One-Step Flow for Image Super-Resolution with Tunable Fidelity-Realism Trade-ofis
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TL;:DR Noise-augmented Conditional Flow Experimental Results
OFTSR is a one-step flow-based SR model combining noise-aungmented (a) LR Augmented LR (b) 1. Distilline OFTSR teacher
conditional flow with a novel distillation algorithm, enabling a 0 | 5
seamless trade-ofl between high-fidelity and realistic generation in 1 NFE. 90 - ® 21518{M
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Diffusion and flow SR models are slow and struggle to balance realism with =2 © siTcom
fidelity, making a single-step, user-controllable method highly desirable. One-step Model 70 @ ZEEB
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Fidelity-Realism Trade-off: Continuous control between fidelity | — o  SinSR O
and perceptual realism. . .
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Single-Step Distillation: preserving the teacher flow trajectory:.

PSNR: 25.9 dB

User-Controlled Output: Generation quality tuned via a scalar ¢.
Figure: (a) Our model takes a LR image concatenated with its noise-augmented version as input, generating HR outputs with tunable realism-fidelity trade-off via interpolation parameter t.

TeaCher'AgHOSti03 COmpatible W / Ally pl”etl”ained SR diffusion model. PSNR and LPIPS values are reported on each output. (b) Comparison of diffusion and flow-based SR methods on ImageNet 256 x 256, where bubble radius indicates the number of NFEs. |
Scalable: Extends efficiently to large-scale diffusion models. OFTSR Distillation Pipeline 1258 CDD. 3 Ours DDC ResShitt Ours
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Intermediate states are produced by the one-step student via:

X = X0+t V(X0 LR, 1) (2) loss . . . .
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Substituting Equation (2) into Equation (1) yields: Time (1
B Figure: We leverage the teacher to align the , X and X, Figure: Continuous trade-off between MMSE (fidelity) and LPIPS (realism) controlled by
S(Vﬁb(XOaLR? S) o V¢(X07LR7 t>) T (S o t) (V9 (XtaLRﬂ t) - ng(XO,LR; t)) (3) along teacher’s . For simplicity, LR conditioning is omitted here. parameter t. Performance for both pretrained teacher and distilled model are displayed.
Rearranging and simplifying leads to the final distillation objective: Fidelity_Realism Trade-offs in One-step
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RK2 variants for vy evaluation: — No divide-by-zero (s >t > 0) LR CTMSR  OSEDIft AddSR TSDSR OFTSR
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.+ Heun’s — ablation — Related to Meanklow & t=0.8 t =0.6 t = 0.4 t =0.2 t =0 ure wor

. Ralston’s — ablation AlignYourFlow LPIPS /PSNR 0.055 / 27.66 0.090 / 28.92 0.120 / 29.56 0.142 / 29.88 0.157 / 30.02 0.160 / 30.03  0.438 / 27.48 We plan to explore other Image Restoration tasks with OFTSR.




