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Abstract. In this work, we propose Image-to-Image Rectified Flow Re-
formulation (I2I-RFR), a practical plug-in reformulation that recasts
standard I2I regression networks as continuous-time transport models.
While pixel-wise 12I regression is simple, stable, and easy to adapt across
tasks, it often over-smooths ill-posed and multi-modal targets, whereas
generative alternatives often require additional components, task-specific
tuning, and more complex training and inference pipelines. Our method
augments the backbone input by channel-wise concatenation with a noise-
corrupted version of the ground-truth target and optimizes a simple
t-reweighted pixel loss. This objective admits a rectified-flow interpre-
tation via an induced velocity field, enabling ODE-based progressive
refinement at inference time while largely preserving the standard su-
pervised training pipeline. In most cases, adopting I2I-RFR requires
only expanding the input channels, and inference can be performed with
a few explicit solver steps (e.g., 3 steps) without distillation. Exten-
sive experiments across multiple image-to-image translation and video
restoration tasks show broad perceptual improvements, with possible
perception—distortion trade-offs in highly pixel-aligned settings such as
super-resolution.

Keywords: Image-to-image translation - Rectified flow - Regression re-
formulation - ODE-based refinement

1 Introduction

Image-to-Image (I2I) translation is a fundamental problem in computer vision,
covering super-resolution, restoration, low-light enhancement, and many other
tasks. A dominant and practical paradigm formulates 121 translation as super-
vised regression: given an input image x, a neural network predicts the target
image y and is trained with pixel-wise losses such as f; or mean squared er-
ror. This formulation is stable, easy to customize, and has benefited from a
rich ecosystem of task-specific architectures, including U-Nets [33], residual de-
signs [9], attention modules [40}/42], and multi-scale processing [20]. However,
many I2I problems are intrinsically ill-posed: severe degradations, missing re-
gions, or strong information loss often make the conditional distribution p(y | x)
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Fig. 1: Comparison between conventional ¢; regression and our ¢; Rectified Flow Re-
formulation (RFR). Both use the same image-to-image network; the only difference is
the number of input channels. RFR reduces regression artifacts and improves percep-
tual fidelity.

multi-modal. In such cases, pixel-wise regression tends to collapse toward a sin-
gle point estimate, e.g., a conditional mean or median, yielding over-smoothed
results, detail loss, or task-dependent artifacts, as shown in Fig.

Generative objectives provide one way to address this limitation. Adversarial
training can improve realism by adding a discriminator , but introduces extra
networks, sensitive hyperparameters, and potential training instability. Diffu-
sion models have also achieved strong image quality and have been adapted
to conditional I2I tasks such as super-resolution [35], general image-to-image
translation [34], and inpainting . Despite their ability to model multi-modal
targets, diffusion-based 121 pipelines usually require diffusion-specific parameter-
izations, noise schedules, conditioning mechanisms, and iterative sampling with
many denoising steps [10,[38]. Latent or pretrained variants further introduce
autoencoders or large external generative priors, which can complicate
direct reuse of task-specialized paired I12I backbones. This leaves a practical gap
between simple regression models that are easy to train and adapt, and gener-
ative models that better address multi-modality but often require substantial
additional design and computation.

In this work, we bridge this gap through the lens of Rectified Flow (RF), a
continuous-time transport framework that learns a velocity field and generates
samples by solving an ordinary differential equation (ODE) . RF offers an
appealing alternative to diffusion because its sampling dynamics are formulated
as explicit ODE trajectories, enabling deterministic integration and controllable
speed—quality trade-offs. However, existing RF formulations are mainly devel-
oped for unconditional or broadly conditioned generation, such as text-to-image
synthesis [6], and typically rely on generic time-conditioned generative back-
bones. In contrast, paired I2I restoration has strong pixel-aligned conditioning
and a long history of task-specialized regression architectures. Our key question
is therefore: can we obtain the progressive refinement benefits of continuous-time
transport while preserving the simplicity, stability, and inductive biases of exist-
ing 121 regressors?

We answer this question with Image-to-Image Rectified Flow Reformulation
(I2I-RFR), a plug-in training and inference scheme that converts standard I2I
regression networks into RF-consistent ODE refiners. Given an input image x and
target image y, we form a noisy target state y; = (1—1¢)y+te, where e ~ N(0, 1)
and ¢ € (0, 1], and feed the concatenation [z;y:] to an existing I2I backbone. The
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network predicts the clean target y and is trained with a t-reweighted pixel loss.
This objective induces the velocity field vg(z,ys,t) = (y: — fo([x;y¢]))/t, making
the training objective equivalent to RF velocity regression while preserving the
native clean-target prediction interface of standard 121 backbones. This induced-
velocity parameterization is the key distinction of I2I-RFR and enables existing
direct-regression architectures to be used as RF-consistent ODE refiners with
minimal architectural changes.

At inference time, we solve the induced ODE by explicit Euler integration.
Because the condition x provides strong spatial guidance, the state y; acts as
a refinement variable rather than a fully unconstrained generative latent, and a
small number of steps is often sufficient in practice. I2I-RFR does not require
a GAN discriminator, a latent autoencoder, a pretrained generative prior, ex-
plicit velocity/noise prediction, or a redesigned time-conditioned backbone; in
most cases, applying it only requires expanding the input channels. We vali-
date I2I-RFR across image and video restoration tasks, where it provides broad
perceptual improvements and favorable perception—distortion trade-offs while
reusing existing supervised 121 architectures.

2 Related Work

2.1 Supervised Image-to-Image Translation

Many problems in computer vision can be cast as image-to-image (I12I) trans-
lation, including super-resolution |5}[35], restoration [41/26], low-light enhance-
ment [7,|48], underwater image enhancement [39,/47], and video restoration [13|
25|. A large body of I2I research is developed under paired supervision and is of-
ten built on regression-style training with pixel-level objectives. This setting has
produced a rich ecosystem of backbone architectures and modules that are tai-
lored to specific degradations and application domains. Classic encoder—decoder
designs such as U-Net [33] and residual learning [9] remain widely used as build-
ing blocks, while recent task-oriented backbones achieve strong performance by
incorporating specialized attention, multi-scale processing, or frequency-domain
priors. For example, SwinlR [18] targets image super-resolution with Transformer
components, and Restormer [45] develops an efficient attention architecture for
general image restoration. In domain-specific settings, task-tailored designs are
often crucial; LEDNet [48] and DarkIR [7] are representative examples for low-
light enhancement and low-light deblurring. These specialized 121 architectures
constitute valuable engineering assets, motivating approaches that can improve
perceptual quality while preserving the standard supervised regression interface
and reusing existing backbones.

2.2 Perceptual and Adversarial Objectives

To enhance perceptual fidelity, prior work frequently augments pixel losses with
feature-space objectives. Perceptual losses compare deep features extracted from
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pretrained recognition networks such as VGG [37], and have been popularized
for image translation tasks, including style transfer and super-resolution [12].
Learned perceptual metrics such as LPIPS |46 further motivate feature-based
losses that correlate better with human judgments than pixel distances. While
effective, perceptual losses often only partially mitigate multi-modality and may
be insufficient under severe degradations or strong information loss. They also in-
crease training cost due to feature extraction and require task-dependent choices
of the feature network, layers, and loss weights.

Another widely used approach is adversarial training. GANs [8] introduce a
discriminator to encourage outputs that match the target distribution, and con-
ditional GAN formulations have been applied to 121 translation [11]. GAN-based
super-resolution, exemplified by SRGAN [16], can improve realism and recover
high-frequency details. However, adversarial objectives add extra networks and
hyperparameters, and can be sensitive to the generator—discriminator balance,
potentially leading to instability or artifacts and increasing engineering overhead
when adapting to new tasks or backbones.

2.3 Diffusion Models for Conditional I2I Translation

Diffusion models provide a probabilistic alternative for multi-modal conditional
targets. DDPM [10] trains a denoiser across noise levels, and DDIM [38| enables
faster sampling via deterministic trajectories. Conditional diffusion models have
been adapted to I2I tasks, including super-resolution (SR3) [35] and general 121
translation (Palette) [34]. These approaches often yield strong perceptual qual-
ity, but typically require diffusion-specific parameterizations, noise schedules,
conditioning modules, and many-step sampling. Latent or pretrained variants
further add autoencoders or external generative priors, which can complicate
direct reuse of task-specific paired 121 backbones.

Recent prior-based restoration methods further exploit pretrained compo-
nents, generative priors, semantic priors, or diffusion/flow-based formulations,
e.g., ResShift [44], DiffBIR [21], SeeSR [43|, and FlowIE [49]. These methods
are powerful perceptual restorers, but they differ from our matched supervised
setting in priors, model scale, and training regime. We therefore treat them as
reference operating points rather than strictly matched train-from-scratch base-
lines, and compare their fidelity-perception-runtime trade-offs in Sec. [4]

2.4 Rectified Flow

Rectified Flow [23] is closely related to Flow Matching [22] and learns a time-
dependent velocity field that transports samples between two endpoint distri-
butions. Let xg ~ 7wy and z; ~ 7 denote samples drawn from the source and
target distributions, respectively. Following [23|, the linear interpolation path is
given by

xt = (1 —t)xo + tz1, t €0,1]. (1)
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The velocity field is parameterized by a neural network vg(z¢,t) and trained by
minimizing

min E[ [|(21 — o) — vo(ar, )| ], (2)

where the expectation is taken over empirical draws of (2o, 21) and the sampling
of t. For conditional generation, the same formulation applies by conditioning the
velocity field on an external signal ¢ and using vg(x¢, ¢, t), as in recent rectified-
flow models for text-to-image generation [6]. After training, samples are gener-
ated by solving the ODE dz; = vy (x4, ¢, t) dt, which transports 7y to 71, or vice
versa via time reversal.

Most prior rectified-flow models are developed for unconditional or weakly
conditioned synthesis (e.g., text-to-image) [6]. I2I-RFR differs by introducing
a supervised image-to-image reformulation that preserves regression backbones
and exploits pixel-aligned conditioning, making the ODE state a refinement vari-
able rather than an unconstrained generative latent.

3 Proposed Method

We propose Image-to-Image Rectified Flow Reformulation (I2I-RFR), a practical
approach that connects standard supervised image regression models to rectified
flow-consistent continuous-time models without redesigning their backbone ar-
chitecture and training setup. The core idea is to realize rectified-flow transport
using a conventional image regression network fed with a pair consisting of the
conditioning input and a noise-corrupted target state. This plug-in reformulation
requires only minimal changes to existing I2I models, yet provides a continuous-
time refinement view that can substantially improve detail preservation across
diverse 121 tasks.

3.1 Image-to-Image Rectified Flow Reformulation

Let fy be a generic I2I translation network that maps an input image x= €
RCn*xHXW t5 an output image in REu*#*W Given paired training data (z,y)
with y € RCouxHxW “conventional supervised training minimizes a pixel-wise
regression objective:

min E[lly — fo(a)2]. g

where || - ||, denotes the £, norm and |le|[ = }_;[e;|P. The parameter p = 1
corresponds to the ¢; loss and p = 2 corresponds to the squared /5 loss. In the
following, we set p = 1 throughout and denote the ¢; norm by || - || for simplicity.

Building on a standard I2I regressor, we reformulate the rectified flow training
objective in Eq. along the interpolation path in Eq. as

[Hy—fe/lf[x;yt]) H (4)

min E
9/
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Algorithm 1 Training of image-to-image rectified flow reformulation

Require: dataset D, 121 network fy/, learning rate n, lower bound tmin > 0 for ¢
Ensure: #': updated model parameters

1: repeat

2 Sample (z,y) from D

30 u~U0,1)

4: e ~N(0,1)

5: t < max (u1/2, tmin) > Inverse-CDF Beta(2, 1) sampling
6: ye— (L—t)y+te

7 00 —nVy MH > [z; 4] : Concat(x, yt)
8: until convergence

Here, [a; b] denotes channel-wise concatenation, and y; is a noisy target obtained
by mixing the ground-truth image y with Gaussian noise € ~ N (0, I) using an
interpolation parameter ¢ € (0, 1]:

ye=(1—t)y+te. (5)

In this formulation, the image translation network fy, is identical to the orig-
inal network fy except for the number of input channels to accommodate the
concatenated input:

. RCinXHXW Cout X HxXW
fe. R in _)R out ,

for: R(CintCout) x HXW _y RCoutxHXW

Consequently, I2I-RFR can be applied to existing regression models by (i) ex-
panding the input-channel dimension and (ii) feeding the noise-corrupted targets
alongside the inputs during training. This makes the reformulation compatible
with a broad range of carefully engineered 121 architectures for tasks such as im-
age super-resolution, restoration, and enhancement. Furthermore, I2I-RFR ap-
plies to video-to-video translation models in the same manner and yields gains
on video restoration tasks. The training procedure is summarized in Algorithm I}

Parameterization and equivalence to velocity-field training. Given paired
data (z,y) ~ D, we sample t € (0,1] and € ~ N(0,I). To match the rectified-
flow notation, we set zy := y and x; := &, and form the linear path x; =
(1 — t)xo + tx1. Along this path, the ground-truth velocity is constant, v* =
x1 — xp, and we also have the identity x; — xg = t(x1 — xo). The rectified-
flow dynamics are then obtained implicitly by defining an induced velocity field

U9/<x7xt7t) = %([z,zt])

(1 — xo) — vor (x, 24, 1)
Io*fe/t([z?zt]) ‘H

. Using s — xg = t(x1 — x0), we immediately obtain

= M Therefore, minimizing the t-reweighted

regression loss E[ is equivalent to minimizing the rectified-flow

velocity regression objective E[[|(z1 — zo) — vgr (2, x4, ¢t)||] in Eq. (2), since [a|| =
|| — a||- Note that the endpoint labeling is purely a convention: swapping (xg, z1)
corresponds to the time reversal ¢ — 1 —t and flips the sign of the target velocity
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(v —v), yielding an equivalent optimization problem. In this paper, we choose
xg as the data endpoint and x; as the noise endpoint mainly for notational sim-
plicity. In practice, for sampling we initialize at the prior endpoint and integrate
backward in time. For numerical stability during training, we clamp ¢ > ¢, to
avoid the singularity as ¢t — 0.

Time conditioning in I2I-RFR. Diffusion models and many rectified-flow im-
plementations often condition the network on the noise level by feeding ¢ through
a time-embedding module. In I2I-RFR, however, the input is the channel-wise
concatenation [x; y:]: the input image x provides strong spatial priors about the
target y, while the corruption level is directly reflected in ;. As a result, explicit
time embeddings are often unnecessary in our supervised I2I setting. Empir-
ically, adding time embeddings provides no consistent improvement across our
tasks and backbones, and can slightly degrade performance or increase optimiza-
tion variance. We therefore omit explicit time embeddings in our default model,
which simplifies implementation by avoiding an additional embedding module
and facilitates the reuse of existing 121 backbones with minimal changes.

Sampling of the interpolation parameter. We construct noisy inputs via
yr = (1—t)y+te and train the regression network fy: ([z; y:]) with a loss that con-

|y—f9’(
t

tains an explicit factor of {77, e.g., ’ [ziy:]) HZ. If ¢t were sampled uniformly

on (0,1], small ¢ values would receive disproportionately large weight through
t~P and could induce high gradient variance. To stabilize optimization, we adopt
a non-uniform sampling strategy based on a Beta distribution:

t ~ Beta(p+1, 1), t < max(t, tmin), (6)

whose density is proportional to ¥ on [0,1] and thus counterbalances the ¢t~?
factor in the loss, making the effective weighting approximately constant. We
implement this sampling via inverse-CDF: u ~ U(0,1) and t = «/®+1) followed
by clamping to i, to avoid numerical issues near t = 0. As a practical side effect,
this sampling provides sufficient coverage of the high-noise regime (¢ ~ 1), which
is important for robust refinement.

Fig.[2lprovides an illustrative comparison of t-sampling strategies on low-light
enhancement with LEDNet |48]. The plot shows the training loss and the valida-
tion PSNR as a function of training iterations for Beta(2, 1), logit-normal(0, 1),
and uniform sampling under the same training budget. In this setting, Beta sam-
pling converges more smoothly and achieves the best validation PSNR among
the compared strategies. We use Beta sampling in all experiments unless stated
otherwise.

Relationship to xp-prediction. Predicting the clean endpoint, i.e., zg-prediction,
is a recognized parameterization in diffusion and flow-based models, although it
is often not the default choice in large-scale generative settings. For example,
DDPM reports that directly predicting xg led to worse sample quality in early
experiments and adopts noise prediction as its default parameterization |10];
many subsequent diffusion models follow this convention [3]. Alternative targets
such as v-prediction have also been proposed to improve stability under few-step
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Fig. 2: Comparison of sampling strategies for training (left) and validation (right).

sampling [36]. More broadly, Flow Matching and Rectified Flow are typically for-
mulated as regression of a time-dependent vector field [22}23], including recent
large-scale rectified-flow Transformers for text-to-image generation [6].

Our goal is different from advocating xg-prediction as a universal parameter-
ization for generative modeling [17]. We target supervised image-to-image trans-
lation, where the conditioning image x is pixel-aligned with the target and pro-
vides strong structural guidance. In this setting, the ODE state y; acts more as
a refinement variable than as an unconstrained generative latent, making clean-
target prediction particularly compatible with existing 121 regression backbones.
I2I-RFR preserves this native clean-image prediction interface while inducing
the rectified-flow velocity analytically as vo(z,vs,t) = (y+ — fo([z;y:]))/t. Thus,
the network remains a standard direct-target regressor, but the overall model
is trained as an RF-consistent ODE refiner. As shown in Sec. [4] this design is
not merely cosmetic: replacing the induced-velocity formulation with explicit v-
prediction substantially degrades performance for several restoration backbones,
suggesting that clean-target prediction is an 12I-specific parameterization choice.

3.2 Inference

Given an input image x, we generate the output by solving the induced rectified-
flow ODE with a fixed-step explicit Euler integrator, as summarized in Algo-
rithm We initialize the state at the prior endpoint (¢ = 1) by sampling
yr ~ N(0,I), and integrate backward in time from ¢ = 1 toward ¢ = 0 us-
ing N uniform steps with step size At = 1/N. At step n, we set t,, = 1 — &

and evaluate the induced velocity field as v = %ﬂ“ﬁ]) We then update
Ytnys < Yt, — Atw, which corresponds to an explicit Euler discretization of the
backward-time dynamics. Note that this update moves y;, toward the network
prediction for ([#;ys,]), since yq, — At Yn—toe il JolQzivem]) — 4 A 7]‘9/([1,%”]) Yin
After N steps, the final state (at ¢ & 0) is taken as the output 9.

Efficiency. In standard rectified flow, inference typically requires tens of ODE
solver steps (e.g., 25 steps). Although this is fewer than the 50-250 steps com-
monly used by diffusion models with DDIM sampling, it can still be costly for
large networks, interactive applications, and video processing. To reduce the
number of steps, several distillation-based approaches have been proposed; how-
ever, they introduce an additional distillation stage and require careful tuning,
leading to substantial engineering overhead. In contrast, our method achieves
high-quality translations in only 3-5 steps without distillation. We attribute this
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Algorithm 2 Inference of Image-to-Image Rectified Flow

Require: input image x, trained 121 network fy/, number of time steps N

Ensure: output image 3

1: Sample y; ~ N(0,1) > initialization
2: forn=0to N —1do

3 te1— % '
4 v yf,—fglt([z,yt])
) Yt — Yt — % v

6: end for

7

Z:IQ(*yt

efficiency to the informative spatial cues in the input image x, which make the
ODE state y; behave as a refinement variable rather than a fully unconstrained
generative latent. By providing x alongside the current state via channel-wise
concatenation, a small number of explicit Euler steps are often sufficient.

We use N = 3 steps as the default setting for all main experiments. Increasing
N can further improve perceptual quality, while PSNR and SSIM may saturate
or decrease, making the step count a practical perception—distortion control;
detailed step ablations are reported in the supplement. The 3-step refinement
increases runtime compared with one-pass regression, but the overhead remains
moderate and the parameter increase is negligible: SwinIR 0.0785—0.1467s,
LEDNet 0.0683—0.1928s, Restormer 0.3543—1.0436s, and RRTN 0.6408—1.3750s.

4 Results

I2I-RFR is evaluated on diverse image-to-image (I12I) and video-to-video transla-
tion tasks, including image super-resolution, deblurring, low-light blur enhance-
ment, underwater enhancement, and video restoration. For each task, we ap-
ply I2I-RFR to strong recent backbones, including task-specialized CNN- and
Transformer-based architectures. We also include a canonical U-Net |33] and the
Palette [34] denoising U-Net backbone to assess robustness across model capac-
ities and training pipelines. For “Palette backbone + I2I-RFR,” we reuse only
the Palette backbone and replace its multi-step e-prediction DDPM pipeline with
our direct-target objective and 3-step Euler inference. This comparison highlights
the practical difference between I2I-RFR and diffusion-based 121 pipelines, which
typically require noise schedules, explicit noise-level conditioning, and many-step
denoising trajectories.

Unless otherwise specified, our matched comparisons use models trained from
scratch under paired supervision or official task-specific checkpoints noted per
task. Methods relying on large external generative or semantic priors are ex-
cluded from the matched baseline comparisons and are reported separately only
as reference operating points in Table [ The goal is not to exhaustively com-
pete with every task-specific state-of-the-art, but to demonstrate that I2I-RFR
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Table 1: Image super-resolution results on standard benchmarks. Best values are
in red, and second-best values are in blue. Values in parentheses denote the relative
changes compared to the original model.

| Seth Set14 BSD100 Urban100

Model | PSNRT  SSIMt  LPIPS| | PSNRT  SSIM{  LPIPS| | PSNRT  SSIMt  LPIPS| | PSNRt  SSIMf  LPIPS|
NLSN [27] 3281 09020 01694 | 2005 07920 02715 | 27.87  0.7459 03595 | 27.22  0.8176  0.1945
NLSN 1 I9LRFR 3258 0.8098 01676 | 28.88  0.7888 02662 | 27.75  0.7430 03498 | 2683  0.8079  0.1996

> R (-0.26)  (-0.0022) (-0.0018)| (-0.17) (-0.0032) (-0.0053)| (-0.12) (-0.0029) (-0.0097)| (-0.39) (-0.0097) (-+0.0051)
SwinlR [18 3280 0.9025 01687 | 2000 07922 02703 | 27.89  0.7469 03578 | 27.24  0.8199  0.1948
SwinlR 4 [2LRFR 3281 09028 01665 | 2001 07916 02621 | 27.85  0.7461 03497 | 27.19  0.8180  0.1897
Swint 3 (++0.04) (+0.0003) (-0.0022)|(+0.01) (-0.0006) (-0.0082)| (-0.04) (-0.0008) (-0.0081)| (-0.05) (-0.0019) (-0.0051)
U-Net [33 3209  0.8934 01767 | 28.57  0.7806  0.2891 | 2753  0.7347 03795 | 2597  0.7810  0.2414
U-Net + BLRFR 31.63  0.8884 01665 | 2816 07704 02606 | 27.18  0.7244 03404 | 2555  0.7707  0.2218

e 3 (-0.46)  (-0.0050) (-0.0102)| (-0.41) (-0.0102) (-0.0285)| (-0.35) (-0.0103) (-0.0391)| (-0.42) (-0.0103) (-0.0196)
Palette [34] 2228 0.6582 02079 | 2149 05139 03059 | 2472 0.6063 03967 | 1958 05193 0.3035
Palette backbone + 12LRFR| 5209 08950  0.1695 | 2847 07788 02450 | 2740 07339 03299 | 2640  0.7973 01914

alette backbone B (+9.81) (+0.2377) (-0.0384)|(++6.98) (+0.2649) (-0.0600) (+2.68) (+0.1276) (-0.0668)|(+6.82) (+0.2780) (-0.1121)

provides broad perceptual improvements across diverse tasks and backbones un-
der simple and stable supervised training. In addition, while I2I-RFR performs
strongly with an ¢; loss alone, a variant with commonly used composite losses
is also reported to show that the reformulation is compatible with additional
objectives such as perceptual losses.

Implementation details. Unless otherwise specified, all models are optimized
with Adam using an initial learning rate of 10~* and a cosine learning-rate
schedule down to 106, Task-dependent settings such as input resolution, batch
size, data augmentation, and training iterations follow standard practice for
each benchmark and backbone. For I2I-RFR, ¢ is sampled as ¢t ~ Beta(2, 1) with
tmin = 1073, and the default loss is the ¢ ~!-reweighted ¢; distance. At inference
time, the induced ODE is solved with a fixed-step explicit Euler integrator using
N = 3 steps for all tasks unless stated otherwise. Classifier-free guidance is not
used, and explicit time embedding modules are omitted to keep the architecture
changes minimal and preserve direct reuse of existing regression backbones.

Image Super-Resolution. Image super-resolution aims to recover high-resolution
(HR) images from low-resolution (LR) inputs. Representative regression-based
SR models, NLSN [27] and SwinIR [18], are selected as baselines, where the
former is CNN-based and the latter is Transformer-based. I2I-RFR is applied
to both models by expanding the input layer to accept a 6-channel input. Both
the original models and their I2I-RFR variants are trained on DF2K |[1]. During
training, HR patches are randomly cropped to 256 x 256 pixels, and the corre-
sponding LR inputs are generated by x4 bicubic downsampling. For 12I-RFR,
the interpolation state is constructed in the LR domain to match the model
input shape: the network is fed with [z"R; 4 R], while the prediction target and
the loss are defined in the HR domain, i.e., the model predicts the clean HR
image y"® from the LR input state.

Table [I] shows that I2I-RFR often improves LPIPS across backbones, while
PSNR and SSIM can remain similar or slightly decrease for some models, reflect-
ing the perception—distortion trade-off in ill-posed SR [2]|. In particular, SwinIR
with I2I-RFR provides a favorable balance between distortion and perceptual
metrics among the matched supervised baselines. Notably, applying I2I-RFR to
the Palette denoising backbone substantially improves SR quality, suggesting
that the backbone capacity is not the main bottleneck and that the regression-
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Table 2: Image deblurring results on RealBlur-J benchmark |31]. Best values are in red,
and second-best values are in blue. Values in parentheses denote the relative changes
compared to the original model.

Model ‘ PSNRt SSIMT LPIPS)
NAFNet 4] 28.62 0.8683 0.1557
NAFNet + I2I-RFR 28.74 (+0.12) 0.8737 (40.0054) 0.1449 (-0.0108)
Restormer |45 28.73 0.8677 0.1522
Restormer + 12I-RFR 29.04 (40.31) 0.8812 (+0.0135) 0.1408 (-0.0114)
FFTFormer |15 28.19 0.8535 0.1691
FFTFormer + 12I-RFR 28.58 (+0.39) 0.8685 (+0.0150) 0.1487 (-0.0204)
U-Net [33] 28.03 0.8440 0.1848
U-Net + I2I-RFR 27.93 (-0.10) 0.8476 (40.0036) 0.1753 (-0.0095)
Palette |34] 26.29 0.6313 0.2826
Palette backbone + 12I-RFR 29.05 (+2.76) 0.8831 (+0.2518) 0.1436 (-0.1390)

preserving transport formulation can be effective even when starting from a
diffusion-oriented U-Net.

Image Deblurring. We evaluate 12I-RFR on three representative deblurring
backbones, NAFNet |4, Restormer [45|, and FFTFormer [15]. Training follows
the GoPro protocol [29], and evaluation is performed on RealBlur-J [31], pro-
viding a cross-dataset test relative to GoPro training. I2I-RFR is applied by
expanding the input channels from 3 to 6 and replacing the pixel loss with its
t-reweighted version, without modifying the backbone structure. Metrics include
PSNR, SSIM, and LPIPS. As shown in Table 2] I2I-RFR consistently improves
perceptual quality over the baseline models.

Low-Light Blur Enhancement. Low-light blur enhancement targets images
that are simultaneously under-exposed and blurred (e.g., due to motion or de-
focus). The goal is to recover a clean, well-lit image by correcting illumination
and removing blur to restore sharp edges and fine textures. Because both degra-
dations destroy information and amplify noise, the task is highly ill-posed and
requires balancing detail recovery against artifact suppression.

We evaluate I2I-RFR on two strong low-light deblurring models, LEDNet 48]
and DarkIR [7], following the LOLBlur training and evaluation protocol [4§].
Official checkpoints are used as reference baselines, and the corresponding 121-
RFR variants are trained on the same LOLBIlur training split. For the composite-
loss setting, the original loss design is kept and only the pixel term is replaced by
its t-reweighted counterpart, denoted as I12I-RFR-CL. Evaluation is performed
on the LOLBlur test set using PSNR, SSIM, and LPIPS.

Tableshows clear gains for LEDNet and perceptual /SSIM improvements for
DarkIR, while the composite-loss variant further improves DarkIR across all met-
rics and achieves state-of-the-art results on LOLBlur. A direct same-backbone
adversarial comparison further shows that LEDNet+I2I-RFR improves PSNR,
SSIM, and LPIPS over LEDNet+Adv., while avoiding an additional discrimina-
tor. This setting is strongly ill-posed due to the combination of under-exposure
and blur, and the progressive refinement view helps suppress regression artifacts
and recover sharper structures. Moreover, the I2I-RFR-CL variant demonstrates
that the reformulation is compatible with task-specific composite objectives:
keeping the original loss design and reweighting only the pixel term can further
improve perceptual quality for DarkIR.
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Table 3: Low-light blur enhancement results on LOLBlur test set. Best values are
in red, and second-best values are in blue. Values in parentheses denote the relative
changes compared to the original model.

Model \ PSNR?t SSIMY LPIPS|
LEDNet 26.04 0.845 0.159
LEDNet + Adv. 24.55 0.811 0.153
LEDNet + I2I-RFR 27.42 (4+1.38) 0.874 (+0.029) 0.138 (-0.021)
LEDNet + I2I-RFR-CL 26.56 (+0.52) 0.869 (+0.024) 0.140 (-0.019)
DarkIR 27.31 0.896 0.111
DarkIR + I2I-RFR 27.19 (-0.12) 0.897 (+0.001) 0.106 (-0.005)
DarkIR + I2I-RFR-CL 27.72 (+0.41) 0.900 (+0.004) 0.103 (-0.008)
U-Net 20.45 0.764 0.267
U-Net + I2I-RFR 22.48 (42.03) 0.826 (+0.062) 0.184 (-0.083)
Palette 8.03 0.007 0.936
Palette backbone + I2I-RFR 26.88 (+18.85) 0.875 (+0.868) 0.141 (-0.795)

Table 4: Underwater image enhancement results on LSUI test set and UIEB test set.
Best values are in red, and second-best values are in blue. Values in parentheses denote
the relative changes compared to the original model.

| LSUI Test Set UIEB Test Set
Model | PSNRt SSIM?T LPIPS, | PSNRt SSIM{ LPIPS|
Tang et al. 18.34 0.8320 0.1413 14.63 0.7110 0.2339
y 29.27 0.9381 0.0838 19.56 0.8462 0.1637
Tang et al.  [2I-RFR (+10.93) (+0.1061) (-0.0575) (+4.93) (+0.1352) (-0.0702)
SFGNet 27.54 0.9293 0.0834 18.82 0.8315 0.1738
. . 26.09 0.9190 0.1164 19.69 0.8515 0.1640
SFGNet + I2I-RFR. (-1.45) (-0.0103) (+0.0330) (+0.87) (+0.0200) (-0.0098)
o , . 26.40 0.9203 0.0907 19.63 0.8470 0.1674
SFGNet + I2I-RFR-CL (-1.14) (-0.0090) (++0.0073) (+0.81) (+0.0155) (-0.0064)
U-Net 27.42 0.9244 0.1110 17.20 0.7957 0.2352
UoNet 1 I2LRFR 28.34 0.9322 0.0893 17.69 0.8092 0.2203
' (40.92) (+0.0078) (-0.0217) (40.49) (+0.0135) (-0.0149)
Palette 23.36 0.7424 0.1838 17.73 0.6542 0.3113
. 29.26 0.9376 0.0866 20.00 0.8469 0.1632
Palette backbone + I2I-RFR (+5.90) (+0.1952) (-0.0972) (+2.27) (+0.1927) (-0.1481)

Underwater Image Enhancement. We evaluate I2I-RFR on the LSUI bench-
mark using two strong recent baselines: the diffusion-based method by Tang
et al. and SFGNet [47]. All models are trained on the LSUI training split and
evaluated on the LSUI test set; in addition, we report results on the UIEB test
set to assess cross-dataset generalization. For Tang et al., the original DDPM
training is replaced with I2I-RFR training using the same denoising backbone,
enabling a direct architectural comparison. For SFGNet, I2I-RFR augments the
input with the noisy target state while keeping the backbone unchanged.

As shown in Table [ I2I-RFR improves perceptual quality for most base-
lines and evaluation settings, including clear gains for the diffusion backbone
retrained with I2I-RFR and consistent improvements on UIEB. The only excep-
tion is SFGNet on the LSUI test set, where I2I-RFR slightly degrades distortion
metrics. A plausible explanation is that SFGNet already incorporates strong
task-specific priors and tightly coupled frequency- and gradient-based refine-
ment, which may be sensitive to the additional noise-corrupted target state and
the t-reweighted objective. In this case, the reformulation can perturb the back-
bone’s carefully balanced internal processing, whereas the composite-loss variant
better preserves the original training recipe and recovers most of the gain.

Video Restoration. We evaluate I2I-RFR on old film restoration using RTN
and the more recent RRTN [19]. Training follows the RRTN protocol on REDS [2§]
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Table 5: Video restoration results on DAVIS test set. Best values are in red, and
second-best values are in blue. Values in parentheses denote the relative changes com-
pared to the original model.

Model | PSNRT SSIMT LPIPS,
Input \ 20.62 0.7201 0.3717
RTN [41] 24.54 0.8294 0.1562
RTN | 121-RFR 25.05 (+0.51) 0.8330 (+0.0036) 0.2100 (+0.0538)
RTN + I21-RFR-CL 25.52 (+0.98) 0.8395 (+0.0101) 0.1728 (4-0.0166)
RRTN [19] 22.66 0.7453 0.2379
RRTN £ I2I-RFR 25.87 (+3.21) 0.8659 (+0.1206) 0.1699 (-0.0680)
RRTN + I2I-RFR-CL 25.80 (+3.14) 0.8505 (+0.1052) 0.1456 (-0.0923)

Table 6: Average SR comparison with prior-based restoration references over Set5,
Set14, BSD100, and Urban100. ResShift is trained from scratch using a pretrained
VQGAN autoencoder, whereas DiffBIR, SeeSR, and FlowIE use official checkpoints.
These methods are treated as reference operating points rather than strictly matched
baselines.

Method Prior/module Params Steps Time PSNR?T SSIMtT LPIPS|
SwinlIR + I2I-RFR None 12M 3 0.1467s 29.22 0.8146 0.2420
ResShift |44] VQGAN AE 174M 15 0.5876s 26.97 0.7518 0.1458
DiffBIR |21] (official) SD2.1 1682M 50 6.608s 25.17 0.6805 0.2165
SeeSR [43] (official) SD2/RAM  2510M 50 8.228s 25.49 0.7115 0.1958
FlowlE 49| (official) SD2.1 1683M 1 0.6210s 24.13 0.7189 0.2382

with the same synthetic degradation pipeline, and evaluation is performed on
DAVIS with matched degradations. I2I-RFR is applied by expanding the in-
put channels and replacing the pixel loss with its ¢-reweighted version. For the
composite-loss setting, the original loss design is kept and only the pixel term is
reweighted, denoted as I2I-RFR-CL. Metrics include PSNR, SSIM, and LPIPS.
As shown in Table[f] I2I-RFR improves distortion metrics across both backbones
and yields strong perceptual gains for RRTN, with some perception—distortion
trade-offs for RTN.

Reference comparison with prior-based restoration methods. Although
our main comparisons focus on matched train-from-scratch supervised settings,
we also report a compact reference comparison with recent prior-based restora-
tion methods on the SR benchmarks. ResShift is trained from scratch in our
setting while using a pretrained VQGAN autoencoder, whereas DiffBIR, SeeSR,
and FlowIE are evaluated using official checkpoints. We treat these methods as
reference operating points rather than strictly matched baselines, since they rely
on external generative or semantic priors and broader training data. As shown in
Table [6] ResShift [44] achieves the best LPIPS, confirming the strength of spe-
cialized generative priors. In contrast, SwinIR-+I2I-RFR achieves substantially
higher paired fidelity with only 12M parameters, 3 Euler steps, no latent au-
toencoder, and no pretrained generative prior. This comparison clarifies the op-
erating point of I2I-RFR: lightweight supervised adaptation and faithful paired
restoration, rather than dominance over pretrained generative restorers in every
perceptual metric.
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Table 7: Parameterization effect. Best values are in red, and second-best are in blue.
Values in parentheses indicate the difference from the original baseline.

\ PSNR# SSIM?T LPIPS|
Low-light blur enhancement results on LOLBlur test set.
LEDNet + I2I-RFR 27.42 (+1.38) 0.874 (+0.029) 0.138 (-0.021)
LEDNet + I2I-RFR v-pred 11.57 (-14.47) 0.060 (-0.785) 0.803 (+0.644)
DarkIR + I2I-RFR 27.19 (-0.12) 0.897 (+0.001) 0.106 (-0.005)
DarkIR + I2I-RFR v-pred 16.73 (-10.58) 0.431 (-0.465) 0.512 (+0.401)
Old film restoration results on DAVIS test set.
RTN + I2I-RFR 25.05 (+0.51) 0.8330 (+0.0036) 0.2100 (+0.0538)
RTN + I2I-RFR v-pred 20.76 (-3.78) 0.7127 (-0.1167) 0.3025 (+0.1463)
RRTN + I2I-RFR 25.87 (+3.21) 0.8659 (+0.1206) 0.1699 (-0.0680)
RRTN + I2I-RFR v-pred 24.72 (+2.06) 0.8566 (+0.1113) 0.1565 (-0.0814)

0 e ...uoo”
aWe v

Input I2I-RFR v-pred

Fig. 3: Comparison between v-prediction and our direct target prediction in I2I-
RFR for low-light blurry image enhancement (top) and video restoration (bottom).
v-prediction produces severe artifacts, whereas direct target prediction yields more
plausible enhancements. Zoom in for best view.

Parameterization Study. I2I-RFR is formulated as a direct prediction of the
clean target image. For comparison, the same backbones can also be trained
in a velocity-prediction form by regressing the rectified-flow velocity, since the
backbone interface is unchanged up to the choice of training target.

The comparison between direct target prediction and v-prediction is con-
ducted on low-light blur enhancement and video restoration. These tasks are
representative ill-posed 121 settings in which perceptual fidelity and optimization
stability are critical, and they jointly cover both image and video translation.
The training data and optimization setup are kept identical for both variants;
the only difference lies in the prediction target and the corresponding loss param-
eterization. As shown in Table [7] and Fig. [3] v-prediction leads to a substantial
performance drop in most cases.

This comparison provides a controlled parameterization analysis: the data,
backbone, and optimization setup are fixed, and only the prediction target and
the corresponding loss are changed. Our formulation predicts the clean image
y and induces the velocity analytically, so the network remains in the original
clean-image regression regime. In contrast, explicit v-prediction regresses v* =



Improving Image-to-Image Translation via a Rectified Flow Reformulation 15

Table 8: Effect of time embeddings. Values in parentheses indicate the difference from
the original baseline.

PSNR+t SSIMT LPIPS|
DarkIR + I21-RFR 27.19 (-0.12) 0.897 (+0.001) 0.106 (-0.005)
DarkIR + I2I-RFR + time embedding 26.80 (-0.51) 0.877 (-0.019) 0.127 (+0.016)

(y: — y)/t = € — y, a noise-containing velocity field that must preserve residual
and noise information. This target is poorly aligned with restoration backbones
designed to suppress degradations and output clean images, especially frequency-
, gradient-, or degradation-suppression architectures such as LEDNet, DarkIR,
and SFGNet. The consistent degradation across multiple backbones suggests
a systematic parameterization mismatch rather than an isolated optimization
failure. Thus, direct clean-target prediction is an I2I-specific design choice, not
a cosmetic alternative to standard RF v-prediction.

Effect of time embeddings. Table [§ shows a case study on low-light deblur-
ring with DarkIR, where we add sinusoidal time embeddings to intermediate
features as commonly done in diffusion and rectified-flow models. Time embed-
dings degrade performance across all metrics in this setting. A likely reason is
that I127-RFR already exposes the corruption level through the concatenated
input [z;y:], making explicit time conditioning redundant and sometimes less
stable. We therefore omit time embeddings by default.

5 Conclusion

This work introduced Image-to-Image Rectified Flow Reformulation (I2I-RFR), a
practical plug-in reformulation that equips supervised image-to-image and video-
to-video regression models with few-step ODE-based refinement while largely
preserving the original backbone interface. By feeding a noise-corrupted target
state alongside the input and training with a simple t-reweighted pixel loss,
I2I-RFR reuses the inductive biases of task-specialized backbones and improves
perceptual quality and detail preservation across diverse benchmarks in a prac-
tical few-step inference regime. Future work includes extending the evaluation
to broader domains and tasks, such as illustration and other non-photographic
data, and further studying how the reformulation interacts with task-specific
modules, composite loss designs, and inference depth.
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