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(a) Stage I: Semantic-Prior-Guided Super-Resolution and HR-Prior-Guided Segmentation

CREMTA CREMI B CREMIC
Methods ; ;
1 _ 1 1oh- 1 1 ; art @ — Semantic Prior Bilinear Upsampling SelENE - SR (8x) SR (8x) + noise (o € [10,25]) SR (16x)
» EM image super-resolution reconstructs high-resolution images from fast, SR Part N ; Segmentation Part & Super-resolution  Segmentation | PSNRT  SSIM{ VO, ARAND| | PSNRT SSIM{ VOI, ARAND| | PSNRt SSIM{ VOI, ARAND)
. . . Shallow Featwre | - SR P2e , Superhuman 07741 00015 30169 04729 32030 0.32%7
low-resolution scans to accelerate EM imaging. allow Fean E §+é> Bwa + SR aé{;_. ; .z - % BasicVSR++ erhur 3077 08237 | 070 O 403 geert | 39197 097 [ dasr ossor | 3200 02T
. . SNETI . g usion Superh 07582 0.0909 26800 0.1920 30550 0.2824
» Neuron segmentation delineates individual neurons in EM volumes for . . GPEMSR FCAD | 3089 08225 | (SO (o3 | 2466 06512 | Soio gagay | 2275 05505 | ygial g
- . £z e e Superhuman 07505 0.0903 10798 0.6654 38600 04108
downstream connectivity analysis. DD_/DQ s 8 I Backbone IART D 303 08281 | 23% TRT | 2488 06572 | 500 oy | 2262 0591 il e
X S TART + Superhuman 3020 0.8063 | 07152 0.1073 | 2419 05945 | 1.8364  0.1660 | 2220 04918 | 3.0379  0.2850
LA T Blzsic DS2F 2510 0.5821 | 18280 04646 | 2346 04999 | 3.0766 02954 | 2121 05079 | 54758  0.7306
T [lu_. SR4IR 3052 08154 | 07270 01126 | 2432 06164 | 17061 01610 | 2189 04777 | 27879  0.2509
2l ----» Upsample ----- Ours 313 0.8318 | 0.6717  0.0893 | 2513  0.6724 | 16332 01038 | 23.01  0.5645 | 24881  0.2083
Seg HR P
Decoder 1E7 Encoder e A . :
h Visual comparisons
(b) Stage II : Structural-Prior-Guided Segmentation y' - o -
j ; K~ “Q
/ Segmentation Part f& — Structural Prior ~

GT(Seg)

Prior X
> » — FFN —»&H—» Seg
Fusion Backbone

Partial Forward H| B 8 Loss/ [l
—_— — o 1 B v — e —
Diffusion Process ﬂ 5 3 — |||+ 7 > * | | e

Encoder

Motivation: Coupling SR and Segmentation

» Existing EMSR methods focus on pixel-level reconstruction while ignoring
their interaction with downstream segmentation.
» Shared-encoder frameworks suffer from structural mismatches between SR
and EM segmentation networks and difficulty inaccurately upsampling
affinity-based predictions.
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Stage I introduces a semantic prior for SR and an HR image prior for segmentation
through joint training. Stage II replaces the HR prior with a structural prior from a partial

» In cascaded frameworks, SR lacks semantic guidance from segmentation, diffusion model while fixing the SR part.
while segmentation does not account for discrepancies between super-
resolved and real HR features. Semantic Prior

» We introduce an auxiliary segmentation branch to learn asemantic prior and inject it
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