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Abstract

Spatial transcriptomics enables the visualization of gene expression in ex vivo samples,
offering unique insights into the brain structure and function. However, downstream anal-
ysis requires to match gene expression patterns to specific brain regions by aligning highly
deformed 2d brain slices with an atlas. In this work, we propose a registration method
using Implicit Neural Representations (INR) specifically designed to address the challenges
presented by spatial transcriptomics data.

Keywords: Implicit Neural Representations, Registration, Spatial Transcriptomics

1. Introduction

Spatial transcriptomics allows to visualize the expression of genes in spatial context. In par-
ticular, the MERFISH technology, by enabling to image hundreds of genes simultaneously,
have contributed greatly to advance our understanding of the brain of small mammals like
mice (Du et al., 2023). However, the imaging process requires to slice the brain ex vivo
into 2d sections, often resulting in tissue tearing and large deformations. In this context,
the registration to a reference atlas becomes a crucial step in the post-processing pipeline.
Gene expression occurs in specific regions of the brain, highlighting specific structures. This
provides rich information that could support the registration, but manually processing the
different gene maps is burdensome.

Although the adoption of spatial transcriptomics is accelerating, only a few methods
in the literature address the problem of its registration. (Yao et al., 2023; Tustison et al.,
2025) proposed a pipeline using the Advanced Normalization Tools (ANTSs) to perform the
registration. However, this approach requires the creation of a specific target image by
matching genes to brain regions. Meanwhile, recent advances in deep learning, particularly
Implicit Neural Representations (INRs), have emerged as promising solutions for registra-
tion tasks (Wolterink et al., 2022), and have been successfully applied to the registration
of in-situ hybridization images (Byra et al., 2023). In this work, we propose an INR model
that automatically extracts the necessary information for registration from the different
gene maps, removing the need for prior knowledge of gene expression patterns.
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2. Methods

We train a registration INR to output a displacement vector Ac from a set of coordinates
¢ sampled from random patches. The deformation field ¢, which warps the moving image
to the atlas reference space, is defined as ¢(c) = ¢+ Ac. A key feature of our model is that
instead of using a single image, the moving image is a linear combination of n gene expression
maps, with learnable parameters (aq, ..., a,) optimized during training. It allows the model
to reconstruct a moving image that resembles the target atlas, thereby facilitating the
registration. We train the INR using three loss functions. L, is a similarity loss between
the fixed image and the moved image. It is composed of a Normalized Cross Correlation
(NCC) term and a local NCC term calculated on sliding patches, similarly to (Byra et al.,
2023). We regularize the deformation field ¢ by a loss L,., based on the determinant of its
Jacobian Jy. Finally, we use the symmetry between brain hemispheres as a prior to guide
the model: we compute the Ly, loss as the NCC between the moved image patch and its
symmetrical counterpart. The total loss is written as follows: L = aLgjym + SLreg + Y Lsym.
The loss equations are given in Appendix A.
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Figure 1: Overview of the proposed INR registration model.

3. Evaluation

Dataset. We tested our model on three 2d slices of the marmoset brain acquired at our
institute, including one whole-brain slice of the neonate marmoset, and two half-brain slices
of the adult marmoset. The data include a DAPI image, and a set of gene expression maps
obtained by MERFISH (300 - 960 genes). We manually annotated the images by segmenting
different brain regions based on the gene maps and DAPI image.

Parameters. The images are pre-aligned to the atlas by affine registration using manual
landmarks, and normalized between 0 and 1. We compare our approach to the registration
obtained by ANTsPy SyN method on three images: the DAPI, the ”"best” pan-neuronal
gene, and an averaged image of all gene maps and DAPI. Our INR model is trained in
a multiscale fashion by sampling coordinates from dilated patches (32 x 32), across three
scales: 4, 2, and 1. We optimized the loss parameter 5 by grid search for each dataset.
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Table 1: Evaluation metrics for different registration methods. The metrics are averaged
over 8 labeled regions, and over 5 runs for our model. We masked the right
hemisphere for the adult marmoset data.

model image [Jg| <O Dice HD
Neonate Marmoset (1 slice)

affine manual landmarks 0.0 0.65 17.93

ANTs SyN DAPI 0.03 0.5 19.5

ANTSs SyN avg 0.02 0.7 16.74

ANTs SyN best gene (BMERB1) 0.01 0.72 16.5

our model (¢ =1, §=2.5,7=0.5) all 0.06 0.8 16.21
Adult Marmoset (2 slices)

ANTs SyN best gene (ATP1A1)  0.04+0.0 0.7540.04 17.02+0.57

our model (¢ =1, §=0.5,v=0) all 0.04+0.02 0.82+£0.05 13.9+1.49

Results. In Table 1, we report the Dice and the Hausdorff distance between the warped
segmentation and the ground-truth segmentation based on the atlas, as well as the per-
centage of folding (|J4| < 0) in the deformation field. ANTs performs the best when a
pan-neuronal gene is used for the registration. Our model shows an improvement over
ANTs registration in terms of segmentation accuracy, while maintaining a low percentage
of folding in the deformation field. We provide a visualization of the registration results in
Figure 2. Furthermore, the proposed model allows us to identify the genes that are essential
to the registration by analyzing the weights attributed to the different gene maps, as we
illustrate in Appendix B.

4. Conclusion

We proposed a method to register spatial transcriptomics images to an atlas using INRs,
showing promising results on marmoset brain data. Nevertheless, our model remains to
be tested on a larger dataset to draw reliable conclusion on its performance. Besides, the
current 2d version of the model requires to manually select the corresponding coronal slice
from the atlas. In future work, we will investigate direct 2d to 3d registration.
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Figure 2: Visualization of the proposed model. For the adult slices, the moved image and
deformation field were obtained by mirroring the left part of the output.
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Appendix A. Loss functions

The similarity loss function is written as:

Lyim(F, P,c) = =NCC(F(c), M(¢(c))) = LNCC(F(c), M(¢(c))), (1)

where F' denotes the fixed image, M the moving image, ¢ the deformation field and ¢ the
coordinates sampled from a random patch. NCC is the Normalized Cross Correlation. The
Local Normalized Cross Correlation LNCC is calculated as the mean of NCC on sliding
patches of size 9 x 9.

The regularization function L, is written as follows:

1 n
Lreg(¢v C) = E Z(’l - ’Jqﬁ(ci)‘)? (2)
i=1
with Jy the Jacobian of the deformation field ¢. The symmetrical prior loss Ly, is
written as :

Loym(M, ¢, c,c') = =NCC(M(¢(c)), M(¢(c))), 3)
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where ¢’ denotes the symmetrical counterpart of the coordinates c.

Appendix B. Weight analysis
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Figure 3: Bar plot illustrating the weights assigned to each gene map by the model to
generate the moving image. Weights are shown for two adult marmoset slices
(a) and (b), as well as a neonate slice (¢). The model relies on a small number
of genes ( 10) to perform the registration. This limited selection makes it easier
to include the genes in a MERFISH experiment and can help reduce memory
requirements by reducing the number of channels used during the training of the
INR. The genes used for the adult marmoset are similar for both slices, showing
the robustness of the gene selection process.
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