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suffer from flare, blur, color shifts, and non-

uniform noise introduced by the display stack, / Frequency Aware Teacher Model 7\ Model I: Mamba Specm

especially in low-light and high-contrast scenes. sl brandh Amplitude Distlation
Gap in Deployment: Large, frequency-aware ) 1;34:31(:2:‘15 L e ORI (OO e
restorers (e.g., MambalR with FFT blocks) can Input dch) — o R———
handle these artifacts, but their memory and | s broquncy BN

latency make them impractical for real-time \ il Lk - y

mobile deployment. - Targe

Our Goal: Distill a frequency-aware MambalR 4 e S O\
teacher into a compact U-Net student using tnput (4ch), D((S)\l»v2n)4 BOtﬂeneCkJ:head(lxl) | Map (dch) | ----veeeeeeeemeenene e é............slnput

pixel, perceptual, feature, and FFT-based losses Down3 1 Bottlencek] L Up1 (256). Output | | Output || G |
(low-frequency, amplitude + phase, multi-scale in IR = e 7 o I

Model 2) so we approach teacher-level quality it . N

Wlth an On_deVICe_frlendly mOdel | "' (128) ............................................................................... Target
o L — v -
/ 1 Recovers structural fidelity and fine details (like flares) by aligning both frequency
amplitude and phase across multiple resolutions, gated with Mamba's global context.

/ Frequency Aware Teacher Model \ Model 2: Mamba Multi- \

Spatial Branch Scale Phase Distillation \
N MambalR || Fsztltial ....................................................................................................................................... \
CAtTLES I

e 0 IEEEELEE T R R e : :
Gating Mechanism 1}
: Conv2d Output : E

Input (4ch) | Av Ix1 e . Multiply ——> Concat ——> . —> B : Target
gPool~> | —>Sigmoid F 4ch T :

| Cony L ~usion [l I AR Spatial Feature Loss
Frequency Branch B e (L1)
L] Brequeiicy , Frequency Input
\ Domain Block chtnres /
/ U-Net Student Model \ ;
Bottleneck : FALREE
B SRR |- A B Frequency Feature Loss
ottleneck o Add (+) | Feature | Feature : S| (Amp + Phase)
_ fo : Features head (1x1) Map (dch) oo
DROT MG £ e B Input (4ch) Down4 F : Input
: S e —— (512) d Frequency :
G roun d Truth U D C I N p ut Down3 sk Upl (256 Output Output '
(512) ..................................................................... | Up ( ) —>
_ Head (1x1) (4ch)
2‘2“5"6“)2 ......................................................................................... Up2 (128) ‘ Input
L A R O R e O R B e Output Frequency Loss
DoWn L \ Up3 (64) s kR s e e (Amp + Phase)
Related Work o L
Skip1
............................................. > +
Inc (64) Features Add (+) | Up4 (64)

« UDC Restoration Models: Prior UDC methods \\ o / /

use CNN/ Transformer architectures trained on
paired UDC-clean data, achieving strong

PSNR/SSIM but typically with heavy backbones Experimenta| Results and Discussion
and high compute cost.

Resul DC-SIT [2
State-space & Frequency Modeling: Models esults on UDC-SIT [2]
like MambalR [1] and frequency-aware modules — PSNR (dB) SSIM Inference Time (ms)
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spectral patterns improves restoration, but these
Model 1 23.05 23.89 0.762 0.802 2586.95 61.20

designs are mostly used in large teacher-style
networks rather than lightweight students. Model 2 2346 | 23.05 0.776 0.739 2587.49 93.49
Knowledge Distillation: Existing distillation for
restoration mainly matches output pixels and
spatial features; frequency-domain and phase- Model 2 patch 2624 | 26.42 0.812 0.792 79.77 6.90
aware KD are rare. Our, work combines a
frequency-aware teacher with low-frequency,
multi-scale FFT distillation to transfer flare- SFIM [3] 29.61 0.8758 -
handling ability into a lightweight U-Net student CUETT By | *

Model 1 patch 26.74 26.58 0.815 0.810 17.57 3.73

FSI [4] 21.72 0.6674 s
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