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Abstract

Deep learning has emerged as a pivotal tool for accelerating research in the life sci-
ences, with the low-level processing of biomedical images (e.g., registration, fusion,
restoration, super-resolution) being one of its most critical applications. Platforms
such as ImageJ (Fiji) and napari have enabled the development of customized plug-
ins for various models. However, these plugins are typically based on models that
are limited to specific tasks and datasets, making them less practical for biologists.
To address this challenge, we introduce Orochi, the first application-oriented, effi-
cient, and versatile image processor designed to overcome these limitations. Orochi
is pre-trained on patches/volumes extracted from the raw data of over 100 publicly
available studies using our Random Multi-scale Sampling strategy. We further pro-
pose Task-related Joint-embedding Pre-Training (TJP), which employs biomedical
task-related degradation for self-supervision rather than relying on Masked Image
Modelling (MIM), which performs poorly in downstream tasks such as registration.
To ensure computational efficiency, we leverage Mamba’s linear computational
complexity and construct Multi-head Hierarchy Mamba. Additionally, we provide
a three-tier fine-tuning framework (Full, Normal, and Light) and demonstrate that
Orochi achieves comparable or superior performance to current state-of-the-art
specialist models, even with lightweight parameter-efficient options. We hope
that our study contributes to the development of an all-in-one workflow, thereby
relieving biologists from the overwhelming task of selecting among numerous
models. Our pre-trained weights and code will be released.

1 Introduction

With the rapid advancement of deep learning, modern neural networks have demonstrated remarkable
scalability and spawned a wide array of downstream applications in AI for Life Science [1, 2, 3].
Among these, biomedical image processing is a pivotal topic. Its significance arises from the inherent
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Figure 1:Trend of Versatile Biomedical Image Precessor.We listed the recent advancements in
biomedical image processing, where matched row-to-column colour coding highlights the main task
of each model. Stickers display the reported scores from the respective papers. Orochi extends the
versatile bandwidth and exhibits exceptional performance across tasks and tuning modes.

constraints in acquiring biomedical images compared to natural images, which often compromise
source image quality. Speci�cally, the most common limitations stem from imaging device operational
trade-offs. For instance, in optical microscopy, excessive laser intensity can damage target tissues,
while insuf�cient laser power introduces low signal-to-noise ratios [4]. Similarly, in computed
tomography (CT), thinner slice scans subject patients to prolonged high radiation exposure, posing
health risks, whereas sparse slicing results in low-resolution data [5]. These challenges drive the
demand for biomedical imagerestoration [6, 4, 7, 8, 9] andsuper-resolution[10, 11, 12, 13, 5]
tasks. Another class of limitations originates from the intrinsic shortcomings of imaging modalities.
For example, CT imaging is ef�cient and provides clear hierarchical information but suffers from poor
soft-tissue contrast, in contrast, magnetic resonance imaging (MRI) excels in soft-tissue resolution
but requires longer acquisition times and is susceptible to motion artifacts. Such modality-speci�c
weaknesses necessitate biomedical imagefusion tasks [14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24,
25]. Furthermore, acquiring synchronous multi-modal data imposes demands on equipment and
environments, making asynchronous data more prevalent. However, misalignment exists between
tissues or cells due to temporal/specimen variability, motivating imageregistration [26, 27, 28, 29,
30, 31, 32, 33] tasks to align asynchronous or even heterogeneous datasets of the same specimen.

With the emergence of long-range dependency models [34, 35, 36] and self-supervised pre-training
methods [37, 38, 39, 40], models designed for the aforementioned issues have advanced rapidly,
giving rise to powerful specialist models (see Figure 1). However, we argue that in practical
applications, these specialist models neglect three critical factors:(1) Task Perspective:Real-world
biomedical imaging tasks often require multiple sequential steps (e.g., registration followed by fusion,
as discussed earlier).(2) Degradation Perspective:Since the underlying causes of degradation share
similarities, these degradations are interrelated—for example, both low signal-to-noise ratio and low
resolution result in information loss.(3) Data Perspective:Due to their characteristics of being
multi-channel, large-scale, and high-throughput, biomedical images are considerably larger than
natural images, making the training and inference of multiple specialist models highly inef�cient.
From both ef�ciency and effectiveness standpoints, these issues collectively motivate the development
of a universal foundational model. We aim for such a generalist model to optimize the aforementioned
challenges by:(1) handling diverse low-level tasks within a uni�ed framework, thereby avoiding the
dif�culties of selecting and integrating several specialist models;(2) capturing more generalized and
robust features via cross-task learning during the pre-training phase; and(3) addresses real-world
biomedical data processing costs to reduce redundant training and inference.

Therefore, we introduceOrochi (named after the legendary multi-headed serpent). To ful�ll the
envisioned goals, our design emphasizes four aspects (see Figure 2):(1) Dataset Level: We
extensively employ unlabeled raw data from over 100 publicly available studies (see Appendix A.2)
and perform our Random Multi-scale Sampling, which considers the different scales of Region-
of-Interest (ROI).(2) Pre-training Level: Inspired by Joint-embedding Prediction Architecture
(JEPA) [40], where different degradations serve as context for each others. Our Task-related Joint-
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Figure 2:Overview of the Construction of Orochi. The upper panel illustrates the data conversion
pipeline, taking into account patches/volumes at multiple scales. The lower panel presents the self-
supervised strategies utilized during pre-training. Additionally, we provide supplementary images
(e.g., Visible A+B, Error Map) to facilitate the comparison between inputs and outputs.

embedding Pre-training (TJP) applies various forms of task-speci�c degradation, and the model
learns from reconstructing them jointly.(3) Model Level: On one hand, we employ Mamba [41]
as the building blocks to leverages its linear complexity [42, 41, 43, 44]. On the other hand, the
overall structure draws inspiration from the hierarchical design of the Swin-Transformer [36] by
incorporating patch merging to enhance model ef�ciency further.(4) Post-training Level: We
propose a three-tier �ne-tuning framework to reduce the tuning cost. Ranging from full �ne-tuning
(Full), to �ne-tuning only the replaced dense convolution head (Normal), and �nally to the most
lightweight variant using depth-wise separable convolution [45] (Light), thereby achieving Parameter-
Ef�cient Fine-Tuning (PEFT) [46]. To this end, we hope that Orochi will distinguish itself as an
exceptional tool among the extensive array of plugins available on platforms such as ImageJ (Fiji) [47]
and napari [48], further advancing towards a user-friendly work�ow with uni�ed functionalities.

In summary, our main contributions are as follows:

1. We systematically review the signi�cance of low-level biomedical image processing and
highlight that even in this era of powerful foundational models, the paradigm centred on spe-
cialist models still exhibits inherent de�ciencies. Limiting both effectiveness and ef�ciency
from the perspectives of task, degradation, and data.To the best of our knowledge, Orochi
is the �rst versatile foundational model addressing these issues.

2. We curated raw-level datasets from over 100 studies [49, 50, 51], covering a wide range of
imaging modalities from 2-5D — with a total data size over 100 terabytes. During training,
we introduce Random Multi-scale Sampling to achieve a unitedly raw data conversion into
training patches/volumes. These converted data are used for both local and stream training,
alleviating the challenges with the transmission and storage of extremely large datasets.

3. We propose Task-related Joint-embedding Pre-training (TJP), which directly learns the inter-
relations among various task-speci�c degradations rather than relying on common Masked
Image Modelling (MIM). For the model architecture, we leverage the linear complexity of
Mamba and design a multi-head hierarchical structure to minimize the costs of training and
inference. Finally, for post-training, we introduce a three-tier �ne-tuning framework and
demonstrate that even the most lightweight depth-separable convolution tuning can achieve
performance comparable to existing state-of-the-art specialist models.
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2 Related Works

Self-supervised Learning Self-supervised Learning (SSL) extracts inherent data properties.
Masked Image Modelling (MIM) predicts masked image regions from original pixel values us-
ing an encoder-decoder architecture, with loss in image space [37, 38]. Contrastive Learning (CL)
aligns representations of augmented views of the same image in an embedding space via specialized
objectives [52, 39]. Combining these, the Joint-Embedding Predictive Architecture (JEPA) [40]
predicts full latent representations from context to learn robust image representations.

Restoration To address low image quality in �uorescence microscopy, Content-aware image
restoration (CARE) [4] uses CNNs. Liet al.[8] improved axial resolution using a CARE-based model
with physically acquired ground truth. Subsequent works integrated Swin-Transformers [36] for
ef�ciency (SwinIR [9]) or Mamba blocks [42] for long-range dependency modeling (MambaIR [7]).
UniFMIR [6] demonstrated that pre-trained foundation models generalize well for this task.

Super-resolution Super-resolution aims to overcome optical limits. DeepLP [53] employs point-
scanning for reconstruction. Diffusion-based models, including volumetric conditioning modules [5]
and latent diffusion in InverseSR [11], show promise for 3D brain MRI. Other approaches include local
implicit image functions for �exible resolution enhancement [13], joint super-resolution and synthesis
frameworks for isotropic volumes [12], and methods for multimodal image super-resolution [10].

Registration Image registration aligns images by optimizing a deformation �eld. VoxelMorph [54]
provides a learning-based 3D framework. Dual-encoder U-Nets [26], Swin-Transformers for long-
distance correspondences (TransMorph [32]), and Mamba blocks [42] for ef�cient long-range model-
ing (MambaMorph [33]). Fast 3D registration methods have been proposed by Siebertet al. [27, 29],
while Mok et al. [30, 28] address large deformations with Laplacian Pyramid Networks.

Fusion Multi-modality image fusion integrates complementary information. Techniques include
bidirectional stepwise feature alignment for unaligned images (BSAFusion [25]), mutual enhance-
ment for PAT/MRI fusion [24], and diffusion-based methods incorporating fusion priors (Diff-
IF [55]) or denoising diffusion models [16]. Semantic-aware strategies with registration are found
in SuperFusion [21] and MURF [22]. Other notable methods encompass one-stage progressive
dense registration [23], U2Fusion [14], and Equivariant fusion [15]. Diverse strategies also include
lightweight and semantic-guided approaches (ALMFNET [17], MSGFUSION [18]), dictionary-based
and GAN-driven frameworks [19, 56], and unsupervised methods [20].

3 Methods

Due to page limitations, this section primarily emphasizes our comprehensive degradation designs
used for self-supervision. The Appendix provided detailed architecture of the Multi-head Hierarchy
Mamba model along with the three-tier �ne-tuning framework B.

3.1 Preliminary: Self-supervised Degradation

Self-supervised image learning can be generally formulated as learning a reconstruction functionf �
that recovers the original imagex from its degradedD(x). Formally, this objective is de�ned as:

min
�

Ex

h
`
�

x; f �
�
D (x)

� �i
; (1)

wherex is the sampled data,pdata, D (�) denotes a degradation function applied tox, f � is the
parameterized model, and` is a loss function (e.g., the L2 loss or perceptual loss).

Masked Image For masked image degradation, the degradation function is de�ned as:Dmask(x) =
x � M; whereM 2 f 0; 1gH � W is a binary mask with heightH and widthW that selectively
occludes regions ofx. This degradation helps the model learn to infer missing information.

Deformed Image For deformed image degradation, the degradation function takes the form:
Ddef(x) = T (x); whereT (�) represents a spatial transformation (such as rotation, scaling, or
warping). This degradation introduces geometric distortions that mimic real-world variations.
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Nosiy Image For noisy image degradation, the degradation function is de�ned as:Dnoise(x) =
x + � where� denotes additive noise (typically Gaussian noise), simulating sensor imperfections or
environmental interference.

Low-resolution Image For low-resolution image degradation, the degradation function is given by:
DLR(x) = #s (x); where#s is a down-sampling operator with scale factors, reducing the resolution
of x to simulate the effects of low-resolution imaging.

3.2 Orochi: Random Multi-scale Sampling

Random Multi-scale Sampling aims to extract patches/volumes with diverse scales from raw images.
Given a raw imageI , the procedure consists of two main steps:(1) Multi-scale Resizing:We �rst
generate scaled versions of the raw imageI to capture features at different resolutions. In particular,
we resizeI to scales1=2 and1=4 of its original size. Formally, let:

I s = #s (I ); s 2 f 1; 1
2 ; 1

4 g; (2)

where#s (�) denotes down-sampling with factors. (2) Random Window Sampling: For each scaled
imageI s, we de�ne a �xed-size windowK (compatible with the pre-training requirements in either
2D or 3D) and perform random sampling to extract sub-patches. Let the windowK have dimensions
W � H (or W � H � D for 3D data). A randomly sampled 2D patchxs at scales is given by:

xs = I s
�
i : i + W � 1; j : j + H � 1

�
; (3)

where(i; j ) is a randomly chosen starting coordinate inI s.

Collectively, the set of patches extracted across scales is represented as:

x = f xs;n j s 2 f 1; 1
2 ; 1

4 g; n = 1 ; : : : ; Nsg; (4)

whereNs denotes the number of patches sampled from the image at scales. These multi-scale patches
are then passed to subsequent degradation processes (e.g., masking, deformation, noise addition, and
low-resolution conversion). By performing random sampling across multiple scales, our method
extended the data diversity and enabled more robust feature learning across various datasets.

3.3 Orochi: Task-related Joint-embedding Pre-training

Dual-Masking Reconstructive Fusion To better address the biomedical image fusion task, where
the combination of existing contexts is crucial, we modi�ed the conventional Masked Image Mod-
elling approaches [37, 38], which typically employ a single masking strategy. Speci�cally, we applied
two distinct masking operations to the training datax, thereby generating two independent masks:

xA = x � M A ; xB = x � M B ; (5)

whereM A ; M B 2 f 0; 1gH � W are binary masks with only partial overlap and ensure invisible
information retention even after fusion. The masking probabilities are generated by:

M k [i; j ] = 1[� k
i;j < � ]; k 2 A; B; (6)

where� k
i;j � U (0; 1) represents a random value extracted from a uniform distribution for grid

coordinatesi; j , and� is the masking threshold. The key innovation is that our model is exposed to
process both masked inputs(xA ; xB ) simultaneously to recover the original image:x̂ = f � (xA ; xB );.
This guides the model to develop robust feature extraction capabilities that can identify complementary
information across different masked views, and then fuse these partial observations coherently to
reconstruct missing regions in both inputs.

Spatially-varying Gaussian down-sample For down-sampling, we adapt similar principles from
DeepLP [53], which tested noisy down-sampling beyond uniform down-sampling in self-supervised
microscopy restoration. We enhance this noisy down-sampling with spatially varying characteristics:

DLR(x) = G� var(" 1
s

(#s (x + � ))) ; (7)
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where#s represents down-sampling with a random scale factors, " 1
s

denotes upsampling back
to the original resolution,� � N (0; � 2

down) is normal distributed noise added during the down-
sampling process with� down � U (0:01; 0:1), U represent uniform distribution, andG� vardenotes
spatially-varying Gaussian �ltering. It can be de�ned as:

G � var(x)[i; j ] =
X

u;v

g� ( i;j ) (u; v) � x[i � u; j � v]; (8)

whereg� represents a Gaussian kernel (2/3D) with standard deviation� (i; j ) � U (� min; � max) that
varies across grid coordinatesi; j . This mimics the heterogeneous blurring found in optical systems.

Multi-scale Smoothed Perlin Noise Deformation For the self-supervised registration task, con-
structing a realistic deformation �eld is important. We conducted multi-scale Perlin noise �elds that
simulate the hierarchy variations in natural anatomical structures. Given an imagex, we generate a
deformation �eld� and its corresponding deformed imageDdef(x) as follows:

Ddef(x) = T (x; �) ; � = G � (Per (f ; p)) ; (9)

T (�; �) is a spatial transformation operator,G � (�) denotes spatially-varying Gaussian smoothing with
parameter� , andPer (f ; p) represents multi-octave Perlin noise with frequencyf and persistencep.

The multi-octave Perlin noise is speci�cally de�ned as:

Per (f ; p) =
NX

n =1

pn � 1 � S(f n � 1 � (i; j )) ; (10)

whereS(�) is the simplex noise function,N is the number of octaves andcoords represents the grid
coordinates. This multi-scale approach generates deformation �elds with varying levels of detail.

To enhance the anatomical plausibility of the deformations, we apply normalization and bound it
using a tanh function:� �nal = � � tanh(�) ; where� controls the maximum displacement magnitude.

Multi-stage Noise Simulation To simulate realistic noise, we adopted a multi-stage process:

Dnoise(x) = Bi p(Poi (max(0; x + � ))) ; (11)

where� � N (0; � 2
noise) with � noise � U (0:075; 0:15) represents Gaussian noise,Poi (� ) denotes

Poisson noise with intensity parameter� (modeling photon-counting statistics), andBi p represents
binary (salt-and-pepper) noise that affects a proportion of pixels with probabilityp.

These sophisticated degradation designs enable our framework to simulate a wide spectrum of real-
world imaging artifacts, encouraging the model to handle diverse image quality issues encountered.

4 Experiments

We conducted comprehensive comparisons strictly following the setups in published specialist
models (UniFMIR [6], VCM [ 5], Transmorph [32], and BSAFusion [25], see Appendix A.4 for
details). Resulting in more than 30 state-of-the-art baselines across multiple benchmarks for various
biomedical image-processing tasks to demonstrate the effectiveness and versatility of Orochi. We
color-coded the performance in Table 1, 2, 3, and 4 withRed (1st), Blue (2nd), and the row color
re�ects the training type with [Training-free], [Training from Scratch], [Fine-Tuning], and [Ef�cent
Fine-Tuning]. See the Appendix for more details of the experiment setups A and extra validation C.

Generalization Capability on In-Domain Data Given that our model, Orochi, is extensively pre-
trained, we expect it to exhibit strong generalization capabilities on in-domain data. Accordingly, in
Figure 3 we demonstrate Orochi's zero-shot performance on various stained microscopy images [51]
(results on clinical images [50] are detailed in the Appendix C.1). Panels (A)–(D) illustrate Orochi's
robust processing capabilities. In Panel (E), we further examine whether these outcomes align with
our algorithmic expectations. For example, our Dual-Masking Reconstructive Fusion anticipates
that the model learns an effective fusion strategy and leverages the existing information from both
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Figure 3:In-Domain Generalization Performance of Orochi on Unseen Test Images.(A)–(D)
illustrate Orochi's robust performance across various low-level processing tasks when applied to
unseen testing images after pre-training. Supplementary images include the dual-masking images
and naive merge results for the fusion task. Error maps for the registration task. (E) provides in-depth
case studies: for the fusion task, the centromere count is emphasized in both the reconstructed image
and the original image (highlighted with circles); for the registration task, subtle deformations of the
cell membrane are accentuated; and for the restoration and super-resolution tasks, the �ne details of
bright-�eld images and the internal structures of DNA-stained cell nuclei are emphasized

Table 1:Isotropic 3D volume Restoration Task.
Low-high laser data pairs along the XY axis are
collected and serve as the training set. However,
the evaluation is on both XY slices and XZ slices.

Method PSNR (XY) " SSIM (XY) " PSNR (XZ) " SSIM (XZ) "

Dataset: CARE [4]

Li et al. [8] 23.71 0.58 24.51 0.58

CARE [4] 25.60 0.60 25.76 0.64

SwinIR [9] 25.98 0.62 26.41 0.64

MambaIR [7] 25.89 0.64 27.17 0.65

UniFMIR [6] 27.12 0.66 27.67 0.66

prune-UniFMIR (FP16) [6] 25.00 0.59 26.48 0.64

prune-UniFMIR (FP32) [6] 26.18 0.63 26.24 0.64

Orochi (Full) 28.31 0.70 28.52 0.71

Orochi (Normal) 29.15 0.71 29.43 0.71

Orochi (Light) 29.77 0.71 29.98 0.72

Table 2: MRI Axial Super-resolution Task.
Two intensities of low-resolution data are trained
and tested in this task, with 4mm (i.e x4 down-
sampled) and 8mm (i.e x8 down-sampled)

Method PSNR (4mm)" SSIM (4mm) " PSNR (8mm)" SSIM (8mm) "

Dataset: HBA [57]

Cubic 23.84 0.76 21.80 0.63

UniRes [10] 21.49 0.69 20.91 0.63

SynthSR [12] 19.22 0.66 19.02 0.62

LIIF [13] 32.41 0.95 25.12 0.81

InverseSR-LDM [11] 28.59 0.80 27.92 0.75

InverseSR [11] 27.51 0.88 23.66 0.79

VCM [5] 27.54 0.87 27.52 0.86

Orochi (Full) 35.33 0.95 31.93 0.89

Orochi (Normal) 34.60 0.96 29.51 0.89

Orochi (Light) 34.83 0.96 30.28 0.90

sources before reconstruction, rather than reconstructing masked regions separately. This expectation
is validated in theCentromerecount case study, where masked A and B each exhibit a partial
absence of centromeres, and themodel successfully performs complementary fusion and the �nal
reconstruction does not arbitrarily generateCentromeresacross extensive background regions.
This precise control over �ne structural details is also evident in other cases.

Image Restoration Task In Table 1, we present the performance of Orochi on the isotropic 3D
volume restoration task. In microscopy imaging, the image quality along the XY plane is typically
much higher than that along the XZ plane due to the inherent limitations of sequential (layer-by-layer)
imaging, such as in light-sheet microscopy, which leads to the formation of isotropic data. To address
this, CARE [4] leverages the high-resolution XY data for training and subsequently restores the
lower-resolution XZ data. On this task, Orochi not only signi�cantly outperformstrain-from-scratch
models like SwinIR [36] (+2.11 PSNR) and MambaIR [7] (+1.35 PSNR), but it also comprehensively
surpassespre-trained foundation model UniFMIR [6] across both fully �ne-tuned (+0.85 PSNR)
and ef�ciently �ne-tuned (+3.19 PSNR) con�gurations. An intriguing �nding is that our results
indicate Orochi with PEFT leads the list. This outcome is plausible given that the dataset, derived from
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