction performance across multiple biological structures.

Fig. 2 | LEAO achieved superior aberration estimation accuracy across a wide 
aberration range and maintained robust performance on different SNRs, 
angle numbers, sampling frequencies and imaging modalities. a, Results of 
CoCoA, DAO and LEAO with aberration RMS of 1 λ and 2 λ. Regions corresponding 
to the 30° projection are marked by a yellow dashed line. b, GT (two-directional 
MIPs). c, Aberration wavefronts estimated by CoCoA, DAO, LEAO and GT for 
aberration RMS from 1 λ to 5 λ. d, Normalized residual aberration σ  and SSIM 
evaluation (n = 10 data stacks). Line, mean value. Shade, s.d. e, MIPs by DAO and 
LEAO with SNRs = 8.9 dB and 12.1 dB. Estimated aberration wavefronts are shown 
in insets, with GT at lower-right. f, Enlarged images of the marked area in e.  
g, PSNR and σ  evaluation comparing LEAO and DAO at different SNRs (n = 10 data 
stacks). h, Two-directional MIPs by DAO, LEAO and GT at DAO’s optimal angle 
number of 43. Aberration wavefronts are shown in insets. i, σ  and SSIM of LEAO 

and DAO on the sample in h at different angle numbers. j, σ  and SSIM on a larger 
dataset (n = 10 data stacks). k, Concatenated MIPs by LEAO and GT on data with 
sampling rate of 9.5 μm and 3.2 μm. l, PSNR and σ  of LEAO at different sampling 
rates (n = 10 data stacks). m, Aberration wavefronts estimated by LEAO and DAO 
on different spatial–angular modalities with simulated neurons (Data 
Availability). n, σ  and SSIM evaluation comparing LEAO and DAO on different 
spatial–angular modalities (n = 10 data stacks). Boxplot format: center line, 
medians; limits, 75% and 25%; whiskers, the larger value between the largest data 
point and the 75th percentiles plus 1.5× IQR and the smaller value between the 
smallest data point and the 25th percentiles minus 1.5× IQR; outliers, data points 
larger than the upper whisker or smaller than the lower whisker. Scale bars: 20 μm 
(a,b,e,h,k), 8 μm (f). 2pSAM, two-photon synthetic aperture microscopy; csLFM, 
confocal sLFM.

http://www.nature.com/naturebiotechnology


Nature Biotechnology

Article https://doi.org/10.1038/s41587-026-03107-2

Benchmarking of LEAO
Conventional AO methods suffer from performance degradation in 
intravital microenvironments. We present comprehensive benchmark-
ing experiments with LEAO under simulated in vivo scenarios including 

variations in aberration magnitude, noise level, angle number and 
sampling frequency across different LFM modalities, demonstrat-
ing its superiority and robustness enabled by the wave-optics-based 
latent-space-enhanced design.
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Large aberrations arising from thick biological samples with inho-
mogeneous refractive indices remain an undesirable threat to fluores-
cence imaging in mammals, such as the imaging of immune cells in 
lymph nodes or information flow in the mouse cortex30,31. Conventional 
AO approaches such as DAO often yield inaccurate aberration estima-
tions due to the limitations of ray-optics-based modeling 
(Supplementary Fig. 2), and other computational approaches such as 
CoCoA are efficient only when dealing with small aberrations, typically 

less than 1 λ. LEAO rises to this extreme case and shows reliable perfor-
mance by effectively processing a wide range of aberration magnitudes 
ranging from 1 λ to 5 λ (Fig. 2a–d and Supplementary Fig. 7). In this 
simulation, we applied aberrations with fixed magnitude but random 
distribution (Methods) on 3D neural imaging and evaluated the result-
ing reconstructions. The same optical system parameters were used 
for wide-field imaging (CoCoA) and light-field imaging (DAO, LEAO) 
with minimal adaptations. LEAO consistently produced high-fidelity 
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structural details with finer contrast resembling the GT, even in cases 
where the aberrations were too severe for CoCoA to recover meaningful 
content (Fig. 2a,b). Across all levels of input aberration magnitudes, 
LEAO achieved residual aberration values at least six times lower than 
those of CoCoA and three times lower than those of DAO and main-
tained superior image quality (Fig. 2c,d). In addition, empowered by 
wave-optics priors, LEAO can maintain robust aberration estimation 
even under unknown aberration magnitudes. When trained on datasets 
with multilevel aberration magnitudes, it avoids the performance drop 
seen in single-level models when facing mismatched aberration levels. 
This generalizability makes LEAO well-suited for intravital data with 
complex, unpredictable aberrations (Supplementary Fig. 8).

Environmental perturbations, flaws in detection sensors and the 
stochastic nature of photon emission inevitably introduce noise into 
fluorescence microscopy32,33, which degrades the performance of AO 
methods. We evaluated LEAO under progressively lower peak photon 
counts in the presence of mixed Poisson and Gaussian noise (Methods) 
and calculated the SNR of each peak photon count for easier under-
standing (Fig. 2e–g and Supplementary Fig. 9). Although DAO exhibited 
markedly higher residual aberrations at 12.1 dB, leading to blurred, 
distorted reconstructions (Fig. 2e,f), LEAO maintained high aberration 
estimation accuracy, with a slight drop at 3.4 dB (Fig. 2g), demonstrat-
ing a threefold tolerance improvement in low fluorescence photon 
count compared to DAO. In terms of image quality, LEAO achieved the 
same peak SNR (PSNR) at 8.9 dB as DAO on clean data. Moreover, LEAO 
was insensitive to random noise patterns (Supplementary Fig. 10). We 
applied random noise of the same level on a clean sample repeatedly, 
producing ten noisy samples. LEAO produced outputs with minimal 
variance across these trials, all closely resembling the reconstruction 
from the clean input.

Different imaging configurations lead to different angle numbers 
for LFM measurements. Even within one configuration, due to factors 
such as severe aberrations or misalignment of optical components, 
using either too many or too few angular images negatively impacts the 
aberration estimation (Supplementary Fig. 11a)34. Therefore, identify-
ing the optimal angle number becomes a critical yet labor-intensive 
task. In DAO’s ray-optics-based modeling, aberration estimation is 
highly sensitive to the number of angular views. LEAO overcomes this 
limitation by fully incorporating wave-optics modeling and latent 
space into its design, ensuring robust performance across varying 
angular configurations (Fig. 2h–j and Supplementary Fig. 11b–d). DAO 
required different optimal angle numbers for different samples, result-
ing in large variance in residual aberration and structural similarity 
(SSIM). In contrast, LEAO remained consistent across all angle num-
bers with orders-of-magnitude fewer fluctuations, except for a slight 
performance drop at an angle number of 113 due to degraded quality 
at the pupil edge (Fig. 2j). Even at DAO’s optimal configuration, LEAO 
delivered superior reconstruction with a cleared background, more 
accurate structure and finer details, such as thin dendrites (Fig. 2h,i).

In addition, different spatial–angular imaging systems 
exhibit varying spatial sampling rates, which poses challenges for 
deep-learning-based methods. Unlike conventional neural networks 
relying on brute-force fitting, LEAO exploits a latent-space-enhanced 
design, enabling accurate aberration estimation and high-fidelity 

structural recovery across a wide range of sampling rates. Specifi-
cally, we evaluated LEAO on LFM data with a spatial sampling rate of 
9.5 μm, 3.2 μm and 1.9 μm. Quantitative results demonstrate that LEAO 
remained robust to variations in spatial sampling without imposing 
stringent requirements on measurement resolution (Fig. 2k,l and 
Supplementary Fig. 12).

We also validated LEAO’s compatibility with various spatial–angu-
lar modalities, ranging from one-photon to two-photon systems and 
spanning different fields of view (FOVs), including traditional LFM35, 
scanning LFM (sLFM)16, confocal sLFM36, real-time ultralarge-scale 
high-resolution 3D mesoscope (RUSH3D)37 and two-photon synthetic 
aperture microscopy38. LEAO consistently outperformed DAO in aber-
ration estimation accuracy across all modalities, demonstrating stable 
and robust performance (Fig. 2m,n).

Moreover, to validate the fidelity of LEAO on experimentally 
captured biological data, we set up a system with removable phase 
masks and conducted experiments with thin mouse brain slices (Meth-
ods). By inserting the phase mask, we were able to introduce arti-
ficially designed aberrations. LEAO was demonstrated to estimate 
accurate aberration wavefronts from brain slices contaminated by 
induced aberrations and restore comparable image quality to the GT 
captured without aberration (Supplementary Fig. 13). Furthermore, 
t-distributed stochastic neighbor embedding analysis on the latent 
space validated the disentanglement of LEAO on experimental data 
(Supplementary Fig. 14).

Demonstration of LEAO on large-scale T cell tracking across an 
entire mouse lymph node
High-fidelity mesoscale observation of immune cells is fundamental 
for immunology30,39. In particular, visualizing the spatial distribution 
and dynamics of T cells, which play central roles in pathogen recogni-
tion, formation of immunological memory and regulation of autoim-
munity, can unveil key mechanisms of immune responses. However, 
attempts to track the dynamic movements of T cells across the entire 
mouse lymph node face substantial challenges. Although we previously 
developed RUSH3D37 for mesoscale imaging, large aberrations caused 
by peripheral degradation in the expanded FOV and the tissue thick-
ness severely reduce image quality and prevent us from gaining further 
understanding of the lymph node as a whole. Conventional AO methods 
fall short due to their reliance on a ray-optics-based model, which treats 
each angular measurement as a discrete segment of the wavefront 
and neglects diffraction effects during light propagation, limiting the 
resolution of aberration estimation. In contrast, the proposed LEAO 
addresses these limitations by integrating a wave-propagation model 
with latent-space-enhanced feature extraction and disentanglement.

To demonstrate this, we tested LEAO on real intravital data acquired 
using RUSH3D, capturing the large-scale dynamics of T cells across an 
entire mouse lymph node over an FOV of 4 mm × 3 mm (Fig. 3a). The 
whole FOV was divided into 10 × 7 tiles (Fig. 3b). Trained on datasets 
with random aberrations, LEAO accurately corrected the aberration 
across the imaging volume, enabling a more reliable and higher-contrast 
observation of mesoscale cell populations (Supplementary Video 2). 
Specifically, the results without AO exhibited elongated cell bodies 
and severe contrast loss. DAO partially alleviated distortions but often 

Fig. 4 | LEAO enables high-fidelity mesoscale recording of multiregional 
neural activities in mouse cortex with spatially non-uniform aberrations.  
a, MIPs of the s.d. volume of a 4.6 × 3.4 × 0.6 mm3 mouse cortex with LEAO, with 
DAO and without AO. b, Regions of the area marked by white box I in a, displayed 
as two-directional MIPs. c, Estimated aberration wavefronts by DAO and LEAO on 
the 10 × 7 spatial tiles and by LEAO (untiled) on the whole FOV. d, The 
representative neuronal patterns from different spatial regions processed 
without AO, with LEAO (untiled) and with LEAO. e, Enlarged regions of the area 
marked by white boxes II and III in a. The regions marked by red line in area II 
correspond to the right-bottom regions marked by red line in d. The regions 

marked by a yellow line in area III correspond to the central regions marked by a 
yellow line in d. Aberration wavefronts are shown in the insets. f, Two-directional 
MIPs of s.d. volumes over a time of 1,122.5 s, obtained by methods without AO and 
with LEAO, respectively. Five neurons are manually selected and marked by white 
arrows. Estimated aberration wavefronts, corresponding Fourier spectrums and 
enlarged regions are shown in the insets. g, △F/F  traces of the neurons in f.  
h, Neuron number from the area in f identified by the CNMF algorithm. i, Histogram 
of extracted spikes from the area in f by the CNMF algorithm. j, All neuronal traces 
extracted from the area in f. Scale bars: 140 μm (a,b,e,f), 40 μm (d, zoom-in regions 
in b,f).
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failed or introduced artifacts in regions with exceptionally large and 
complex aberrations due to inaccurate estimations (Fig. 3c–e). By 
comparison, LEAO consistently provided better contrast and resolu-
tion, especially near the FOV boundaries where DAO showed minimal 
improvement. Intensity profiles at one such peripheral area revealed 
that LEAO successfully restored and separated blurred cells that could 
not be resolved previously, greatly enhancing the spatial resolution 

and contrast (Fig. 3f). Improvements were also evident along the axial 
direction (Fig. 3g). Enhanced visual quality contributed to the locating 
and tracking of T cell activities (Fig. 3h,i). Large-scale statistical analysis 
of more than 5,000 trajectories in terms of velocity and track length 
was performed with confidence (Fig. 3j–l). Therefore, LEAO facilitates 
high-accuracy aberration estimation and subsequent high-fidelity 
reconstruction for in vivo fluorescence imaging.

LEAO

w/o AO DAO

I
II

III

x

y

4.5 λ

–4.5 λ

DAO LEAO

y
x z

70° projection

x
y

DAOw/o AO LEAOI I I
a b

c

d LEAOLEAO (untiled)w/o AO

f

0

LE
AO

w/o
 AO

200

400

Neuron 
number

0

1,000

2,000

w/o AO LEAO w/o AO

LEAO

g j

ih

LEAO

w/o AO

∆F/F  200 %

50 s
Spike number

Spike value
0 1 2

w/o AO

0 1 2

LEAO

1
2
3
4
5

∆F/F (%) 2000

100 s
y

x
z

30° projection

x
y

1

2
3

4

5

1

2
3

5

4

1
2
3
4
5

e
II II II

LEAOLEAO (untiled)w/o AO

III III

LEAOLEAO (untiled)w/o AO

LEAO 
(untiled)

Number of traces = 108

Number of traces = 388

Phase Spectrum Phase Spectrum

4.5 λ–4.5 λ

III

x

y

x

y

x
y

http://www.nature.com/naturebiotechnology


Nature Biotechnology

Article https://doi.org/10.1038/s41587-026-03107-2

High-fidelity mesoscale analysis of multiregional neural 
activities by spatially varying LEAO
Here we demonstrated LEAO’s ability to accurately compensate for large 
spatially varying aberrations across mouse brain cortex with an FOV of 
4.6 × 3.4 mm2 (Supplementary Video 3). Severe distortion and loss of 
spatial resolution were caused by the presence of large aberrations. To 
achieve accurate correction, the full FOV was divided into 10 × 7 tiles, 
within which the aberration could be assumed to be approximately 
uniform. Enhanced by the latent-space-distilled wave-optics aberra-
tion information, LEAO successfully restored the spatial resolution 
both laterally and axially, whereas DAO failed, especially in peripheral 
regions (Fig. 4a–c). When treating the entire FOV as a whole, untiled 
LEAO still performed well in the central tile. However, in edge tiles, 
the reconstruction quality declined due to a mismatch between the 
estimated aberration and the actual aberration (Fig. 4d,e). Correction 
of spatially varying aberrations allowed for high-fidelity recording of 
neural activity and subsequent calcium signal analysis. Compared to 
the results without aberration correction, LEAO enabled higher spatial 
resolution and contrast, revealing clear neuronal morphology (Fig. 4f). 
Neural activities were extracted from a continuous recording over 
1,000 s (Methods). Before aberration correction, neurons appeared 
enlarged and distorted, with many overlapping and merging or fad-
ing into the background due to poor contrast. After applying LEAO, 
neuronal positions and contours were effectively restored. As a result, 
temporal traces of representative neurons by LEAO showed higher 
peaks, with a more than threefold increase in the number of detect-
able neurons (Fig. 4g,h). LEAO also enabled more identified spikes and 
higher amplitudes (Fig. 4i,j). Comparison of LEAO estimation results on 
two mice imaged by the same system confirmed that the aberrations 
were mainly sample-induced (Supplementary Fig. 15).

Long-term observation of large-scale neutrophil response in 
mice after TBI through intact skull
To assess LEAO under the demanding conditions of TIS imaging, which 
introduces substantial aberrations with the presence of a thick, curved 
skull combined with chemical gels, we recorded neutrophil activity 
in mice with and without TBI for around 10 h (Supplementary Video 
4). A closed head injury was established using an air gun40 (Fig. 5a and 
Methods). This approach preserved the skull, its bone marrow, skull 
blood vessel and possibly the recently reported bone marrow–brain 
vascular channel41, which are typically lost or damaged in open-skull 
preparations. Imaging of the neutrophil activity inside the above intact 
structures was conducted 4 h after the injury. Experimentally, severe 
aberrations were present in large FOV TIS imaging at the mesoscale, 
which can be accurately estimated by LEAO (Fig. 5b). LEAO successfully 
removed the distortion due to aberrations, restored the high-density 
neutrophil distribution from noisy raw data and enabled high-fidelity 
visualization of the neutrophil response with a marked improvement in 
the number of recognized neutrophil cells compared to results without 
AO (Fig. 5c,d and Supplementary Fig. 16). Neutrophil adhesion to the 
blood vessel wall and subsequent extravasation in response to inflamma-
tion were observed owing to the large, mesoscale FOV (Fig. 5e). Notably, 
intense gathering of neutrophils occurred in regions where the coronal 
suture (CS) and superior sagittal sinus (SSS) should be located (Fig. 5f). 
This may be due to several reasons. First, the SSS and CS overlap, with 
densely vascularized regions where neutrophils can be rapidly recruited 
due to inflammation. Second, the SSS and CS are sensitive to mechanical 

stress, and TBI may cause local neutrophil leakage. Third, the SSS and 
CS highly coincide with lymphatic vessel distribution, and this phenom-
enon is in accordance with the recent discovery regarding meningeal 
lymphatic drainage in the central nervous system, in which immune cells 
migrate through a meningeal pathway42–45. Such large-scale dynamics 
with preserved bone marrow have rarely been captured in vivo. Previous 
studies were limited either by aberration-constrained FOV or by tissue 
damage brought by open-skull surgery. LEAO overcame these challenges 
by enabling continuous, cell-level visualization without such limitations. 
In control mice, on the other hand, neutrophil migration toward the SSS 
and CS or activation within bone marrow were minimal (Fig. 5g–j). Tem-
poral analysis confirmed the attenuated immune response in control 
mice compared to TBI mice (Fig. 5k). Quantitatively, TBI mice exhibited 
a steeper and more pronounced increase in cell density within SSS and 
CS regions compared to controls. Owing to the well-preserved skull 
structure, analysis focusing on the skull bone marrow could be carried 
out. An obvious density peak was observed in the frontal skull where 
bone marrow vessels are abundant, likely reflecting neutrophil activa-
tion in response to injury. On the other hand, frontal skull cell density 
in control mice showed a slight but continuous decline over time, pre-
sumably due to photobleaching, cell metabolism or migration to other 
areas. A similar density peak emerged in extravasation areas of TBI mice, 
where neutrophils initially accumulated and were subsequently cleared. 
Although control mice also showed slight extravasation, possibly from 
incidental bleeding, the cell density in extravasation areas gradually 
decreased. Additionally, the higher cell velocity in the frontal skull and 
extravasation areas of TBI mice compared to controls further supported 
these observations (Fig. 5l).

Discussion
In this work, we report LEAO, a wave-propagation digital AO frame-
work utilizing latent-space-enhanced learning that introduces multiple 
theoretical innovations. Benefiting from the wave-optics-based mod-
eling, LEAO outperforms conventional ray-optics-based AO methods. 
Central to LEAO is an autoencoder that extracts latent features from 
spatial–angular measurements, paired with an estimator that utilizes 
these features to infer aberration wavefronts with accuracy and stability 
(Supplementary Fig. 3). Furthermore, disentanglement of the latent 
representations of aberration and structural information improves 
interpretability and enables more precise corrections. As a result, 
LEAO demonstrates resilience to key experiment variables such as the 
magnitude of aberrations, the number of angular views, noise and the 
spatial sampling rate. Quantitatively, an accuracy sixfold higher than 
other approaches is achieved. We validated its performance across 
diverse biological contexts, including T cells in lymph nodes, neurons 
in mouse cortex and neutrophils imaged through the mouse intact 
skull over large depth. These simulations and experiments consistently 
demonstrate LEAO’s practicability in producing reliable reconstruc-
tions from versatile in vivo LFM measurements. Researchers may be 
concerned about the generalization capability, which we addressed 
through transfer learning. We showed that LEAO can be quickly trans-
ferred to new structures and system setups while requiring only 2.5% 
of the training data and with 2–3 orders-of-magnitude reduction in 
training time (Supplementary Figs. 17 and 18). Ablation studies con-
firmed that the translatability was rooted in the scheme of latent-space 
disentangling, distilling aberration priors from sample-dependent 
information (Supplementary Fig. 19). It should also be noted that direct 

Fig. 5 | LEAO combats large TIS-induced aberrations to continuously observe 
sophisticated neutrophil responses for more than 10 h in mice challenged 
with TBI. a, Schematic of the observation of TBI by a TIS window. b, Aberration 
wavefronts estimated by LEAO. c, Recognized cell number with LEAO and no 
AO at different time points. d, MIPs of neutrophil and blood vessel by LEAO. 
Enlarged images show the raw measurement, no AO and LEAO. e, Tracking of a 
neutrophil extravasation. f, Tracking of a neutrophil migration toward the CS. 

g,h, Time-coded projections of the recordings from a TBI mouse (g) and a control 
mouse (h). i,j, MIPs of a TBI mouse (i) and control mouse(j) at the initial (0 min) 
and final (632 min) time points. k, Curves of cell density in selected areas marked 
by boxes with the corresponding color in g and h. l, Curves of cell velocity in 
selected areas. Line, mean value. Shade, s.d. Number of cells used are provided in 
Source Data. Scale bars: 200 μm (d,g,h), 400 μm (i,j), 30 μm (e,f, zoom-in regions 
of d,e).
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generalization without fine-tuning has already achieved higher accu-
racy than DAO. However, to ensure performance, every experiment 
conducted in this paper was either trained from scratch or transferred 
from a pretrained model (Supplementary Table 1).

LEAO represents a distinct technological advancement that 
uses spatial–angular imaging, wave-optics latent modeling and 
deep learning, setting it apart from existing approaches. Among 
recent deep-learning-based AO methods, CoCoA is advanced in its 
performance and generalization ability due to the self-supervised 
scheme12. However, CoCoA requires recalculating the PSF at each 
training iteration using the newly estimated aberration. This con-
straint renders it impractical for spatial–angular imaging, as comput-
ing high-dimensional PSFs typically exceeds 10 min per iteration. This 
limits the use of CoCoA to wide-field-based imaging, which can only 
deal with small aberrations, because wide-field microscopy is intrinsi-
cally more sensitive to aberrations than LFM (Supplementary Fig. 20). 
The same constraint applies for most popular blind deconvolution 
methods46,47, as they are also based on two-dimensional (2D) wide-field 
imaging (Supplementary Fig. 21). Another method based on spatial–
angular imaging with LFM, called wave-optics DAO (wDAO), which 
we previously developed, also claims to operate under a wave-optics 
prior37. wDAO estimates the aberration wavefront from phase gradients 
iteratively derived through a shift-to-wavefront-gradients function. 
However, the method relies solely on shift information between angu-
lar measurements. In contrast, LEAO utilizes high-dimensional latent 
features extracted directly from LFM spatial–angular measurements to 
infer aberrations. In addition, wDAO is limited to a one-time system cali-
bration due to its computationally intensive iterative algorithm, mak-
ing it unsuitable for dynamic or sample-specific aberration correction. 
As a result, its performance notably degrades when faced with variable 
sample-induced aberrations (Supplementary Fig. 22). Only LEAO can 
effectively and efficiently correct large aberrations by manipulating 
latent space representations and incorporating physical priors, thereby 
enabling robust performance in complex, real intravital environments. 
Furthermore, LEAO is highly compatible with existing strategies for 
spatial–angular imaging and can be readily combined with them. For 
example, pairing LEAO with specialized LFM modalities such as confo-
cal LFM would enable simultaneous aberration correction, background 
rejection and optical sectioning36,48–50. Head-mounted LFM techniques 
already permit volumetric imaging at substantial depth in freely mov-
ing rodents but suffer from severe aberrations due to their miniatur-
ized optics51. Integration with LEAO is expected to produce a marked 
improvement in imaging quality. Image enhancement techniques such 
as deblurring can be applied on LEAO-corrected images to further 
increase visual quality (Supplementary Fig. 5b).

Nevertheless, LEAO has several limitations. First, its generalization 
ability is not perfect. When applied to unseen sample types or systems, 
LEAO requires a brief fine-tuning phase to retain accuracy, which is not 
performed in real time (Supplementary Figs. 17 and 18). The required 
amount of data and time may increase with the level of discrepancy 
between the pretrained model and the target model, but we estimated 
the time cost to be about 5 min. A larger model trained across various 
sample types may eventually enable direct application to new data 
without additional training. Second, although we have accommodated 
LEAO to various experimental factors including noise, aberration mag-
nitude variation, angle number, sampling rate and so on, a mismatch 
of simulated and experimental conditions will still exist. Degradations 
caused by factors outside of LEAO’s design cannot be corrected. For 
example, it cannot fully recover resolution or imaging depth loss due 
to scattering, because the scattering model52 is not considered in our 
current physical model of aberration formation (Methods). This issue 
may be addressed by adopting multiphoton excitation53 or imaging 
strategies that incorporate scattering models52. Also, LEAO does not 
correct degradations that cannot be modeled as phase changes in the 
pupil plane. For example, motion blur caused by sample movement 

or image degradation resulting from evaporation in water-immersion 
objectives falls outside the correction capability of LEAO. As of now, we 
do not include a mechanism for the correction of sample motion. Third, 
LEAO relies on an iterative algorithm for reconstruction. Deep-learning 
methods that replace the time-consuming algorithmic pipeline of LFM 
reconstruction can run concurrently with LEAO, yielding reconstruc-
tions that are both rapid and high-fidelity54–56. Fourth, although we 
have conducted both simulated and experimental analyses on the 
disentanglement of the latent space, structure-dependent distortions 
such as scattering may still interfere with the disentangling process. 
Despite these challenges, LEAO’s robust aberration correction based on 
physical priors and latent-space-enhanced deep learning is expected 
to facilitate widespread applications in intravital mesoscale imaging 
and multiscale subcellular investigations.
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Methods
Experimental setup
Experiments in Figs. 3–5 were conducted using the previously 
developed RUSH3D system37, a compact, single-cell-resolution 3D 
mesoscope with a 0.5 numerical aperture (NA) objective, an angular 
resolution of 15 × 15 and scanning of 3 × 3. For the lymph node imag-
ing in Fig. 3, we used a multicolor light-emitting diode (LDI-7-488, 
89 North); a microlens array of 69-μm pitch, 393.3-μm focal length; 
and a 12-bit camera with 7,920 pixels × 6,004 pixels, 4.6-μm pixel size 
(CMV50000, CMOSIS). The effective system magnification is 5.761. For 
the mouse brain neuronal imaging in Fig. 4, we used a laser diode illu-
minator (LDI-PRIME 15070, 89 North); a customized objective lens with 
NA of 0.5; a microlens array of 56.4-μm pitch, 499-μm focal length; and 
a complementary metal-oxide-semiconduct (CMOS) camera (QHYCCD 
QHY411). The effective system magnification is 9.25. For TIS imaging in 
Fig. 5, we used the same laser and camera as in Fig. 4, along with another 
customized objective lens with NA of 0.5. The microlens array is of 
56.4-μm pitch and 444-μm focal length. The effective system magnifica-
tion rate is 7.85. Details regarding imaging samples, labels, excitation 
wavelength and additional experimental parameters are provided in 
Supplementary Table 2.

In Fig. 2m,n, we simulated five different systems to demonstrate 
LEAO’s compatibility with various spatial–angular imaging setups. We 
list the parameters used in respective systems here. The LFM has a 
1.05-NA objective with refractive index of 1.33; a microlens array of 
136.5-μm pitch, 2,800-μm focal length; 21 × 21 angular resolution; and 
a system magnification rate of 43.067. The sLFM configuration is the 
same as that of LFM except for adding a 3 × 3 scanning scheme. The 
confocal scanning LFM configuration is the same as that of sLFM except 
for adding a line-confocal illumination with a slit size of 11-times Airy 
units of the whole-objective NA to reject background fluorescence. 
The RUSH3D has a 0.5-NA objective with refractive index of 1; a micro-
lens array of 69-μm pitch, 393.3-μm focal length; an angular resolution 
of 15 × 15 with scanning of 3 × 3; and a system magnification rate of 5.761. 
The two-photon synthetic aperture microscopy has a 1.05-NA objective 
with refractive index of 1.33, a pinhole size of 50 μm (α= 0.1), an angular 
resolution of 13 and a system magnification rate of 18.

In Supplementary Figs. 13 and 14, we used an LFM system with 
removable phase masks to introduce designed aberration wavefronts. 
The system has a 0.5-NA objective with refractive index of 1; a micro-
lens array of 100-μm pitch, 2,100 μm focal length; and 15 × 15 angular 
resolution. The magnification rate is 20. A phase mask made of Corning 
7980 glass installed on a translation mount (TXYZ05, LBTEK) can be 
inserted or removed at the pupil plane of the emission light. By spatially 
modulating the optical path, the phase mask modifies the wavefront 
according to a custom design.

Network architectures of LEAO
In this work, we proposed a three-part network architecture for feature 
extraction and aberration estimation. The input to our network is the 
spatial–angular measurements from LFM, and the output is the 
decoded spatial–angular images and the estimated aberration wave-
fronts. The decoded spatial–angular images are used to compute the 
reconstruction loss to enable the feature extraction process of the 
encoder–decoder branch, which enhances the estimation accuracy 
and generalization ability of the network, compared to using only a 
vanilla regressor (Supplementary Figs. 3 and 17). The encoder ℰ per-
f o r m s  d i m e n s i o n  re d u c t i o n  o n  t h e  i n p u t  d a t a  ( s i ze 
angle × height × width pixels) to form latent features (size of 
C × height/2ds ×width/2ds pixels, where C denotes the channel number 
of 2D convolution layers and is usually set to 64, and ds denotes the 
downsampling block number in the network, usually set to 3). Then, 
all features are fed to the decoder 𝒟𝒟 and features encoding aberration 
(usually half of the features) are fed to the estimator 𝒫𝒫. The decoder 𝒟𝒟 
retrieves the spatial–angular images (size of angle × height ×width  

pixels) from the dimensionally reduced latent features, and the estima-
tor 𝒫𝒫 outputs the Zernike coefficients (size 17 pixels unless otherwise 
specified), which are then turned into an aberration wavefront by lin-
early combining the selected Zernike polynomials according to the 
estimated coefficients. Reconstruction loss is formed as the mean 
squared error of the input spatial–angular data and the output spatial–
angular data. Aberration loss is the mean squared error of the actual 
aberration wavefront introduced into the imaging process and the 
estimated aberration wavefront.

In the first stage of training, joint optimization of the encoder, 
decoder and estimator is achieved through alternative training of the 
encoder–decoder and encoder–estimator branches. A validation 
dataset is introduced to monitor the convergence of the network. When 
the validation loss between the GT aberration wavefronts and the 
estimated aberration wavefronts no longer decreases for ten epochs, 
we conclude that the feature extraction is completed and the training 
enters the second stage, where the latent loss starts to be computed. 
Latent loss ℒL  consists of aberration-encoding loss ℒA  and 
structure-encoding loss ℒS:

ℒL = ℒA + ℒS (1)

To encourage feature disentangling, we specifically incorporated 
a data triplet strategy using a simulated dataset57. Three spatial–angular 
measurements S1,1, S2,1 and S1,2 are jointly required to compute the latent 
loss (Supplementary Fig. 3g). Among them, two stacks S1,1 and S1,2 share 
the same structure V1, and the other stack S2,1 is formed by another 
structure V2. Two stacks S1,1 and S2,1 share the same aberration wavefront 
φ1, and S1,2 is degraded by another aberration φ2. Their latent features 
ℰ(S1,1), ℰ(S2,1) and ℰ(S1,2) are each split along the channel dimension into 
two components: the aberration-encoding component ℰA (S1,1) , ℰA(S2,1) 
and ℰA(S1,2) and the structure-encoding component ℰS (S1,1) , ℰS(S2,1) and 
ℰS(S1,2). The aberration-encoding loss ℒA is computed using the former 
component, and structure-encoding loss ℒS  is computed using 
the latter:

ℒA = max (0,MSE (ℰA (S1,1) , ℰA (S2,1)) −MSE (ℰA (S1,1) , ℰA (S1,2)) +margin)
(2)

ℒS = max (0,MSE (ℰS (S1,1) , ℰS (S1,2)) −MSE (ℰS (S1,1) , ℰS (S2,1)) +margin)
(3)

where max(⋅, ⋅) is an operator that returns the larger one of two input 
values, MSE(⋅, ⋅) computes the mean squared error between its inputs 
and margin is a hyperparameter to control the extent to which dis-
similar features are separated, typically set to 1 in our experiments58,59. 
The incorporation of the latent loss leads to a continued decrease in 
validation loss, as effective disentanglement of latent features helps 
suppress irrelevant information and improves aberration estimation 
accuracy (Supplementary Fig. 3h). The convergence of the validation 
loss serves as a criterion for terminating the training process. The 
well-trained model exhibits high aberration estimation accuracy with 
a well-disentangled latent space (Supplementary Fig. 3i–k).

The detailed network structure is illustrated in Supplementary  
Fig. 4. The encoder consists of two initial convolutional layers, followed 
by a series of residual groups, the number of which is typically set to 
three (except for Supplementary Fig. 23, which uses six). Each residual 
group contains multiple (usually two, except for Supplementary Fig. 23, 
which uses eight) residual channel attention blocks (RCABs) and a max 
pooling operation for downsampling (with a scale factor of 2), except 
for Supplementary Fig. 23, which applies the max pooling only for the 
first three residual groups. Each RCAB consists of two convolutional 
layers, each followed by a leaky ReLU activation and a CA layer. The 
CA layer performs global average pooling to extract channel-wise 
statistics, which are then passed through two 1 × 1 convolution layers 
to produce attention weights. These weights are used to adaptively 
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recalibrate the feature maps, enhancing the representational capability 
of the network. The decoder retrieves the input from the latent repre-
sentation learned by the encoder. It mirrors the encoder’s structure, 
consisting of residual groups containing multiple RCABs and bilinear 
upsampling operations in place of max pooling. Following upsampling, 
two additional convolutional layers are applied to generate the final 
output, which maintains the same spatial dimensions as the input. 
The estimator branch processes the latent features using three con-
volutional layers, each followed by a leaky ReLU activation, to extract 
aberration-relevant information. The resulting feature maps are then 
subjected to a global average pooling to yield a compact feature vec-
tor, which is subsequently passed through a fully connected layer 
to produce a vector corresponding to the estimated Zernike coeffi-
cients. The channel number for each convolutional layer is specified 
in Supplementary Fig. 4.

After inference with LEAO, the estimated aberration wavefront 
is used to compute the corresponding PSF based on the wave-optics 
model (Supplementary Fig. 24). Then the PSF is employed in an 
iterative tomography algorithm to reconstruct a high-resolution 
3D volume from the aberrated spatial–angular measurements 
(Supplementary Fig. 5a)16. For spatial–angular measurements with 
spatially non-uniform aberrations, multiple PSFs are generated cor-
responding to different spatial tiles. Each tile is reconstructed individu-
ally, and the resulting volumes are subsequently fused into a single 
volume using a sigmoid-function-based image fusion method60.

Simulation of aberrated spatial–angular measurements
All training spatial–angular measurements were generated by applying 
aberrated PSFs on 3D volumes following a wave-optics forward imaging 
model (Supplementary Fig. 24). A set of Zernike coefficients {ck}k
(k = 1,… ,K ) were generated randomly following ck ∼ U([ak,bk])
(1 ≤ k ≤ K), where U([ak,bk]) is a uniform distribution on [ak,bk]. Then 
the aberration at the pupil plane was generated by

ϕ (r,θ) =
K
∑
k=1

ckZk (r,θ) (4)

where Zk (r,θ) is the kth Zernike polynomial under American National 
Standards Institute indexing61. To be more specific, the polynomials 
are defined as

Z j (r,θ) = Zm
n (r,θ) = {

Rm
n (r) cos (mθ) , m ≥ 0,

R|m|n (r) sin (|m|θ) , m < 0,
(5)

where j is a positive index following

j = n (n + 2) +m
2 + 1 (6)

and Rm
n  is defined as

Rm
n (r) =

(n−m)/2
∑
s=0

(−1)s (n − s)!
s! ( n+m

2
− s)! ( n−m

2
− s)!

rn−2s (7)

We listed the Zernike polynomials in order in Supplementary Fig. 25. 
We set K = 21 for all our experiments unless otherwise noted, but LEAO 
also possesses the ability to solve higher-order aberrations 
(Supplementary Fig. 23). Coefficients for piston, tilt and defocus modes 
were set to 0, as they were too low-order and had already been corrected 
during the system setup. To generate an aberration with a desired 
root-mean-squared (RMS) value σt, we computed the current RMS σc 
of the aberration wavefront and then applied a rescaling

ϕrescaled (r,θ) =
σt
σc

ϕ (r,θ) (8)

Next, an aberrated PSF was generated based on the rescaled aber-
ration and the previously developed spatial–angular imaging model16,29. 
When without aberration, light from a point source (x1, x2, x3) forms 
the field below at the image plane:

Uideal (y, x3) =
Msys

f 2objλ2
exp (−i ⋅ 2πλ

x3)

∫θ
0√cosφ exp (−i 4πx3sin

2(φ/2)
λ

)

J0 (
2πsin(φ)

λ √(y1 − x1)
2 + (y2 − x2)

2) sin (φ)dφ,
(9)

where y = (y1, y2)  is the position on the image plane, fobj is the focal 
length of the objective lens, λ is the emission wavelength, Msys is the 
magnification rate of the optical system, J0 (⋅) is the 0th-order Bessel 
function of the first kind, θ is the half-angle of the maximum light cone 
accepted by the objective and φ is the angle between the light ray and 
the optical axis. To take the effect of aberration into consideration, we 
need to apply it to the phase of the Fourier transformation of Uideal, for 
this is equivalent to applying a continuous wavefront distortion at the 
pupil plane:

Uaberrated = ℱ−1 (ℱ (Uideal) eiϕrescaled ) (10)

where ℱ−1 and ℱ  are the reverse Fourier transform and Fourier trans-
form. After that, following the configuration of a typical light-field 
system, the light goes through a microlens array t( y) and propagates 
to the detector plane:

Udetected (y’, x3) =
e
i
2πn
λ

fμlens

i
2πn
λ

fμlens
∫xUaberrated (y, x3)

⋅t (y) ⋅ exp {j πn
λf lens

||y’ − y||22}dy

(11)

where y′ is the position on the detector plane, n is the refractive index 
and fμlens is the focal length of the microlens array. Each pixel y′ has a 
relative lateral shift u0 with respect to one of the microlens array with 
a center position y0. Thus, the aberrated PSF can be formed as

PSF ( y0, x3,u0) = ∫
x′

|||
|||Udetected ( y′, x3) rect (

y′ − y0 − u0

ds
)|||
|||

2

2
dy′, (12)

where ds is the sensor pixel size and rect() is the rectangle function.
Aberrated LFM spatial–angular measurements were further 

obtained by

LFm,n(x,u) = ∫
z
Vn (x, z) ∗ PSFm (x, z,u)dz, 1 ≤ m ≤ M, 1 ≤ n ≤ N (13)

where PSFm is the mth aberrated PSF, Vn is the nth 3D volume, and * is 
the 2D convolution with respect to x. M = 200 for all our experiments 
except Supplementary Fig. 23, in which a higher number of PSFs 
(M = 600) is needed to train a model capable of processing higher-order 
aberrations. N depends on the accessible number of data, typically in 
the range of 60–200. We typically selected 2,000 LFm,n for training 
LEAO, which is empirically chosen and validated to be sufficient 
(Supplementary Fig. 26). After generation of the training dataset, the 
wave-optics aberration information is encoded in the spatial–angular 
measurements, waiting to be extracted by LEAO. Performance was 
evaluated on ten additional data that were excluded from training. The 
training data number for each figure is listed in Supplementary Table 1.

When conducting noise experiments, we first linearly adjusted the 
brightness of the clean simulated data so that the peak photon count, 
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defined as the 99.9th percentile of all intensity values, was set to the 
desired value, forming the stack LF. Then we applied additive Gaussian 
noise of s.d. 4 and a Poisson noise simulating the photon shot noise, 
forming the stack LFnoisy. Different experiments were conducted for 
decreasing peak photon count. We calculated the SNR of each image by

SNR = 20log10 (
||LF||2

||||LF − LFnoisy||||2
) (14)

and then defined the SNR of the respective peak photon count to be 
the average of all SNR values calculated on test data with this peak 
photon count.

Mouse brain slice imaging
In the mouse brain slice experiments for Supplementary Figs. 13 and 
14, 6–8-week Thy1-YFP ( JAX 003709) mice were used. After anesthesia 
and phosphate-buffered saline perfusion, separation of the mouse 
brain and the skull was completed. Overnight, the brain was fixed with 
4% paraformaldehyde at a temperature of 4 °C. Subsequently, with a 
Leica vibratome (Leica VT1200 S), a coronal section of the mouse brain 
at 100 µm was made. The sections were mounted in mounting medium 
(Sigma, catalog no. F4680) for subsequent imaging.

Lymph node imaging
In the lymph node experiment, we followed a previously performed 
protocol62. Specifically, dsRed-expressing OT-II mice were generated 
by crossing dsRed-expressing mice ( JAX 6051) and OT-II mice carrying 
OVA323-339-specific T cell receptor transgenes ( JAX 4194). Using the nega-
tive selection CD4 T cell isolation kit (Miltenyi Biotec), OT-II T cells were 
isolated from OT-II mice. C57BL/6 ( JAX 0664) mice were used as recipi-
ents and injected with freshly isolated dsRed-expressing OT-II T cells 
(0.8 × 105 per mouse) and non-fluorescent OT-II T cells (3.2 × 105 per 
mouse). One hundred thirty μg HEL-OVA antigen, formulated using a 
1:1 emulsion with alum adjuvant (Thermo Scientific) and supplemented 
with 0.5 μg lipopolysaccharide (LPS, Sigma), was used for immune acti-
vation in the recipient mice. The HEL-OVA conjugates were synthesized 
via chemical crosslinking using the HydraLink kit (SoluLink)39.

All mice were sourced from The Jackson Laboratory and aged 
6–12 weeks. Mice were imaged using the RUSH3D microscope after 
the inguinal lymph node surgery39,63.

Mouse cortex calcium imaging
Neural activity was imaged in GCaMP6f-expressing mice obtained by 
interbreeding Rasgrf2-2A-dCre mice with Ai148 (TIT2L-GC6f-ICL-tTA2)-D 
mice. An 8.0-mm circular craniotomy was made on adult mice (8–16 
weeks postnatal) anesthetized with 1.5% (v/v) isoflurane in oxygen. Fol-
lowing excision of the skull segment, a glass coverslip was positioned 
over the surface and sealed in place, and a titanium headpost was affixed 
to the skull using dental cement to permit stable head immobilization 
during imaging. Expression of GCaMP6f in cortical layer 2/3 neurons 
across the brain was pharmacologically induced via intraperitoneal 
administration of trimethoprim (0.25 mg per g body weight). After a 
14-day post-surgery interval to allow for resolution of inflammatory 
responses and optical clearing of the cranial window, awake, head-fixed 
mice were used for RUSH3D calcium imaging.

Neuron extraction and calcium analysis
A region 796 μm × 820 μm in the mouse cortex was manually selected 
for calcium analysis in Fig. 4. Motion correction and neuron extraction 
were performed using the Constrained Nonnegative Matrix Factoriza-
tion (CNMF) algorithm implemented by CaImAn64. Raw fluorescence 
trace F from each neuron was used to calculate ΔF/F such that

ΔF/F = F − F0
F0

(15)

where F0 is the median of the temporal trace. Deconvolution was per-
formed65 to infer the most likely discretized spikes.

TIS window preparation
For the TIS imaging in Fig. 5, 8-week-old wild-type C57BL/6 or BALB/c 
mice anesthetized via intraperitoneal injection of 250 mg per kg Avertin 
(tribromoethanol) were placed in a stereotaxic head-fixation apparatus 
for removal of the scalp and periosteum and clearance of the connec-
tive tissues over the skull surface. S1 and S2 solutions were sequentially 
applied and rinsed off, as described in previous protocols22. A transpar-
ent UV-curable gel was then applied to the skull surface and cured under 
UV light for 3 min to form a stable, optically clear polymer window. A 
custom-made head bar was affixed to the skull using dental cement. 
To preserve the clarity of the window before imaging, the surface was 
protected with adhesive tape until the imaging session.

TBI model preparation
A modified toy-gun-based device was used to generate a controlled, 
mild mechanical impact to the skull as the TBI model (Fig. 5)40. A single 
discharge produced subarachnoid hemorrhage and promoted neu-
trophil extravasation. The magnitude of the impact was regulated by 
varying the distance between the skull surface and the gun barrel. Fol-
lowing the impact, the UV-cured gel cranial window remained optically 
clear and mechanically stable, enabling subsequent intravital imaging.

Mouse neutrophil activity recording
For the neutrophil activity recording in Fig. 5, mice received tail vein 
injections of a mixture consisting of 10 μl phycoerythrin-conjugated 
anti-Ly6G antibody for neutrophil labeling (catalog no. 127608, Bio-
Legend, clone 1A8) and 50 μl of 5 mg ml−1 Sulfo-Cy5.5-carboxylic acid 
(catalog no. D10153-5, DuoFluor) for vascular labeling. The mixture 
was diluted with 90 μl sterile saline buffer. For the TBI mouse model, 
the injection was administered 4 h post-injury, followed by imaging 
with the RUSH3D system.

Mice housing conditions
Mice used in this study were maintained under standard laboratory 
conditions, with unrestricted access to food and water. Animals were 
kept on a 12-h light–dark schedule in a temperature-controlled environ-
ment (~22 °C) with ~50% relative humidity.

Implementation details of LEAO
LEAO was implemented on a PyTorch platform. Network training was 
performed on paired LFM data stacks and aberration wavefronts. Input 
data stacks were randomly cropped to extract patches of the desired 
size. The Adam optimizer was used with parameters β1 = 0.9,β2 = 0.999 
and lr = 10−4. Detailed training and inference configurations, including 
training input size, inference input size, convergence epoch, training 
time and inference time are provided in Supplementary Table 1. All 
tasks were conducted using an NVIDIA RTX 3090 Ti GPU and an Intel 
Xeon Gold 6148 processor.

Performance evaluation
Normalized residual aberration σ  has been used to quantitatively assess 
the accuracy of the aberration estimation. To calculate σ, first we need 
to calculate the RMS error of the residual aberration. RMS is the s.d. of 
Δϕ = ϕ̂ − ϕ, the difference between the estimated aberration ϕ̂ and the 
GT aberration ϕ:

RMS =
√√√√
√

1
P − 1

P
∑
i=1

(Δϕ(i) − 1
P

P
∑
j=1

Δϕ( j))
2

(16)

where P is the total number of pixels within the incircle of Δϕ, and Δϕ(i) 
is the value of the ith pixel in Δϕ. We maintained the size 199 × 199 for 
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all aberrations in this paper. This value was empirically set to avoid 
wasting computation resources (too large) or resulting in inaccurate 
metrics (too small). Next, normalization is performed so that

σ = RMS
max (ϕ) −min (ϕ) (17)

where max (ϕ) is the maximum value of ϕ and min (ϕ) the minimum.
The direct output of the LEAO network is the aberration wave-

front, but a shift-to-phase computation should be conducted to obtain 
the estimated aberration wavefront of DAO. We generated the wave-
fronts from DAO’s shift maps through planar integration66. We simu-
lated the estimated aberration wavefronts of hardware AO to be the 
discretization of the GT aberration wavefronts. Specifically, we divided 
the GT aberration wavefront into square patches, the number of which 
was determined by the actuator number of the deformable mirror, 
and fit each patch, respectively, using a linear phase profile 
ϕ(x, y) = ax + by + c simulating the piston, tip and tilt of the actuator. 
The wide-field imaging results of hardware AO were obtained by con-
volution of the GT sample with the wide-field PSF with residual aber-
ration. The deconvolved hardware AO results were obtained by 
performing Richardson–Lucy deconvolution on the wide-field 
imaging results.

PSNR and SSIM were used to evaluate the fidelity of the aberration- 
corrected volumes. Before calculation, registration was first conducted 
to align the reconstructions to the GT volume, because shifts were 
highly possible in the DAO reconstruction. Specifically, the translation 
transformation matrix was optimized using the imregtform() function 
in MATLAB using xy- and xz-maximum intensity projections (MIPs) of 
the volume. Reconstructions were translated using the imwarp() func-
tion and the transformation matrix. Then, all volumes were normalized 
and fed to the MATLAB functions psnr() and ssim().

All above-mentioned preprocessing before evaluation was con-
ducted on all methods for fair comparison.

Ethics statement
Animal protocol procedures were reviewed and approved by the Insti-
tutional Animal Care and Use Committee office of Tsinghua University.

Data analysis
All performance analyses were performed with customized MATLAB 
(MathWorks, MATLAB R2024a) scripts and Python (v.3.9.7) scripts. 
All 3D renderings and the tracking in Figs. 3–5 were performed using 
Imaris (v.9.0).

Statistics and reproducibility
Data shown in Figs. 3 and 4 and Supplementary Videos 2 and 3 
are representative of n = 10 experiments. Data shown in Fig. 5, 
Supplementary Figs. 13 and 14 and Supplementary Video 4 are rep-
resentative of n = 6 experiments. Data from other simulation-based 
figures are representative of n = 12 experiments.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Downloading links to example data used for demonstrations are 
available via the GitHub repository at https://github.com/Trista-
Zeng/LEAO (ref. 67). All simulated neuronal data were generated 
using the Neural Anatomy and Optical Microscopy package and 
its modifications68,69. Other simulated data used the open-source 
dataset by the Allen Institute (https://www.allencell.org/data-down-
loading.html#DownloadImageData). Source data are provided with 
this paper.

Code availability
The Python code for LEAO, several representative pretrained models, 
as well as the example dataset for training and testing are publicly 
accessible via the GitHub repository at https://github.com/TristaZeng/
LEAO (ref. 67).
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Supplementary Figures 

  

Supplementary Fig. 1 | Comparison of LEAO with closed-loop hardware adaptive optics. a-h, MIPs 
of the ground truth (a), wide-field results of hardware AO by 50×50 (b) and 10×10 (c) deformable 
mirrors (DM) and the raw aberrated image (d), LEAO result (e) and the deconvolved wide-field results 
of 50×50 (f), 10×10 (g) hardware AO and the raw aberrated image (h). Reference ground truth 
aberration wavefront and aberration wavefronts estimated by each method are shown in the insets. 
Simulation details of hardware AO could be found in Methods. i, PSNR evaluation of the images in b-h. 
j, Normalized residual aberration 𝝈𝝈 of the aberration wavefronts in b, c, e. Scale bar, 20 μm. 

  



 

5 

 

 

Supplementary Fig. 2 | The estimated phases by DAO and LEAO on two samples with different 
complexity. a, Both DAO and LEAO accurately yield a phase highly resembling the ground truth. b, 
DAO fails to accurately estimate the shift map of ER with more complicated structure, noise distribution 
and background fluorescence, leading to an off-amplitude phase estimation, while LEAO preserves the 
accuracy. 
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Supplementary Fig. 3 | Ablation study of LEAO architecture. a, The architecture of a vanilla 
aberration regressor, denoted as Model 1. b, The architecture of Model 2, which adds a decoder on the 
basis of Model 1 to form an auto-encoder branch for feature extraction. c, The variance of three 
representative groups of estimated aberration wavefronts by Model 1 (first row) and Model 2 (second 
row). Each group contains five estimated aberration wavefronts obtained from five distinct sample 
structures under the same aberration corruption. A lower variance indicates greater stability in aberration 
estimation. d, The unfolded five estimated aberration wavefronts derived from Model 1 and Model 2, 
with the ground truth wavefront shown as reference. Normalized residual aberration 𝜎𝜎 was calculated for 
each estimation, where lower values and smaller variance indicate better performance. e, The quantitative 
comparison of estimation variance between Model 1 and Model 2 (n = 10 groups, each group contains 
five estimated aberration wavefronts). Model 2 exhibits lower variance, indicating greater robustness to 
multifarious sample structures. f, The architecture of our LEAO, denoted as Full model, which adds a 
latent loss on the basis of Model 2. g, The principle of latent loss. Latent features extracted from the input 
LFM triplet are separated into two components encoding aberration and structure, respectively. Through 
optimization in the latent space using latent loss, feature distances are minimized for inputs sharing the 
same aberration or structure, and maximized for those with differing aberrations or structures. h, 
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Convergence curves of Model 2 and Full model across different training epochs, indicated by the residual 
aberration on test dataset. i, t-SNE analysis on latent features of Model 2 and Full model. j, Two 
directional maximum intensity projection (MIP) obtained by Model 1 (first column), Model 2 (second 
column), and Full model (third column). Zoomed-in regions of the white solid box are shown on the right 
bottom. Estimated aberration wavefronts are displayed in the insets. The ground truth image is shown in 
the right column with the input aberration. k, Normalized residual aberration 𝜎𝜎 and SSIM obtained by 
Model 1, Model 2 and Full model (n = 10 data stacks). Boxplot format: center line, medians; limits, 75% 
and 25%; whiskers, the larger value between the largest data point and the 75th percentiles plus 1.5× the 
interquartile range (IQR), and the smaller value between the smallest data point and the 25th percentiles 
minus 1.5× the IQR; outliers, data points larger than the upper whisker or smaller than the lower whisker. 
Scale bar, 20 μm (j), 10 μm (zoom-in regions in j). 
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Supplementary Fig. 4 | Network architecture of LEAO. The architecture consists of three parts: an 
encoder, a decoder and an estimator. Features extracted from input spatial-angular measurements by the 
encoder-decoder branch are disentangled into representations encoding structure and aberration 
separately. The estimator then operates on the features encoding aberration to achieve high aberration 
estimation accuracy and improved robustness to changes in sample structure.  
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Supplementary Fig. 5 | Deconvolution pipeline and further deblurring results on reconstruction 
image. a, The deconvolution pipeline of LEAO and w/o AO. w/o AO utilizes ideal 4D phase-space PSFs1 
without aberration, while LEAO puts estimated aberration wavefront into the generation of PSFs. 
Example PSFs (MIP, center view) of w/o AO and LEAO are shown. With the PSFs, phase-space 
deconvolution is performed on the aberrated spatial-angular measurements to produce reconstruction 
results. b, MIPs of reconstruction results on mouse cortex from Fig. 4 by LEAO and w/o AO, and 
Normalized Blind Deconvolution (NBD)2 on the reconstruction MIPs. This demonstrates blind 
deblurring techniques can be applied on the reconstruction results obtained through the pipeline in a to 
further enhance the image quality. Scale bar, 20 μm. 
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Supplementary Fig. 6 | Evaluation of LEAO on data of punctate and tubular structure. a, Two 
directional MIPs of cell membrane (first row) and MT (second row) images without AO (first column), 
with DAO (second column), and with LEAO (third column). Zoomed-in regions of the yellow solid box 
are shown on the right bottom. Regions corresponding to the 30° projection are marked by yellow dashed 
line. Estimated aberration wavefronts are displayed in the insets. The ground truth images are shown in 
the right column. Scale bar, 30 μm, 10 μm (zoom-in). b, c, SSIM (b) and PSNR (c) of images obtained 
by methods without AO, with DAO and with LEAO on three types of structures including cell membrane, 
ER and MT (n = 10 data stacks). d, Normalized residual 𝜎𝜎 estimated by DAO and LEAO (n = 10 data 
stacks). Boxplot format: center line, medians; limits, 75% and 25%; whiskers, the larger value between 
the largest data point and the 75th percentiles plus 1.5× the interquartile range (IQR), and the smaller 
value between the smallest data point and the 25th percentiles minus 1.5× the IQR; outliers, data points 
larger than the upper whisker or smaller than the lower whisker. 
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Supplementary Fig. 7 | Evaluation of LEAO’s performance at increasing aberration levels. a, b, 
Two directional MIPs of the ground truth (a), and obtained by LEAO, DAO and CoCoA with induced 
aberration RMS ranging from 1 to 5 𝜆𝜆 (b). Estimated aberration wavefronts are shown in the insets, with 
ground truth wavefronts displayed at the top. c, d, Normalized residual aberration 𝜎𝜎 (c) and SSIM (d) 
evaluation (n = 10 data stacks) comparing CoCoA, DAO and LEAO. Lineplot format: center line, mean 
value; shade, standard deviation. Scale bar, 20 μm. 
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Supplementary Fig. 8 | Evaluation of LEAO on dataset with a wide range of aberration levels. a, 
MIPs of simulated neuron data obtained by LEAO with induced test aberration RMS of 0.6, 1 and 1.4 𝜆𝜆 
(from top to bottom). The induced aberration wavefronts are shown on the left. Each row corresponds to 
an LEAO model trained on a dataset containing only a single-level aberration with RMS of 0.6, 0.8, 1.0, 
1.2 or 1.4 𝜆𝜆. Estimated aberration wavefronts by each model on each sample are shown in the insets. The 
bigger the gap between training and test aberration levels (images further away from the diagonal 
direction), the worse the aberration estimation accuracy and image quality. b, Corresponding results 
obtained using an LEAO model trained on a dataset containing multi-level aberrations. c, Ground truth. 
d, Normalized residual aberration 𝜎𝜎  for test data with induced aberration RMS from 0.6 to 1.4 𝜆𝜆 , 
evaluated using LEAO models trained on aberration levels from 0.6 to 1.4 𝜆𝜆, respectively. The results 
obtained by LEAO trained on multiple aberration levels is shown in the right (n = 10 data stacks). Boxplot 
format: center line, medians; limits, 75% and 25%; whiskers, the larger value between the largest data 
point and the 75th percentiles plus 1.5× the interquartile range (IQR), and the smaller value between the 
smallest data point and the 25th percentiles minus 1.5× the IQR; outliers, data points larger than the upper 
whisker or smaller than the lower whisker. Scale bar, 10 μm. 
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Supplementary Fig. 9 | Evaluation of LEAO’s performance at increasing noise levels. a, b, c, Center 
views (a), MIPs of reconstruction with DAO (b) and MIPs of reconstruction with LEAO (c) with peak 
photon count ranging from 50 to 10 (left to right). The peak photon count is defined as the 99.9th 
percentile of intensity values in the spatial-angular measurements. A Gaussian noise of standard deviation 
4 and a Poisson noise simulating the photon shot noise were added. Estimated aberration wavefronts are 
shown in the insets. d, Ground truth counterparts without noise. Aberration wavefronts in b-d share the 
same scale bar. e, PSNR and Normalized residual aberration 𝜎𝜎 evaluation comparing LEAO and DAO 
on noisy spatial-angular measurements with different SNRs (n = 10 data stacks). These statistical 
analyses validated that LEAO’s estimation accuracy does not degrade until an SNR of 3.4 dB is reached. 
Boxplot format: center line, medians; limits, 75% and 25%; whiskers, the larger value between the largest 
data point and the 75th percentiles plus 1.5× the interquartile range (IQR), and the smaller value between 
the smallest data point and the 25th percentiles minus 1.5× the IQR; outliers, data points larger than the 
upper whisker or smaller than the lower whisker. Scale bar, 10 μm. 
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Supplementary Fig. 10 | Evaluation of LEAO’s performance stability to random noise. a, 
Generation of 10 spatial-angular measurements stacks with randomly different noise patterns from the 
same clean measurement. Only the center view is shown here. Ground truth aberration wavefront is 
shown on the left top. b, Zernike coefficient distribution under ANSI indexing of LEAO on noisy data 
(n = 10 noisy data, bar plot format: bar, mean value; whisker, standard deviation), LEAO on clean data 
(n = 1), and ground truth. The index discards the piston, tilt and defocus modes (Methods). c, PSNR 
evaluation of LEAO images with different noise patterns (n = 10 data stacks). d, Zoomed-in of the clean 
area marked by white line in a. e, Corresponding noisy zoomed-ins. f, g, Estimated aberration by LEAO 
on the clean data (f) and noisy data (g). h, i, Reconstruction results on clean (h) and noisy data (i), 
displayed as MIPs. Both the qualitative and quantitative analysis validate that random noise does not 
affect the performance of LEAO. Scale bar, 30 μm (a), 5 μm (d, e, h, i). 
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Supplementary Fig. 11 | Evaluation of LEAO’s performance on different angle numbers. a, 
Representative views of the raw spatial-angular measurements. Misalignment of optical elements, 
aberrations and other factors form the vignette effect, resulting in the nonuniform intensity distribution 
in peripheral angular measurements. Hence, the optimal angle number for aberration estimation is 
unknown. b, Two directional MIPs obtained by DAO (first column), LEAO (second column) and ground 
truth (third column) at DAO’s optimal angle number of 43. Aberration wavefronts are shown in the insets. 
c, Normalized residual aberration 𝜎𝜎 and SSIM evaluation comparing LEAO and DAO on two samples 
at different angle numbers. The grey arrow marks DAO’s optimal angle number, and the green arrow 
marks LEAO’s. d, Normalized residual aberration 𝜎𝜎 and SSIM evaluation (n = 10 data stacks) comparing 
LEAO and DAO on a larger test dataset. Boxlot format: center line, medians; limits, 75% and 25%; 
whiskers, the larger value between the largest data point and the 75th percentiles plus 1.5× the 
interquartile range (IQR), and the smaller value between the smallest data point and the 25th percentiles 
minus 1.5× the IQR; outliers, data points larger than the upper whisker or smaller than the lower whisker. 
Scale bar, 10 μm. 
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Supplementary Fig. 12 | Evaluation of LEAO’s performance at different spatial sampling rates. a, 
MIPs of ground truth ER data (first row) and LEAO (second row), with spatial sampling rate = 9.5 μm, 
3.2 μm and 1.5 μm. Aberration wavefronts are shown in the insets. b, Normalized residual aberration 𝜎𝜎 
and PSNR evaluation on ER data (n = 10 data stacks). c-d, Corresponding results using simulated neuron 
data (n = 10 data stacks). Boxplot format: center line, medians; limits, 75% and 25%; whiskers, the larger 
value between the largest data point and the 75th percentiles plus 1.5× the interquartile range (IQR), and 
the smaller value between the smallest data point and the 25th percentiles minus 1.5× the IQR; outliers, 
data points larger than the upper whisker or smaller than the lower whisker. Scale bar, 40 μm. 
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Supplementary Fig. 13 | LEAO on thin brain slices with artificially induced aberrations. a-c, MIPs 
of ground truth (a), LEAO (b) and w/o AO (c). Zoom-in regions are shown on the right top of each image. 
Ground truth images were reconstructed from aberration-free samples captured without any induced 
aberrations. Ground truth or estimated aberration wavefronts are shown on the left bottom. d, Intensity 
profiles of the structures marked by yellow (profile 1) and white (profile 2) arrows in a. e, Intensity 
profiles of the structures marked by yellow (profile 1) and white (profile 2) arrows in b. f, Intensity 
profiles of the structures marked by yellow (profile 1) and white (profile 2) arrows in c. g-i, MIPs of 
ground truth (g), LEAO (h) and w/o AO (i), on another sample. j-l, Intensity profiles of corresponding 
images, on another sample. Scale bar, 50 μm, 5 μm (zoom-in regions in a-c), 9 𝜇𝜇m (zoom-in regions in 
g-i). 
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Supplementary Fig. 14 | Disentanglement measurement of LEAO on experimental data of a mouse 
brain slice. a, Four different regions from a mouse brain slice. b, Two induced aberration wavefronts 
from the two designed phase masks. c, t-distributed Stochastic Neighbor Embedding (t-SNE) analysis of 
latent features extracted from 8 measurements, comprising 4 types of sample structures shown in a, each 
contaminated by 2 different aberrations shown in b. Scale bar, 20 μm. 
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Supplementary Fig. 15 | Estimated phases by LEAO on two mice imaged by the same system. 
Mouse 1 is the source of Fig. 4a-e. Mouse 2 is the source of Fig. 4f-j. 
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Supplementary Fig. 16 | Comparison of TIS imaging results of neutrophils and blood vessels with 
and without LEAO correction. a, MIP of intact mouse brain after TBI obtained by LEAO. b, Two 
directional MIPs of the area marked by white box in a. Estimated wavefronts are shown in the insets. 
Scale bar, 200 μm in a, 70 μm in b. 
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Supplementary Fig. 17 | Rapid transfer learning of LEAO to a new sample type with a small 
training dataset. a, Convergence curves of normalized residual aberration 𝜎𝜎  versus the number of 
iterations on a membrane test dataset. The iterations are presented on a logarithmic scale, with values of 
10, 100 and 500 marked by arrows. The model trained on membrane dataset (grey line) took ~1333.3 
minutes to converge, while the model first trained on simulated neuron dataset and then finetuned on 
membrane data (red line) converged in ~4.5 minutes. b, Boxplots showing SSIM and normalized residual 
aberration 𝜎𝜎 obtained by different LEAO models and DAO (n = 10 membrane data stacks). Boxplot 
format: center line, medians; limits, 75% and 25%; whiskers, the larger value between the largest data 
point and the 75th percentiles plus 1.5× the interquartile range (IQR), and the smaller value between the 
smallest data point and the 25th percentiles minus 1.5× the IQR; outliers, data points larger than the upper 
whisker or smaller than the lower whisker. The number of membrane data used for training is also plotted 
on the right, showing the LEAO model using transfer learning achieved performance comparable to that 
from training-from-scratch while using only 2.5% of the membrane data. c-h, The representative MIPs 
for the ground truth (c), the results without AO (d), the results with DAO (e), the results with different 
LEAO models (f-h). Ground truth and estimated aberration wavefronts are shown in the insets. Scale bar, 
40 μm, 10 μm (zoom-in regions). 
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Supplementary Fig. 18 | Rapid transfer learning of LEAO to a new system with a small training 
dataset. a, Schematic of the experiment. Two distinct systems are used. The transfer learning of system 
A to system B was studied. All evaluations were conducted on data acquired from system B. b, 
Normalized residual aberration curve on test dataset by one model trained on system B and one model 
trained on system A then transferred to system B. The transfer learning was 400 times faster even with a 
conservative estimate that considers the transfer learning process to be converged at iteration 500. If we 
consider the transfer learning to be converged at iteration 50, which is reasonable given that the test loss 
at iteration 50 is similar to that at iteration 500, the process would even be 4000 times faster. c, Evaluation 
of SSIM and normalized residual aberration 𝜎𝜎 on test dataset by one model trained on system B, one 
model with transfer learning on system B from a model trained on system A, one model trained on system 
A, and DAO (n = 10 data stacks). Dataset number used by the model trained on system B and the model 
with transfer learning on system B are also shown on the right, showing that the transfer learning needs 
much fewer training data stacks compared to training from scratch. d-i, MIPs of ground truth (d), without 
AO (e), DAO (f), model trained on system A (g), model trained directly on system B (h), and model with 
transfer learning on system B from a model trained on system A (i). In h and i, results from key iterations 
are shown. The corresponding iterations are marked by black arrow in b. Ground truth (d) and estimated 
aberration wavefronts (e-i) are shown on the left bottom. Enlarged images of the region marked by white 
box are shown on the right bottom. Scale bar, 20 μm, 8 μm (zoom-in regions). 
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Supplementary Fig. 19 | Ablation study to evaluate the transfer-learning capability of LEAO 
compared with a vanilla regressor. a, The architecture of the vanilla regressor and LEAO. b, 
Convergence curves of normalized residual aberration 𝜎𝜎 versus the number of iterations on a membrane 
test dataset, by the vanilla regressor and LEAO, respectively. For the vanilla regressor, the model first 
trained on simulated neuron dataset and then finetuned on membrane data (red line) cannot reach the 
same accuracy level as the model trained on membrane dataset itself (orange line). For LEAO, the model 
trained on membrane dataset took ~1333.3 minutes to converge, while the finetuned model converged to 
the same accuracy level in ~4.5 minutes. c, Boxplots showing SSIM and normalized residual aberration 
𝜎𝜎 obtained by different vanilla regressor models and different LEAO models (n = 10 data stacks). All 
used models were converged. Boxplot format: center line, medians; limits, 75% and 25%; whiskers, the 
larger value between the largest data point and the 75th percentiles plus 1.5× the interquartile range (IQR), 
and the smaller value between the smallest data point and the 25th percentiles minus 1.5× the IQR; 
outliers, data points larger than the upper whisker or smaller than the lower whisker. d-f, The 
representative MIPs for the ground truth (d), the results with different vanilla regressor models (e), and 
the results with different LEAO models (f). Ground truth and estimated aberration wavefronts are shown 
in the insets. Scale bar, 40 μm, 10 μm (zoom-in regions). 
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Supplementary Fig. 20 | Comparison of wide-field and light-field PSFs’ intensity robustness to 
aberrations. a, b, Added aberration wavefronts (first row), MIPs of simulated WF PSFs (second row), 
and MIPs of the center angular component of simulated LF PSFs (third row) for Zernike modes of r = 2, 
3 (a) and r = 5 (b). The aberration magnitude is 1 𝜆𝜆 . c, d, The curve of normalized mean intensity 
(>99.9999 %) of WF and LF PSFs with increasing aberration magnitude from 0 to 6 𝜆𝜆 for Zernike modes 
of r = 2, 3 (c) and r = 5 (d). The mean intensity (>99.9999 %) of a PSF is computed as the mean of all 
pixels exceeding the 99.9999 % intensity threshold in said PSF. Then this value is normalized so that it 
is 1 when without aberration. 
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Supplementary Fig. 21 | Comparison of LEAO and wide-field blind deconvolution. a, Ground truth 
sample. b, LEAO reconstruction of aberrated light-field image. c, SSIM evaluation on images in b, d, e, 
f. d, Wide-field image of aberrated sample. e, NBD result of d. Estimated kernel by NBD is shown in 
the inset. f, Deconvolution with GT kernel on d. GT kernel is generated using the GT aberration 
wavefront. Scale bar, 10 μm, 3 μm (insets in e, f). 
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Supplementary Fig. 22 | Comparison of LEAO with wDAO. a, b, Workflows of wDAO (a) and LEAO 
(b). wDAO requires a specific, well-defined calibration object, typically a calibration chart or fluorescent 
beads, to iteratively perform calibration of the system aberration. Complex biological samples do not 
provide sufficiently clear features, so wDAO cannot converge reliably. When processing real biological 
samples that exhibit additional sample-specific aberrations, DAO will replace wDAO for aberration 
estimation, as it is more practical and avoids long-time recalibration for each new sample. In contrast, 
LEAO can simultaneously estimate both system and sample aberration on any samples with unknown 
aberration profiles. c, Illustration of total aberrations including system aberration (fixed) and increasing 
sample aberrations. d, Computation time of system aberration estimation by wDAO and total aberration 
estimation by LEAO. LEAO possesses a speed advantage of 5 orders of magnitude. e, Normalized 
residual aberration 𝜎𝜎  and SSIM obtained by wDAO and LEAO. f, MIP of ground truth. g, h, 
Corresponding LEAO and wDAO results for different sample aberration levels. Aberration wavefronts 
estimated by wDAO and LEAO are shown in the insets. Scale bar, 20 μm, 7 μm (zoom-in regions). 
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Supplementary Fig. 23 | Evaluation of LEAO on aberrations with higher Zernike order. a, MIPs of 
ground truth (first column), LEAO (second column) and DAO (third column). Ground truth and 
estimated aberration wavefronts are shown in the insets. b, Zernike coefficients of the aberration 
wavefronts shown in a, in ANSI order. A total of 41 modes were used, corresponding to the 0~8 radial 
order, except for piston, tip, tilt, and defocus. c, d, Evaluation of SSIM (c) and normalized residual 
aberration 𝜎𝜎 (d) on LEAO and DAO (n = 10 data stacks). Scale bar, 10 μm. 
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Supplementary Fig. 24 | Diagram of wave-optics forward imaging model for LEAO. a, b, Forward 
imaging of a point source (a) and biological sample (b). OBJ, objective lens. TL, tube lens. MLA, 
microlens array. 
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Supplementary Fig. 25 | Zernike convention used in LEAO. The sign, sequencing order and relative 
magnitude of the used Zernike polynomials are listed. 
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Supplementary Fig. 26 | Performance of LEAO with increasing number of training data stacks. a, 
Two directional MIPs obtained by LEAO models trained with 2000, 4000, 6000, 8000 and 10000 data 
stacks. GT is displayed at the left top for reference. Estimated aberration wavefronts are shown in the 
insets. b, c, Evaluation of normalized residual aberration 𝜎𝜎 (b) and SSIM (c) on the same test dataset (n 
= 10 data stacks for each training stack number). The evaluation validated that our choice of 2000 data 
stacks is sufficient for the training. Boxplot format: center line, medians; limits, 75% and 25%; whiskers, 
the larger value between the largest data point and the 75th percentiles plus 1.5× the interquartile range 
(IQR), and the smaller value between the smallest data point and the 25th percentiles minus 1.5× the 
IQR; outliers, data points larger than the upper whisker or smaller than the lower whisker. Scale bar, 20 
μm.
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Supplementary Tables 

Supplementary Table 1. Implementation details of LEAO 

 Training patch size Training 
data number 

Total training epochs Training time (hours) Inference patch size Inference time (ms 
/ patch) 

Fig. 1 
Supplementary Figs. 6, 12a 240 × 240 × 113 50 

20 (transfer learning from a pre-
trained model) 0.075 240 × 240 × 113 5.04 

Fig. 2a, e, f 
Supplementary Figs. 1, 3, 7, 8a, 

9, 10 

280 × 280 × 113 

2000 165 54.2 

280 × 280 × 113 5.69 Fig. 2k, Supplementary Fig. 12c 2000 8 (transfer learning from a pre-
trained model) 2.6 

Supplementary Fig. 8b 6000 100 98.7 

Supplementary Fig. 21 2000 40 (transfer learning from a pre-
trained model) 13.2 

Fig. 2h, Supplementary Fig. 11 

280 × 280 × 33 

2000 165 

22.3 280 × 280 × 33 4.78 
280 × 280 × 43 22.9 280 × 280 × 43 4.99 
280 × 280 × 53 24.9 280 × 280 × 53 5.23 
280 × 280 × 63 24.7 280 × 280 × 63 5.23 
280 × 280 × 73 30.9 280 × 280 × 73 5.31 
280 × 280 × 83 35.7 280 × 280 × 83 5.37 
280 × 280 × 93 44.5 280 × 280 × 93 5.40 

280 × 280 × 103 46.7 280 × 280 × 103 5.65 
280 × 280 × 113 54.2 280 × 280 × 113 5.69 

Fig. 3 192 × 192 × 81 2000 400 34.5 800 × 800 × 81 7.09 
Fig. 4, Supplementary Fig. 5 280 × 280 × 49 2000 120 18.1 500 × 500 × 49 5.74 

Fig. 5, Supplementary Fig. 16 304 × 304 × 49 2000 1 (transfer learning from a pre-
trained model) 0.33 304 × 304 × 49 5.60 

Supplementary Fig. 2 
ER: 256 × 256 × 113 

100 3 (transfer learning from a pre-
trained model) 

0.048 ER: 256 × 256 × 113 5.22 
Beads: 248 × 248 × 113 0.048 Beads: 248 × 248 × 113 5.12 
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Supplementary Figs. 13, 14 248 × 248 × 49 1000 85 6.37 248 × 248 × 49 5.03 

Supplementary Fig. 20 280 × 280 × 113 2000 55 (transfer learning from a pre-
trained model) 18.1 280 × 280 × 113 5.69 

Supplementary Fig. 22 280 × 280 × 113 6000 75 66.2 (large model) 280 × 280 × 113 33.5 (large model) 

Supplementary Fig. 25 280 × 280 × 113 

2000 

165 

54.2 

280 × 280 × 113 5.69 
4000 108.4 
6000 162.6 
8000 216.8 
10000 271 
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Supplementary Table 2. Imaging conditions of live-cell experiments 

 Sample Label Excitation 
NA 

Excitation 
λ (nm) 

Exposure 
time (ms) 

Illumination 
intensity 

(mW/mm2) 

Cycle time 
(sec) 

Time 
points 

Fig. 3 
Supplementary Video 2 

T cells in mouse inguinal 
lymph node 

Red-expressing 
OT-II T cells 0.5 561 180 0.62  30 76 

Fig. 4 
Supplementary Video 3 

Neuronal signal in mouse 
cortex GCaMP6f 0.5 488 160 0.19 2.25 500 

Fig. 5 
Supplementary Video 4 

Neutrophils and blood 
vessels through intact 

mouse skull 

PE-Ly6G 
Cy5.5 0.5 561, 640 160 561:1.02 

640:0.21 60 633 

Supplementary Figs. M, N Neuronal structures in 
mouse brain slice Thy1-YFP 0.5 488 100 1.45 0.9 1 
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Captions for Supplementary Videos 

Supplementary Video 1 

The principle of LEAO enables it to correct not only inter-angle 
disparities but also intra-angle distortions based on wave-optics 
modeling, whereas DAO is limited to correcting only the former under a 
ray-optics framework. 

Supplementary Video 2 LEAO enables high-fidelity recording and large-scale tracking of ~ 5000 
T cells across an entire mouse lymph node. 

Supplementary Video 3 LEAO enables high-fidelity mesoscale recording of multiregional neural 
activity in mouse cortex after correcting spatially non-uniform aberration. 

Supplementary Video 4 
LEAO effectively combats severe aberration induced by the thick skull 
and polymer gel in TIS imaging, enabling continuous observation of 
neutrophil inflammatory response and repair process for over 10 hours 
after TBI in mouse intact skull. 
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Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
In the manuscript, Yunmin Zeng et al present a new learning-based method called Latent-space-enhanced Digital Adaptive
Optics (LEAO) for light-field imaging of biological structures and dynamics. LEAO addresses the challenge of optical
aberrations caused by heterogeneous refractive indices in tissues, which degrade imaging performance and hinder
downstream analyses. The method integrates wave optics modeling with deep learning to provide a robust solution for
estimating and correcting large aberrations, which is supposed to have advancements over existing approaches, especially
in challenging conditions such as low signal-to-noise ratios (SNR) and varying aberration magnitudes. The authors
demonstrate their method via simulations and experiments, including large-scale tracking of T cells in lymph nodes,
multiregional neural activity recording in the mouse cortex, and long-term monitoring of neutrophil responses after traumatic
brain injury (TBI). 
In general, the methodology itself represents a scalable and versatile framework to me, and it is interesting to see that the
use of such a latent-space approach allows for the disentanglement of structural and aberration information, leading to
improved accuracy and reliability in imaging. 

Major comments: 
(1) Clarification of technical details. 
a) The wave-optics model and physical priors constitute a key part of the method, but it is unclear how these are exactly
implemented, as the authors only provide a conceptual description. The authors should specify more details, e.g, the PSF
and forward imaging model, so readers can understand the underlying mechanics of the proposed method. 
b) The authors demonstrate the method on five different systems. How are the systems set, and what samples are used?
What kind of aberrations are used in Fig. 2n? A more detailed explanation should be provided. 
c) How is ground truth obtained? 

(2) Consolidation of the performance over existing methods. 
a) The authors mostly benchmark LEAO against DAO, which works under the simplified ray optics approximations while
only showing one experiment against wDAO (S. Fig. 12), which is also based on wave optics. However, the evidence in S.
Fig. 12, as I see, is not sufficient because the performance of LEAO over wDAO seems more marginal in this figure. I would
suggest that the authors perform a more thorough performance analysis against wDAO. 
b) In S Video 2, the structures in the LEAO images (13 s, right part) have an astigmatism shape? Are these structures true?
Or are there residual aberrations? Could the authors comment on it? 

Minor comments: 
(3) What Zernike convention does the authors use? Please specify. 
(4) Line 51, refs 11 & 12 are senorless AO but not based on wavefront sensor. 
(5) Line 94, please spell out the full name of TBI at first use. 

(Remarks on code availability) 



Reviewer #2 

(Remarks to the Author) 
Summary & Novelty 
The authors introduce LEAO, a latent-space-enhanced digital adaptive optics method for light-field microscopy (LFM) that
explicitly separates sample structure from aberration wavefront information in the latent space of an autoencoder. Key
innovations include: 
1. Latent-space factorization — Encoder features are split into structure and aberration halves. 
2. Customized latent loss — A triplet-style loss enforces invariance of each latent to changes in the other factor. 
3. Dedicated aberration estimator — The aberration latent feeds a regression head predicting Zernike coefficients for PSF
generation. 
4. Physics-based training — Synthetic triplets generated with a wave-optics PSF model provide ground-truth supervision for
aberration estimation. 
This integration of disentangled representation learning with physics-based modeling is novel within computational adaptive
optics. 

LEAO is validated across diverse scenarios: in vivo mouse cortex two-photon calcium imaging, fixed T-cell imaging, and
synthetic 3D bead/biological phantoms. Results consistently show improved resolution and contrast over uncorrected
reconstructions and competing computational AO methods (DAO, CoCoA). The method demonstrates robustness across
sample types and aberration strengths, with reconstructions that recover fine structural details otherwise lost in uncorrected
data. 

Limitations 
1. Dependence on generalization of the estimator 
The method operates in an open-loop fashion: the estimated aberration is used once to generate a PSF for reconstruction,
but there is no closed-loop correction mechanism. Reconstruction errors due to misestimation do not feed back into
improving the aberration estimate. This makes robustness heavily dependent on the trained estimator’s generalization to
unseen experimental conditions. 
2. Simulation-to-real gap 
While the authors describe their physical modeling as “anchoring” the features to diffraction physics, prior work has shown
that reconstruction artifacts can still emerge from simulation–experiment mismatches. LEAO inherits this vulnerability
because its training relies entirely on synthetic triplets, and the manuscript does not deeply address the sim-to-real gap or
mitigation strategies (e.g., domain adaptation, fine-tuning with real data). 
3. No explicit benchmark against closed-loop hardware AO comparison 
• The method is benchmarked against other computational AO approaches (one from this group, another from a different
group). However, it does not have a direct comparison with physical AO result, and thus it is unclear whether the CAO result
is comparable to physical AO results. 
4. Disentanglement assurance 
• The success of latent factorization depends on the independence of structure and aberration variations in the training
triplets. While this is controlled in simulation, real samples may exhibit correlations (e.g., structure-dependent scattering) that
could challenge the separation. The manuscript does not discuss measures of disentanglement quality in real experimental
data. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
The paper presented a deep-learning based image processing method and the method was demonstrated on large
volumetric long-duration data collected in diverse biological applications including tracking T cells across a mouse lymph
node and imaging through intact skull of mice to compensate aberrations digitally. The neural network method involves
latent space training, which is intuitive. However, the technique has its drawbacks and limitations, especially with its
versatility when the training is limited to the selected sample structures and some level of retraining is needed when change
to a different sample structure. 

I have following questions that would like clarification from the authors. 

1. For long duration animal imaging, I would assume sample motion as a typical issue. Does random sample motion cause
issues to the technique? How it was tackled? 

2. In both figure 4 and 5, authors included images of w/o AO, which still have excellent signal to background / signal to noise
ratio, only with distorted PSFs. I would think those images can be processed using some deconvolution-based methods. I
would like to see authors comment on the deconvolution-based methods and how LEAO is different and stands out. 



3. LEAO was trained and limited to wavefronts consisting 17 Zernike modes, which only allow the system to process rather
smooth aberrations. However, one would imagine scattering as a dominant factor especially for applications such as
imaging through an intact skull. Can LEAO deal with data when wavefront distortions containing higher order uncorrectable
modes? 

4. In figure 3 e, close to the right end, the features look sharper and brighter with better signal without AO when comparing to
LEAO. The processed LEAO no longer captures the strctures which could be seen originally in the w/o AO. Does this
suggest some limitations of LEAO when it can actually make image looks worse? How this affect the data integrity of the
LEAO processed images? 

5. In Figure 1 f and 4c, the wavefront generated by DAO seems to have the same shape to the ground truth wavefront, but
only off by amplitudes (in a consistent way). Is this discrepancy due to any fundamental limitation of DAO or it is more to do
with how it was set up and operated? As the latter reason can affect the fairness of the comparison. 

6. I do not fully understand Figure 4 when a 4.6 mm x3.4 mm x0.6 mm volumetric imaging is processed on 3x5 spatial tiles.
Does this mean that for each spatial tiles, it is much wider in x direction but much narrower in y direction? Does this also
mean that the isoplanatic patch is in mm level? Does it also mean that there is no change of aberration throughout the 600
um imaging depth? This sounds a bit too large to me especially this demonstration imaged dynamic activations in mouse
cortex and green fluorescence was used. Do the authors think the aberrations were mainly sample-induced or optical
system-induced? In 4c, it seems to suggest that the wavefront aberration is huge, with a peak to valley amplitude of 9
wavelengths. The fluorescence intensity, on the other hand, still seems to be descent despite the large aberration. I would
like to see the authors comments on this. 

7. In the method section, the authors suggested that a total of 17 Zernike modes were involved and a total of 2000 dataset
were used for training. If we say each Zernike modes can be either positive and negative, the total combinations of these 17
Zernike modes are 217. 2000 dataset sounds way too small to me. I would like the authors comments on this. 

(Remarks on code availability) 
The programme seems to be documented with clear instructions on how to install packages and run training. Examples
were also provided. However, as the training requires GPUs, I was unable to test the programme. 

Author Rebuttal letter: 

Response to Reviewers 
We are grateful for the reviewers’ insightful comments and suggestions, which have 
substantially improved our manuscript. We believe we have addressed all of the major 
and minor comments. The revised and added texts have been highlighted in red in the 
manuscript and supplementary materials. Please find below a point-by-point response 
to each comment. 

Reviewer #1 
Remarks to the Author: 
In the manuscript, Yunmin Zeng et al present a new learning-based method called 
Latent-space-enhanced Digital Adaptive Optics (LEAO) for light-field imaging of 
biological structures and dynamics. LEAO addresses the challenge of optical 
aberrations caused by heterogeneous refractive indices in tissues, which degrade 
imaging performance and hinder downstream analyses. The method integrates wave 
optics modeling with deep learning to provide a robust solution for estimating and 
correcting large aberrations, which is supposed to have advancements over existing 
approaches, especially in challenging conditions such as low signal-to-noise ratios 
(SNR) and varying aberration magnitudes. The authors demonstrate their method via 
simulations and experiments, including large-scale tracking of T cells in lymph nodes, 
multiregional neural activity recording in the mouse cortex, and long-term monitoring 
of neutrophil responses after traumatic brain injury (TBI). 
In general, the methodology itself represents a scalable and versatile framework to me, 
and it is interesting to see that the use of such a latent-space approach allows for the 
disentanglement of structural and aberration information, leading to improved accuracy 
and reliability in imaging. 
Response: We are grateful for the reviewer’s positive comments on our work and the 
precise summary of our advantages. The key to our innovations lies in the design of a 
wave-optics-based latent space that explicitly disentangles the aberration and structure 
representations, leading to aberration estimation with higher accuracy and robustness. 
LEAO demonstrates advantages in challenging conditions such as large aberration, low 
signal-to-noise ratios and large field of view. 
With the help of the reviewer’s advice, we explained how our mechanism makes 



use of the wave-optics priors by describing the formation of aberrated images from a 
wave-optics perspective. Namely, an aberration could be represented as a phase 
modulation in the back pupil plane, which modulates the Fourier space of the system 
PSF and leads to distorted profile and aberrated samples. We exploited the correlation 
between aberration and the aberrated image by extracting features in their spatial- 
angular measurements. As instructed by the reviewer, we added more detailed technical 
clarifications in the text, legends of figures, and Methods about the specification of the 
system setup, the acquirement of ground truth, and so on. We believe these details 
would resolve the concerns regarding the specific implementations of our LEAO and 
stress out the theoretical foundation of the proposed method. 
The reviewer also suggested that we conduct a more thorough experiment about 
the comparison of our method against existing wave-optics method like wDAO, which 
we have addressed by adding experiments on data with larger sample aberrations. 
LEAO holds significant superiority over wDAO both visually and statistically on such 
cases, because wDAO degenerates into DAO when dealing with dynamic sample 
aberrations. 
At last, we have further improved the lymph node experiment in Fig. 3 with a 
denser tiling scheme to alleviate the residual astigmatism the reviewer mentioned. 
Previously, for time-efficient computation, we neglected the strong spatial 
nonuniformity of the aberrations in this sample, resulting in degraded performance in 
some spatial regions. By increasing the tiling number of LEAO, the reconstruction 
performance is improved. 
We believe the revisions based on the reviewer’s constructive comments have 
brought substantial improvement to our work. 

Major comments: 
(1) Clarification of technical details. 
a) The wave-optics model and physical priors constitute a key part of the method, but 
it is unclear how these are exactly implemented, as the authors only provide a 
conceptual description. The authors should specify more details, e.g, the PSF and 
forward imaging model, so readers can understand the underlying mechanics of the 
proposed method. 
Response: We thank the reviewer for this constructive advice. We have added a 
diagram (Fig. R1) to demonstrate how aberrated PSF is generated through the forward 
imaging model, and how arbitrary biological sample undergoes the forward imaging 
model to form aberrated spatial-angular measurements. When simulating data based on 
this forward imaging model, the wave-optics aberration information flows into the 
training data, and then is utilized by LEAO. Specifically, LEAO takes the wave-optics 
aberrated data as the input, and Zernike coefficients of the aberration wavefront as the 
supervised learning target, to form a latent space in which wave-optics aberration 
information is distilled and exploited to give a high accuracy aberration estimation. 
In the meantime, we have provided a mathematical description of this process. 
Without aberration, light from a point source (��1 , ��2 , ��3 ) forms the light field below at 
the image plane: 
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where �� = (��1 , ��2 ) is the position on the image plane, �������� is the magnification rate of 
the optical system, 		





 is the focal length of the objective lens, �� is the emission 
wavelength, ��0 (⋅) is the 0th order Bessel function of the first kind, �� is the half-angle of 
the numerical aperture, and 

 is the angle between the light ray and the optical axis. To 
take the effect of aberration �� into consideration, we need to apply it to the phase of 
the Fourier transformation of ������������ , for this is equivalent to applying a continuous 
wavefront distortion at the pupil plane: 
�������������������� = ℱ −1 �ℱ(������������ )�� ���� �, (2) 
where ℱ −1 and ℱ are reverse Fourier transform and Fourier transform. After that, 
following the configuration of a typical light-field system, the light will go through a 
microlens array ��(��) and propagate to the detector plane: 
������������������ (�� ′ , ��3 ) = 
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where �� ′ is the position on the detector plane, n is the refractive index, and 		���������� is the 
focal length of the microlens array. Each pixel �� ′ has a relative lateral shift ��0 with 
respect to one of the microlens array with a center position ��0 . Thus, the aberrated PSF 
can be formed as: 
2 
�� ′ − ��0 − ��0 
������(��0 , ��3 , ��0 ) = � �������������������� (�� ′ , ��3 )�������� � ��� ���� ′ , (4) 
�� ′ ���� 
2 
where ���� is the sensor pixel size and rect() is the rectangle function. 

Fig. R1 (Supplementary Fig. 23) | Diagram of wave-optics forward 
imaging model for LEAO. a, b, Forward imaging of a point source (a) and 
biological sample (b). The former is equivalent to the PSF generation. OBJ, 
objective lens. TL, tube lens. MLA, microlens array. 
Aberrated LFM spatial-angular measurements were further obtained by 
������,�� (��, ��) = ����� (��, ��) ∗ �������� (��, ��, ��)����, 1 ≤ �� ≤ ��, 1 ≤ �� ≤ ��, (5) 
�� 
where �������� is the mth aberrated PSF, ���� is the nth 3D volume, and * is the two- 
dimensional convolution with respect to x. M = 200 for all our experiments except for 
Supplementary Fig. 22, in which a higher number of PSFs (M = 600) is needed to train 
a model capable of processing higher order aberrations. N depends on the accessible 
data amount, typically in the range of 60 to 200. The wave-optics aberration information 
is encoded in the spatial-angular measurements, waiting to be extracted by LEAO. 
We have added the above detailed description of the generation of aberrated PSF, 
and how the PSF is applied in the imaging process in Simulation of aberrated spatial- 
angular measurements in the Methods section. We believe in this way the readers can 
understand how the aberration phase affects the wavefront of the light beam and the 
importance of building the algorithm on a wave-optics basis. 

b) The authors demonstrate the method on five different systems. How are the systems 
set, and what samples are used? What kind of aberrations are used in Fig. 2n? A more 
detailed explanation should be provided. 
Response: We thank the reviewer for this advice. We added a list of all key parameters 
for five different optical systems in Experimental Setup in the Methods section. The 
LFM has a 1.05 NA objective with refractive index of 1.33, a microlens array of 136.5 
μm pitch, 2800 μm focal length, 21×21 angular resolution, and a system magnification 
rate of 43.067. The configuration of sLFM is the same as that of LFM except for adding 
a 3×3 scanning scheme. The configuration of csLFM is the same as that of sLFM except 
for adding a line-confocal illumination with a slit size of 11-times Airy units of the 
whole-objective numerical aperture to reject background fluorescence. The RUSH3D 
has a 0.5 NA objective with refractive index of 1, a microlens array of 69 μm pitch, 
393.3 μm focal length, an angular resolution of 15×15 with scanning of 3×3, and a 
system magnification rate of 5.761. The 2pSAM has a 1.05 NA objective with refractive 
index of 1.33, a pinhole size of 50 μm (��=0.1), an angular resolution of 13, and a system 
magnification rate of 18. 
The samples used for Fig. 2m, n are simulated neurons generated by an open- 
source package named Neural Anatomy and Optical Microscopy, or NAOMi (Song, A. 
et al. J. Neurosci. Methods 358, 109173, 2021), which we have added in the 
corresponding figure legend. As for the aberrations used, they follow the same 
simulation rules we adopted throughout the paper (Methods). Briefly, Zernike 
coefficients up to five orders (17 modes, discarding piston, tip, tilt and defocus) are 
randomly generated to form random aberration wavefronts used for training or testing, 
respectively. 
c) How is ground truth obtained? 
Response: Ground truth aberration wavefronts were generated by randomly sampling 
Zernike coefficients up to five orders. For the experiments on real data (Supplementary 
Figs. 13, 14), the randomly generated ground truth aberration wavefronts were 
introduced to the optical system by inserting phase masks at the pupil plane. Ground 
truth volumes were reconstructed from aberration-free samples captured by the system 
without any phase masks. For other simulation experiments, the source of ground truth 
structures was stated in Data Availability. Briefly, ground truth structures are either 
artificially generated (neurons, by NAOMi) or downloaded from a website offering 
high-resolution three-dimensional volumes (https://www.allencell.org/data- 
downloading.html#DownloadImageData). We have added these descriptions in the 
revised manuscript. 



(2) Consolidation of the performance over existing methods. 
a) The authors mostly benchmark LEAO against DAO, which works under the 
simplified ray optics approximations while only showing one experiment against 
wDAO (S. Fig. 12), which is also based on wave optics. However, the evidence in S. 
Fig. 12, as I see, is not sufficient because the performance of LEAO over wDAO seems 
more marginal in this figure. I would suggest that the authors perform a more thorough 
performance analysis against wDAO. 
Response: We thank the reviewer for this insightful advice. In the original 
Supplementary Fig. 12, we put emphasis on the complexity difference and accessibility 
of wDAO and LEAO. wDAO requires specially designed samples like fluorescent 
beads or calibration charts for the iterative calibration of system aberration, and then 
proceeds to use ray-optics-based DAO when processing sample aberration. Wave- 
optics property is manifested in the iterative process of generating the system PSF, but 
it cannot be used to correct the sample aberrations caused by any biological samples. 
LEAO puts no limits on the type of samples and is fast to produce a hybrid estimation 
of both the system and sample aberration. Therefore, as the sample-induced aberration 
increases, LEAO can exhibit performance that is markedly superior to wDAO, which 
has not been clearly demonstrated previously. Thanks to your advice, we extended the 
sample aberration from 2 �� to 5 �� (Fig. R2 (Supplementary Fig. 21 in the revised 
manuscript)). The accuracy of wDAO underwent a sharper decrease than LEAO, and 
the corresponding reconstruction images became significantly blurrier and more 
distorted with increasing sample aberration, showing that wDAO’s performance 
degrades more when processing large sample aberration as it deals mainly with system 
aberration and reduces to ray-optics-based correction when facing sample aberration. 
This advantage is quite important since sample aberration gets significantly larger 
during in vivo imaging of deep tissue. 
Fig. R2 (Supplementary Fig. 21) | Comparison of LEAO with wDAO. a, b, 
Workflows of wDAO (a) and LEAO (b). wDAO requires a specific, well- 
defined calibration object, typically a calibration chart or fluorescent beads, to 
iteratively perform calibration of the system aberration. Complex biological 
samples do not provide sufficiently clear features, so wDAO cannot converge 
reliably. When processing real biological samples that exhibit additional 
sample-specific aberrations, DAO will replace wDAO for aberration 
estimation, as it is more practical and avoids long-time recalibration for each 
new sample. In contrast, LEAO can simultaneously estimate both system and 
sample aberration on any samples with unknown aberration profiles. c, 
Illustration of total aberrations including system aberration (fixed) and 
increasing sample aberrations. d, Computation time of system aberration 
estimation by wDAO and total aberration estimation by LEAO. LEAO 
possesses a speed advantage of 5 orders of magnitude. e, Normalized residual 
aberration �� and SSIM obtained by wDAO and LEAO. f, MIP of ground truth. 
g, h, Corresponding LEAO and wDAO results for different sample aberration 
levels. Aberration wavefronts estimated by wDAO and LEAO are shown in 
the insets. Scale bar, 20 μm, 7 μm (zoom-in regions). 
b) In S Video 2, the structures in the LEAO images (13s, right part) have an astigmatism 
shape? Are these structures true? Or are there residual aberrations? Could the authors 
comment on it? 
Response: We are grateful for the reviewer to point out this problem. Based on the 
visual performance we can deduce that there are residual aberrations especially 
astigmatism in the right part since we have prior knowledge of the morphology of T 
cells. This is because the peripheral regions have larger aberration and the effect of such 
aberrations could be more obvious when presented by three-dimensional rendering 
software. To address the distortion, we increased the field-of-view partitioning to 10×7 
patches, as the earlier 2×2 scheme was likely too coarse, causing each patch to span a 
large region where the aberration is spatially non-uniform. After re-doing relevant 
statistics and figures, we found out that the performance of LEAO improved (Fig. R3). 
In the new Figure, LEAO still brought our clearer contours and restored more 
information than DAO, as shown in Fig. R3c, d. 

Fig. R3 (Fig. 3) | LEAO enables high-resolution imaging of ~5000 T cells 
across an entire mouse lymph node. a, MIP of T cells in a 4 × 3 mm2 mouse 
lymph node with LEAO, with DAO and without AO. b, Estimated aberration 
wavefronts by LEAO and DAO. The whole FOV was divided into 10 × 7 tiles. 
c, d, e, Enlarged images of the areas marked by white dashed box in a. f, 
Intensity profiles along the lines marked by white arrow in e. LEAO can 



separate adjacent T cells distorted by aberration with higher peak values, while 
DAO and w/o AO reconstructions cannot. g, Directional MIPs of the area 
marked by yellow dashed box in a. h, Color-coded temporal tracks of T cells 
across a duration of 38 minutes estimated from results with LEAO, with DAO 
and without AO. i, A representative trajectory of a single cell from LEAO, 
overlaid on the timelapse MIPs. The region is marked by white dashed box in 
h. j, Identified trajectory number obtained by the methods with LEAO, with 
DAO and without AO. k, l, Histogram of track mean velocity (k) and track 
length (l) obtained by LEAO. Scale bar, 140 μm (a, h), 70 μm (c, d, g, i), 20 
μm (e). 
We then proceed to test the visual performance from a three-dimensional 
perspective. When rendered by Imaris, the astigmatism shape in the right part becomes 
less significant with our new tiling scheme (Fig. R4). 

Fig. R4 | Three-dimensional rendering image of 10×7 tiled LEAO (new) 
and 2×2 tiled LEAO (old). The astigmatism shape becomes less significant 
with a denser tiling scheme. Scale bar, 140 μm, 70 μm (zoom-in region). 

Minor comments: 
(1) What Zernike convention does the authors use? Please specify. 
Response: We thank the reviewer for this advice. We used a custom Zernike 
convention before. Now for better readability we have added statements in Methods 
and relevant figure legends that we used the American National Standards Institute 
(ANSI) convention, gave the formulas for sequencing index and Zernike polynomials, 
and modified all relevant figures to accommodate the new convention. Below is the list 
of Zernike polynomials we used in the revised manuscript. 

Fig. R5 (Supplementary Fig. 24) | Zernike convention used in LEAO. The 
sign, sequencing order and relative magnitude of the used Zernike polynomials 
are listed. 

(2) Line 51, refs 11 & 12 are sensorless AO but not based on wavefront sensor. 
Response: We thank the reviewer for the comment. We apologize for the mistakes in 
our descriptions. We have corrected it to “without a wavefront sensor” now. 

(3) Line 94, please spell out the full name of TBI at first use. 
Response: Thank you for the notice. We have clarified the full name of TBI at first use. 
We have checked other abbreviations as well and modified them if they are not 
complete at first use. 

Reviewer #2 
Remarks to the Author: 
Summary & Novelty 
The authors introduce LEAO, a latent-space-enhanced digital adaptive optics method 
for light-field microscopy (LFM) that explicitly separates sample structure from 
aberration wavefront information in the latent space of an autoencoder. Key innovations 
include: 
1. Latent-space factorization — Encoder features are split into structure and aberration 
halves. 
2. Customized latent loss — A triplet-style loss enforces invariance of each latent to 
changes in the other factor. 
3. Dedicated aberration estimator — The aberration latent feeds a regression head 
predicting Zernike coefficients for PSF generation. 
4. Physics-based training — Synthetic triplets generated with a wave-optics PSF model 
provide ground truth supervision for aberration estimation. 
This integration of disentangled representation learning with physics-based modeling 
is novel within computational adaptive optics. 

LEAO is validated across diverse scenarios: in vivo mouse cortex two-photon calcium 
imaging, fixed T-cell imaging, and synthetic 3D bead/biological phantoms. Results 
consistently show improved resolution and contrast over uncorrected reconstructions 



and competing computational AO methods (DAO, CoCoA). The method demonstrates 
robustness across sample types and aberration strengths, with reconstructions that 
recover fine structural details otherwise lost in uncorrected data. 
Response: We thank the reviewer for the concise and accurate summary of our 
innovations in methodology, and for acknowledging our efforts in simulated and 
experimental validations. The three key performance gains of LEAO lie in accuracy 
robustness, and processing speed, like the reviewer said “The method demonstrates 
robustness across sample types and aberration strengths, with reconstructions that 
recover fine structural details otherwise lost in uncorrected data”. 
We believe the reviewer is most concerned about the performance (generalization, 
fidelity, disentanglement assurance) of LEAO under experimental conditions. We agree 
with the reviewer on the importance of this aspect and summarize our efforts to address 
all these issues as below: 
Firstly, the reviewer pointed out that there is no closed-loop mechanism to feed 
the reconstruction error back into the network. We admit this limitation and explained 
the reason why LEAO cannot be modified as a closed-loop method in the response 
below. We would like to clarify that it is not our initial intention to make LEAO an 
iterative closed-loop method. On the contrary, we wanted it to be a fast framework that 
has little dependence on the sample type. Although being an open-loop method, LEAO 
outperforms computational closed-loop algorithm in accuracy, noise resilience, and 
time consumption, as comprehensively validated in the revised manuscript. 
Nevertheless, we agree with the reviewer that our robustness is “dependent on the 
trained estimator’s generalization to unseen experimental conditions”. To further prove 
the estimator’s generalization ability, we demonstrated two experiments centering the 
transferring to a new sample type and to a new system setup. The accuracy of LEAO 
could be maintained with a fast fine-tuning process on small dataset of less than 50 
stacks. Even without any fine-tuning, the performance on the completely new 
conditions still surpasses DAO, a closed-loop algorithm. 
Secondly, we have demonstrated LEAO’s improved performance in various in 
vivo experiments, but without an explicit ground truth, because it is impossible to obtain 
in real biological imaging. The reviewer noticed this issue and questioned about the 
sim-to-real gap and comparison with a hardware-based compensation. To address these 
points, we built a new light-field microscopy system, in which custom-made phase 
masks corresponding to certain aberration phases could be optionally inserted, 
providing aberrations with known ground truth. By doing so, we can directly compare 
LEAO and aberration-free reconstruction by removing the inserted phase mask, 
providing strong evidence on our performance in real scenario. We also simulated a 
typical closed-loop hardware AO setup, wide-field imaging with a deformable mirror 
(DM), to perform comparison. Even with high-precision wavefront sensing technique, 
the accuracy of hardware AO is still limited by the insufficient actuator number of 
correction device, while LEAO theoretically has better correction precision with its 
wave-optics design. 
Thirdly, we analyzed the disentanglement on real experimental data. We captured 
4 different regions of a brain slice, each with 2 different phase masks, using the system 
described above. t-SNE analysis on these data validated the disentanglement quality of 
LEAO on real data. 
We believe the revised version of our manuscript presented more convincing 
evidence on LEAO’s experimental performance advantage, and clearly stated the 
limitations as well. 

Limitations 
1. Dependence on generalization of the estimator 
The method operates in an open-loop fashion: the estimated aberration is used once to 
generate a PSF for reconstruction, but there is no closed-loop correction mechanism. 
Reconstruction errors due to misestimation do not feed back into improving the 
aberration estimate. This makes robustness heavily dependent on the trained estimator’s 
generalization to unseen experimental conditions. 
Response: We thank the reviewer for commenting and advising on generalization 
problem. After careful consideration, we have to admit that a closed-loop mechanism 
is intrinsically not available in LEAO. If we have a reconstruction with residual errors, 
and then simulate a forward imaging process on said reconstruction to feed it back to 
the network, the network cannot correctly identify the residual aberration. Although 
residual aberration introduces structural distortion in the feedback that can assist 
aberration identification, the angular distribution (e.g., disparities across angular 
observations) is still identical to that of aberration-free data, as the forward imaging 
step on reconstructed volumes can only employ an ideal aberration-free PSF. This 
would confuse the network, leading to unreliable results. If LEAO is purely dependent 
on sample structures, closed-loop scheme would be possible. However, a brute-force 
mapping from sample structures to estimated aberrations is not what we intended to do. 



On the contrary, we tried our best to minimize the effect of different sample structures 
on aberration estimation by designing a latent-space-enhanced scheme to disentangle 
aberration and structure. Meanwhile, we developed LEAO to be a fast, physical-based 
method that can produce robust and high-fidelity aberration estimations in one go on 
new samples after thorough training, as opposed to closed-loop methods that are time- 
consuming. Actually, LEAO outperforms computational iterative closed-loop methods 
such as DAO and wDAO in many ways. For example, LEAO exhibits stronger 
robustness to multiple experimental conditions such as noise, aberration magnitude, 
angle number and sampling rate (Fig. 2). The time cost of LEAO is also orders of 
magnitude lower (Supplementary Fig. 21 in the revised manuscript). Our response to 
question 3 also demonstrates LEAO’s advantages compared with closed-loop hardware 
AO in terms of wave-optics correction and spatially varying aberration. 
Still, inspired by the reviewer’s concern for LEAO’s generalization ability to 
unseen experimental conditions, we dug deeper into the generalization problem. We 
agree that the robustness of LEAO is “dependent on the trained estimator’s 
generalization to unseen experimental conditions”, so we comprehensively tested the 
generalization ability of the estimator. After careful consideration, we categorized 
“unseen experimental conditions” into two aspects: unseen samples and unseen systems. 
For unseen samples, e.g., model was trained on bead-like structures but is to be 
applied to line-like structures. To demonstrate this, we directly applied the LEAO 
model trained on the neuron dataset to the membrane dataset and found that its 
performance was already superior to DAO. However, there was still a residual 
aberration of approximately 0.07 σ. A short fine-tuning process of less than five minutes 
on a small dataset (at most 50 data stacks) further reduced the residual aberration to 
around 0.05 σ, achieving performance comparable to an LEAO model fully trained on 
the membrane dataset (at ~ 2,000 data stacks) (Fig. R6 (Supplementary Fig. 17 in the 
revised manuscript)). 

Fig. R6 (Supplementary Fig. 17) | Rapid transfer learning of LEAO to a 
new sample type with a small training dataset. a, Convergence curves of 
normalized residual aberration �� versus the number of iterations on a 
membrane test dataset. The iterations are presented on a logarithmic scale, with 
values of 10, 100 and 500 marked by arrows. The model trained on membrane 
dataset (grey line) took ~1333.3 minutes to converge, while the model first 
trained on simulated neuron dataset and then finetuned on membrane data (red 
line) converged in ~4.5 minutes. b, Boxplots showing SSIM and normalized 
residual aberration �� obtained by different LEAO models and DAO (n = 10). 
Boxplot format: center line, medians; limits, 75% and 25%; whiskers, the 
larger value between the largest data point and the 75th percentiles plus 1.5× 
the interquartile range (IQR), and the smaller value between the smallest data 
point and the 25th percentiles minus 1.5× the IQR; outliers, data points larger 
than the upper whisker or smaller than the lower whisker. The number of 
membrane data used for training is also plotted on the right, showing the LEAO 
model using transfer learning achieved performance comparable to that from 
training-from-scratch while using only 2.5% of the membrane data. c-h, The 
representative MIPs for the ground truth (c), the results without AO (d), the 
results with DAO (e), the results with different LEAO models (f-h). Ground 
truth and estimated aberration wavefronts are shown in the insets. Scale bar, 
40 μm, 10 μm (zoom-in regions). 
For unseen systems, we added a new experiment simulating this condition (Fig. 
R7 (Supplementary Fig. 18 in the revised manuscript)). Two distinct systems with 
different optical parameters are simulated, marked as system A and B. System A has a 
magnification rate of 43.067, numerical aperture of 1.05, microlens pitch size of 136.5 
μm, microlens focal length of 2800 μm, refractive index of 1.33, and 21×21 pixels 
behind each microlens. System B is used as the test model and has a magnification rate 
of 20, numerical aperture of 0.5, microlens pitch size of 100 μm, microlens focal length 
of 2100 μm, refractive index of 1.0, and 13×13 pixels behind each microlens. We want 
to explore the generalization performance from system A to B. Firstly, a model was 
trained and evaluated on data acquired by system B to benchmark the LEAO 
performance. Then, a model trained on dataset acquired from system A was tested using 
the same dataset acquired by system B. The aberration estimation accuracy decreased 
slightly. To further improve the performance, we fine-tuned this model with a small 
dataset containing 50 data stacks from system B for less than 5 minutes (Fig. R7a). This 
transfer learning process brought the performance to the same level as that fully trained 
on data from system B, but with much smaller dataset generation cost and 400 times 
less time (Fig. R7b, c). The reconstruction results also validated that the performance 



of the fine-tuned model is equal to that trained from scratch (Fig. R7d-i). Fine-tuned 
model and normally-trained model can both restore the intricate details resembling that 
of ground truth when converged, but the former could converge much more quickly 
(Fig. R7d, h, i). It should also be noted that even without transfer learning, the 
performance of LEAO is comparable or even better than DAO (Fig. R7f, g). 
Fig. R7 (Supplementary Fig. 18) | Rapid transfer learning of LEAO to a 
new system with a small training dataset. a, Schematic of the experiment. 
Two distinct systems are used. The transfer learning of system A to system B 
was studied. All evaluations were conducted on data acquired from system B. 
b, Normalized residual aberration curve on test dataset by one model trained 
on system B and one model trained on system A then transferred to system B. 
The transfer learning was 400 times faster even with a conservative estimate 
that considers the transfer learning process to be converged at iteration 500. If 
we consider the transfer learning to be converged at iteration 50, which is 
reasonable given that the test loss at iteration 50 is similar to that at iteration 
500, the process would even be 4000 times faster. c, Evaluation of SSIM and 
normalized residual aberration �� on test dataset by one model trained on 
system B, one model with transfer learning on system B from a model trained 
on system A, one model trained on system A, and DAO (n = 10). Dataset 
number used by the model trained on system B and the model with transfer 
learning on system B are also shown on the right, showing that the transfer 
learning needs much fewer training data stacks compared to training from 
scratch. d-i, MIPs of ground truth (d), without AO (e), DAO (f), model trained 
on system A (g), model trained directly on system B (h), and model with 
transfer learning on system B from a model trained on system A (i). In h and i, 
results from key iterations are shown. The corresponding iterations are marked 
by black arrow in b. Ground truth(d) and estimated aberration wavefronts (e- 
i) are shown on the left bottom. Enlarged images of the region marked by white 
box are shown on the right bottom. Scale bar, 20 μm, 8 μm (zoom-in regions). 
In summary, the accuracy of LEAO outperforms DAO when directly generalized 
to unseen conditions for both unseen samples and systems, and could be further 
improved with only a small amount of training dataset and less than 5 minutes time 
consumption. We have added corresponding results and discussion in the revised 
manuscript. 

2. Simulation-to-real gap 
While the authors describe their physical modeling as “anchoring” the features to 
diffraction physics, prior work has shown that reconstruction artifacts can still emerge 
from simulation–experiment mismatches. LEAO inherits this vulnerability because its 
training relies entirely on synthetic triplets, and the manuscript does not deeply address 
the sim-to-real gap or mitigation strategies (e.g., domain adaptation, fine-tuning with 
real data). 
Response: We thank the reviewer for raising this concern. It is true that LEAO relies 
entirely on synthetic triplets, which is also the advantage of our method, because it does 
not require obtaining real training dataset that is very costly. For example, obtaining 
real training dataset needs to utilize spatial light modulator or other wavefront shaping 
devices to artificially introduce hundreds of known aberration wavefronts and capture 
their corresponding data stacks. For some sample types, e.g., highly dynamic samples, 
it is impossible even if we have the time and budget. For the same reason, sim-to-real 
mitigation strategies are not very practical because they would require certain amount 
of real dataset nonetheless. 
However, we tried our best to make the simulations as close to experimental 
conditions as possible. Firstly, for each experiment in Figs. 3-5, we used 3D volumes 
of the same sample type as in the experiments to be the ground truth structures, and 
computationally introduced aberrations to generate the training dataset. Of course, we 
did not specifically conduct any imaging sessions only to obtain these sample volumes 
because it is easy to access such data in typical biological labs or open-source websites. 
So, many of the training data are actually semi-synthetic. Secondly, we addressed 
realistic problems such as noise, system setup, sampling rate (Fig. 2) to thoroughly 
investigate conditions that may occur in real experiments. From our experimental 
results (Figs. 3-5), it is validated that LEAO holds superior performance over other 
computational adaptive optics methods. 
To further alleviate the reviewer’s concern, we conducted a new experiment to 
characterize LEAO’s performance on real data. In previous experiments, it is 
impossible to know the ground truth aberration of a deep tissue in vivo, so the reviewer 
might be doubtful of LEAO’s actual performance on real scenarios since it is 
synthetically trained. In our new experiment, however, we introduced known 
aberrations via inserted phase masks at the Fourier plane of the optical system, and 
imaged thin mouse brain slices labelled by Thy1-YFP which could be seen as without 



additional sample aberration, as is shown in Fig. R8 (Supplementary Fig. 13 in the 
revised manuscript). Specifically, we designed two phase masks made of Corning 7980 
glass, each producing a predefined and fully known aberration wavefront pattern. 
Ground truth structures were obtained by using data captured without phase mask. 
Aberration wavefronts estimated by LEAO closely resembled the patterns of phase 
masks, proving the fidelity of LEAO on real data. The image quality of LEAO was also 
comparable to that of ground truth structures. 

Fig. R8 (Supplementary Fig. 13) | LEAO on thin brain slices with 
artificially induced aberrations. a-c, MIPs of ground truth (a), LEAO (b) and 
w/o AO (c). Zoom-in regions are shown on the right top of each image. Ground 
truth images were reconstructed from aberration-free samples captured without 
any induced aberrations. Ground truth or estimated aberration wavefronts are 
shown on the left bottom. d, Intensity profiles of the structures marked by 
yellow (profile 1) and white (profile 2) arrows in a. e, Intensity profiles of the 
structures marked by yellow (profile 1) and white (profile 2) arrows in b. f, 
Intensity profiles of the structures marked by yellow (profile 1) and white 
(profile 2) arrows in c. g-i, MIPs of ground truth (g), LEAO (h) and w/o AO 
(i), on another sample. j-l, Intensity profiles of corresponding images, on 
another sample. Scale bar, 50 μm, 5 μm (zoom-in regions in a-c), 9 μm (zoom- 
in regions in g-i). 

3. No explicit benchmark against closed-loop hardware AO comparison 
The method is benchmarked against other computational AO approaches (one from this 
group, another from a different group). However, it does not have a direct comparison 
with physical AO result, and thus it is unclear whether the CAO result is comparable to 
physical AO results. 
Response: We thank the reviewer for the insightful suggestion. At first, we place our 
method not in the range to compare with physical AO, because its highlight is the ability 
to solve the spatially nonuniform aberrations across a large field during post processing, 
without adding complex optical components or prolonging the imaging session. Now 
that the reviewer has mentioned the issue, we realized that only comparing LEAO with 
computational AO methods on experimental data may not be convincing enough. 
By answering question 2, we compared LEAO with the images obtained by 
removing the phase mask. Conceptually, removing the aberration source can be 
regarded as a hardware-based compensation and represents an almost ideal scenario, 
functionally analogous to programming a deformable mirror with a perfectly cancelling 
aberration wavefront, i.e., the theoretical upper limit of hardware AO performance. We 
believe the comparison of LEAO with this hardware AO provides strong evidence that 
LEAO is comparable to physical AO results. 
However, hardware AO is not theoretically perfect and cannot fully compensate 
the aberrated wavefront. To further compare LEAO with a realistic hardware AO 
condition, we conducted a simulation using a typical closed-loop hardware AO setup 
for wide-field imaging with a deformable mirror (DM), as shown in Fig. R9. With a 
sufficiently bright guide star and well-designed looping strategy, the wavefront sensing 
precision of closed-loop hardware AO can be very high. However, the aberration 
compensation device could provide only ray-optics-based wavefront correction. 
Consequently, if the deformable mirror has an insufficient number of actuators, the 
aberration cannot be effectively compensated. For example, a typical deformable mirror 
with 10×10 actuators divides the estimated aberration wavefront into 10×10 tiles, 
within each tile an actuator can perform piston, tip and tilt to change the direction of 
incoming light. More finely divided deformable mirrors would require much higher 
price. Usually, deformable mirrors with over 1, 000 actuators are rare and expensive 
(e.g., over $ 300, 000). A spatial light modulator with finer wavefront divisions could 
serve as an alternative, but its slow switching speed makes it unsuitable for fast 
correction in closed-loop AO and is therefore not considered here. Specifically, we 
simulated the compensating aberration wavefronts of deformable mirrors with 10×10 
and 50 × 50 actuators, respectively, and further performed deconvolution on the 
resulting images after closed-loop hardware AO (Fig. R9b, c, f, g). Simultaneously, 
aberration correction was also performed using LEAO. We found that the visual quality 
of images obtained by LEAO, hardware AO (with a 10×10 deformable mirror array, 
deconvolved), and hardware AO (with a 50×50 deformable mirror array, deconvolved) 
was similar. Quantitatively, the residual aberration of LEAO was comparable to that of 
hardware AO, and the PSNR was marginally higher than that of hardware AO (with a 
10×10 deformable mirror array, deconvolved) but slightly lower than hardware AO 



(with a 50×50 deformable mirror array, deconvolved). Therefore, after correction, 
LEAO showed comparable image quality to the deconvolution result of closed-loop 
hardware AO. 

Fig. R9 (Supplementary Fig. 1) | Comparison of LEAO with closed-loop 
hardware adaptive optics. a-h, MIPs of the ground truth (a), wide-field 
results of hardware AO by 50×50 (b) and 10×10 (c) deformable mirror (DM) 
and raw aberrated image (d), LEAO result (e) and the deconvolved wide-field 
results of 50×50 (f), 10×10 (g) hardware AO and raw aberrated image (h). 
Reference ground truth aberration wavefront and aberration wavefronts 
estimated by each method are shown in the insets. Simulation details of 
hardware AO could be found in Methods. i, PSNR evaluation of the images in 
b-h. j, Normalized residual aberration �� of the aberration wavefronts in b, c, 
e. Scale bar, 20 μm. 
In addition, it should also be noted that hardware AO could not process spatially- 
varying aberrations, which can be achieved by LEAO, as demonstrated in Figs. 3-5. 
Together with the experiments above, we validated the performance of LEAO could be 
comparable to that of hardware AO, and even outperforms it in certain scenarios such 
as large field-of-view imaging with spatially nonuniform aberrations. 

4. Disentanglement assurance 
The success of latent factorization depends on the independence of structure and 
aberration variations in the training triplets. While this is controlled in simulation, real 
samples may exhibit correlations (e.g., structure-dependent scattering) that could 
challenge the separation. The manuscript does not discuss measures of disentanglement 
quality in real experimental data. 
Response: We thank the reviewer for this insightful suggestion. First, we would admit 
that the problem of scattering cannot be fully modelled by LEAO. According to the 
multilayer scattering model, the intensity field of scattered photons    (��) follows the 
equation 
1 1 
   (��) (��) = � !!(�� ′ )   (��) (�� ′ ) ��3 �� ′ , (6) 
2 �� ‖�� − �� ′ ‖22 
where !! is a distribution related to the scattering potential energy,    (��) is the intensity 
field of the emission fluorescence, and the integral is performed on the whole sample 
volume range (Zhang, Y. et al. Nature Communications 12, 6391, 2021). The above 
model is different from an aberration model, where the influence of aberration 
wavefront on an ideal field ������������ is modelled as phase changes in the pupil plane: 
�������������������� = ℱ −1 �ℱ(������������ )�� ���� �, (7) 
where �������������������� is the aberrated field, ℱ −1 and ℱ are reverse Fourier transform and 
Fourier transform, and �� is the aberration wavefront. This means that the complicated 
change of light propagation path, phase and amplitude in a scattering model cannot be 
fully described by aberrations in the pupil plane, so the aberration physical model used 
for LEAO differs from a suitable model for correcting scatterings, which constitutes a 
limitation of our study, and has been stated in detail in the Discussion section. 
Following the reviewer’s suggestion, we agree that evaluating the disentanglement 
quality in experimental data is necessary, though it is not a simple task. We need to 
collect a special dataset that includes data stacks with the same aberration but different 
structures, and data stacks with the same structure but different aberrations. Such a 
dataset does not naturally exist in real experiments, so we have to artificially introduce 
designed aberrations to ideal samples. Luckily, the system we set up to answer 
questions 2 and 3 is capable of acquiring such datasets. Specifically, we introduced 2 
different aberrations by inserting 2 customized phase masks with distinct patterns, and 
imaged 4 different regions of a brain slice for each aberration, forming a dataset 
consisting of 8 data stacks. The t-SNE analysis on the latent features of this dataset 
exhibits the same characteristics as that on simulated dataset: latent features encoding 
aberration form clusters depending on aberrations, and latent features encoding 
structure form clusters depending on structures (Fig. R10). Therefore, LEAO’s 
disentanglement ability on real experimental data is well validated. We have added the 
corresponding results in the revised version, which helps to validate the design concept 
of our method. 

Fig. R10 (Supplementary Fig. 14) | Disentanglement measurement of 



LEAO on experimental data of a mouse brain slice. a, Four different regions 
from a mouse brain slice. b, Two induced aberration wavefronts from the two 
designed phase masks. c, t-distributed Stochastic Neighbor Embedding (t-SNE) 
analysis of latent features extracted from 8 measurements, comprising 4 types 
of sample structures shown in a, each contaminated by 2 different aberrations 
shown in b. Scale bar, 20 μm. 

Reviewer #3 
Remarks to the Author: 
The paper presented a deep-learning based image processing method and the method 
was demonstrated on large volumetric long-duration data collected in diverse biological 
applications including tracking T cells across a mouse lymph node and imaging through 
intact skull of mice to compensate aberrations digitally. The neural network method 
involves latent space training, which is intuitive. However, the technique has its 
drawbacks and limitations, especially with its versatility when the training is limited to 
the selected sample structures and some level of retraining is needed when change to a 
different sample structure. 
Response: We thank the reviewer for the time and efforts spent on reviewing this 
manuscript, and for acknowledging our latent-space-enhanced methodology. 
Actually, the first two reviewers also expressed particular concern about the 
generalizability of our method. To address this, we conducted extensive additional 
experiments on generalization, demonstrating that LEAO already outperforms DAO 
even under unseen conditions (Figs. R5, 6). Furthermore, we have added new results to 
demonstrate that a fast fine-tuning process with less than 5 minutes on small dataset 
with maximally 50 data stacks can further improve the performance to the level 
comparable to complete retraining and is easy to implement. All these results 
demonstrate the practical usability of LEAO in biological experiments. 
The reviewer has also offered many constructive advice on the benchmarking of 
LEAO, and raised several concerns about our experimental performance. We have 
made our best efforts to answer them point by point below. Here is a brief summary of 
our response to the reviewer’s concern: 
Firstly, we have added experiments to further investigate LEAO’s performance in 
terms of higher Zernike modes and larger training datasets. We tested LEAO’s 
performance on data with 41 Zernike modes (i.e., the Zernike modes of the 0~8 radial 
order, except for piston, tip, tilt and defocus), and the accuracy is consistent with that 
on aberrations of lower order. As for the training dataset scale, we added experiments 
and detected no significant performance gain when using more data stacks for training. 
So, we conclude empirically that 2, 000 is a sufficient number. 
Secondly, we conducted simulations to better explain the phase accuracy drop of 
DAO compared to LEAO. The accuracy of DAO estimation is heavily dependent on 
the sample structure complexity, the noise level, and the background fluorescence, etc. 
We used the exact same code on one simple sample and one complicated sample, and 
found while DAO performance varies prominently, LEAO remains stable, 
demonstrating its improved robustness over ray-optics-based methods, proving that a 
wave-optics approach is beneficial to adaptive optics. 
Thirdly, as instructed by the reviewer, we adjusted the tiling schemes in Figs. 3 
and 4. With a denser tiling, the performance of LEAO improved, and the loss of fidelity 
the reviewer mentioned in question (4) is solved. We sincerely apologize for our 
inconsiderable tiling scheme and have re-done all relevant experiments, statistics, 
figures and videos. For more analysis, please see the response to questions (4) and (6) 
below. 
Other questions were all addressed carefully below. With the help and advice of 
the reviewer, we believe the added experiments, the revised implementations and the 
more detailed discussions could more convincingly demonstrate LEAO’s accurate, 
robust, and fast implementation in long-term in vivo imaging. 

I have following questions that would like clarification from the authors. 
1. For long duration animal imaging, I would assume sample motion as a typical issue. 
Does random sample motion cause issues to the technique? How it was tackled? 
Response: We thank the reviewer for this comment. There are two main types of 
sample motion: displacement of the field of view (e.g., due to mouse movement during 
in vivo imaging), and fast movement of the imaging target relative to the field of view 
(e.g., neutrophil migration in inflammation imaging). The first one could be mitigated 
by stabilizing the sample as effectively as possible using strong head bar for fixation or 
putting on anesthesia, without implementing dedicated motion-registration techniques, 
since addressing this problem is beyond the primary scope of our work. The second one 
may induce motion blur and degrade imaging quality, if the motion is too fast compared 
to the imaging frequency. However, light-field imaging is fast compared to other three- 



dimensional imaging techniques thanks to its ability to reconstruct one volume from 
one snapshot within millisecond exposure time. Meanwhile, LEAO can estimate and 
correct the spatially nonuniform aberrations in post-processing. So, we can achieve 
high-fidelity imaging even when the sample moves across a long distance. 

2. In both figure 4 and 5, authors included images of w/o AO, which still have excellent 
signal to background / signal to noise ratio, only with distorted PSFs. I would think 
those images can be processed using some deconvolution-based methods. I would like 
to see authors comment on the deconvolution-based methods and how LEAO is 
different and stands out. 
Response: We thank the reviewer for this comment. Firstly, we are sorry for causing 
confusion about the relationship between LEAO and deconvolution-based methods. We 
would like to clarify that both LEAO and w/o AO results have actually already 
undergone a deconvolution process to reconstruct volumes from spatial-angular 
measurements. Specifically, after estimating the aberration wavefront with LEAO, the 
wavefront will be applied at the pupil plane to generate corrected PSFs (lines 127-129 
of the revised manuscript) for reconstruction. In the absence of AO, the wavefront is 
zero and is used to generate the ideal PSFs for reconstruction. The reconstruction 
process is based on the phase-space deconvolution method proposed by Lu, Z. et al. in 
2019 (Lu, Z. et al. Opt. Express 27, 18131–18145, 2019). In summary, both LEAO and 
w/o AO results were obtained after deconvolution, as is shown in Fig. R11a. 

Fig. R11 (Supplementary Fig. 5) | Deconvolution pipeline and further 
deblurring results on reconstruction image. a, The deconvolution pipeline 
of LEAO and w/o AO. w/o AO utilizes ideal 4D phase-space PSFs without 
aberration, while LEAO puts estimated aberration wavefront into the 
generation of PSFs. Example PSFs (MIP, center view) of w/o AO and LEAO 
are shown. With the PSFs, phase-space deconvolution is performed on the 
aberrated spatial-angular measurements to produce reconstruction results. b, 
MIPs of reconstruction results on mouse cortex from Fig. 4 by LEAO and w/o 
AO, and Normalized Blind Deconvolution (NBD) on the reconstruction MIPs. 
This demonstrates blind deblurring techniques can be applied on the 
reconstruction results obtained through the pipeline in a to further enhance the 
image quality. Scale bar, 20 μm. 
Secondly, like the reviewer observed, the reconstruction result of w/o AO “still 
have excellent signal to background / signal to noise ratio, only with distorted PSFs” 
and “can be processed using some deconvolution-based methods”, due to the 
aberration-robust nature of light-field imaging. In fact, both w/o AO and LEAO images 
can be further improved by deconvolution to enhance visual quality, although the true 
convolution kernels are unknown. To this end, we applied a blind deblurring method 
termed Normalized Blind Deconvolution (NBD) (Jin, M., Roth, S. & Favaro, P. 
Computer Vision – ECCV 2018. vol. 11211, 694–711, 2018) on the reconstruction 
results of LEAO and w/o AO on mouse cortex from Fig. 4, as is shown in Fig. R11b. 
NBD enhanced the resolution and contrast of both methods, while LEAO still 
outperformed w/o AO, because some neuronal structures in w/o AO image were too 
distorted for blind deconvolution methods to restore. 

Fig. R12 (Supplementary Fig. 20) | Comparison of LEAO and wide-field 
blind deconvolution. a, Ground truth sample. b, LEAO reconstruction of 
aberrated light-field image. c, SSIM evaluation on images in b, d, e, f. d, Wide- 
field image of aberrated sample. e, NBD result of d. Estimated kernel by NBD 
is shown in the inset. f, Deconvolution with GT kernel on d. GT kernel is 
generated using the GT aberration wavefront. Scale bar, 10 μm, 3 μm (insets 
in e, f). 
Thirdly, we also conducted a direct comparison of LEAO on light-field data and 
blind deconvolution on wide-field data (Fig. R12). The experiment is carried out on 2D 
neuronal samples. Light-field and wide-field images of the same ground truth sample 
contaminated with the same ground truth aberration were generated. LEAO image was 
obtained by correcting and reconstructing the light-field image. NBD image was 
obtained by performing Normalized Blind Deconvolution on the wide-field image. GT 
deconvolution image was obtained by performing Richardson-Lucy deconvolution with 
a ground truth kernel on the wide-field image. Said ground truth kernel was generated 
via applying the ground truth aberration to the wide-field imaging model. The visual 



and statistical results both show that LEAO is significantly better than NBD, and even 
outperforms the GT deconvolution on wide-field image. This is because wide-field 
imaging is sensitive to aberration, and blind deconvolution, being a severely ill-posed 
problem, could not resolve clear structures from the contaminated wide-field image. 
Therefore, LEAO incorporated with light-field microscope provides a robust 
fluorescence imaging framework that is resilient to aberrations. 

3. LEAO was trained and limited to wavefronts consisting 17 Zernike modes, which 
only allow the system to process rather smooth aberrations. However, one would 
imagine scattering as a dominant factor especially for applications such as imaging 
through an intact skull. Can LEAO deal with data when wavefront distortions 
containing higher order uncorrectable modes? 
Response: We appreciate the reviewer’s thoughtful suggestion on making LEAO deal 
with higher order Zernike modes. Firstly, we would like to explain why we chose 17 
Zernike modes for the experiments in our manuscript. After dropping the piston, tilt 
and defocus modes, which are too low-order and already corrected by our system 
(Methods), there remain 17 Zernike modes in 0~5 radial orders. Most computational 
adaptive optics methods also dealt with aberrations under the 5th radial order. For 
example, Kang, I. et al. used low-order Zernike modes in most of the experiments and 
only conducted one simulation with high order Zernike modes (the 5th radial order) in 
their recently proposed self-supervised adaptive optics method (Kang, I., Zhang, Q., 
Yu, S. X. & Ji, N. Nature Machine Intelligence 6, 714–725, 2024). Guo, M. et al. 
claimed that the improvements offered by their adaptive optics method past order 4 is 
negligible (Guo, M. et al. Nature Communications 16, 313, 2025). However, LEAO 
does have the ability to deal with higher order aberration, as shown in the added 
experiment below. In this experiment, we simulated aberrations with radial orders of 
0~8, a total of 41 Zernike modes (after discarding the piston, tip, tilt and defocus). 
LEAO restored finer neuronal details compared to DAO (Fig. R13a) on data with 
aberration of 41 Zernike modes (Fig. R13b). The numerical evaluations demonstrated 
an SSIM of around 0.8 with residual aberration of ~0.02 σ (Fig. R13c, d), consistent 
with the LEAO performance on low order aberrations. 
Fig. R13 (Supplementary Fig. 22) | Evaluation of LEAO on aberrations 
with higher Zernike order. a, MIPs of ground truth (first column), LEAO 
(second column) and DAO (third column). Ground truth and estimated 
aberration wavefronts are shown in the insets. b, Zernike coefficients of the 
aberration wavefronts shown in a, in ANSI order. A total of 41 modes were 
used, corresponding to the 0~8 radial order. c, d, Evaluation of SSIM (c) and 
normalized residual aberration �� (d) on LEAO and DAO (n = 10). Scale bar, 
10 μm. 
At last, to answer the reviewer’s another concern, we would admit that scattering 
is a complicated issue which LEAO cannot fully solve. According to the multilayer 
scattering model, the intensity field of scattered photons    (��) follows the equation 
1 1 
   (��) (��) = � !!(�� ′ )   (��) (�� ′ ) ��3 �� ′ , (8) 
2 �� ‖�� − �� ′ ‖22 
where !! is a distribution related to the scattering potential energy,    (��) is the intensity 
field of the emission fluorescence, and the integral is performed on the whole sample 
volume range (Zhang, Y. et al. Nature Communications 12, 6391, 2021). The above 
model is different from an aberration model, where the influence of aberration 
wavefront on an ideal field ������������ is modelled as phase changes in the pupil plane: 

�������������������� = ℱ −1 �ℱ(������������ )�� ���� �, (9) 
where �������������������� is the aberrated field, ℱ −1 and ℱ are reverse Fourier transform and 
Fourier transform, and �� is the aberration wavefront. This means that the complicated 
change of light propagation path, phase and amplitude in a scattering model cannot be 
fully described by aberrations in the pupil plane, so the aberration physical model used 
for LEAO differs from a suitable model for correcting scatterings. This is a limitation 
of our study, and has been stated in the Discussion section. 

4. In figure 3e, close to the right end, the features look sharper and brighter with better 
signal without AO when comparing to LEAO. The processed LEAO no longer captures 
the structures which could be seen originally in the w/o AO. Does this suggest some 
limitations of LEAO when it can actually make image looks worse? How this affect the 
data integrity of the LEAO processed images? 
Response: We sincerely apologize for producing a less than satisfactory result in Fig. 
3 and we have updated the figure with a new tiling scheme (Fig. R14). 



Fig. R14 (Fig. 3) | LEAO enables high-resolution imaging of ~5000 T cells 
across an entire mouse lymph node. a, MIP of T cells in a 4 × 3 mm2 mouse 
lymph node with LEAO, with DAO and without AO. b, Estimated aberration 
wavefronts by LEAO and DAO. The whole FOV was divided into 10 × 7 tiles. 
c, d, e, Enlarged images of the areas marked by white dashed box in a. f, 
Intensity profiles along the lines marked by white arrow in e. LEAO can 
separate adjacent T cells distorted by aberration with higher peak values, while 
DAO and w/o AO reconstructions cannot. g, Directional MIPs of the area 
marked by yellow dashed box in a. h, Color-coded temporal tracks of T cells 
across a duration of 38 minutes estimated from results with LEAO, with DAO 
and without AO. i, A representative trajectory of a single cell from LEAO, 
overlaid on the timelapse MIPs. The region is marked by white dashed box in 
h. j, Identified trajectory number obtained by the methods with LEAO, with 
DAO and without AO. k, l, Histogram of track mean velocity (k) and track 
length (l) obtained by LEAO. Scale bar, 140 μm (a, h), 70 μm (c, d, g, i), 20 
μm (e). 
Previously, we did not take full notice of the importance of spatially varying 
aberration. The degradation in reconstruction quality is due to the sparse tiling scheme 
adopted for this figure during our initial processing. We have corrected it and re-done 
the whole experiment. In our previous experiment, for memory efficient computation, 
we divided the whole field of view into 2×2 tiles, which at first glance is enough for 
aberration correction, but lacks accuracy especially around the peripheral regions. The 
problem the reviewer pointed out is a consequence of the tiling scheme. At the right 
end of previous Fig. 3e, the actual aberration is relatively small. If we apply the large 
aberration wavefront estimated mainly from the central region, the LEAO-processed 
image will become worse than the one without AO. We felt deeply sorry for this mistake 
and re-performed the experiment with a 10×7 tiling scheme. Now in our updated Fig. 
3, the performance of LEAO in the region of interest improved with better contrast and 
sharper features (Fig. R14g). We also re-designed some panels in Fig. 3 with the new 
data to better show the advantage of LEAO over DAO. 

5. In Figure 1f and 4c, the wavefront generated by DAO seems to have the same shape 
to the ground truth wavefront, but only off by amplitudes (in a consistent way). Is this 
discrepancy due to any fundamental limitation of DAO or it is more to do with how it 
was set up and operated? As the latter reason can affect the fairness of the comparison. 
Response: We thank the reviewer for this comment. We have revised the two 
mentioned parts carefully. For Fig. 1f, we sincerely apologize for the mistake we made 
during figure composing. We forgot to multiply the DAO phase by a calibrated 
coefficient when outputting the visualization, resulting in the off-amplitude 
representation. The coefficient is used to correct the amplitude after the integration 
process that generates DAO phase from DAO shift maps. It differs in different systems. 
We have now corrected this mistake (Fig. R15f (Fig. 1f in the revised manuscript), Fig. 
R16a (Supplementary Fig. 6 in the revised manuscript)). However, the relevant 
statistics in the original manuscript were conducted correctly with the calibrated 
coefficient, so the graphical mistake did not affect the accuracy of the metrics. 
Fig. R15 (Fig. 1) | Methodology and performance of LEAO. a, b, c, The ideal 
model (a), ray-optics model (b) and wave-optics model (c) of imaging wavefront 
affected by aberrations. d, Framework of LEAO. Through optimization in the 
latent space using latent loss, feature distances are minimized for inputs sharing 
the same aberration or structure, and maximized for those with different 
aberrations or structures. e, t-distributed Stochastic Neighbor Embedding (t-SNE) 
analysis of latent features extracted from 9 measurements, comprising 3 types of 
sample structures, each contaminated by 3 different aberrations. f, Two directional 
maximum intensity projection (MIP) of ER images without AO (first column), 
with DAO (second column), and with LEAO (third column). Zoomed-in regions 
of the yellow solid box are shown on the right bottom. Regions corresponding to 
the 30° projection are marked by yellow dashed line. Estimated aberration 
wavefronts are displayed in the insets. The ground truth image is shown in the right 
column. g, Peak signal-to-noise ratio (PSNR) of images obtained by methods 
without AO, with DAO and with LEAO on three types of structures including cell 
membrane, ER and MT (n = 10). h, Normalized residual aberration �� (Methods) 
estimated by DAO and LEAO (n = 10). Boxplot format: center line, medians; 
limits, 75% and 25%; whiskers, the larger value between the largest data point and 
the 75th percentiles plus 1.5× the interquartile range (IQR), and the smaller value 
between the smallest data point and the 25th percentiles minus 1.5× the IQR; 
outliers, data points larger than the upper whisker or smaller than the lower whisker. 
Scale bar, 20 μm (f), 4 μm (zoom-in regions in f). 
Fig. R16 (Supplementary Fig. 6) | Evaluation of LEAO on data of punctate 



and tubular structure. a, Two directional MIPs of cell membrane (first row) and 
MT (second row) images without AO (first column), with DAO (second column), 
and with LEAO (third column). Zoomed-in regions of the yellow solid box are 
shown on the right bottom. Regions corresponding to the 30°projection are 
marked by yellow dashed line. Estimated aberration wavefronts are displayed in 
the insets. The ground truth images are shown in the right column. Scale bar, 30 
μm, 10 μm (zoom-in). b, c, SSIM (b) and PSNR (c) of images obtained by methods 
without AO, with DAO and with LEAO on three types of structures including cell 
membrane, ER and MT (n = 10). d, Normalized residual �� estimated by DAO and 
LEAO (n = 10). Boxplot format: center line, medians; limits, 75% and 25%; 
whiskers, the larger value between the largest data point and the 75th percentiles 
plus 1.5× the interquartile range (IQR), and the smaller value between the smallest 
data point and the 25th percentiles minus 1.5× the IQR; outliers, data points larger 
than the upper whisker or smaller than the lower whisker. 
As for Fig. 4c, we have already multiplied the DAO phases by a correct coefficient 
calibrated by simulations. Because there is no ground truth in real experiments, we 
cannot conduct calibration with this sample. After calibration, there may still exists a 
discrepancy between DAO phases and ground truth phases. This discrepancy is due to 
the ray-optics nature of DAO. We conducted a new simulation regarding this issue. 
Using the same open-source code (https://github.com/bbncWLG/DAOSLIMIT) 
provided in the original manuscript of DAO (Wu, J. et al. Cell 184, 3318-3332.e17, 
2021), the phases estimated by DAO on fluorescent beads and ER are different, though 
the two samples were contaminated with the same aberration wavefront, assuming the 
same optical system. DAO performs disparity estimation by aligning every angular 
measurement with the center angle image and outputs a shift map. During iterative 
process, the shift map gets constantly updated. When the algorithm reaches a maximum 
iteration, the reconstruction is complete, yielding a final shift map. The shift map has 
to be integrated along two angular dimensions and multiplied by a calibrated coefficient 
to get an aberration phase estimation. Then to improve the resemblance of the integrated 
phase to the ground truth, we fit the phase by Zernike polynomials, resulting in a smooth 
phase consisting of multiple Zernike modes. In this process, the shift map may not be 
accurately estimated, especially with complicated structures, noise and background 
fluorescence. In Fig. R16, the fluorescent beads are simple, clean, background-free 
structures simulated using MATLAB script. The ER sample is real data captured by 
microscopy, downloaded from open-source datasets (https://www.allencell.org/data- 
downloading.html#DownloadImageData). It possesses higher structure complexity, 
more background fluorescence, and lower signal-to-noise ratio, leading to a wrong shift 
map estimation by DAO. This is the major problem affecting the accuracy of DAO. 
The likeliness of failure increases with aberration magnitude and sample complexity. 
LEAO can effectively solve this problem and alleviate this uncertainty with better 
accuracy of aberration estimation. 

Fig. R17 (Supplementary Fig. 2) | The estimated phases by DAO and 
LEAO on two samples with different complexity. a, Both DAO and LEAO 
accurately yield a phase highly resembling the ground truth. b, DAO fails to 
accurately estimate the shift map of ER with more complicated structure, noise 
distribution and background fluorescence, leading to off-amplitude phase 
estimation, while LEAO preserves the accuracy. 
Furthermore, we would like to emphasize that the reconstruction process of DAO 
does not require the integrated phase. No matter what phase is obtained by integrating 
the shift maps estimated by DAO, the reconstruction output by DAO will not change. 
Judging from the degraded image quality in Fig. 1f and 4c, DAO has not estimated the 
aberration phases as accurately as LEAO. 

6. I do not fully understand Figure 4 when a 4.6 mm x 3.4 mm x 0.6 mm volumetric 
imaging is processed on 3x5 spatial tiles. Does this mean that for each spatial tiles, it is 
much wider in x direction but much narrower in y direction? Does this also mean that 
the isoplanatic patch is in mm level? Does it also mean that there is no change of 
aberration throughout the 600 um imaging depth? This sounds a bit too large to me 
especially this demonstration imaged dynamic activations in mouse cortex and green 
fluorescence was used. 
Response: We thank the reviewer for this comment and apologize for the 
misunderstanding caused by our inaccurate description in the main text. In our previous 
experiment, the 3×5 phases correspond to only the central areas of the entire field of 
view, spanning around 2×3.3 mm2 . Also, we made a typo where it should be 3.4×4.6 
mm2 , not 4.6×3.4 mm2 . In the meantime, we agree with the reviewer that the previous 



tiling is not dense enough for spatially nonuniform aberrations in this case. We have 
divided the mouse brain into denser patches and replaced all figures and statistics to 
alleviate the reviewer’s concern. For selected regions, multiple phases were used for 
correction (Fig. 4e, f), leading to improved statistics (Fig. 4h-j). 
As for the aberrations along axial direction, we would admit that our aberration 
estimation is depth-irrelevant, because in essence LEAO takes angular projections of 
three-dimensional data as input, making it impossible to differentiate between different 
depths. Meanwhile, the 600 μm is the axial range of the point-spread-function used for 
reconstruction. We made the range large enough to make sure no structure is left out. 
Moreover, the detection NA of this system is 0.5, which will also increase the aberration 
robustness across depths. 
Fig. R18 (Fig. 4) | LEAO enables high-fidelity mesoscale recording of 
multiregional neural activities in mouse cortex with spatially nonuniform 
aberrations. a, MIPs of the Standard Deviation (STD) volume of a 
4.6 × 3.4 × 0.6 mm3 mouse cortex with LEAO, with DAO and without AO. 
b, Regions of the area marked by white box I in a, displayed as two directional 
MIPs. c, Estimated aberration wavefronts by DAO and LEAO on the 10 × 7 
spatial tiles, and by LEAO (untiled) on the whole FOV. d, The representative 
neuronal patterns from different spatial regions processed without AO, with 
LEAO (untiled) and with LEAO. e, Enlarged regions of the area marked by 
white boxes II and III in a. The regions marked by red line in area II correspond 
to the right-bottom regions marked by red line in d. The regions marked by 
yellow line in area III correspond to the central regions marked by yellow line 
in d. Aberration wavefronts are shown in the insets. f, Two directional MIPs 
of STD volumes over a time of 1,122.5 s, obtained by methods without AO 
and with LEAO, respectively. Five neurons are manually selected and marked 
by white arrow. Estimated aberration wavefronts, corresponding Fourier 
spectrums and enlarged regions are shown in the insets. g, ∆!!/!! traces of the 
neurons in f. h, Identified neuron number from the area in f by CNMF 
algorithm. i, Histogram of extracted spikes from the area in f by CNMF 
algorithm. j, All neuronal traces extracted from the area in f. Scale bar, 140 μm 
(a, b, e, f), 40 μm (d, zoom-in regions in b, f). 

Do the authors think the aberrations were mainly sample-induced or optical system- 
induced? 
Response: We think the aberrations were mainly sample-induced. The mice from Fig. 
4a-e and f-j are two different mice imaged by the same system. As is shown in Fig. R19, 
the estimated phases vary significantly from one another. This suggests that the 
aberration changes with sample. We have added corresponding results in the revised 
manuscript to clarify this point. 

Fig. R19 (Supplementary Fig. 15) | Estimated phases by LEAO on two 
mice imaged by the same system. Mouse 1 is the source of Fig. 4a-e. Mouse 
2 is the source of Fig. 4f-j. 

In 4c, it seems to suggest that the wavefront aberration is huge, with a peak to valley 
amplitude of 9 wavelengths. The fluorescence intensity, on the other hand, still seems 
to be descent despite the large aberration. I would like to see the authors comments on 
this. 
Response: We thank the reviewer for raising this interesting question. Robustness to 
aberration is intrinsically one of the advantages of light-field (LF) imaging. We chose 
to build LEAO on light-field microscopy not only because it is able to provide spatial- 
angular information as important physical priors to estimate aberrations, but also due 
to its intrinsic capability to maintain the fluorescence intensity with the existence of 
strong aberrations, unlike common wide-field (WF) microscopy with a much higher 
aberration sensitivity. To prove this, we conducted simulations on the PSFs of both the 
light-field microscopy and the wide-field microscopy sharing the same set of system 
parameters (Fig. R20 (Supplementary Fig. 19 in the revised manuscript). At lower 
Zernike modes (r = 2, 3), the peak intensity of wide-field microscopy quickly drops 
with increasing aberration magnitude, whereas the peak intensity of light-field 
microscopy experiences only a slight decrease. The same simulation is repeated for 
higher Zernike modes (r = 5) and the result is similar. This experiment has demonstrated 
the robustness of light-field imaging to the increasing aberration magnitude. This is also 
one of the reasons that LEAO’s performance surpasses that of CoCoA, which is a WF- 
based method. 



Fig. R20 (Supplementary Fig. 19) | Comparison of wide-field and light- 
field PSFs’ intensity robustness to aberrations. a, b, Added aberration 
wavefronts (first row), MIPs of simulated WF PSFs (second row), and MIPs 
of the center angular component of simulated LF PSFs (third row) for Zernike 
modes of r = 2, 3 (a) and r = 5 (b). The aberration magnitude is 1 ��. c, d, The 
curve of normalized mean intensity of WF and LF PSFs with increasing 
aberration magnitude from 0 to 6 �� for Zernike modes of r = 2, 3 (c) and r = 5 
(d). The mean intensity (>99.9999 %) of a PSF is computed as the mean of all 
pixels exceeding the 99.9999 % intensity threshold in said PSF. Then this value 
is normalized so that it is 1 when without aberration. 

7. In the method section, the authors suggested that a total of 17 Zernike modes were 
involved and a total of 2000 dataset were used for training. If we say each Zernike 
modes can be either positive and negative, the total combinations of these 17 Zernike 
modes are 217. 2000 dataset sounds way too small to me. I would like the authors 
comments on this. 
Response: We thank the reviewer for this constructive advice. First, we would like to 
explain the generation of Zernike coefficients in the training dataset. Like the reviewer 
stated, a total of 17 Zernike modes will be used when generating Zernike coefficients. 
For each mode, the corresponding coefficient ��"" is sampled from a uniform distribution 
��"" ~��([��"" , ##"" ]) (1 ≤ "" ≤ 21, in ANSI ordering), and the coefficient for piston, tilt and 
defocus modes are set to 0 as they were already corrected during system setup. In theory 
there will be infinite combinations of these 17 Zernike modes because their coefficients 
are continuous. Since we cannot generate infinite training data, we have to determine 
the optimal data stack number empirically, and 2000 is a number chosen that is 
sufficient for training. We are deeply sorry that we previously did not include 
experiments to validate our choice of 2000 data stacks. Now with the constructive 
advice from the reviewer, we conducted an experiment in which LEAO models trained 
by increasing number of data stacks are tested on the same test dataset. As shown in 
Fig. R21, there is no significant performance gain when increasing the dataset number, 
and the reconstruction quality seems similar for any dataset number larger than 2000. 
We think this is mainly because the aberration information is physically embedded in 
the spatial-angular measurements of light field. Therefore, it’s not an ill-posed problem 
for neural network to fit, thus does not require a large number of training data. 

Fig. R21 (Supplementary Fig. 25) | Performance of LEAO with increasing 
number of training data stacks. a, Two directional MIPs obtained by LEAO 
models trained with 2000, 4000, 6000, 8000 and 10000 data stacks. GT is 
displayed at the left top for reference. Estimated aberration wavefronts are 
shown in the insets. b, c, Evaluation of normalized residual aberration �� (b) 
and SSIM (c) on the same test dataset (n = 10). The evaluation validated that 
our choice of 2000 data stacks is sufficient for the training. Boxplot format: 
center line, medians; limits, 75% and 25%; whiskers, the larger value between 
the largest data point and the 75th percentiles plus 1.5× the interquartile range 
(IQR), and the smaller value between the smallest data point and the 25th 
percentiles minus 1.5× the IQR; outliers, data points larger than the upper 
whisker or smaller than the lower whisker. Scale bar, 20 μm. 

Remarks on code availability: 
The programme seems to be documented with clear instructions on how to install 
packages and run training. Examples were also provided. However, as the training 
requires GPUs, I was unable to test the programme. 
Response: We appreciate that the reviewer has carefully examined our open-source 
code and acknowledged our efforts to provide detailed instructions and example results. 
We are sorry that the majority of the functionality is accessible only with GPUs. 
However, we have sent the code to different users for multiple times of testing and we 
believe it is readily available. 
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Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
The authors have addressed all my comments in the last round of review, and I don't have any other concerns. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
Sorry for the slightly delayed comments during this festive season. I would like to thank the authors for the 36-page-long
response letter. 

Most of my comments were properly addressed, and the authors also modified and corrected their experimental results
based on my queries. 

However, for the comment regarding network translatability and generalisability, it was still not clear to me how a network
trained on one experimental setting on one type of sample can be easily used to process data generated using a different
experimental setting on a different type of sample. The authors suggested a fast fine-tuning process that only requires 50
sets of data and five minutes of training. However, I would be surprised if it works when the optical system is designed
differently and images a totally different type of sample. I would like the authors to correct me if otherwise. I would also hope
the authors would make it clear in the paper whether the method needs to be retrained for each imaging scenario. 

For the comment about the sample motion, the authors suggested that sample motion is not an issue for their experimental
methodology. However, considering sample motion is a typical issue for long duration in-vivo imaging, I would hope the
authors to make it clear in the paper that their method does not have a mechanism to correct sample motions. 

(Remarks on code availability) 

Author Rebuttal letter: 

Response to Reviewers 

We are grateful for the reviewers’ insightful comments and suggestions, which have 
substantially improved our manuscript. We believe we have addressed all of the major 
and minor comments. The revised and added texts have been highlighted in red in the 
manuscript and supplementary materials. Please find below a point-by-point response 
to each comment. 

Reviewer #1 

Remarks to the Author: 
The authors have addressed all my comments in the last round of review, and I don't 
have any other concerns. 
Response: We thank the reviewer for the previous helpful suggestions and are glad that 
our reply was satisfactory. 

Reviewer #3 

Remarks to the Author: 
Sorry for the slightly delayed comments during this festive season. I would like to thank 
the authors for the 36-page-long response letter. 
Most of my comments were properly addressed, and the authors also modified and 
corrected their experimental results based on my queries. 
However, for the comment regarding network translatability and generalisability, it was 
still not clear to me how a network trained on one experimental setting on one type of 
sample can be easily used to process data generated using a different experimental 
setting on a different type of sample. The authors suggested a fast fine-tuning process 
that only requires 50 sets of data and five minutes of training. However, I would be 
surprised if it works when the optical system is designed differently and images a totally 
different type of sample. I would like the authors to correct me if otherwise. 
Response: We thank the reviewer for raising this concern. The fast fine-tuning process 



mentioned was indeed conducted on different types of sample and differently designed 
systems. After pointed out by the reviewer, we realized that we only showed the fine- 
tuning results but ignored the reason and support as to why it can be carried out 
successfully. To alleviate the possible doubt, we conducted an experiment to unveil the 
mechanism behind this performance. An intuitive explanation would be that LEAO’s 
specially designed architecture and training paradigm encouraged the formation of a 
disentangled latent space beneficial to the generalization ability. To confirm this, we 
compared LEAO with the vanilla regressor, which maps the spatial-angular 
measurements from light-field microscopy directly to the aberrations (Fig. R1). 

Fig. R1 (Supplementary Fig. 19) | Ablation study to evaluate the transfer- 
learning capability of LEAO compared with a vanilla regressor. a, The 
architecture of the vanilla regressor and LEAO. b, Convergence curves of 
normalized residual aberration �� versus the number of iterations on a 
membrane test dataset, by the vanilla regressor and LEAO, respectively. For the 
vanilla regressor, the model first trained on simulated neuron dataset and then 
finetuned on membrane data (red line) cannot reach the same accuracy level as 
the model trained on membrane dataset itself (orange line). For LEAO, the 
model trained on membrane dataset took ~1333.3 minutes to converge, while 
the finetuned model converged to the same accuracy level in ~4.5 minutes. c, 
Boxplots showing SSIM and normalized residual aberration �� obtained by 
different vanilla regressor models and different LEAO models (n = 10). All used 
models were converged. Boxplot format: center line, medians; limits, 75% and 
25%; whiskers, the larger value between the largest data point and the 75th 
percentiles plus 1.5× the interquartile range (IQR), and the smaller value 
between the smallest data point and the 25th percentiles minus 1.5× the IQR; 
outliers, data points larger than the upper whisker or smaller than the lower 
whisker. d-f, The representative MIPs for the ground truth (d), the results with 
different vanilla regressor models (e), and the results with different LEAO 
models (f). Ground truth and estimated aberration wavefronts are shown in the 
insets. Scale bar, 40 μm, 10 μm (zoom-in regions). 
The vanilla regressor’s architecture is the same as LEAO except for the discarded 
decoder that constitutes the auto-encoder branch (Fig. R1a). Without this branch, the 
vanilla regressor does not possess a meaningful latent space. We trained the vanilla 
regressor on the same dataset as LEAO, without implementing the data triplet strategy 
designed for the disentanglement of the latent space. When trained on membrane 
structures, the vanilla regressor took similar time as LEAO to converge, but reached 
worse test accuracy. When fine-tuned with a pre-trained model trained on neuronal 
structures, the vanilla regressor could not achieve the same test accuracy as that trained 
with membrane structures from scratch (Fig. R1b). Further statistical analyses on 
converged models confirmed that the direct generalization of the vanilla regressor 
across different sample structures was much worse than LEAO, and that the fast fine- 
tuning of the vanilla regressor with a small dataset could not restore the accuracy as 
well as LEAO (Fig. R1c). The reconstruction image quality was also in accordance with 
the above observation (Fig. R1d-f). The restored image by the vanilla regressor trained 
on membrane itself already showed slight distortion compared to LEAO. Direct 
generalization from neuronal structures or fast fine-tuning on a small dataset of 
membrane by vanilla regressors could not produce images with comparable quality as 
that from the model trained from scratch. In conclusion, we resolved the underlying key 
to LEAO’s generalization ability and proved that the translatability of LEAO is 
markedly enhanced by its latent space disentangling scheme which distills aberration 
priors from unwanted information such as structure patterns. 
Meanwhile, we would like to explain the intentions and reasonings behind our two 
fast fine-tuning experiments. Due to the unlimited possible designs of optical systems 
and patterns of sample structures, we would not be able to test the amount of data and 
time required to achieve satisfactory fine-tuning on all of them. We believe the required 
data and time would increase with the level of discrepancy between the pre-trained 
model and the target model, as the reviewer would expect, and we have added this 
explanation into the Discussion section (Lines 388-390). However, the two fine-tuning 
experiments could offer guidance on approximately how much cost should be invested 
in transfer learning, and could prove the strong translatability of LEAO. 

I would also hope the authors would make it clear in the paper whether the method 
needs to be retrained for each imaging scenario. 
Response: We thank the reviewer for this advice. Although we stated that the direct 



generalization of LEAO could already surpass DAO, in reality, to ensure performance, 
for each imaging scenario we either trained the method from scratch or fine-tuned it 
with a pre-trained model. We have added this clarification in the Discussion section 
(Lines 353-355). We have also listed the training details for every experiment, including 
whether transfer learning was conducted, in Supplementary Table 2. 

For the comment about the sample motion, the authors suggested that sample motion is 
not an issue for their experimental methodology. However, considering sample motion 
is a typical issue for long duration in-vivo imaging, I would hope the authors to make 
it clear in the paper that their method does not have a mechanism to correct sample 
motions. 
Response: We thank the reviewer for this thoughtful suggestion to aid the readers. We 
have added in the Discussion that we do not have a mechanism to correct sample 
motions (Lines 401-402). 

Reviewer 1 comments on Reviewer 2's concerns: 

1. Dependence on the generalization of the estimator 
The authors justified the generalization ability of LEAO by conducting two additional 
experiments – one for unseen samples and one for unseen systems. In both cases, while 
there are still residual aberrations, LEAO shows superior performance over the current 
DAO method, and further fine-tuning or transferring learning helps further improve 
LEAO performance. I think these results have mostly addressed the generalization 
concern, and of course, their conclusions make sense to me, as do most DL methods for 
cross-sample/cross-system. 
Response: We thank the reviewer for acknowledging our efforts to address the 
generalization ability. 

2. Simulation-to-real gap 
The authors explained that they have tried their best to mimic experimental conditions 
and validated the performance with a new experiment by physically introducing 
aberrations with phase masks. While I appreciate the authors’ efforts to better 
understand the simulation-to-real gap and I am convinced by the results to some extent 
with this specially designed experiment, I somehow feel the concern about the 
simulation-to-real gap is unlikely to be fully eliminated in realistic scenarios (e.g., 
complex scattering effect). It is good to see the authors have included a discussion on 
it in the text for better justification (Lines 381-384), but it might be better if the authors 
make it as general as model mismatch, rather than only scattering – scattering is one 
example. 
Response: We thank the reviewer for this advice. We admit that the simulation-to-real 
gap cannot be completely eliminated. Although we have tried our best to accommodate 
LEAO to various experimental factors, a mismatch of simulated and experimental 
conditions would still exist. Degradations caused by factors outside of LEAO’s design 
cannot be corrected. For example, it cannot fully recover resolution or imaging depth 
loss due to scattering, because the scattering model is different from our physical model 
of aberration formation. This issue may be addressed by adopting multi-photon 
excitation or imaging strategies that incorporate scattering models. Also, LEAO does 
not correct degradations that cannot be modeled as phase changes in the pupil plane. 
For example, motion blur caused by sample movement or image degradation resulting 
from evaporation in water-immersion objectives falls outside the correction capability 
of LEAO. As instructed by the reviewer, we added these statements in the Discussion 
section (Lines 392-397). 

3. No explicit benchmark against closed-loop hardware AO comparison 
Instead of a direct comparison to hardware-based closed-loop AO, the authors used the 
same experiment with physical masks in Question #2 and additional simulations of 
closed-loop AO. While these experiments are not fully equivalent to hardware AO, I 
feel they logically address the concerns to some extent, and would not ask more 
especially considering the ability to correct spatially-varying aberrations otherwise not 
practical for hardware AO. 
Response: We deeply appreciate the reviewer’s understanding of the difficulty of 
implementing spatially-varying closed-loop hardware AO and our logic to equivalently 
address this problem. In our experiment with designed phase masks, we proved LEAO’s 
resemblance to experimental data corrected by removing the introduced phase mask. In 
the simulation comparison, we proved that LEAO is comparable with closed-loop 



hardware AO and holds superiority when processing spatially-varying data. 

4. Disentanglement assurance 
Similar to the above concern about the simulation-to-real gap, I think the authors should 
admit this point as they have done in the Discussion section. 
Response: We thank the reviewer for this advice. We admit that structure-dependent 
distortions may interfere with the disentanglement and have addressed this issue in the 
Discussion section (Lines 405-407). 

Version 2: 

Reviewer comments: 

Reviewer #3 

(Remarks to the Author) 
I would like to thank the authors for their response. I am happy to say that all my comments were properly addressed. 

(Remarks on code availability)
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