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Introduction

® Combining information of multiple modalities for one specimen can shed light on properties not
detectable by only one modality as they can provide complementary details.
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® Multimodal Registration can be extremely challenging it the appearance or signal expression den-
sity differs greatly between the modalities, as is the case for brightfield (BF) microscopy and sec-
ond harmonic generation (SHG).

® \We have developed a contrastive learning method based on INfoNCE [2] to learn representations
from different modalities, called CoMIRs [1], which are visually similar.

® These image-like, dense representations can be succesfully registered by monomodal rigid regis-
tration methods, e.g. a-AMD (intensity-based, [3]) or using SIFT (feature-based, [4]).

® Top-10 cross-modal image retrieval success using CoMIRs for reverse image search is 65%,
doubling the performance of direct cross-modal retrieval of the multimodal images.

® No data-specific information is incorporated in the learning, I1.e. the method is modality indepen-
dent and can be applied to other imaging modalities than BF and SHG.
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® A randomly cropped patch in one mo- ® We require certain properties of the rep-
dality serves as an anchor. Its corre- resentations, such as rotational equivari-
sponding patch in the other modality ance and similar intensities, which can be
acts as a positive. Any other patch of realized through the loss function without
any modality serves as a negative. any additional hyperparameters.

® Two CNNs, sharing no weights, only ® The appearance of CoMIRs depends
connected by the loss function, learn on the choice of similarity function (critic);
dense representations by maximizing MSE vields the best results.
negatives the distance between the anchor and
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® For an image pair (x',x?), its CoMIRs (y',y?), and a critic h, the loss * Retrieval: A Bag-of- registration. [~
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allows for rotational equivariance o , 1 , . tractors (SIFT/SURF [7])  extremaif "
commutes the CNN f, with HE ) = (T (f“’l (71 ))) (f92 (Za( )))> and cosine similarity for the initial dis- |

actions T, T of the C4 group (rotations by multiples of 90 degree). matching can be used. f;?ﬁz:;?t e

+
+
o + + * +,
++#*$M§#*H£.£¢+& H +++#?+,+ti s
50 100 150 200 250 300

Results and Conclusmns References and Code
E Relative error [%] Code available at https://github.com/MIDA-group/CoMIR
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® CoMIRs extract shared content in mutli-
modal images and enable multimodal reg-
Istration and retrieval by reducing the prob-
lem to a monomodal one.
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