Tuning Real-World Image Restoration at
Inference: A Test-Time Scaling Paradigm for
Flow Matching Models

Purui Baill®, Junxian Duan'®, Pin Wang!/®, Jinhua Hao?®, Ming SunZ®),
Chao Zhou?®, and Huaibo Huang!®| *

1 MAIS & NLPR, Institute of Automation, Chinese Academy of Sciences, Beijing,
China
2 Kuaishou Technology, Beijing, China
{purui.bai, junxian.duan,huaibo.huang}@cripac.ia.ac.cn
wangpin2026Qia.ac.cn
{haojinhua, sunming03,zhouchao}@kuaishou.com

Abstract. Although diffusion-based real-world image restoration (Real-
IR) has achieved remarkable progress, efficiently leveraging ultra-large-
scale pre-trained text-to-image (T2I) models and fully exploiting their
potential remain significant challenges. To address this issue, we propose
ResFlow-Tuner, an image restoration framework based on the state-
of-the-art flow matching model, FLUX.1-dev, which integrates unified
multi-modal fusion (UMMF) with test-time scaling (TTS) to achieve
unprecedented restoration performance. Our approach fully leverages
the advantages of the Multi-Modal Diffusion Transformer (MM-DiT) ar-
chitecture by encoding multi-modal conditions into a unified sequence
that guides the synthesis of high-quality images. Furthermore, we in-
troduce a training-free test-time scaling paradigm tailored for image
restoration. During inference, this technique dynamically steers the de-
noising direction through feedback from a reward model (RM), thereby
achieving significant performance gains with controllable computational
overhead. Extensive experiments demonstrate that our method achieves
state-of-the-art performance across multiple standard benchmarks. This
work not only validates the powerful capabilities of the flow match-
ing model in low-level vision tasks but, more importantly, proposes a
novel and efficient inference-time scaling paradigm suitable for large
pre-trained models. The source code is publicly available at https:
//github. com/Rorschach-1010/ResFlow-Tuner.
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Fig.1: ResFlow-Tuner delivers superior performance on both synthetic (the first
row) and real-world (the second row) benchmarks, excelling in terms of perceptual
quality and objective image quality assessment.

1 Introduction

Image restoration (IR), a vital field in computer vision, targets transforming
degraded low-quality (LQ) images into high-quality (HQ) counterparts. While
IR has achieved significant advancements under predefined conditions, such
as super-resolution and denoising tasks, real-world IR remains a
formidable challenge due to the diversity and complexity of degradation types.

The field of image restoration has been revolutionized by generative mod-
els . Numerous studies have shown that, in terms of restored image quality,
SD-based methods outperform GAN-based ones. While diffusion models, which
learn to reverse a stochastic degradation process, have set impressive bench-
marks, a new paradigm is emerging: flow-based generative models [22], which
leverage Ordinary Differential Equations (ODEs) to learn a deterministic and
often more efficient mapping from noise to data. Previous research has
shown that this ODE formulation captures a more coherent trajectory in the la-
tent space, leading to superior sample quality and finer granularity in generated
details compared to their Stochastic Differential Equation (SDE)-based diffusion
counterparts.

However, harnessing such powerful flow-based foundations for image restora-
tion (IR) presents unique challenges. First, the scale of models like FLUX makes
full fine-tuning computationally intractable. While parameter-efficient methods
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(e.g., LoRA |18]) are necessary, they alone may not fully exploit the model’s
capabilities. Second, mainstream conditional mechanisms for IR typically em-
ploy a relatively straightforward method [2,[29[52]of direct conditional injection,
limiting the utilization of priors in pre-trained models. In this paper, we intro-
duce ResFlow-Tuner, a novel framework not only adapts the flow model for
IR but also introduces a pioneering test-time scaling (TTS) strategy specifically
designed for its ODE dynamics. Our framework features a Unified Multi-Modal
Fusion (UMMF) mechanism [13|. This design enables all semantic tags to in-
teract directly within the multimodal attention mechanism, thereby ensuring
highly faithful reconstruction that is accurate to both the pixel-level input and
the high-level semantic guidance. Besides, we redesign the training-free TTS by
introducing perturbations to intermediate states along the denoising ODE trajec-
tory. The quality of these perturbed states is assessed by an ensemble of reward
models, with each model providing a unique perspective on image restoration
quality to guide the navigation process of the deterministic ODE trajectory. This
creates a new paradigm for image restoration frameworks: dynamically trading
computation for enhanced quality by exploiting the ODE structure.
We summarize the contributions of this work as follows:

— Flow-Based IR Framework: We present the in-depth exploration of the
FLUX flow model and its multimodal processing mechanism for image restora-
tion, augmented by VLM-derived textual conditioning for pixel-aware and
semantically-aware restoration.

— ODE-adapted Test-Time Scaling: We pioneer the adaptation of test-
time scaling for ODE-based flow models image restoration framework, intro-
ducing a novel, training-free method to dynamically steer the deterministic
sampling trajectory during the restoration process, establishing a new cost-
performance trade-off.

— State-of-the-Art Performance: We validate through rigorous experimen-
tation that our method surpasses existing diffusion-based and other ap-
proaches, providing a powerful new baseline for future research.

2 Related Work

Image Restoration with Pre-trained Generative Models. Leveraging
large-scale pre-trained generative models as priors to solve the ill-posed problem
of image restoration has become a significant research trend. These methods aim
to harness the powerful generative capabilities of such models to recover plausible
and detailed high-quality images. A substantial body of research has been built
upon Stable Diffusion (SD) models, such as StableSR [52]|, DiffBIR [29|, and
SeeSR [56]. Building on this foundation, later studies have migrated to more
powerful diffusion backbones [8,[38|, including SUPIR [63], FaithDiff |9], and
DreamClear [3]|. Recently, methods based on flow models [33}50L57] have shown
greater potential. Flow models learn a deterministic mapping from noise to data
through Ordinary Differential Equations (ODESs), resulting in more coherent tra-
jectories and often generating higher-quality samples with finer details. Building
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upon this frontier, we propose a novel image restoration framework based on
the FLUX architecture. By integrating multimodal conditional guidance from
both low-resolution images and semantic text, our framework delivers enriched
contextual information throughout the restoration process.

Test-Time Scaling for Generative Models. The core idea of Test-Time
Scaling (TTS) techniques is to dynamically mine and enhance the potential
performance of pre-trained models during inference by investing additional com-
putational resources, without modifying the model weights. This set of methods
has achieved remarkable success in large language models [65]and is rapidly
expanding into the visual generation domain. In the visual domain, the most
straightforward TTS method is Best-of-N sampling [44}/47,/49], which directly
selects the sample with the highest reward signal from a large number of ran-
domly generated candidates. Subsequently developed Particle Sampling meth-
ods |21}24]125//41] retain high-performing sample branches and prune poorer ones
during the denoising process, akin to beam search. However, their deterministic
nature, due to the lack of stochasticity in the generative process, limits their
applicability within more advanced diffusion and flow-based generative models.
Furthermore, existing search methods heavily rely on the quality of the initial
candidate particles and fail to actively explore new regions of the solution space.
To address these limitations, we introduce a novel test-time extension paradigm,
specifically designed for the ODE trajectories of flow models in image restoration.
This training-free approach dynamically enhances output quality during infer-
ence, establishing a new computational-quality Pareto frontier for large models
in low-level vision tasks.

3 Method

3.1 Flow-based Image Restoration Framework

Our goal is to leverage the powerful generative prior of the FLUX model for
image restoration, guided by both the LQ image and semantic text cues, As
illustrated in Fig. |2} our framework consists of two main components: (1) a con-
dition preparation stage, comprising a lightweight degradation removal network
and a multimodal large language model for generating textual descriptions; and
(2) a conditional injection mechanism, specifically designed for our MM-DiT-
based flow model to guide the image restoration process.

Stage-I: Multi-Modal Condition Preparation

— Reference Image Generation via SwinIR: Directly processing the heav-
ily degraded I r with a Vision-Language Model (VLM) can lead to inaccu-
rate semantic interpretations. To mitigate this, we first employ a pre-trained
SwinlIR model Ggwinrr to obtain a preliminary enhanced image Igey:

Ires = GswinirR(ILR)- (1)



Title Suppressed Due to Excessive Length 5

[ Test-Time Scaling for ODE-based Flow Models \

Overall Architecture of ResFlow-Tuner

/ N
' 7y
! e Al
' Detailed Text Prompt \sim-m-muka 5\ i |
' The image depicts a - vy
' - — vibre mewhat [ P H
H =7 = sur s Ountpit:piock2 | S
| ey —| 2 ‘ s R . Zea) H
E s s - g / i

I i
' . B ' ( ) ! H
| Reference L) . : o | X | :
i TR e
B § % E ( ) ' !
' [ Lightwelgnt / : O LayerNorm2 2 € ) b
! Degradation : o8 \ "

H &

; Remover § i Al Beoter h
v - i =1 0 "
! £ || Ovmattention | | | "
HE : "
i g g {6 Layer Norm1 : \ h
! LQ Branch & H I PE! \ ! H
! LQ e - H
' o
) '
\ S

BFroze GTrainable ~ Text +LQ Branch
» Guidance

Multi-Step Partial Denoising Estimator ‘-‘ '
(MSPDE)

Posterior Mean (Tweedie's formula)

=
5
3
£
Z
]
<
&l

&

Fig. 2: Architecture of the proposed ResFlow-Tuner. ResFlow-Tuner enhances train-
ing performance through the seamless integration of multi-modal guidance. During in-
ference, it adopts a greedy optimization strategy for path selection, augmented by our
Multi-Step Partial Denoising Estimator (MSPDE) for more accurate path evaluation.

— Semantic Context Extraction via VLM: The reference image Ig.y is fed
into a powerful VLM Fy 1 (e.g., Qwen-2.5-VL) to generate a descriptive
textual caption T" This caption encapsulates the high-level semantic content,
serving as a weak textual condition to guide the generative process towards
semantically coherent content synthesis.

T = Fvim(IRey)- (2)

Stage-II: Unified Multi-Modal Fusion (UMMEF) and ODE Solving

— Unified Sequence Construction and Position-Aware Embedding:
Drawing from and adapting the multi-modal processing paradigm of ad-
vanced architectures like MM-DiT , we employ a unified sequence con-
catenation approach for condition fusion, rather than using cross-attention.
Specifically, we map the latent variable z; € RF=*? representing the genera-
tive process into a token sequence. Concurrently, the low-quality image Ir¢
and the text caption 1" are encoded into a visual token sequence Cipng =
Eimg(ILg) € REimsxd and a text token sequence Cypy = Eppt(T) € REtwtXd
respectively.
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Subsequently, we concatenate these three components into a unified condi-
tional generation sequence S:

S - [Zt; Cimg; Ctxt] S R(LZ+Limg+Lmt)Xd~ (3)

To distinguish between different modalities and positional information within
the sequence, we inject RoPE positional encoding P and add a modality
type encoding M (e.g., Migtent; Mimage, Mieat) to each token. Thus, the final
sequence input to the Transformer block is:

SO =8+ P+ M. (4)

— Forward Process of Concatenation-Based Multi-Modal DiT: Con-
dition injection no longer occurs externally to the attention layers but is
naturally achieved through the self-attention mechanism within the unified
sequence. Through this approach, the latent variable tokens z; can directly
and adaptively retrieve and aggregate relevant information from the visual
and textual condition tokens, achieving a deeper level of multi-modal fusion.
The input sequence S(@ is processed by N consecutive Transformer blocks.
For the ¢-th block, the computation can be formally described as:

5®" = LayerNorm(S®), (5)
A® = 5O SelfAttention(S1") + SO, (6)
S = §O'MLP (LayerNorm(A®)) 4 SO, (7)

3.2 Test-Time Scaling for ODE-based Flow Models

While our two-stage image restoration framework produces high-quality results,
we posit that the deterministic ODE trajectory of a flow model presents a unique
and under-explored opportunity for inference-time optimization [15/20]. By fun-
damentally reformulated for the ODE dynamics of flow models and the per-
ceptual demands of image restoration, we introduce a Test-Time Scaling (TTS)
paradigm.

ODE-SDE Transformation Framework. To enable flow-based TTS, it is
useful to revisit the theoretical connection between ODEs and SDEs. Flow mod-
els learn a velocity field vector, u; € R, which defines an ODE trajectory.
Sampling z¢ is then achieved by solving this ODE [43] in reverse time from
t=Ttot=0:

Ty_1 = my + ug(xy)dt. (8)

This results in identical samples of z;_1 being derived from any given x;, im-
plying a deterministic mapping. Consequently, the applicability of test-time ex-
tension methods to flow models is limited, as the sampling process lacks in-
herent stochasticity beyond the initial noise. To overcome this constraint, we
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transform the deterministic Flow-ODE into an equivalent Stochastic Differen-
tial Equation (SDE) by introducing a stochastic diffusion term. Following prior
work [4120,32,36,/42], the ODE sampling process in Eq. [§] is reformulated as
follows:

2
dry = (Ut(xt) - U;Vlogpt(xt)> dt + ordw. (9)

In this formulation, the score log p;(x¢) can be computed from the velocity field
ut [42], while the Wiener process dw injects stochasticity at each sampling step.
This SDE framework thereby introduces randomness into the trajectory. Build-
ing upon this, our method operates directly on the deterministic ODE trajectory
of the FLUX model and performs its search by guiding perturbations with this
injected randomness, effectively leveraging the inherently straighter paths char-
acteristic of ODEs.

An ODE, by construction, defines a deterministic mapping: given an initial
noise and conditioning input, its output is uniquely determined. Arbitrarily per-
turbing an intermediate state would disrupt this learned deterministic dynamics,
potentially causing the resulting state to deviate from the model’s learned data
manifold and leading to quality degradation or semantic errors. Critically, the
ODE-to-SDE theory provides the theoretical foundation for our approach. In
essence, this theory establishes that for a deterministic ODE defined in the form
of Eq. [§ one can construct a family of SDEs as in Eq. [0} By designing their
drift coefficients (set to o, in our paper) and introducing stochastic noise dw,
the resulting stochastic processes share the same marginal distributions as the
corresponding ODE model but exhibit diverse sampling trajectories.

The “mutation” operation we introduce next is precisely designed to explore
within this legitimate SDE family, rather than arbitrarily disrupting the model.
Our objective is not to compromise the distribution, but rather to explore—while
preserving the marginal distributions—for samples that yield superior outcomes
according to our reward function (i.e., image quality). The SDE theory thereby
delineates the search space for our "legitimate exploration." However, since our
algorithmic goal is not general stochastic sampling but rather injecting controlled
stochasticity into the pre-trained, highly deterministic FLUX ODE trajectory to
explore better image restoration paths, we specifically apply and discretize Eq. [J]
as shown in Eq.[TT]and Eq.[I2|below. The principles underlying this discretization
and the logical connections behind it will be detailed in the corresponding section
of a later chapter.

Formalizing TTS as Trajectory Optimization in Latent Space. The core
intuition is to treat the initial state z; of the ODE as a searchable variable within
a neighborhood, and the ODE solver as a dynamical system whose trajectory
can be steered. Unlike diffusion models with stochastic differential equations
(SDEs), the ODE of a flow model like FLUX defines a deterministic mapping
®1_,0(z1;¢) from initial noise z; to the final latent zy, given condition ¢. Our
goal is to find an initial state 2] within a constrained set Z that maximizes the
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(a) LQ Input (b) Real-ESR (c) DiffBIR (d) SeeSR (e) SUPIR (f) FaithDiff (g) Ours

Fig. 3: Qualitative comparisons on both synthetic (the first row) and real-world (the
last three rows) benchmarks. Please zoom in for a better view.

expected quality of the resulting image:

2] = arg inéDZ(E [R(D(®1-0(2150)))], (10)
where R is a reward function quantifying image quality, and D is the decoder.
Directly solving this optimization over the high-dimensional z; is intractable.
Instead, we perform an iterative, greedy optimization over the trajectory at K
strategically chosen time steps {t; }X_ |, where 1 =1 >ty > -+ > tg > 0.

ODE-aware Search with Verifier Ensemble. At each intervention step ty,
let the current state be z;, . The algorithm generates /N candidate perturbations
of the current state, evaluates their potential future quality via a partial ODE
rollout and a learned reward model, and selects the most promising path. This
"perturb-rollout-evaluate-select" cycle is detailed below:

1. Perturbation: We generate N candidate perturbations {Zt(i)}fil by inject-
ing structured noise:

20 =z, + €D, D N(0,070). (11)
This is equivalent to Zt(i) =z, +0,(f)e,(j), e,(j) ~ N(0, ), an alternative mu-
tation operator we propose, inspired by the reverse-time SDE, to synthesize
meaningful variations while preserving the intrinsic structure of the latent
state zi, .

Here, o}, is the diffusion coefficient defined in the reverse-time SDE (Eq. [9),
which controls the level of injected stochasticity and can be scheduled to
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decrease with k, encouraging coarse exploration early and fine-tuning later.
This mutation operation effectively generates novel latent states, enabling
exploration of an expanded state space while preserving the inherent distri-
bution established during the denoising process. In the next generation of
our TTS search, we sample z(()z) ~ po (zél) | Z,E;)) based on the new offspring
Zi;) and repeat the above evolutionary search process, including evaluation,
selection, and mutation. Therefore, ¢(*) here in Eq. is essentially equivalent
to the Wiener process o,dw in Eq. [9]

. Accurate z) Estimation via Multi-Step Partial Denoising (MSPDE):
We obtain partially denoised latent variables by performing a fixed number
of ODE solving steps, then decode and evaluate them. Given a candidate
perturbation ét(z), we perform S steps of ODE solving to obtain the partially
denoised latent variable:

gt(i)fs-At = ODESOlver(g)gz),tk,tk - 9. At’c) (12)

where At is the single-step time interval and S is the fixed number of denois-
ing steps. We then use a a lookahead estimator [35]to obtain a high-fidelity
preview of the final image 2(()2), rather than decoding a noisy intermediate
latent state. This method balances computational efficiency with high as-

sessment accuracy, mitigating the error inherent in one-step estimators.

Eq. sets the drift term in the SDE (i.e., %?Vlogpt(xt)dt in Eq. EI) to
zero—a key design choice in our framework. In the continuous SDE formu-
lation shown in Eq. @ Vlog pi(x;) serves as a score function that guides
the sampling process toward the data distribution p;(z;), representing a
general, task-agnostic gradient. However, image restoration is inherently a
conditional generation problem that prioritizes local optimization within the
output space over exact simulation of the full data distribution. Unlike un-
conditional text-to-image tasks that pursue broad distribution coverage and
diversity (e.g., as measured by FID), our objective is to recover a restored
image that is optimal in terms of pixel fidelity, perceptual quality, and se-
mantic consistency. This constitutes an optimization problem with a well-
defined objective function. Accordingly, we employ a Verifier Ensemble to
steer the search direction toward human visual preferences and semantic
realism, rather than merely toward the original data distribution.

This conceptual shift—from a data distribution score to a task-specific reward
signal—represents a core innovation in adapting SDE-based generative prin-
ciples to discriminative, optimization-driven tasks such as image restoration.
Our results demonstrate that even without strictly adhering to the continu-
ous SDE formalism, the introduction of discrete stochasticity can effectively
correct biases (e.g., variance underestimation) that arise from discretization
errors in purely deterministic ODE solvers.

Our strategy can thus be interpreted as follows: at sparse yet critical time
steps, we harness the stochasticity inherent in SDE theory to "jump" to the
starting point of a new latent trajectory. From there, we perform a fast,
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low-cost rollout evaluation along the corresponding deterministic ODE path
originating from that point. Notably, this ODE path itself corresponds to
a specific instance of the original SDE family, obtained by setting its drift
term to zero.

3. Verifier Ensemble for Image Restoration: Our reward function R is
designed tailored for perceptual image restoration. Instead of relying on a
single metric, we form a Verifier Ensemble Ry sempre that synthesizes judg-
ments from multiple perspectives (i.e., Aesthetic Score Predictor [40], CLIP-
Score [16] and TmageReward [58]). Since these validators operate at differ-
ent scales, we adopt a rank-based ensemble strategy. Specifically, for the N
candidates at a given step, we compute the ordinal rank from each valida-

tor—denoted as ré?s, TSEP and rgfn) for candidate 7.

Rensemblc(I(z)) = *é (nge)s + 7’221) + Té?) (13)
This approach favors candidates that demonstrate consistent performance
across all quality dimensions, making it inherently robust to scale discrep-
ancies.
During the TTS search loop, we specifically utilize generation metrics rather
than standard IR metrics such as MANIQA [59] and MUSIQ [19]. Optimiz-
ing IR metrics directly in a TTS search loop often causes the model to inject
unnatural, high-frequency noise. Because these metrics are highly sensitive
to high-frequency details, this results in "reward hacking"—artificially inflat-
ing the score while degrading actual human perceptual quality. Conversely,
generation metrics are trained on human preferences for holistic structural
and semantic harmony. Using them as an ensemble regularizes the search,
ensuring that the enhanced details remain perceptually realistic.

4. Selection and Commitment: Instead of a simple "winner-takes-all" strat-
egy, we adopt a progressive filtering approach inspired by EvoSearch [15].
The N candidates are ranked by their ensemble reward. We then retain the
top-M performers (where M < N), and these form the parent population for
the next iteration, which is chosen as the starting point for the immediate
next ODE segment. This strategy maintains diversity in the search space for
longer, increasing the probability of finding a globally superior path.

4 Experiments

4.1 Experimental Setup

Training Dataset: Our model was trained on a combination of the DIV2K |28],
Flickr2K [1], LSDIR [26], DIV8K |[14]. Following common practices in Real-
ESRGAN |[53|, we generated LQ counterparts by applying a bicubic downsam-
pling (with a scaling factor of x4) to the HQ images, using the same degradation
settings as StableSR [52] to ensure a fair comparison.
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Algorithm ODE-adapted Test-Time Scaling

Require: Pre-trained flow IR model @, condition ¢, initial noise z1
Ensure: Optimized restored image Zo

1: Initialize population P < {z1}

2: for k=1 to K do > K intervention steps
3 C < Perturb(P, o) > Generate N candidates with noise o
4: for each 2 e ¢ do

5: éél) — MSPDE(z(i>, ti, S) > Multi-step partial denoising
6: MO Rensemble(D(‘é(()i))) > Rank-based reward ensemble
T end for

8: P + TopM(C,r, M) > Select top-M candidates
9: P « AdvanceODE(P, tx, tk+1, ) > Move to next time step
10: end for

11: Zo < D(ODESolver(P][0], tx,0,c)) > Final denoising
12: return Zg

Testing Datasets: To comprehensively evaluate the generalization ability and
performance of our method, we conducted tests both on synthetic test datasets
and real-world test datasets. For synthetic benchmarks, we employ different lev-
els of degradations (D-level) to synthesize degraded validation sets of DIV2K-
Val, similar to DASR |27], and degrade LSDIR-Val using the same settings as
training. For real-world benchmarks, we conduct experiments on commonly used
RealPhoto60 [63], RealSR [7] and DRealSR |54] datasets.

Implementation Details: We build our method upon FLUX.1 [22] and Qwen2.5-
VL [6]. By default, we use FLUX.1-dev to generate images based on given low-
quality inputs and Qwen2.5-VL-7B to generate captions based on reference im-
ages. Our method utilizes LoRA |18] for fine-tuning the base model with a default
rank of 16. The SwinIR model in Diff BIR |29)] is used as the lightweight degrada-
tion remover. Our model is trained on 512 x 512 resolution images, with a batch
size of 16 and gradient accumulation over 4 batch (effective batch size of 64). We
employ the Prodigy optimizer [34] with safeguard warmup and bias correction
enabled, setting the weight decay to 0.01. Models are trained for 30,000 itera-
tions. For inference of our model, we employ the sde-dpmsolver+-+ sampler in
FlowDPMSolverMultistepScheduler [37] in SDE process with 50 denoising steps
and set guidance scale as 5.5. We set the mutation rate 8 = 0.3, with o; following
the default sde-dpmsolver configurations.

4.2 Comparison with State-of-the-Art Methods

We compare our proposed method against several leading approaches, including:
GAN-based methods (i.e., Real-ESRGAN [53] and BSRGAN [64]), Diffusion-
based methods (i.e., StableSR [52], DiffBIR |29], PASD [60], SeeSR [56], Dream-
Clear [3], OSEDIff [55], SUPIR [63], and FaithDiff [9]) and Flow-based methods
(i.e., PnP-Flow [33], FlowSR [57] and LP [50]). We use PSNR, SSIM, perceptual-
oriented metrics (i.e., LPIPS [66], DISTS [11], FID |17]) and no-reference met-
rics (i.c., MUSIQ [19], CLIPIQA+ [51], PaQ-2-PiQ [61], CLIPIQA [51] and
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Table 1: Quantitative comparison with state-of-the-art methods on synthetic bench-
mark. ‘I’; ‘I’, and ‘III’ denote the datasets with mild, medium, and severe degrada-
tions, respectively. The best and second performances are marked in red and blue,
respectively.

Dataset  Metric Ours

- PSNR | 26.64 24.60 24.20 98 2311
3 SSIM | 0.7737 0.6595 0.6668 0.6932 0.6945
7 LPIPS | 0.1964 0.2496 2 0.2198 0.2098
¥ PaQ2-PiQt 73.85 72, 4.76 73.82 78.82
S MANIQAT 0.5611 594 0.5842 0.7261
5 MUSIQ 1 62. . 64.85 75.54
CLIPIQA + 1 0.4649 5432 0.5422 0.7925
= PSNR | 25.49 2442 2489 24.65 23.80 2254 22.79
Z SSIM | 0.7274 0.6441 0.6764 0.6734 0.6413 0.6708 0.6778
S LPIPS | 0.2309 02708 0.2502 0.2428 0.2407 6 0.2255
¢ PaQ2PiQt 7207 7291 73.52 4.7 4 78.94
§  MANIQAT 05827 0.5466 0.5691 0.5919 0.5624 0.7038
g MUSIQ 1 6483 64.45  66.09 6.4 63.98 74.68
2 CLIPIQA+ 1 05246 0.4718 0.5226 0.5460 0.5342 0.7811
= PSNR | 2342 2258 2238 2177 1948 19.74
5 SSIM | 05992 0.5085 0.5944 0.5662 0.5286 0.5263
g LPIPS | 0.3646 0.3278 0.3080 0.3228 0.3047
% PaQ2-PiQj 72.68 7346 75.05 73.31 78.62
¥ MANIQAT 04999 0.5462 0.5686 3 0.6605
> MUSIQ | 63.08  65.82 6.2 74.67
& CLIPIQA+ 7 04815 0.5106 0.5225 0.7704
PSNR | 1821 18.03 14.82
3 SSIM | 04592 0.4564 0.3907 0
> LPIPS | 0.3836 2 0.38
& DISTS | . 0.1656 0.16
3 FID | 22 22.06 22.76  19.82
2 MANIQA 0.4043 0. 0.4811 : 0.5912 ¢
MUSI 7102 73.00 70.4 .98 7115 82 74.21
CLIPIQA 1 05720 0.7261  0.6914 0.6174 0.7152 0.7097 0.7389

Table 2: Quantitative comparison with state-of-the-art methods on real-world bench-
mark. The best and second performances are marked in red and blue, respectively.

Dataset Metric ~ Rea

PaQ-2-PiQ 1

78.38

11 2 75.27
0.5989  0.6165  0.6527

MANIQA 1 0.6348 0.6425
RealPhoto60  “yig1tys 7041 7026 7274 7182 74.81
CLIPIQA + 1 0.5720 0.5528 0.5932 0.5842 0.7861
MANIQA 1 0.4182 0.4296 0.4893 0.5232 0.6205
RealSR MUSIQ T 1.74 6 . 68.82 6 72.34
CLIPIQA + 0.6202 0. 0.6804 0.6792 0.6937
MANIQA 1 0.3801 0.4174 0.5647 .5 0.5424 0.6492
DrealSR MUSIQ t 58.37 55.14 Y. 64.53 68.92 67.32 68.08 71.:
CLIPIGA 04847 05344 06005 0.7022 05800 0.6843  0.6821  0.6946 4 07169

MANIQA ) to evaluate the fidelity and quality of restored images. Our
method performs strongly across all these metrics, attesting to the high qual-
ity of our restorations. Notably, ResFlow-Tuner surpasses all prior methods by
a considerable margin in no-reference metrics, establishing a new state-of-the-
art. Although resulting in lower PSNR/SSIM scores, recent studies make
compelling cases that these metrics fail to adequately capture perceived visual
quality, which is also consistent with our experimental observations.

4.3 Evaluation on Downstream Benchmarks

We quantitatively assess our method by evaluating its performance on Opti-
cal Character Recognition (OCR) tasks. Following the established evaluation

Table 3: Recognition results on the dataset of Occluded RoadText 2024 (OCR
recognition). The best and second performances are highlighted in red and blue, re-
spectively.

Metrics  GT  LQ Real-ESRGAN [53] BSRGAN [64] StableSR [52] DiffBIR [29] SeeSR [56] DreamClear [3] SUPIR [63] FaithDiff [9] Ours

Precision 52.72% 7.54% 13.19% 12.04% 19.87% 26.21% 30.07% 22.45% 31.78% 36.45% 42.23%
Recall  56.67% 7.59% 13.68% 12.33% 20.31% 27.90% 33.09% 23.50% 41.57% 46.74% 49.75%
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Table 4: Ablation results on LSDIR-Val for ResFlow-Tuner.

LPIPS | DISTS | FID | MANIQA 1 MUSIQ 1 CLIPIQA 1 Infer-Compute | Parameters |

LR w/o Text Caption 0.3856  0.1468 20.02  0.6542 72.98 0.7212 / /

LR w/ Text Caption 0.3721 0.1406 19.82 0.6658 74.21 0.7389 / /

Direct Adding 0.4223  0.1847 28.39  0.5796 69.14 0.6863 / 612M / 5.1%
ControlNet 0.4056 0.1663 24.73  0.6172 71.20 0.6917 / 3.3B / 27.5%
UMMF 0.3721 0.1406 19.82 0.6658 74.21 0.7389 / 58.0M / 0.5%
Aesthetic 0.3872  0.1662 23.25  0.6224 72.57 0.7128 / /
CLIPScore 0.3824 0.1524 21.04 0.5774 69.88 0.6982 / /
ImageReward 0.3789  0.1564 21.98  0.5842 70.64 0.6874 / /
Aesthetic + CLIPScore 0.3820 0.1518 20.58  0.6302 73.24 0.7181

Aesthetic + ImageReward  0.3762  0.1558 21.76  0.6483 73.65 0.7308 /
CLIPScore + ImageReward 0.3752 0.1448 20.25 0.5964 70.98 0.7064 /

0.3721 0.1406 19.82 0.6658 74.21 0.7389 / /

0.4015 0.1643 2291  0.6032 71.47 0.6946 0.025e4 /
0.3874  0.1523 20.87  0.6298 72.85 0.7149 0.15e4 /
0.3721 0.1406 19.82 0.6658 74.21 0.7389 0.375e4 /
0.3675 0.1332 18.17  0.6878 76.33 0.7574 1.0e4 /

benchmark [9], we conduct experiments on 200 images from the ICDAR 2024
Occluded RoadText dataset [48]. The recognition is performed with the robust
PaddleOCR v3 |23| framework. As reported in Tab. 3| our approach consistently
outperforms existing image restoration methods in terms of OCR accuracy. This
result provides strong evidence that our method is particularly effective at re-
covering semantically correct and robust structural information.

5 Ablation Study

5.1 Impact of Multi-Modal Conditioning

Effect of Text Caption: As shown in Tab. [4] incorporating text captions (LR
w/ Text Caption) consistently improves performance across all metrics compared
to the variant without captions (LR w/o Text Caption). For instance, LPIPS
decreases from 0.3856 to 0.3721, DISTS from 0.1468 to 0.1406, and FID from
20.02 to 19.82. Similarly, no-reference quality metrics also exhibit notable gains.
These results demonstrate that semantic guidance from text captions effectively
steers the generative process toward outputs that are not only pixel-accurate
but also perceptually realistic and semantically coherent.

Modality Fusion Strategy: We compare three fusion strategies: direct feature
addition, ControlNet-based conditioning, and our proposed UMMF. Our method
achieves the best results across all metrics. For example, it attains an LPIPS
of 0.3721, compared to 0.4223 and 0.4056 from the alternatives. Similarly, on
no-reference quality metrics such as MANIQA , our method also registers an im-
provement, outperforming Direct Adding and ControlNet by 14.87% and 7.87%,
respectively. This superiority stems from our unified sequence modeling formu-
lation, which enables flexible cross-modal token interactions via DiT’s attention
mechanism, thereby capturing rich semantic relationships without imposing hard
structural constraints.

Efficiency and Cost Analysis: Unlike traditional "train-time scaling" strate-
gies that rely on heavy adapters (e.g., ControlNet) to inject low-quality image
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features, our approach unleashes the model prior through a lightweight align-
ment module. This architectural choice results in a remarkably small number
of trainable parameters—only 58M (0.5%) for the 12B FLUX.1 model. This
is an order of magnitude more efficient than adapter-based counterparts. Our
parameter-efficient design enables rapid adaptation to new tasks with minimal
training overhead, which constitutes a significant efficiency advantage.

5.2 Study on Verifier Ensemble

Our TTS framework incorporates three distinct reward verifiers: Aesthetic Score
Predictor, CLIPScore, and ImageReward. To validate the necessity of our de-
sign choices, we conduct a comprehensive ablation study by either removing or
substituting individual components. Specifically, our ablations evaluate (i) the
performance of each reward function in isolation and (ii) the performance of all
possible pairwise combinations.

Experimental results indicate that single or pairwise reward models tend to
optimize performance within a specific dimension: The Aesthetic Score Predic-
tor is designed to estimate human ratings of synthetic image quality, thereby
biasing model optimization toward no-reference evaluation metrics. In contrast,
CLIPScore is a reference-free metric derived from the CLIP model. It projects
visual and textual embeddings into a shared latent space by leveraging 400M
manually annotated image-text pairs, and quantifies semantic consistency via
cosine similarity between image and corresponding text embeddings. Conse-
quently, CLIPScore directs optimization towards reference-based metrics that
assess text-image alignment. ImageReward, on the other hand, learns broader
human preferences through a meticulously designed annotation protocol that en-
compasses ratings and rankings of text-image alignment, aesthetic quality, and
sample harmlessness.

As shown in Tab. [4 these results demonstrate that only the ensemble of all
three reward models, as proposed in this paper, enables a balanced and superior
performance across all evaluation dimensions.

5.3 Analysis of Test-Time Scaling (TTS)

As summarized in Tab. [4] our method exhibits monotonic performance improve-
ment with increasing inference-time computation (As the number of candidates
per round N and intervention rounds K increase), measured by the Number of
Function Evaluations (NFEs). For instance, moving from no TTS to the con-
figuration K = 4, N = 7 reduces LPIPS from 0.4015 to 0.3721 and FID from
22.91 to 19.82, while MUSIQ increases from 71.47 to 74.21. A critical observa-
tion is that the marginal benefit is not constant. The performance growth rate
is highest until the computational cost reaches approximately 15x that of the
baseline. This operating point corresponds to a sweet spot on the performance-
cost Pareto frontier—beyond this point, the performance gain per unit of ad-
ditional computation diminishes significantly. Guided by this principle, we set
our runtime computation to 15x the baseline (K = 4, N = 7). As mentioned
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before, when comparing the total cost of our approach (minimal training cost +
controlled inference cost) against "train-time scaling”" methods (typically high
training cost + single inference cost), our total resource consumption is often
more favorable. More importantly, our method achieves a level of performance
through controlled test-time computation that remains unattainable by others,
even with their substantial training investments.

6 Conclusion

In this paper, we presented a novel image restoration framework ResFlow-Tuner.
Our key innovation lies in the seamless integration of multi-modal guidance and
a Test-Time Scaling technique specifically redesigned for ODE-based restoration
models. Extensive experiments demonstrate that our method achieves state-of-
the-art performance, excelling particularly in generating perceptually realistic
and semantically faithful details. This work underscores the immense potential
of leveraging large-scale pre-trained flow models for low-level vision tasks and
introduces a new direction for post-training optimization of such models. For
future work, we plan to explore more efficient TTS strategies to reduce the com-
putational overhead and investigate the application of our framework to other
image restoration tasks, such as deblurring and inpainting. Furthermore, ex-
tending our unified multi-modal fusion paradigm from static images to complex
temporal sequences, thereby bridging the gap between low-level vision enhance-
ment and high-level multi-video perception |5]. The code and models will be
made publicly available to facilitate further research.
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