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1. Introduction to Mamba
1.1. State Space Models
Continuous-Time and Discretized SSMs. SSMs [3, 4]
are inspired by classical state space systems that model a
continuous-time signal x(t) through a latent state h(t) ∈
RN to produce an output y(t). The system dynamics are
governed by a linear Ordinary Differential Equation:

h′(t) = Ah(t) +Bx(t), y(t) = Ch(t), (1)

where A ∈ RN×N , B ∈ RN×1, and C ∈ R1×N are the
state, input, and output matrices, respectively.

To be applied to discrete data xt, this continuous sys-
tem must be discretized. This is achieved by introducing
a time-step parameter ∆ and transforming (A,B) into dis-
crete parameters (A,B) using a discretization rule, such as
the Zero-Order Hold (ZOH):

A = e∆A, B = (∆A)−1(e∆A − I)∆B, (2)

This results in a discrete-time formulation that can be com-
puted as a linear recurrence:

ht = Aht−1 +Bxt, yt = Cht. (3)

The Convolutional Duality of LTI SSMs. A criti-
cal property of these Linear Time-Invariant (LTI) models
(where A,B,C,∆ are fixed) is their dual nature. While
Eq. (3) represents the system as a recurrent (RNN) model,
it can also be expressed as a discrete convolution y = x∗K.
By unrolling the recurrence, the entire output sequence can
be computed in parallel by convolving the input x with a
global convolutional kernel K of length L:

y = x ∗K, K = (CB,CAB, . . . , CA
L−1

B) (4)

This convolutional representation is highly efficient for par-
allel training, while the recurrent representation is efficient
for auto-regressive inference.

Mamba: Selective State Space Models. The LTI prop-
erty, while efficient, is also a limitation. The system’s
dynamics are fixed and independent of the input, con-
straining its ability to model content-dependent phenom-
ena. Mamba addresses this by introducing a selective mech-
anism, making the system parameters time-varying and
input-dependent.

Specifically, Mamba parameterizes the key system ma-
trices B and C, as well as the time-step ∆, as functions of
the current input xt:

∆t = s∆(xt), Bt = sB(xt), Ct = sC(xt) (5)

where s∆, sB , sC are typically small neural networks.
This transforms the LTI recurrence of Eq. (3) into a time-
varying system. The discrete parameters At and Bt are re-
computed at each step using the dynamic ∆t and Bt (de-
rived from Eq. (2)):

ht = Atht−1 +Btxt, yt = Ctht (6)

This simple modification is profoundly impactful. By mak-
ing the state transitions conditional on the input, the model
can selectively choose what information to propagate in its
state ht and what to forget. This input-dependent dynamic
breaks the time-invariance necessary for the global convo-
lution (Eq. (4)), but grants the model significantly enhanced
expressive power. This time-varying recurrence is com-
puted efficiently using hardware-aware parallel scan algo-
rithms, retaining the computational benefits of SSMs while
enabling content-based reasoning.

1.2. SSMs for Vision
The recent emergence of State Space Models (SSMs) [2,
12], particularly Mamba [3], has presented a compelling al-
ternative to Transformers [13] for long-sequence modeling.
Mamba’s core innovation, the Selective Scan (S6) mod-
ule, achieves linear-time complexity while effectively cap-
turing long-range dependencies, addressing the quadratic
complexity challenge that hinders Transformers in high-
resolution tasks. This efficiency has spurred its rapid adop-
tion across diverse computer vision domains, spanning both
high-level tasks [7, 10, 16] and low-level image process-
ing [1, 5, 15].

However, a fundamental challenge remains in adapting
the inherently 1D SSM mechanism to process 2D spatial
data. A common paradigm, therefore, involves flattening
2D images into multiple 1D sequences. Pioneering works
like Vim [16] and VMamba [10] established this approach.
Vim [16] introduced a bidirectional Mamba block, process-
ing image patches sequentially and demonstrating signifi-
cant speed and memory advantages over Vision Transform-
ers (ViTs) at high resolutions. Concurrently, VMamba [10]
proposed a “Cross-Scan” strategy, which flattens the input
along four directions (row-wise and column-wise, both for-
ward and backward) to integrate spatial context.

Building on these foundational methods, subsequent re-
search has explored a variety of alternative scanning strate-
gies to better align with the 2D structure of images. For
instance, continuous scanning paths [14] and local four-
directional scans [7] were introduced to enhance structural



continuity and local feature acquisition. Other efforts, such
as EfficientVMamba [11], utilizes skip sampling to improve
scanning efficiency.

Despite this rapid progress, these methods are funda-
mentally designed for 2D images and face critical limi-
tations when applied to volumetric data. Existing scan-
ning strategies often disrupt the spatial structure coherence
[5, 15], a problem that is exacerbated when naively ex-
tended to 3D volumes. While some models like Mam-
baIR [5] and UVM-Net [15] attempt to re-introduce locality
using additional CNN layers, this compromises the compu-
tational efficiency inherent to the Mamba architecture. Fur-
thermore, these manually designed, fixed scanning paths [7]
lack the adaptability to model the complex, anisotropic rela-
tionships inherent in VEM data. This often results in a fail-
ure to preserve consistency between the high-resolution lat-
eral planes and the sparsely sampled axial dimension. Our
work, VEMamba, is designed to overcome these specific
challenges by introducing a 3D-native scanning mechanism
that explicitly enforces axial-lateral consistency.

2. Details of VEMamba

2.1. Training Strategy
The training of VEMamba is conducted through a designed
two-stage strategy.

Stage 1: Degradation Representation Learning. The
initial stage is dedicated to training the degradation encoder.
The primary objective of this stage is to learn a robust rep-
resentation of the degradation characteristics present in the
anisotropic data. For this purpose, we adopt the hyperpa-
rameter configuration from the CDFormer [9]. This pre-
training phase enables our model to effectively capture the
complex transformations, such as blur and noise, that differ-
entiate the low-resolution inputs from their high-resolution
counterparts.

Stage 2: Isotropic Reconstruction. Upon the comple-
tion of the encoder training, we freeze its weights to pre-
serve the learned degradation knowledge. Subsequently, the
main backbone of the VEMamba model is trained end-to-
end. In this stage, the model learns to perform the core task
of isotropic reconstruction, guided by the total loss function
Ltotal, as formulated in the main paper. This two-stage ap-
proach ensures that the reconstruction process is explicitly
conditioned on the learned degradation features, leading to
a more targeted and effective restoration.

2.2. Inference Speed
We evaluate the inference speed and GPU memory con-
sumption for different methods, with results presented in
Table 1. As shown, our VEMamba demonstrates the high-
est memory efficiency, consuming only 3308 MiB of GPU
memory, which is slightly lower than IsoVEM (3438 MiB)

and significantly less than EMDiffuse (6660 MiB).

Table 1. Inference speed (volumes/s) and GPU memory usage
(MiB) comparison on a NVIDIA RTX 4090 with batch size 1.

Method GPU Memory↓ Inference Speed ↑
IsoVEM 3438 4.524

EMDiffuse 6660 0.014
Ours (VEMamba) 3308 2.295

Ours (U-Net) 2036 4.598

Although IsoVEM achieves a higher throughput (4.524
vol/s) than VEMamba (2.295 vol/s), its speed advantage
mainly comes from its U-Net–based Transformer architec-
ture, which processes image patches in parallel while pro-
gressively downsampling feature maps to reduce computa-
tion.

In contrast, VEMamba performs sequential state-space
modeling directly on full-resolution features, making it in-
herently slower. To verify the effect of architectural choices,
we also implement a U-Net version of VEMamba, which is
an ablation variant and attains higher speed (4.598 vol/s)
and lower memory usage (2036 MiB) at the cost of a slight
performance drop. Since high reconstruction quality is crit-
ical in medical imaging, we prioritize accuracy over speed.
Improving the performance of the U-Net variant will be an
important direction for future work.

2.3. Loss Function Selection
The selection of our composite loss function, Ltotal, was
guided by an empirical study to determine the most effec-
tive objective for VEM isotropic reconstruction. Our final
formulation is a weighted sum of the L1 loss and the Struc-
tural Similarity Index (SSIM) loss:

Ltotal = L1(Y, Ŷ ) + LSSIM(Y, Ŷ ) (7)

where Y and Ŷ represent the ground-truth and the recon-
structed volumes, respectively.

To validate this choice, we conducted an ablation study
comparing three distinct loss formulations: (1) a pure L1

loss, (2) a combination of L1, SSIM, and the LPIPS loss,
and (3) our proposed L1 +LSSIM combination. The quanti-
tative results are presented in Table 2. As the results demon-
strate, our selected loss function achieves superior perfor-
mance in terms of both PSNR and SSIM, validating its suit-
ability for preserving both pixel-level accuracy and struc-
tural integrity.

3. Details of MoCo
3.1. Structure Detail
In our framework, the degradation representation is ex-
tracted using an encoder module within the Momentum



Table 2. Ablation study on the loss function. Our proposed L1 +
LSSIM configuration yields the best results.

Loss Function Metrics
PSNR SSIM

L1 29.389 0.7659
L1+SSIM+LPIPS 29.364 0.7696
L1+SSIM 29.442 0.7707

Contrast [6] setup. The architectural design of this encoder
is crucial for effectively capturing the nuanced features of
various degradation types. This section provides a detailed
breakdown of its structure.

The encoder is constructed by serially stacking eight
identical residual blocks, followed by a final average pool-
ing layer to produce the feature vector. The structure of
Encoder is illustrated in Figure 1.
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Figure 1. The structure of MoCo encoder. It comprises a convo-
lutional layer, a Batch Normalization layer, and a ReLU activation
function, integrated with a skip connection.

Specifically, within each block, the input feature map
first passes through a convolutional layer (Conv). The out-
put is then normalized using a Batch Normalization (BN)
layer to stabilize the training process and accelerate con-
vergence. Following normalization, a Rectified Linear Unit
(ReLU) activation function is applied to introduce non-
linearity. A characteristic of this architecture is the residual
connection, where the input to the block is added element-
wise to the output of the ReLU activation. The sequential
arrangement of these eight blocks allows the encoder to pro-
gressively build a rich and hierarchical representation of the
input degradation patterns.

3.2. Hyperparameter Selection
To effectively simulate realistic anisotropic data for our
self-supervised training paradigm, we employ a degrada-
tion pipeline that incorporates Gaussian blur, downsam-
pling, and noise injection. The parameters governing this
process are crucial for the model’s ability to generalize to
real-world data.

Following the methodology established in Dif-
fuseEM [8], our primary configuration for the degradation
simulation utilizes a Gaussian blur kernel with a filter size
of f = 8 and a standard deviation of σ = 4. To substantiate
this choice, we performed a comprehensive ablation

study, comparing our selected parameters against several
alternatives, including a baseline with only downsampling.
The results, summarized in Table 3, clearly indicate that
the configuration with f = 8 and σ = 4 yields the highest
PSNR and SSIM scores. This confirms its effectiveness in
generating a challenging yet representative training set for
our reconstruction task.

Table 3. Ablation study on degradation simulation parameters.
The setting of f = 8, σ = 4 provides the best performance.

Degradation Metrics
PSNR SSIM

Baseline (downsample) 28.997 0.7532
f=8, σ = 2 29.384 0.7628
f=8, σ = 6 29.401 0.7699
f=10, σ = 4 29.393 0.7683
f=6, σ = 4 29.389 0.7645
f=8, σ = 4 29.442 0.7707

3.3. Effectiveness of MoCo
To validate the efficacy of our self-supervised degradation
learning strategy, we visualize the latent feature distribu-
tions of sub-volumes with varying degradation patterns us-
ing t-SNE. Figure 2 presents a comparison of the feature
space before and after employing Momentum Contrast.

(a) (b)

Figure 2. t-SNE visualization of degradation feature distributions.
(a) Feature embedding without MoCo training, showing entan-
gled representations where different degradation patterns are in-
distinguishable. (b) Feature embedding with our MoCo training
strategy. The emergence of distinct clusters indicates that the en-
coder effectively learns to discriminate between different degrada-
tion types.

As observed in Figure 2(a), without contrastive learn-
ing, the feature representations of distinct degradation types
are heavily entangled and indistinguishable. This lack of
separation hinders the network’s ability to perceive spe-
cific degradation levels. In stark contrast, Figure 2(b)



demonstrates that our MoCo-based training effectively dis-
entangles these representations, resulting in clear, com-
pact clusters corresponding to specific degradation char-
acteristics. This distinct separation confirms that our en-
coder successfully learns a discriminative degradation prior.
Consequently, this enables the Volume Degradation Injec-
tion Module (VDIM) to provide precise, degradation-aware
modulation to the reconstruction backbone, ensuring ro-
bustness against varying anisotropic conditions.

4. Visualization of EPFL dataset

4.1. 3D Volume Visualization

To further complement the 2D slice comparisons presented
in the main paper, we provide 3D volumetric visualizations
of a representative sub-volume from the EPFL dataset. The
following figures demonstrate the performance of our VE-
Mamba against baseline interpolation, IsoVEM, and EMD-
iffuse across x4, x8, and x10 axial degradation factors.

Figure 3 showcases the 3D renderings of the recon-
structed tissue volumes. As can be observed, the baseline
interpolation method yields overly smooth and blurry struc-
tures, failing to recover fine details, which is consistent with
its poor 2D performance. The results from IsoVEM, while
improved, exhibit noticeable artifacts such as spurious, dis-
connected fragments and unnatural surface textures, partic-
ularly at higher magnification factors (x8, x10). This aligns
with the ”hallucinated boundaries” noted in the 2D axial
slices (Figure 5 in the main paper). Similarly, EMDiffuse
struggles to maintain structural completeness, resulting in
volumes that appear eroded or contain discontinuities. In
stark contrast, our VEMamba method consistently produces
reconstructions with superior structural coherence and sur-
face integrity. The membranes and organelles are rendered
with remarkable clarity and continuity, preserving the com-
plex topology of the neural tissue.

Furthermore, the quality of isotropic reconstruction is
critical for the accuracy of downstream quantitative anal-
yses. We evaluated this by performing 3D mitochondria
segmentation on the reconstructed volumes, as visualized
in Figure 4. The segmentations derived from the base-
line, IsoVEM, and EMDiffuse reconstructions are heav-
ily fragmented, containing numerous holes and false neg-
atives. These artifacts would severely compromise any sub-
sequent morphological or statistical analysis. The segmen-
tation based on VEMamba’s output, however, is signifi-
cantly more complete and topologically sound. The mito-
chondria are rendered as continuous, well-defined objects,
closely resembling the ground truth. This illustrates that the
high fidelity of our reconstruction directly translates into
more reliable and accurate results for downstream tasks,
corroborating the superior IoU scores reported in the main
paper (Table 2).

In summary, these 3D visualizations underscore the su-
periority of VEMamba in generating high-quality, coherent,
and artifact-free isotropic volumes, which is essential for
both qualitative inspection and robust quantitative analysis
in biomedical research.

4.2. Axial Section Visualization
While 2D lateral fidelity is important, the definitive chal-
lenge of isotropic reconstruction lies in recovering the miss-
ing information along the undersampled axial axis. Figure 5
provides a qualitative comparison of reconstructed slices in
the axial (xz and yz) planes.

The Baseline method (interpolation) exhibits severe
aliasing and blurring, failing to recover any meaningful
high-frequency structural details. While IsoVEM recovers
sharper textures, it suffers from significant structural incon-
sistencies; specifically, it generates ”hallucinated” bound-
aries that appear plausible in 2D but result in jagged, dis-
continuous membrane profiles when viewed axially. EMD-
iffuse similarly struggles with structural integrity, leading to
broken organelle boundaries and noise artifacts.

Conversely, VEMamba demonstrates superior axial con-
sistency. Our method reconstructs smooth, continuous
membranes and organelles that closely align with the
Ground Truth. The vertical coherence of these structures
confirms the effectiveness of the Axial-Lateral Chunking
Selective Scan Module (ALCSSM) in effectively model-
ing 3D spatial dependencies, thereby preventing the slice-
to-slice discontinuity observed in competing methods.

5. Visualization of CREMI dataset
To complement the quantitative evaluation presented in Ta-
ble 1 of the main paper, we provide a detailed qualitative
comparison of VEMamba’s reconstruction performance on
the real-world anisotropic CREMI dataset. The following
visualizations further substantiate the superior performance
of our proposed method.

Figure 6 illustrates the reconstruction fidelity on the lat-
eral (xy) plane at different degradation factors (x4, x8,
and x10). These comparisons are performed by applying
our self-supervised framework to the high-resolution lateral
sections. It is immediately evident that the Baseline method
(representing standard interpolation) fails to recover fine
structural details. As the degradation factor increases, the
baseline results become progressively blurred, and crucial
ultrastructural information. This is particularly noticeable
in the x8 and x10 results, where the output is smeared and
lacks clarity. In stark contrast, VEMamba demonstrates ex-
ceptional performance across all factors. Our model suc-
cessfully reconstructs sharp, high-frequency details, pro-
ducing images that are virtually indistinguishable from the
Ground Truth (GT). Even at the highly challenging x10 fac-
tor, VEMamba robustly restores crisp cell membranes and



Figure 3. 3D volumetric renderings of isotropic reconstruction results on a sub-volume of the EPFL dataset. Our method consistently
produces more structurally coherent and detailed reconstructions across all magnification factors (x4, x8, x10) compared to baseline
interpolation and competing methods.

Figure 4. 3D visualization of downstream mitochondria segmentation results. The segmentations are based on the reconstructed volumes
shown in Figure 3. VEMamba’s output enables a significantly more complete and accurate 3D segmentation, with fewer discontinuities
and artifacts, underscoring its practical utility for quantitative biological analysis.
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Figure 5. Visual comparison of baseline (Interpolation), IsoVEM, EMDiffuse, VEMamba, and Ground Truth on the EPFL dataset at scale
factors of ×4, ×8, and ×10 in the axial (xz and yz) direction.

clearly defined organelles.

Beyond 2D fidelity, the ultimate goal of isotropic re-
construction is to achieve 3D structural consistency, which
is critical for downstream analyses like segmentation and
connectome tracing. Figure 7 presents 3D volume. VE-
Mamba’s 3D reconstruction exhibits outstanding spatial
consistency. The rendered volume is sharp, and the sur-
faces of individual cells and organelles are smooth and co-
herent, faithfully replicating the 3D structure of the Ground
Truth. This visualization powerfully demonstrates the suc-
cess of our Axial-Lateral Chunking Selective Scan Mod-
ule (ALCSSM) and Dynamic Weights Aggregation Module
(DWAM) in capturing long-range, anisotropic spatial de-
pendencies.

In summary, these qualitative results strongly align with
our quantitative findings, confirming that VEMamba not
only excels at 2D detail restoration but also achieves state-
of-the-art 3D consistency, providing a reliable and high-
fidelity solution for VEM isotropic reconstruction.

6. Transferability of VEMamba

To assess the generalization capability and practical util-
ity of VEMamba, we conduct a challenging transferability
study. This is crucial as real-world VEM applications of-
ten involve data from diverse sources, exhibiting significant
domain shifts due to different imaging modalities, sample
preparation protocols, and inherent artifact patterns. We
evaluate the model’s performance in two scenarios:
• Zero-shot transfer (Ours (wo finetune)): The model is

trained on one dataset (e.g., EPFL) and directly applied to
the other (e.g., CREMI) without any re-training.

• Fine-tuned transfer (Ours (finetune)): The model pre-
trained on the source dataset is then briefly fine-tuned on
a small portion of the target dataset.

The quantitative results of this cross-domain evaluation are
presented in Table 4, with corresponding visual compar-
isons provided in Figure 8.

The results clearly demonstrate VEMamba’s robust
transferability. As shown in Table 4, our zero-shot model
(Ours (wo finetune)) significantly outperforms the base-
line across all metrics and transfer directions. For in-
stance, in the EPFL→CREMI (x8) task, our zero-shot



Figure 6. Qualitative comparison on the CREMI dataset (xy-plane). This figure displays 2D lateral sections reconstructed at x4, x8, and
x10 degradation factors. VEMamba consistently preserves fine ultrastructural details and sharp boundaries, significantly outperforming the
blurry results of the baseline method and closely matching the Ground Truth.

model achieves 30.603 PSNR, substantially surpassing the
baseline’s 28.129 PSNR. A similar trend is observed in the
CREMI→EPFL (x8) task, where our model (27.392 PSNR)
again vastly exceeds the baseline (25.558 PSNR).

Crucially, we observe that fine-tuning the model on the

target domain (Ours (finetune)) yields only a marginal im-
provement. For example, in the EPFL→CREMI (x8) task,
fine-tuning provides only 0.128 dB (30.731 vs. 30.603)
of additional gain. This minimal gap strongly indicates
that VEMamba, guided by its axial-lateral consistency



Figure 7. Qualitative comparison of 3D volume rendering on the CREMI dataset.

mechanism, learns fundamental and transferable represen-
tations of biological ultrastructures rather than overfitting to
modality-specific artifacts.

This observation is visually corroborated in Figure 8.
The reconstructions from our zero-shot model are markedly
superior to the baseline, exhibiting significantly enhanced
sharpness and structural coherence (e.g., clearer mem-
branes). Furthermore, the visual quality of the “Ours (wo
finetune)” results is virtually indistinguishable from the
“Ours (finetune)” results.

This strong zero-shot performance underscores VE-
Mamba’s exceptional generalization. It suggests that our
model captures the underlying principles of 3D ultrastruc-
ture, making it a robust and practical tool for real-world

VEM isotropic reconstruction, even when faced with sig-
nificant domain shifts.
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