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Figure 6. 3D reconstruction results on the interpolated EPFL dataset. We apply SAM2 [5] on the interpolation outputs of different
isotropic reconstruction models to generate the mask of a cellular structure across continuous xy slices, and use DragonFly Software for
3D reconstruction. We provide visualizations of the full reconstruction process and comparisons in the supplementary video.

A. Segmentation and 3D Reconstruction of
Isotropic-reconstructed Volume

Isotropic slice interpolation is not only an image enhance-
ment task but also a prerequisite for accurate 3D reconstruc-
tion in volume electron microscopy (vEM). Severe axial
anisotropy in typical acquisition pipelines hampers down-
stream analysis such as segmentation and structural recon-
struction. High-fidelity slice interpolation is therefore cru-
cial for restoring geometric continuity and enabling volu-
metric reconstructions that more faithfully reflect underly-
ing biological structures.

To evaluate the practical utility of our method, we ap-
ply the reconstructed isotropic volumes to downstream vol-
umetric analysis. Following the protocol of prior work [3],
we conduct video-based segmentation on the interpolated
slice sequences and use the resulting masks to drive 3D
reconstruction. Specifically, we adopt Segment Anything
Model 2 (SAM2) [5] to segment cellular structures across
continuous xy slices. With ground-truth intermediate slices
available, we compute their segmentation masks and mea-
sure the Intersection-over-Union (IoU) between predictions
and ground truth to assess segmentation accuracy.

We provide 3D reconstruction visualizations and com-
parisons in the supplementary video (Figure 6). These
experiments collectively demonstrate that high-quality
anisotropy correction is crucial for downstream 3D vEM
analysis, and that our reconstruction pipeline yields more
coherent structural continuity and higher morphological fi-
delity than existing methods.

B. More Ablation Studies
Different anistropy ratios. To assess the robustness and
generality of our method, we further evaluate isotropic re-
construction under synthetic anisotropy factors of ×4 and
×8 on both the EPFL and FIB-25 datasets. The full quanti-
tative results are reported in Table 5 and Table 6. Across
all settings, our approach consistently outperforms prior
methods, with particularly notable gains under the challeng-
ing ×8 anisotropy where preserving structural continuity
becomes substantially harder. These results indicate that
our deformable 2D Gaussian formulation remains effective
even when axial information is highly sparse, demonstrat-
ing strong generalization across varying anisotropy levels.

Number of training images within a single recon-
struction process. For isotropic reconstruction under an
anisotropy factor of ×6, we group every 30 consecu-
tive axial slices as a training bundle (as summarized in
Table 2), using only 6 uniformly spaced slices (indices
0, 6, 12, 18, 24, 30) as inputs while treating the remaining
slices as interpolation targets. Each bundle is fitted with an
independent deformable 2DGS model that captures the lo-
cal slice-to-slice geometric evolution. To assess the effect of
the number of training slices, we conduct a sensitivity anal-
ysis. As shown in Table 7, reconstruction quality remains
stable across different choices, indicating that our method
is robust to the choice of training image count. In prac-
tice, we adopt 6 training slices per bundle, which offers a
favorable balance between computational cost and memory
usage without sacrificing performance.



Table 5. Results of isotropic reconstruction on EPFL syn-
thetic anisotropic datasets under anistropy ratios of ×4 and ×8.
†EMDiffuse uses additional data for training.

Method

EPFL

×4 ×8

PSNR SSIM FSIM PSNR SSIM FSIM

CycleGAN-IR[1] 24.39 0.5657 0.9063 20.62 0.4239 0.8269
EMDiffuse[3]† 23.53 0.5649 0.9002 21.82 0.4466 0.8741
Ours 27.03 0.7052 0.9513 25.37 0.5811 0.9041

Table 6. Results of isotropic reconstruction on FIB-25 syn-
thetic anisotropic datasets under anistropy ratios of ×4 and ×8.
†EMDiffuse uses additional data for training.

Method

FIB-25

×4 ×8

PSNR SSIM FSIM PSNR SSIM FSIM

CycleGAN-IR[1] 27.06 0.6704 0.9113 23.76 0.5516 0.8426
EMDiffuse[3]† 27.54 0.6789 0.9295 23.58 0.5096 0.8500
Ours 28.15 0.7313 0.9331 26.09 0.5943 0.8974

Table 7. Sensitivity analysis on the number of training images
within one training process. The results are averaged over the two
isotropic datasets. The results indicate that the proposed frame-
work exhibits strong robustness with respect to the choice of the
number of training slices.

No. of training images 4 5 6 7

PSNR 26.92 26.82 26.98 26.90
SSIM 0.7120 0.7131 0.7126 0.7133
FSIM 0.9322 0.9340 0.9315 0.9305

C. More Results on Isotropic Reconstruction
Cubic Interpolation yields over-smooth results. Cubic
interpolation relies on fixed, analytically defined polyno-
mial kernels that perform local weighted averaging across
neighboring slices, yet it lacks any mechanism for captur-
ing the underlying morphological evolution along the ax-
ial direction. This formulation inherently imposes strong
smoothness priors that bias the reconstruction toward low-
frequency components, suppressing high-frequency compo-
nents that are essential for delineating ultrastructural de-
tails. Consequently, although cubic interpolation may attain
moderate PSNR, its predictions exhibit pronounced blurring
and attenuation of membrane contrast, ultimately limiting
their suitability for analyses that require precise delineation
of nanoscale structures. As illustrated in Fig. 7, cubic in-
terpolation produces noticeably smoother boundaries and
markedly reduced detail in features such as vesicular pat-
terns and thin neurites. These artifacts reflect the funda-
mental limitations of purely interpolation-based approaches
when applied to complex biological volumes. In contrast,
our method explicitly models volumetric deformation and
structural evolution across slices, enabling it to preserve
fine-scale morphology and more faithfully reflect the un-
derlying biological architecture.
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Figure 7. Comparison of cubic interpolation and our methods on
EPFL dataset with an anisotropy ratio of 6. Cubic interpolation
enforces excessive smoothness, leading to blurred membranes and
loss of fine ultrastructural details, whereas our method better pre-
serves high-frequency morphology and aligns more closely with
the ground truth.
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Figure 8. Comparison with the VFI method RIFE [2]. Given two
adjacent input slices, each method predicts the intermediate slice.
Our method reconstructs sharper and more anatomically consis-
tent structures, while RIFE produces oversmoothed results (see
zoomed regions).
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Figure 9. xz-plane visualization of reconstructed volumes. Our
method produces more coherent axial structures and smoother
cross-slice transitions than RIFE [2] and the ablated variant with-
out the teacher module.

Comparison with video frame interpolation (VFI).
Conventional video frame interpolation (VFI) methods are
typically Eulerian, operating on fixed pixel grids, which of-
ten leads to blurred bifurcations and oversmoothing when
modeling structural appearance and disappearance across
slices. In contrast, EMGauss adopts a Lagrangian repre-
sentation that lifts pixels to deformable Gaussian primitives
with independent trajectories, enabling more natural han-
dling of structural deformation and topological changes.



Moreover, unlike VFI methods that rely on discrete in-
dexing and heavy pretraining (e.g., RIFE [2] trained on
Vimeo90K), EMGauss supports continuous slice synthesis,
accommodates irregular sampling, and is trained in a self-
supervised manner directly on the target volume, making
it particularly suitable for data-scarce biomedical scenarios.
Empirically, we compare our method with RIFE [2] fine-
tuned on our training data across two datasets. As illustrated
in Figure 8, our method produces sharper and more anatom-
ically consistent intermediate slices than RIFE, which often
yields oversmoothed structures. The xz-plane visualization
in Figure 9 further shows that our approach better preserves
axial structural continuity across depth.

Interpolation results on FANC datasets. We evalu-
ate the interpolation performance of different methods on
a real-captured anisotropic volume EM dataset, FANC
dataset [4]. As illustrated in Figure 10, given two adja-
cent training slices, each method is tasked with reconstruct-
ing the isotropic (×10) intermediate slices. Our approach
consistently produces the most anatomically coherent re-
sults, exhibiting smooth and biologically plausible morpho-
logical transitions across depth. In contrast, CycleGAN-
IR [1] exhibits noticeable instability during training. It ex-
hibits contrast shifts and global intensity fluctuations, and it
also produces temporal inconsistencies where the predicted
slice is discontinuous from the subsequent ground-truth
slice. While EMDiffuse [3] can capture scene-level vari-
ation, it often explains cross-slice differences through opac-
ity modulation rather than geometric deformation (high-
lighted by the red boxes). This results in flickering or
abrupt appearance and disappearance of structures, rather
than biologically meaningful motion. Overall, the visual-
izations demonstrate that our deformable Gaussian formu-
lation yields substantially more faithful slice interpolation
and provides reconstructions that are better aligned with the
needs of downstream volumetric analysis.
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Figure 10. Isotropic reconstruction sequence on real-captured anisotropic FANC dataset with an anisotropic factor of 10×. The first
and last slices (highlighted in yellow) are the ground-truth inputs, and the middle rows show the interpolated slices produced by each
method. CycleGAN-IR exhibits temporal inconsistency, where its predicted slice becomes discontinuous with the next slice (the input
slice). EMDiffuse suffers from modeling cross-slice variation through opacity modulation rather than geometric deformation. In contrast,
our method yields consistent slice-to-slice transitions and preserves anatomically meaningful continuity throughout the sequence.
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