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Figure 1: Qualitative super-resolution results of the Shortcut variant of FlowMapSR for ×4 and ×8 upscaling. A single
Flow Map model is used for both upscaling factors, with 2 inference steps.

ABSTRACT

Diffusion-based image super-resolution (SR) has recently attracted significant attention by leveraging the
expressive power of large pre-trained text-to-image diffusion models (DMs). A central practical challenge
is resolving the trade-off between reconstruction faithfulness and photorealism. To address inference ef-
ficiency, many recent works have explored knowledge distillation strategies specifically tailored to SR,
enabling one-step diffusion-based approaches. However, these teacher–student formulations are inher-
ently constrained by information compression, which can degrade perceptual cues such as lifelike textures
and depth of field, even with high overall perceptual quality. In parallel, self-distillation DMs, known
as Flow Map models, have emerged as a promising alternative for image generation tasks, enabling fast
inference while preserving the expressivity and training stability of standard DMs. Building on these de-
velopments, we propose FlowMapSR, a novel diffusion-based framework for image super-resolution ex-
plicitly designed for efficient inference. Beyond adapting Flow Map models to the SR task, we introduce
two complementary enhancements: (i) positive–negative prompting guidance, based on a generalization
of classifier free-guidance paradigm to Flow Map models, and (ii) adversarial fine-tuning using Low-Rank
Adaptation (LoRA). Among the considered Flow Map formulations (Eulerian, Lagrangian, and Shortcut),
we find that the Shortcut variant consistently achieves the best performance when combined with these
enhancements. Extensive experiments show that FlowMapSR achieves a better balance between recon-
struction faithfulness and photorealism than recent state-of-the-art methods for both ×4 and ×8 upscaling,
while maintaining competitive inference time. Notably, a single model is used for both upscaling factors,
without any scale-specific conditioning or degradation-guided mechanisms.

∗Work done during internship at Jasper Research.
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1 INTRODUCTION

Image super-resolution (SR) is a fundamental problem in computer vision, which aims to reconstruct a plausible high-
resolution (HR) image from a low-resolution (LR) input. The task is inherently ill-posed, as SR exhibits a strong one-
to-many ambiguity: the LR observation provides only partial structural information, leaving high-frequency details funda-
mentally underdetermined. Consequently, SR methods must navigate a delicate trade-off between reconstruction faithful-
ness—recovering details consistent with the underlying HR image—and photorealism—producing visually plausible textures
for the human eye. This trade-off becomes increasingly pronounced as the upscaling factor increases, since the LR input
becomes less informative and the space of plausible solutions expands, and is further complicated by unknown degradations
such as blur, sensor noise, and compression artefacts.

Owing to these challenges, SR has long served as a driving force for advances in generative modeling. While early learning-
based approaches were dominated by GAN-based methods (Wang et al., 2018; 2021) and Transformer architectures (Lu et al.,
2022), recent research has increasingly focused on diffusion models (DMs) (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song
et al., 2021) and related flow-matching (FM) formulations (Lipman et al., 2022), which have demonstrated a strong capacity
to synthesize fine details and realistic textures in image generation tasks. As a result, diffusion-based approaches now define
the state-of-the-art for image SR. Existing diffusion-based SR approaches can be broadly divided into two categories. The
first consists of inference-only methods, which leverage a pre-trained DM and apply advanced posterior sampling techniques
to solve the SR inverse problem without need of ground truth LR-HR data pairs or additional training; see Janati et al.
(2025) for a comprehensive overview. Although these methods achieve consistently strong results across a variety of SR
scenarios, they typically require dozens of model evaluations per image, leading to prohibitive computational costs for large-
scale applications. The second category specifically relies on LR-HR training data pairs (the LR inputs being synthetically
obtained from available HR images) and focuses on training DMs explicitly for SR, either from scratch (Li et al., 2022;
Saharia et al., 2022; Yue et al., 2023; 2024; Luo et al., 2023; Delbracio & Milanfar, 2023) or by fine-tuning large pre-trained
backbones (Lin et al., 2024; Wang et al., 2024b; Wu et al., 2024b; Yang et al., 2024). Although these approaches deliver
strong performance, they also rely on tens to hundreds of sampling steps at inference time.

Beyond the specific context of SR, reducing the number of inference steps has become an active research direction for DMs
more broadly. Prominent strategies include the development of efficient samplers (Song et al., 2020; Lu et al., 2025), the
design of straight or near-optimal transport paths (Liu et al., 2022; Esser et al., 2024; Wang et al., 2024a; Kim et al., 2024a),
and various knowledge distillation techniques (Salimans & Ho, 2022; Sauer et al., 2024b;a; Yin et al., 2024; Chadebec et al.,
2025a). While these approaches have proven highly effective for unconditional or text-to-image generation, they do not
directly translate to SR, where generation is strongly conditioned on the input image whose informativeness depends on both
the degradation process and the upscaling factor. To address this challenge, several one-step diffusion-based SR methods
(i.e., requiring only a single inference step) have recently emerged, primarily relying on teacher–student distillation. These
approaches notably include adversarial distillation (Zhang et al., 2024; Wu et al., 2025; Xie et al., 2024; He et al., 2024),
score distillation (Wu et al., 2024a), and consistency techniques (Wang et al., 2024c), often combined with perceptual reg-
ularization losses. Despite their efficiency and strong empirical performance, those methods are fundamentally constrained
by information loss between the teacher and student models, which may legitimately degrade photorealism, restrict texture
diversity, and reduce robustness across different upscaling factors.

Recently, a new paradigm for fast diffusion inference, referred to as Flow Map models, has been introduced (Boffi et al.,
2025a;b), with concrete instantiations proposed in the literature (Geng et al., 2025; Frans et al., 2025; Sabour et al., 2025).
These models adopt a self-distillation paradigm: starting from a FM formulation, they learn a dynamical mapping between a
source and a target distribution while enforcing self-consistency across different discretization scales through an additional
training objective. This formulation enables stable training in high-dimensional spaces and supports inference with very
few (potentially a single) model evaluations. Flow Map models have recently demonstrated state-of-the-art performance for
image generation at resolution 512 × 512 (Sabour et al., 2025), and ongoing work has begun exploring their scalability to
higher resolution (Zheng et al., 2025; Hu et al., 2025). Crucially, unlike distillation approaches that compress an iterative
denoising process into the student network—thereby potentially incurring information loss—Flow Map models preserve the
expressivity of large generative models through self-consistency, making them particularly appealing for the SR task.

In this work, we investigate the use of Flow Map models for image SR. Our objective is to combine the expressive power
of large DMs with fast inference, while maintaining both faithfulness to the underlying HR content and strong perceptual
quality. Our contributions are threefold:

• We introduce FlowMapSR, a simple and generic diffusion-based framework for SR built upon the three major Flow Map
formulations (Eulerian, Lagrangian, Shortcut). To adapt Flow Map models to the specific challenges of SR, we propose a
base implementation that guarantees perceptual quality along with two enhancements: positive–negative prompting guidance
inspired by Zhang et al. (2024), and lightweight adversarial fine-tuning using LoRA modules (Hu et al., 2022).
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• We empirically demonstrate that the FlowMapSR instance based on the Shortcut formulation (Frans et al., 2025) (equiv-
alently the Progressive approach from Boffi et al. (2025a)) provides the best performance and scalability in high-resolution
SR scenarios. With inference time comparable to existing one-step state-of-the-art SR methods, this version of FlowMapSR
produces reconstructions that are in general more faithful to the HR reference while exhibiting improved photorealistic char-
acteristics, including realistic textures, depth of field, and high-frequency details. We validate these results on both synthetic
and real-world benchmarks, and demonstrate consistent performance across challenging upscaling scenarios (×4 and ×8)
using a single model, without additional degradation-specific guidance or conditioning.

• Finally, we present a comprehensive ablation study of the proposed framework. Our analysis highlights a clear trade-
off between reconstruction faithfulness and perceptual realism, providing insights into how FlowMapSR can be tuned to
different application requirements.

2 RELATED WORKS

Diffusion models have emerged as the dominant paradigm for image SR, thanks to their strong generative capabilities and
their ability to overcome limitations of earlier GAN-based approaches Wang et al. (2018; 2021), that were prone to training
instability and lack of photorealism. Early diffusion-based SR methods such as SR3 (Saharia et al., 2022) and SRDiff (Li
et al., 2022) adapted the conditional DDPM framework (Ho et al., 2020) by explicitly conditioning the generation process
on the LR input in pixel space. IDM (Gao et al., 2023) further extends this line of work by incorporating an implicit neural
representation, enabling SR across arbitrary continuous upscaling factors. Thereafter, several methods extended diffusion-
based SR to latent space by leveraging large pre-trained text-to-image backbones, such as Stable Diffusion (Rombach et al.,
2022). Notable examples include DiffBIR (Lin et al., 2024), StableSR (Wang et al., 2024b), and SeeSR (Wu et al., 2024b),
which exploit rich semantic and perceptual representations learned at scale to improve visual quality. Despite their scala-
bility and improved semantic modeling, these approaches still rely on the standard iterative diffusion inference process, and
consequently require a large number of inference steps—typically more than 50. To attenuate this issue, some methods such
as ResShift (Yue et al., 2023; 2024), IR-SDE (Luo et al., 2023), and InDI (Delbracio & Milanfar, 2023) accelerated inference
by designing shorter Markov chains or optimizing transition schedules, cutting the number of inference steps from hundreds
to a dozen with minimal loss in reconstruction quality.

A complementary and increasingly active research direction investigates one-step (or few-step) diffusion-based formulations
via distillation techniques. In this setting, a large pre-trained text-to-image DM acts as a teacher and guides the training of
a lightweight student network, enabling SR with a drastically reduced number of model evaluations. Existing methods pri-
marily differ in the choice of distillation objective and the regularization mechanisms used to preserve fidelity and perceptual
quality. We may distinguish: (a) consistency-based distillation, in which the student is trained to match the teacher’s out-
puts through direct regression or bidirectional consistency constraints, see for instance SinSR (Wang et al., 2024c); (b) score
distillation, which aims to minimize a predefined divergence between the teacher and student output distributions. OSEDiff
(Wu et al., 2024a) follows this approach and incorporates the LPIPS perceptual loss (Zhang et al., 2018) to encourage the
recovery of high-frequency details; (c) adversarial distillation, which explicitly aligns the student’s output distribution with
that of the teacher using an auxiliary discriminator. For example, ADDSR (Xie et al., 2024) introduces a timestep-adaptive
adversarial loss that dynamically balances teacher–student alignment across diffusion steps, leading to improved perceptual
realism. Similarly, TAD-SR (He et al., 2024) combines a time-aware adversarial loss with high-frequency-enhanced score
distillation to better recover fine textures. Along the same line, S3Diff (Zhang et al., 2024) enhances adversarial distillation
by integrating LPIPS regularization, positive–negative prompting guidance, and LoRA-based degradation-aware condition-
ing, significantly improving robustness to real-world degradations. Finally, VPD-SR (Wu et al., 2025) augments adversarial
distillation with semantic-aware supervision and high-frequency perceptual losses, leveraging pre-trained vision–language
representations to further improve semantic alignment and texture fidelity.

3 PRELIMINARIES ON FLOW MAP MODELS

Consider two probability distributions π0 (target) and π1 (source) supported on Rd, for some d ≥ 1. We assume access to a
training dataset D = {(xi0, xi1)}Ni=1, consisting of N paired samples drawn from a joint coupling of π0 and π1, denoted by
π0,1. In this section, we study the problem of generating new samples from π0 based on unseen samples from π1.

A natural approach to this conditional generative modeling problem is to learn a transport map T : Rd → Rd that pushes π1
to π0 (such that T(x1) ∼ π0 whenever x1 ∼ π1) by leveraging the available samples from D. In practice, this is commonly
addressed within the Flow Matching (FM) (Lipman et al., 2022) setting, which we briefly recall in Section 3.1. Basically,
FM models learn the drift of an Ordinary Differential Equation (ODE) whose solution transports π1 to π0, using a neural
network. The resulting dynamics (neural ODE) defines a valid candidate for T, by composing a sequence of local transport
maps obtained by numerically integrating the neural ODE over small time intervals.
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While this approach is conceptually simple and has proven effective across a wide range of data modalities, it comes with
a significant computational cost at inference time. In particular, FM inference generally requires dozens of neural network
evaluations to control time discretization error, which can make FM-based methods impractical in large-scale settings. Flow
Map models (Boffi et al., 2025a;b) extend the FM framework by explicitly addressing this limitation. Instead of relying on
ODE numerical integration, they introduce an additional self-distillation objective which aims to learn exact integrations of
the FM-based neural ODE on larger time intervals, thus enabling efficient inference with substantially fewer evaluations. In
Section 3.2, we review the main components of this recent approach. We then introduce in Section 3.3 additional elements
on conditioned Flow Map models that will serve as the foundation of our FlowMapSR framework.

3.1 BACKGROUND ON FLOW MATCHING

Interpolant & ODE. FM can be seen as a particular instantiation of the Stochastic Interpolant (SI) framework (Albergo
et al., 2023), whose paradigm is the following : (i) defining a continuous-time path of probability distributions (pt)t∈[0,1]

that interpolates between the boundary conditions p0 = π0 and p1 = π1, and (ii) constructing a marginal-preserving ODE
by identifying a velocity field v : [0, 1]× Rd → Rd such that the stochastic process (Xt)t∈[0,1] governed by

dXt = vt(Xt)dt , X1 ∼ π1 , (1)

verifies Xt ∼ pt for any t ∈ [0, 1]. Then, one may generate samples from π0 by simulating ODE (1) backward in time,
starting from samples drawn from π1. In practice, the bridging distributions (pt)t∈[0,1] are defined as the marginals of a linear
interpolant (It)t∈[0,1] of the form It = αtX0 + βtX1, where (X0, X1) ∼ π0,1 and α, β : [0, 1] → [0, 1] are continuously
differentiable functions satisfying boundary conditions α0 = β1 = 1 and α1 = β0 = 0. The standard FM setting is recovered
by taking αt = 1 − t and βt = t. Throughout the main paper, we restrict our attention to this standard formulation, and
defer the general case to Section A.1. In this setting, a valid—though generally intractable—expression for the velocity field
is vt(x) = E[vtarget

FM |It = x], where vtarget
FM = X1 −X0 corresponds to the conditional target velocity.

Training & Inference. If vt were known, a valid transport map pushing π1 to π0 would be given for any x ∼ π1 by

TFM(x) = x−
∫ 1

0

vr(X
1,x
r )dr , (2)

where (Xt,x
r )r∈[0,t] denotes for any t ∈ [0, 1] the solution to ODE (1) on [0, t], with terminal condition Xt = x. In practice,

vt has no closed form but it can still be efficiently learned by learning a parametric model vθt (e.g., a neural network) via the
mean-square regression problem

argmin
θ

E[LFM(vθt , It)] , LFM(vθt , It) = ∥vθt (It)− vtarget
FM ∥2 , (3)

where the expectation is taken over (X0, X1) ∼ π0,1 (approximated by samples from D) and t ∼ q(t), q being a predefined
time distribution on [0, 1]. At inference time, replacing vt with its learned approximation vθt yields a neural ODE whose
associated transport map remains intractable and must itself be approximated numerically. The standard approach relies on
discretizing the integral in (2) on small time intervals (backward in time) with numerical integration methods, starting from
t = 1. Whether using the first-order Euler scheme or high-order ODE solvers such as Heun or Runge–Kutta methods, this
inference procedure induces a large number of neural network evaluations, which can imply a prohibitive cost for large scale
applications. Finally, the FM interpolation framework allows one to derive an approximate x0-prediction given a state (xt, t)
of the ODE trajectory, if we assume that the target velocity field is straight and constant :

x̂0(xt) = xt − t vθt (xt) . (4)

While this approximation is accurate for small time values (where it coincides with a first-order Euler expansion around
t = 0), it becomes generally loose at larger times for arbitrary couplings π0,1, as it fails to capture the curvature of the neural
ODE trajectory. However, in the special case where π0,1 is the optimal transport plan associated with the quadratic cost
between π0 and π1, the x0-prediction (4) holds exactly for all t ∈ [0, 1] (Pooladian et al., 2023; Tong et al., 2023). This
observation has motivated a substantial body of work on few-step (and theoretically single-step) FM models (Liu, 2022; Lee
et al., 2024; Kim et al., 2024a; Kornilov et al., 2024), which provide an alternative to Flow Map approaches. A detailed study
of these methods is beyond the scope of this paper.

FM enhancing via CFG. When data samples are associated with an additional class information c (e.g., a text label), the
natural extension of FM consists in learning a class-conditional velocity field vt(x|c) = E[vtarget

FM |It = x, c], which replaces
vt in ODE (1). In image generation, however, it has been empirically observed that combining vt(x|c) with its unconditional
counterpart vt(x|∅) (that is learned in standard FM) significantly improves improves sample quality.
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This popular trick, known as Classifier-Free Guidance (CFG) (Ho & Salimans, 2022), amounts to substitute vt(x|c)
at inference by the following linear combination

vcfg
t (x|c) = w vt(x|c) + (1− w)vt(x|∅) , (5)

where w ∈ (1,∞) denotes the guidance strength, recovering the canonical setting in the limit w → 1. In practice, increasing
w enhances perceptual quality but often reduces faithfulness to realistic content. The conditional velocity vt(x|c) is learned
via a class-conditional neural network vθt (x|c) by minimizing a conditional variant of (3),

argmin
θ

E[LcFM(vθt , It, c)] , LcFM(vθt , It, c) = ∥vθt (It|c)− vtarget
FM ∥2 , (6)

where the expectation is taken over (X0, X1, c) ∼ π0,1 and t ∼ q(t). To expose vθ to class-unconditional samples, a
common practice is to drop the class condition c in (6) with a prescribed probability during training.

3.2 BACKGROUND ON FLOW MAP MODELS

Definition & parameterization. Closely related to consistency-based DMs (Kim et al., 2024b; Zheng et al., 2024; Heek
et al., 2024; Li & He, 2025; Kim et al., 2025), Flow Map models (Boffi et al., 2025b;a) and related approaches (Geng et al.,
2025; Sabour et al., 2025; Frans et al., 2025) extend the FM framework to alleviate its high inference cost. Their key idea is
to directly approximate the integrated velocity field over large time intervals, thereby enabling efficient inference with only
a few steps. Formally, these methods aim to estimate the so-called Flow Map X : [0, 1]2 × Rd → Rd associated with the
ODE (1). For any pair of timesteps (s, t) ∈ [0, 1]2 such that s ≤ t and any point x ∈ Rd, the Flow Map is defined as

Xs,t(x) = x−
∫ t

s

vr(X
t,x
r )dr . (7)

In particular, the transport map x 7→ X0,1(x) = TFM(x) can be obtained with a single evaluation of the Flow Map, making
this formulation especially well suited for one-step inference. Following prior work (Boffi et al., 2025a; Frans et al., 2025),
we consider in the rest of the paper an Euler-like parameterization of the Flow Map given by

Xs,t(x) = x− (t− s)us,t(x) , us,t(x) =
1

t− s

∫ t

s

vr(X
t,x
r )dr , (8)

where us,t denotes the average velocity field on time interval [s, t] associated to ODE (1) conditioned on terminal pointXt =
x, that we now aim to estimate with a neural network uθs,t. Note that the instantaneous velocity field vt(x) corresponds to a
zeroth-order approximation of us,t(x) in the limit regime s → t, i.e., ut,t(x) = vt(x), which establishes a straightforward
bridge between FM and Flow Map frameworks. Since we already know how to learn vt, see (3), the remaining challenge is
to estimate us,t for s < t.

Self-distillation losses. To this end, prior works introduce three consistency-based characterizations of the Flow Map,
leading to so-called Self-Distillation (SD) objective functions. Given timesteps s < t along with the FM interpolant It, the
SD losses take the general form

LSD(u
θ
s,t, It) = ∥uθs,t(It)− sg(utarget

SD )∥2 , (9)

where sg is the stopgradient operator, and utarget
SD depends on the chosen characterization:

1. Lagrangian SD (LSD) loss (Boffi et al., 2025a, Eq. (13))

utarget
LSD = vtarget

FM + (t− s)∂su
θ
s,t(It)

2. Eulerian SD (ESD) loss (Geng et al., 2025, Eq. (9)), or equivalently (Boffi et al., 2025a, Eq. (14))

utarget
ESD = vtarget

FM − (t− s)
(
∇uθs,t(It)v

target
FM + ∂tu

θ
s,t(It)

)
3. Shortcut SD (SSD) loss (Frans et al., 2025, Eq. (5)), or equivalently (Boffi et al., 2025a, Eq. (15))

utarget
SSD =

1

2
uθr,t(It) +

1

2
uθs,r

(
It −

t− s

2
uθr,t(It)

)
, r =

s+ t

2

For completeness, we provide detailed derivations of these objectives in Section A.1. We note that SD losses are more
expensive to evaluate than the standard FM loss: the LSD and ESD losses indeed require computing the derivatives of uθ
with respect to time and space (which can be efficiently implemented via jvp operations at the cost of an additional backward
pass), while the SSD loss requires two extra evaluations of uθ.
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Training & Inference. Learning the Flow Map amounts to simply combining the flow matching loss LFM and the self-
distillation loss LSD leading to the optimization problem

argmin
θ

E[LFM-SD(u
θ
s,t, It)] , LFM-SD(u

θ
s,t, It) =

{
LFM(uθt,t, It) if s = t ,
LSD(u

θ
s,t, It) else , (10)

where the expectation is taken over (X0, X1) ∼ π0,1 and (s, t) ∼ q̄(s, t), q̄ being a predefined joint distribution over
{(s, t) ∈ [0, 1]2 : s ≤ t}. Due to the Euler-like parameterization given in (8), inference with a Flow Map model is
straightforward. Given a time discretization {tk}Kk=0 of [0, 1] of size (K+1), with K ≥ 1, t0 = 0 and tK = 1, and an initial
sample xK ∼ π1, one can recursively compute the iterates {xk}Kk=0 via the update

xk = xk+1 − δku
θ
tk,tk+1

(xk+1) , (11)

where δk = tk+1 − tk denotes the k-th step-size. In particular, x0 is approximately sampled from π0 if uθ accurately
approximates u. Importantly, this formulation avoids the discretization error inherent to standard FM, allowing the number
of inference steps K to remain very small, i.e., K ∈ {1, 2, 4} (Boffi et al., 2025a; Sabour et al., 2025). As in the FM setting,
Flow Map models admit direct x0-prediction at any intermediate step of the ODE trajectory; indeed, given a current state
(xt, t), the corresponding Flow Map prediction is given by

x̂0(xt) = xt − t uθ0,t(xt) . (12)
Unlike the FM prediction in (4), the Flow Map prediction (12) is exact for any given timestep t ∈ [0, 1].

3.3 GENERALIZATION OF CFG TO THE FLOW MAP SETTING

Assume now that each training sample (x0, x1) ∈ D is provided with an additional knowledge c (e.g., a class condition-
ing), that we wish to exploit to improve sample quality. In the FM setting, the CFG paradigm discussed in Section 3.1 has
been shown to bring substantial gains in image generation tasks, which naturally motivates its use within Flow Map models,
especially in the context of SR. However, its application is not straightforward, as CFG is originally formulated for instan-
taneous velocity fields, whereas Flow Map models operate on averaged velocity fields over time intervals. Building on the
insights of Geng et al. (2025) in the ESD setting, we propose to integrate CFG directly into Flow Map models at training
stage, by exploiting the connection between FM and Flow Map formulations across all three SD settings. This leads to new
CFG-aware expressions for the LSD and SSD objectives. To promote model flexibility and reduce the risk of overfitting,
we further propose to randomly sample the guidance scale w during training from the interval (1, wmax), where wmax > 1
is treated as a hyperparameter1. This design prevents specialization to a single guidance strength while still retaining the
benefits of CFG at inference. Below, we detail the derivation of the Flow Map training objectives in the CFG setting.

Flow matching loss. Given a guidance scale w ∈ (1, wmax), we rewrite the loss LcFM in (6) to directly introduce CFG at
the velocity level, yielding the following objective

Lcfg-FM(uθt,t, It, c, w) = ∥uθt,t(It|c)− sg(vtarget
cfg-FM)∥2 , vtarget

cfg-FM = w vtarget
FM + (1− w)uθt,t(It|∅) . (13)

This loss naturally extends the standard CFG formula (5) to the Flow Map setting, by leveraging the identity vt = ut,t.
Compared to the unconditional setting, each loss evaluation now requires one extra model evaluation.

Self-distillation losses. In the same spirit as in the FM setting, we derive the following CFG-based SD loss
Lcfg-SD(u

θ
s,t, It, c, w) = ∥uθs,t(It|c)− sg(utarget

cSD )∥2 , (14)

where utarget
cSD still depends on the chosen characterization:

1. CFG-based Lagrangian SD (cfg-LSD) loss
utarget

cfg-LSD = vtarget
cfg-FM + (t− s)∂su

θ
s,t(It|c) , v

target
cfg-FM = w vtarget

FM + (1− w)uθs,s
(
It − (t− s)uθs,t(It|∅) | ∅

)
,

2. CFG-based Eulerian SD (cfg-ESD) loss, already given in (Geng et al., 2025, Eq. (17))

utarget
cfg-ESD = vtarget

cfg-FM − (t− s)
(
∇uθs,t(It|c)v

target
cfg-FM + ∂tu

θ
s,t(It|c)

)
, vtarget

cfg-FM = w vtarget
FM + (1− w)uθt,t(It|∅) ,

3. CFG-based Shortcut SD (cfg-SSD) loss

utarget
cfg-SSD =

1

2
uθr,t(It|c) +

1

2
uθs,r (̂Is|c), Îs = It −

t− s

2
uθr,t(It|c) , r =

s+ t

2
.

Detailed derivations of these objectives are provided in Section A.2. Relative to the unconditional setting, computing the SD
loss incurs two additional model evaluations in the Lagrangian setting, one in the Eulerian setting, and none in the Shortcut
setting.

1In contrast, Geng et al. (2025) adopt a deterministic training procedure with a fixed guidance scale.
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Training & Inference. When combining both objectives previously established, we obtain the CFG-based objective

argmin
θ

E[Lcfg-FM-SD(u
θ
s,t, It, c, w)] , Lcfg-FM-SD(u

θ
s,t, It, c, w) =

{
Lcfg-FM(uθt,t, It, c, w) if s = t ,
Lcfg-SD(u

θ
s,t, It, c, w) else,

where the expectation is taken over (X0, X1, c) ∼ π0,1, (s, t) ∼ q̄(s, t) and w ∼ U(1, wmax). Analogously to standard
CFG practice, we randomly drop the class condition c in (13) and (14) with a probability of 10%, ensuring that the drop is
applied consistently across all evaluations of uθ within a given setting. When this occurs, we additionally set w = 1, thereby
recovering the original unconditional FM formulation for (13) and the corresponding unconditional SD formulation for (14).
We observed in early experiments that this design choice significantly improves the quality of the generated samples. One
could further incorporate additional evaluations of the instantaneous velocity uθt,t(·|c) or uθs,s(·|c) when computing vtarget

FM , at
the cost of introducing an additional hyperparameter, as discussed in (Geng et al., 2025, Appendix B.1) for the ESD setting.
To avoid extra hyperparameter tuning, we do not explore this extension and leave it for future work.

Importantly, the proposed CFG-based Flow Map formulation avoids the inference-time cost increase typically associated
with traditional CFG. In particular, it incurs the same computational cost as the unconditional setting, allowing us to benefit
from CFG without additional overhead. Given an initial sample xcK ∼ π1 with class condition c, the unconditional update
rule (11) naturally becomes

xck = xck+1 − δku
θ
tk,tk+1

(xck+1|c) . (15)

Similarly, the x0-prediction defined in (12) extends to the conditional setting as

x̂0(xt|c) = xt − t uθ0,t(xt|c) . (16)

4 METHODOLOGY

We propose to address the SR task within the Flow Map framework. In this setting, each paired sample (x0, x1) ∼ π0,1
consists of a low-resolution (LR) image x1 ∈ R3×w×h and its high-resolution (HR) counterpart x0 ∈ R3×W×H , with a fixed
aspect ratio satisfying H/h = W/w ≥ 1. We refer to this ratio as the SR “upscaling factor” and denote it by sup, while
its inverse sdown = 1/sup corresponds to the “downscaling factor”. In Section 4.1, we introduce a complete methodology
tailored to the SR setting, which we term FlowMapSR. To further enhance both reconstruction faithfulness and perceptual
quality, we extend FlowMapSR with a positive–negative prompting strategy inspired by Zhang et al. (2024), described in
Section 4.2, as well as an additional adversarial fine-tuning stage detailed in Section 4.3.

4.1 BASE IMPLEMENTATION OF FLOWMAPSR

Data. Each training pair in our dataset D consists of a ground-truth HR image x0 and a corresponding LR image x1,
synthetically generated by applying a sequence of random degradations to x0, including downscaling by a factor sdown. We
build on the widely used degradation pipeline of Wang et al. (2021), which we adapt to better reflect real-world LR images
similar to those shown in Figure 4. In particular, we reduce the strength of noise components (e.g., Gaussian noise, gray
noise, and blur) to emphasize the effects of downscaling and compression; implementation details are provided in Section B.
To improve robustness across diverse SR scenarios and promote generalization, we further adopt the continuous SR strategy
of Gao et al. (2023) by sampling sdown ∼ U(0.1, 1) independently for each training pair.

The resulting LR image is then resized back to the spatial resolution of x0 using a randomly selected interpolation mode
(nearest, area, bilinear, or bicubic), followed by additional blur and pixel-value clamping. This procedure yields an LR
source x1 with the same spatial dimensions as x0, which is required by the Flow Map framework, while implicitly defining
a continuous upscaling factor sup ∼ U(1, 10). Although this setup theoretically enables SR up to ×10, we restrict our
main evaluation to ×4 and ×8 upscaling, to specifically emphasize the benefits of FlowMapSR approach in challenging SR
scenarios. Finally, to enable large-scale training and inference, we operate in latent space by encoding image pairs with a
non-trainable variational encoder. As a result, both training and inference of the Flow Map models described in Section 3 are
conducted in latent space, with a final decoding step, denoted by Dec, applied at inference time to recover the HR image.

Time-dependent regularization with perceptual loss. Following prior work (Wu et al., 2024a; Zhang et al., 2024), we
augment the standard Flow Map training objective (10) with an additional LPIPS perceptual loss (Zhang et al., 2018), which
aligns the decoded HR prediction with the ground-truth HR image. This regularization significantly accelerates convergence
and improves the recovery of meaningful image features at inference. The resulting objective is

Lreg
FM-SD(u

θ
s,t, It) = LFM-SD(u

θ
s,t, It) + λLPIPS

s LPIPS(X̂0, X0) ,where X̂0 = Dec(It − t uθs,t(It)) ,

where λLPIPS : [0, 1] → [0,∞) is a time-dependent weight and X̂0 denotes an approximate pixel-space x0-prediction from
It. Unlike previous approaches that use a constant λLPIPS, we deliberately design this weight to be strictly decreasing with
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time, reflecting the accuracy of direct x0 prediction from It under our Flow Map model: (a) when s = t (FM case), X̂0

corresponds to the decoded approximation in (4), whose accuracy decreases as s increases; accordingly, λLPIPS is set higher
for small s and lower for large s; (b) when s < t (SD case), X̂0 coincides with the exact prediction in (12) only for s = 0,
but remains reliable for small s, motivating a similar time-dependent weighting. The specific form of λLPIPS used in our
experiments is provided in Section B.

Dynamic loss weighting. To ensure meaningful self-consistency, the FM-SD loss must be evaluated over a broad range
of timestep pairs (s, t). In practice, this can induce strong time-dependent variance that hampers stable optimization. To
mitigate this issue, we follow Boffi et al. (2025a), inspired by Karras et al. (2024), and jointly learn a dynamic weighting
function λψs,t, parameterized as a lightweight neural network described in Section B, alongside the Flow Map model uθs,t.
This leads to the reweighted objective

L(θ, ψ) = E[L(uθs,t, It;ψ)] , L(uθs,t, It;ψ) = exp(−λψs,t)L
reg
FM-SD(u

θ
s,t, It) + λψs,t . (17)

At optimality, this formulation encourages loss gradients with respect to θ to have comparable magnitudes across different
(s, t) values (Karras et al., 2024, Eq. (26)), thereby stabilizing training.

Discrete timestep sampling. As described in the following section, our experiments rely on models with discrete time
inputs, which precludes the use of continuous-time sampling strategies for designing q̄ (Boffi et al., 2025a). Instead, inspired
by Frans et al. (2025), we sample timestep pairs (s, t) by first selecting a discretization level d of the interval [0, 1]. Each
level d is drawn from the set 0, 1, . . . , dmax, where dmax ≥ 1 is a hyperparameter. This induces a grid of 2d + 1 uniformly
spaced timesteps on [0, 1], allowing up to Kd = 2d inference steps. In this formulation, d = 0 corresponds to one-step
inference, d = 1 to two-step inference, and so on. To prevent the self-distillation loss from overwhelming the FM loss, we
adopt a non-uniform allocation between FM and SD training samples by fixing the probability of sampling boundary cases
with s = t. Following prior work, we set this probability to 75% in all experiments, resulting in 75% FM samples and 25%
SD samples. Details on how this scheme is adapted to each SD setting are provided in Section B.

FM training warm-start. Finally, to prevent the self-distillation objective from dominating early training dynamics, we
initialize each Flow Map model by training without the SD component in the FM-SD loss for a predefined number of
iterations. In our experiments, we first train our model for 5,000 gradient steps using the FM objective, followed by an
additional 5,000 gradient steps using the FM-SD loss. Further implementation details are provided in Section B.

4.2 ENHANCING FLOWMAPSR VIA POSITIVE-NEGATIVE PROMPTING GUIDANCE

Our base implementation of FlowMapSR, described in Section 4.1, is unconditional in the sense that it takes only the LR
image as input and predicts the corresponding HR image at inference using the update rule (11). While this formulation
effectively captures meaningful structures from the LR input, see Figure 2, and renders them in a visually plausible manner,
the resulting images often lack sharpness and contrast, and therefore fall short in terms of photorealism. To address this
limitation, we propose to incorporate CFG into FlowMapSR by adapting the positive–negative prompting strategy introduced
in Zhang et al. (2024) to our framework, as detailed below. Specifically, we consider the following two generic text prompts:
• a negative prompt cneg : “oil painting, cartoon, blur, dirty, messy, low quality, deformation, low resolution, oversmooth”
• a positive prompt cpos : “a high-resolution, 8K, ultra-realistic image with sharp focus, vibrant colors, and natural lighting”

The objective is to enhance the performance of FlowMapSR conditioned on cpos by explicitly modeling poor visual quality
through cneg, and enforcing a strong separation between the two. This strategy provides an effective guidance signal while
avoiding reliance on external label extractors, which may be inaccurate or brittle.

Following the CFG formalism introduced in Section 3.3, we treat cpos as the target conditioning (replacing c) and cneg as the
unconditional conditioning (replacing ∅). To explicitly learn the notion of degraded quality, we introduce a key modification
to the CFG–FM–SD loss related to the SR setting: when the class condition cpos is dropped and cneg is used instead, we
replace the HR target x0 with a synthetic low-quality version xneg

0 ̸= x1. This target is constructed to be less degraded
than x1, ensuring that the model does not learn a trivial noise trajectory. Concretely, xneg

0 is obtained by applying the same
degradation pipeline used to generate x1, except that the downscaling factor is sampled as sneg

down ∼ U(sdown, 1), where
sdown denotes the downscaling factor associated with x1. This design guides the unconditional (negative) model toward
generating low-quality versions of the HR image, while still preserving informative structure relative to the input x1 through
the difference in upscaling factors. At inference time, we exclusively use the Flow Map model conditioned on cpos to generate
HR images via the update rule (15). As a result, each text-conditioned Flow Map model (LSD, ESD, or SSD) is enhanced
with CFG so as to improve perceptual quality relative to its unconditional counterpart. In early experiments, however, we
observe that this strategy is beneficial only for the Shortcut formulation, as illustrated in Figure 2. In contrast, the Lagrangian
and Eulerian formulations exhibit noticeable artefacts when combined with CFG; qualitative examples illustrating this failure
are provided in Section C.
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Zoomed LR

Without CFG Max. CFG scale : 1.5 Max. CFG scale : 2.5 Max. CFG scale : 3.5 Max. CFG scale : 4

Ground Truth

Shortcut Shortcut Shortcut Shortcut Shortcut

Eulerian Eulerian Eulerian Eulerian Eulerian

Lagrangian Lagrangian Lagrangian Lagrangian Lagrangian

Figure 2: Qualitative comparison of positive-negative CFG enhancement applied to LSD-, ESD-, and SSD-based
FlowMapSR for ×4 upscaling. The HR reference image exhibits sharp edges and rich high-frequency details. The base
FlowMapSR model (“Without CFG”) successfully recovers structural details but lacks perceptual sharpness. Applying posi-
tive–negative CFG improves visual realism in the Shortcut formulation (e.g., more natural hair textures), while it introduces
noticeable degradations and artefacts in the Lagrangian and Eulerian formulations.

We attribute the poor performance of our Lagrangian and Eulerian CFG-based formulations to unstable training dynamics,
likely amplified by the use of JVP operators, which are challenging to handle in practice. This instability is consistent with
observations reported in prior unconditional implementations, see (Boffi et al., 2025a, Figure 4), and could potentially be
mitigated through specialized training strategies, such as those proposed in (Sabour et al., 2025, Section 3.4). In contrast,
out Shortcut CFG-based formulation exhibits stable training behavior without requiring additional heuristics, which may
explain its superior empirical performance. In the following, we denote by L(uθs,t, It, c, w;ψ) the CFG-based adaptation of
the previously established loss L(uθs,t, It;ψ) given in (17) with positive-negative conditioning c and guidance scale w, where
LFM-SD is now replaced by Lcfg-FM-SD.

4.3 ENHANCING FLOWMAPSR VIA LORA-BASED ADVERSARIAL FINE-TUNING

Although positive–negative CFG improves the performance of the Shortcut-based formulation of FlowMapSR, we still ob-
serve residual artefacts in the generated HR images, which are attributable to the guidance mechanism itself (a phenomenon
that is also prone to occur in standard image generation tasks). To further mitigate these artefacts and strengthen the align-
ment between the model outputs and the ground-truth HR distribution, we introduce an additional fine-tuning stage that
augments the CFG-based training objective with an adversarial loss, treating the Flow Map model as the generator.

Inspired by recent work Sabour et al. (2025), we adopt the Relativistic Pairing GAN (RPGAN) framework (Jolicoeur-
Martineau, 2018), which has been shown to be more robust to mode collapse than standard GAN formulations (Sun et al.,
2020). The adversarial training is performed in latent space. Given a discriminator Dϕ parameterized by a neural network
(described in Section B), we define the following adversarial objective, with separate generator (G-loss) and discriminator
(D-loss) terms:

Ladv(uθs,t, It, c, w;ψ, ϕ) =

 Softplus
(
Dϕ(Ẑadv

0 )−Dϕ(Z0)
)
+ λadvL(uθs,t, It, c, w;ψ) (G-loss)

Softplus
(
Dϕ(Z0)−Dϕ(sg(Ẑadv

0 ))
)

(D-loss),

where λadv > 0 controls the contribution of the original loss, Z0 denotes the latent encoding of X0, and Ẑadv
0 is the latent

x0-prediction produced by the FlowMapSR model from X1. To fully exploit the expressivity of the Flow Map model, we
compute Ẑadv

0 using a two-step prediction (rather than single-step), following (15). In particular, the intermediate state at
t = 1/2 is detached to avoid the computation of higher-order derivatives, in line with Shen et al. (2025). The parameter λadv

balances adversarial alignment with preservation of the pre-trained FlowMapSR behavior, as excessive adversarial pressure
may induce divergence from the original model. As in standard GAN settings, we consider reaching adversarial convergence
when we have equality between the “fake” score Dϕ(Ẑadv

0 ) and the “real” score Dϕ(Z0).
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Table 1: Comparison of inference efficiency between FlowMapSR and competing SR methods. We report the average
inference time measured on LR RealSR inputs for ×4 upscaling (input resolution 128× 128) using a single H100 GPU. For
FlowMapSR, we evaluate three variants with 1, 2, and 4 inference steps. FlowMapSR-1 achieves inference time comparable
to OSEDiff-1, while FlowMapSR-2 and FlowMapSR-4 remain competitive with S3Diff-1.

Method Real-ESRGAN OSEDiff-1 S3Diff-1 FlowMapSR-1 FlowMapSR-2 FlowMapSR-4
Inference time (s) 0.05 0.14 0.40 0.14 0.22 0.40

Owing to the relative nature of RPGAN, which promotes stable training dynamics, we alternate optimization of the G-
loss and D-loss at each training step. We found it unnecessary to include additional R1 or R2 regularization terms in
the discriminator loss; however, pretraining the discriminator for a small number of iterations was observed to accelerate
convergence, and we therefore adopt this strategy in all experiments.

Finally, to keep the fine-tuning stage lightweight while preserving the knowledge acquired by the CFG-based Flow Map
model, we restrict adversarial training to Low-Rank Adaptation (LoRA) layers (Hu et al., 2022) within the generator, follow-
ing the strategy from Chadebec et al. (2025a). This choice reduces computational cost during training and enables precise
control of the LoRA scaling factor at inference time, allowing us to modulate the impact of the adversarial refinement.

5 EXPERIMENTS

In this section, we evaluate FlowMapSR on synthetic and real-world LR inputs for ×4 and ×8 super-resolution. We first
describe the experimental setup in Section 5.1, then present a quantitative comparison with competing SR methods in Sec-
tion 5.2, complemented by representative qualitative examples (with additional results in Section C, including ×2 super-
resolution). These visual comparisons emphasize the recovery of lifelike textures (e.g., fur, human skin, metals) and photo-
realistic attributes (e.g., depth of field, contrast, color coherence). Finally, in Section 5.3, we study the key hyperparameters
of FlowMapSR that control the trade-off between reconstruction faithfulness and perceptual quality, including the number
of inference steps, the LoRA scaling factor at inference, and the maximum positive-negative CFG scale.

5.1 EXPERIMENTAL SETUP

FlowMapSR framework. Throughout this section, our default Flow Map model corresponds to the Shortcut variant of
FlowMapSR, augmented with positive–negative CFG (Section 4.2) and adversarial fine-tuning (Section 4.3). We do not
include results for the Eulerian and Lagrangian variants, as they consistently underperform on the SR task compared to
the Shortcut formulation (see Figure 2). Unless stated otherwise, all reported results are obtained by using the guidance
strength wmax = 3.5, setting the LoRA scale as 1.5 and applying 2 inference steps (denoted by FlowMapSR-2). The model
adopts a UNet architecture following SDXL (Podell et al., 2024), initialized from the image restoration weights of Chadebec
et al. (2025b). Training is conducted on a single H100 GPU using HR targets of up to 1024 × 1024 resolution; additional
training details and hyperparameter settings are provided in Section B. Notably, the same model is used for both ×4 and ×8
upscaling, without any scale-specific conditioning. At inference time, LR inputs are first resized in pixel space using bicubic
interpolation according to the target scale, then processed in latent space by the Flow Map model, and finally decoded to
obtain the HR output. When memory constraints arise due to large target resolutions, inference is performed after decoding
on pixel-space tiles, followed by Gaussian blending.

Testing details. For synthetic evaluation with available ground truth, we generate LR–HR pairs from the DIV2K valida-
tion (DIV2K-Val) set (Agustsson & Timofte, 2017), RealSR (Cai et al., 2019), and DRealSR (Wei et al., 2020), using the
degradation pipeline described in Section 4.1. We recall that this pipeline is a lighter variant of the one proposed in Wang
et al. (2021), with reduced additional noise, see Section B for more details. Performance on synthetic datasets is assessed
using both reference metrics—PSNR, SSIM (Wang et al., 2004), LPIPS (Zhang et al., 2018), DISTS (Ding et al., 2020),
and FID (Heusel et al., 2017)—which measure fidelity to the HR ground truth, and non-reference metrics—NIQE (Zhang
et al., 2015), MANIQA (Yang et al., 2022), MUSIQ (Ke et al., 2021), and CLIPIQA (Wang et al., 2023)—which better
reflect perceptual quality. We additionally present extensive qualitative results on DIV2K-Val and RealSR. For real-world
evaluation, we use the RealSet65 dataset (Yue et al., 2023) and report qualitative comparisons. FlowMapSR is compared
against the GAN-based method Real-ESRGAN (Wang et al., 2021) and state-of-the-art single-step diffusion-based methods
OSEDiff (Wu et al., 2024a) and S3Diff (Zhang et al., 2024) (respectively denoted OSEDiff-1 and S3Diff-1 to emphasize
their single-step nature). For fairness, we rely on publicly available code and pre-trained checkpoints to generate HR outputs
on the same test sets. While FlowMapSR differs substantially from prior distillation-based approaches in training budget
(under 100M parameters for OSEDiff and S3Diff versus over 2B for FlowMapSR), its inference time remains competitive
for the default FlowMapSR-2 model, as reported in Table 1.
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Table 2: Quantitative comparison between FlowMapSR and competing SR methods (×4 and ×8 upscaling). The best
and second best results are highlighted in bold and underlined, respectively.

Dataset (sup) Method Reference metrics Non-reference metrics
PSNR↑ SSIM↑ LPIPS↓ DISTS↓ FID↓ NIQE↓ MANIQA↑ MUSIQ↑ CLIPIQA↑

DIV2K-Val (×4)

Real-ESRGAN 23.03 0.6880 0.2739 0.1276 21.97 3.758 0.3536 0.6112 0.4960
OSEDiff-1 21.89 0.6500 0.2625 0.1107 19.23 3.373 0.4363 0.6777 0.5974
S3Diff-1 20.87 0.6223 0.2475 0.1093 15.39 3.198 0.4223 0.6780 0.5893
FlowMapSR-2 22.12 0.6412 0.2554 0.0995 13.05 3.036 0.4010 0.6431 0.5419

RealSR (×4)

Real-ESRGAN 22.28 0.7047 0.2743 0.1939 126.70 5.770 0.4253 0.6497 0.4575
OSEDiff-1 21.15 0.6610 0.2752 0.1907 106.10 5.180 0.4936 0.6925 0.5288
S3Diff-1 21.75 0.6762 0.2585 0.1775 94.32 5.661 0.5075 0.6986 0.5511
FlowMapSR-2 20.42 0.5965 0.3011 0.1964 95.16 5.322 0.5362 0.6975 0.5901

DrealSR (×4)

Real-ESRGAN 25.22 0.7771 0.2700 0.1875 140.31 6.954 0.3876 0.6001 0.4581
OSEDiff-1 23.54 0.7173 0.2884 0.1894 114.69 5.745 0.4758 0.6565 0.5634
S3Diff-1 24.36 0.7200 0.2886 0.1818 105.48 5.734 0.4862 0.6720 0.5771
FlowMapSR-2 23.15 0.6688 0.3056 0.1937 108.74 5.779 0.4863 0.6600 0.5894

DIV2K-Val (×8)

Real-ESRGAN 20.55 0.6061 0.3940 0.1882 40.98 5.209 0.2505 0.4612 0.3317
OSEDiff-1 19.68 0.5567 0.3909 0.1667 43.41 3.394 0.4080 0.6511 0.5759
S3Diff-1 19.30 0.5386 0.3743 0.1762 47.49 3.069 0.3468 0.6227 0.5712
FlowMapSR-2 19.90 0.5671 0.3767 0.1469 28.25 3.197 0.3793 0.6135 0.5008

RealSR (×8)

Real-ESRGAN 19.72 0.6014 0.3536 0.2327 179.34 6.294 0.2594 0.4787 0.2865
OSEDiff-1 18.86 0.5294 0.4174 0.2526 180.05 4.592 0.4396 0.6454 0.5011
S3Diff-1 18.93 0.5224 0.3828 0.2335 172.07 4.208 0.4298 0.6546 0.5217
FlowMapSR-2 17.96 0.4878 0.4190 0.2576 163.35 5.173 0.5042 0.6773 0.5746

DrealSR (×8)

Real-ESRGAN 22.46 0.6898 0.3378 0.2244 178.19 7.246 0.2612 0.4630 0.3252
OSEDiff-1 21.11 0.5989 0.4190 0.2520 180.56 4.763 0.4216 0.6153 0.5201
S3Diff-1 21.17 0.5631 0.4150 0.2405 185.93 4.390 0.4099 0.6321 0.5359
FlowMapSR-2 20.70 0.5858 0.3944 0.2481 170.81 5.743 0.4472 0.6365 0.5483

5.2 MAIN RESULTS

We report quantitative results for ×4 and ×8 upscaling in Table 2, from which we draw the following observations.

(a) On DIV2K-Val, FlowMapSR achieves strong performance on reference-based metrics, particularly perceptual measures
such as LPIPS, DISTS, and FID, compared to competing methods. This high fidelity to the DIV2K-Val ground-truth images
is consistent with the qualitative results shown in Figure 3, see respectively the rows 1-3 for ×4 upscaling and the rows
4-7 for ×8 upscaling. In particular, FlowMapSR exhibits faithful recovery of textures and details (e.g., human skin and
attributes, animal fur), geometric structures, lighting, environmental context, and depth of field. While these qualitative
examples demonstrate strong photorealism—often surpassing competing methods—this advantage is not always reflected
in non-reference metrics, where OSEDiff-1 tends to achieve higher scores. Visually, this may be explained by the stronger
sharpness and contrast produced by OSEDiff-1, which benefit such metrics but come at the expense of reference fidelity. We
attribute the slightly lower non-reference scores of FlowMapSR in this setting to occasional boundary artefacts introduced
by Gaussian tiling, see Section C, which is not required for processing RealSR and DRealSR images. Improving this tiling
strategy is left for future work.
(b) On RealSR and DRealSR, the trend is reversed: FlowMapSR achieves the best average performance on non-reference
metrics for ×4 and ×8 upscaling on both datasets, while still maintaining competitive DISTS and FID scores, especially
at higher scaling factor. Although Real-ESRGAN attains strong reference-based scores on these datasets, this should be
interpreted with caution. Visual inspection in Figure 3 (row 4 for ×4, and row 8 for ×8) reveals that Real-ESRGAN often
produces visibly low-quality outputs. Despite being counter-intuitive, high reference-based scores and poor visual quality
are not contradictory here; both reflect the limited visual quality of the RealSR and DrealSR ground truth, thereby revealing
the limitations of reference metrics in this case. In contrast, while FlowMapSR may appear less faithful based on reference
metrics, it consistently produces higher-quality images, with more realistic textures and convincing depth of field areas,
where S3Diff comparatively struggles.

Finally, we present qualitative comparisons on real-world inputs from RealSet65 in Figure 4, where we show SR results for
selected regions of the LR images. In this fully real-world setting, FlowMapSR consistently produces the most photorealistic
and faithful outputs for both ×4 and ×8 upscaling, particularly in terms of texture realism and depth of field effects. Overall,
FlowMapSR demonstrates strong and consistent performance across both synthetic and real-world scenarios, using a single
model without any upscaling-specific conditioning. While this behavior is only partially captured by quantitative metrics, it
is clearly reflected in qualitative results. Additional comparisons on DIV2K-Val, RealSR, and RealSet65 for both ×4 and
×8 upscaling are provided in Section C.
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Figure 3: Qualitative comparison between FlowMapSR and competing SR methods for ×4 (rows 1–4) and ×8 (rows
5–8) upscaling. Rows 1–3 and 5–7 show examples from DIV2K-Val, while rows 4 and 8 correspond to RealSR samples.
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Figure 4: Qualitative comparison between FlowMapSR and competing diffusion-based SR methods on real-world
LR inputs for ×4 and ×8 upscaling. The two LR images are taken from the RealSet65 dataset. For each image, a green
region is selected for ×4 upscaling and a blue region for ×8 upscaling. FlowMapSR-2 consistently achieves the best balance
between reconstruction faithfulness and photorealism.

5.3 ABLATION STUDIES

We analyze the influence of three key hyperparameters of FlowMapSR: the number of inference steps, the LoRA scaling
factor applied at inference, and the maximum CFG scale used during training. For each setting, we report quantitative results
on DIV2K-Val and RealSR for ×4 and ×8 upscaling, complemented by qualitative comparisons for the first two ablations.
Additional visual results are provided in Section C.

Impact of the number of inference steps. Our Flow Map formulation allows the number of inference steps (NFE) to be
chosen as a power of two; we evaluate 1, 2, and 4 steps. As shown in Table 3, using a single step consistently yields higher
fidelity to the reference images, while increasing NFE improves model expressivity and perceptual quality, as reflected
by non-reference metrics. These results highlight a clear trade-off: increasing NFE is not always beneficial. Qualitative
examples in Figure 5 illustrate that larger NFE can degrade depth-of-field consistency (rows 1 and 3) and introduce overly
shiny or glassy textures (rows 2 and 4), whereas a single step, while more faithful, lacks visual refinement. Overall, using two
inference steps, as in our default configuration, provides an effective balance between faithfulness and perceptual quality.

Impact of the LoRA scale at inference. A similar trade-off is observed with respect to the LoRA scaling factor, which
controls the influence of the adversarially fine-tuned parameters at inference. Increasing the LoRA scale (e.g., from 1 to
2) enhances sharpness and contrast, as illustrated in Figure 6. However, this comes at the cost of reduced reconstruction
faithfulness and, in some cases, degraded photorealism, particularly in depth-of-field rendering (see rows 1 and 2). This
effect becomes more pronounced for larger values (e.g., LoRA scale 3), which lead to clearly suboptimal results. The
quantitative results in Table 4 confirm this behavior, with higher reference-based scores at lower LoRA scales and improved
non-reference metrics at larger scales. In practice, the default setting with a LoRA scale of 1.5 offers a good compromise
between fidelity and perceptual enhancement.

13



Technical report

Table 3: Quantitative comparison of FlowMapSR with varying number of inference steps (NFE) (×4 and ×8 upscal-
ing). All FlowMapSR variants use wmax = 3.5 and a LoRA scale of 1.5, consistent with the FlowMapSR-2 configura-
tion. The best and second best results are highlighted in bold and underlined, respectively. Red cells denote the default
FlowMapSR-2 configuration used in Table 2 and Figure 3, while blue cells mark the best results when also considering
competing methods reported in Table 2.

Dataset (sup) NFE Reference metrics Non-reference metrics
PSNR↑ SSIM↑ LPIPS↓ DISTS↓ FID↓ NIQE↓ MANIQA↑ MUSIQ↑ CLIPIQA↑

DIV2K-Val (x4)
1 22.89 0.6703 0.2464 0.0986 14.03 3.750 0.3810 0.6248 0.4995
2 22.12 0.6412 0.2554 0.0995 13.05 3.036 0.4010 0.6431 0.5419
4 20.94 0.5881 0.3033 0.1126 13.55 2.775 0.4134 0.6575 0.5848

RealSR (x4)
1 21.74 0.6517 0.2636 0.1790 90.54 5.630 0.4949 0.6764 0.5196
2 20.42 0.5965 0.3011 0.1964 95.16 5.322 0.5362 0.6975 0.5901
4 19.15 0.5322 0.3598 0.2174 103.86 5.342 0.5607 0.7095 0.6204

DIV2K-Val (x8)
1 20.75 0.5981 0.3568 0.1499 27.97 3.857 0.3537 0.5914 0.4648
2 19.90 0.5671 0.3767 0.1469 28.25 3.197 0.3793 0.6135 0.5008
4 18.85 0.5223 0.4249 0.1525 29.82 3.077 0.3987 0.6311 0.5449

RealSR (x8)
1 19.28 0.5486 0.3886 0.2458 166.73 5.758 0.4536 0.6495 0.5178
2 17.96 0.4878 0.4190 0.2576 163.35 5.173 0.5042 0.6773 0.5746
4 16.67 0.4179 0.4773 0.2755 164.99 5.535 0.5309 0.6970 0.6127

Zoomed LR NFE : 2NFE : 1 Ground Truth

x8 x8 x8

x4 x4 x4

x4 x4 x4

x8 x8 x8

NFE : 4

Figure 5: Qualitative comparison of FlowMapSR with varying numbers of inference steps (NFE) for ×4 (rows 1–2)
and ×8 (rows 3–4) upscaling. The LR inputs are drawn from the DIV2K-Val dataset. Increasing NFE improves perceptual
quality, while fewer steps yield higher faithfulness to the reference, illustrating the trade-off quantified in Table 3.
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Table 4: Quantitative comparison of FlowMapSR with varying LoRA scale (×4 and ×8 upscaling). All FlowMapSR
variants use wmax = 3.5 with 2 inference steps, consistent with the FlowMapSR-2 configuration. The best and second best
results are highlighted in bold and underline, respectively. Red cells correspond to the default version of FlowMapSR-2 used
in Table 2 and Figure 3.

Dataset (sup) LoRA
scale

Reference metrics Non-reference metrics
PSNR↑ SSIM↑ LPIPS↓ DISTS↓ FID↓ NIQE↓ MANIQA↑ MUSIQ↑ CLIPIQA↑

DIV2K-Val (x4)

1 22.29 0.6520 0.2571 0.0958 12.92 3.170 0.3865 0.6309 0.5138
1.5 22.12 0.6412 0.2554 0.0995 13.05 3.036 0.4010 0.6431 0.5419
2 21.83 0.6224 0.2675 0.1093 13.43 2.928 0.4059 0.6456 0.5649
3 20.21 0.5232 0.3928 0.1800 19.20 3.569 0.4149 0.6323 0.6486

RealSR (x4)

1 20.50 0.6084 0.2891 0.1907 92.76 5.252 0.5285 0.6961 0.5753
1.5 20.42 0.5965 0.3011 0.1964 95.16 5.322 0.5362 0.6975 0.5901
2 20.22 0.5753 0.3274 0.2109 103.50 5.659 0.5271 0.6860 0.5967
3 19.39 0.5280 0.4140 0.2526 137.74 7.134 0.4991 0.6662 0.6009

DIV2K-Val (x8)

1 20.08 0.5782 0.3792 0.1415 27.86 3.313 0.3671 0.6021 0.4721
1.5 19.90 0.5671 0.3767 0.1469 28.25 3.197 0.3793 0.6135 0.5008
2 19.62 0.5457 0.3888 0.1645 30.45 3.022 0.3788 0.6115 0.5367
3 18.71 0.4670 0.4987 0.2392 43.63 3.592 0.3938 0.6136 0.6600

RealSR (x8)

1 18.07 0.5019 0.4041 0.2480 158.81 5.163 0.4989 0.6785 0.5634
1.5 17.96 0.4878 0.4190 0.2576 163.35 5.173 0.5042 0.6773 0.5746
2 17.80 0.4638 0.4563 0.2797 182.77 5.537 0.4791 0.6580 0.5814
3 17.76 0.4410 0.5492 0.3148 229.96 6.784 0.4491 0.6226 0.5954

Zoomed LR LoRA scale : 1 LoRA scale : 3LoRA scale : 2LoRA scale : 1.5 Ground Truth

x4

x4

x4 x4

x8 x8 x8

x8 x8 x8

x4 x4

x8

x8

x4

x4

Figure 6: Qualitative comparison of FlowMapSR with varying LoRA scale for ×4 (rows 1–2) and ×8 (rows 3–4)
upscaling. Inputs are from the DIV2K-Val dataset. Smaller LoRA scales better preserve fidelity to the reference, while
larger scales favor sharpness (eventually degrading quality with LoRA scale set to 3), consistent with the trade-off in Table 4.
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Table 5: Quantitative comparison of FlowMapSR with maximal positive-negative CFG scalewmax (×4 and ×8 upscal-
ing). The best and second best results are highlighted in bold and underlined, respectively. Blue cells mark the best results
when also considering competing methods reported in Table 2. All FlowMapSR variants use 2 inference steps, consistent
with the FlowMapSR-2 configuration, but are obtained without adversarial fine-tuning.

Dataset (sup)
Max.
CFG
scale

Reference metrics Non-reference metrics
PSNR↑ SSIM↑ LPIPS↓ DISTS↓ FID↓ NIQE↓ MANIQA↑ MUSIQ↑ CLIPIQA↑

DIV2K-Val (x4)

2 23.15 0.6759 0.2568 0.1015 11.93 3.489 0.3484 0.6042 0.4605
2.5 22.98 0.6675 0.2578 0.0987 12.08 3.314 0.3584 0.6068 0.4794
3 23.48 0.6913 0.2658 0.1052 12.50 4.052 0.3344 0.5822 0.4415

3.5 22.12 0.6413 0.2554 0.0995 13.05 3.036 0.4008 0.6433 0.5415
4 20.37 0.5530 0.3602 0.1612 15.34 5.072 0.4230 0.6068 0.6195

RealSR (x4)

2 22.32 0.6627 0.2402 0.1692 88.92 4.911 0.4473 0.6630 0.4860
2.5 22.08 0.6545 0.2450 0.1688 87.15 4.677 0.4634 0.6691 0.5106
3 22.77 0.6924 0.2180 0.1582 81.01 5.278 0.4435 0.6602 0.4755

3.5 20.43 0.5968 0.3009 0.1964 94.71 5.331 0.5368 0.6976 0.5910
4 18.75 0.5003 0.4191 0.2469 107.96 8.727 0.5513 0.6777 0.6371

DIV2K-Val (x8)

2 20.27 0.5807 0.3634 0.1420 27.59 3.331 0.3601 0.6118 0.4737
2.5 20.45 0.5818 0.3771 0.1494 28.57 3.270 0.3582 0.5926 0.4622
3 20.87 0.6091 0.3726 0.1499 28.75 4.158 0.3237 0.5629 0.4183

3.5 19.90 0.5671 0.3767 0.1469 28.31 3.199 0.3794 0.6135 0.5006
4 19.53 0.5334 0.4639 0.1988 30.71 4.553 0.3907 0.5634 0.5510

RealSR (x8)

2 18.78 0.5241 0.3695 0.2350 151.44 4.524 0.4542 0.6673 0.5238
2.5 18.98 0.5168 0.3835 0.2404 155.66 4.474 0.4540 0.6628 0.5383
3 19.40 0.5656 0.3465 0.2280 154.32 5.131 0.4342 0.6590 0.4978

3.5 17.96 0.4877 0.4188 0.2570 162.22 5.178 0.5034 0.6776 0.5749
4 17.64 0.4316 0.5353 0.2996 175.57 8.143 0.5140 0.6408 0.6261

Impact of the positive–negative CFG strength. Finally, we observe a similar trade-off when studying the impact of the
CFG scale used to train FlowMapSR (without adversarial fine-tuning), as shown in Table 5. Increasing the maximum
guidance strength wmax consistently improves perceptual quality, as indicated by non-reference metrics, with wmax = 4
yielding CLIPIQA scores that surpass competing methods. This gain, however, comes at the cost of reconstruction faithful-
ness: reference-based metrics degrade at higher guidance strengths, reflecting weaker alignment with the HR ground truth.
Lower CFG scales favor fidelity, though the optimal value is not straightforward: wmax = 2 performs best in terms of FID
and DISTS, while PSNR and SSIM peak at wmax = 3. Overall, we adopt wmax = 3.5 as a balanced compromise between
perceptual quality and faithfulness. Although adversarial fine-tuning does not change the quantitative metrics for this setting
(see Table 2), it leads to clear visual improvements in the generated HR images (see Figure 16 in Section C).

6 CONCLUSION

In this paper, we introduced FlowMapSR, a diffusion-based framework for image super-resolution built on Flow Map gen-
erative models and designed for fast inference. Unlike prior diffusion-based SR approaches based on teacher–student distil-
lation, FlowMapSR directly trains a large, expressive model while maintaining efficiency. The framework supports all three
Flow Map formulations (Lagrangian, Eulerian, and Shortcut) and incorporates two SR-specific enhancements: a unified
CFG-based positive–negative prompting strategy and a lightweight LoRA-based adversarial fine-tuning stage for control-
lable perceptual refinement at inference.

Empirically, the Shortcut formulation best accommodates these enhancements, while the Lagrangian and Eulerian variants
suffer from unstable training. We conjecture that this limitation could be alleviated through finer-grained loss control (Sabour
et al., 2025), which we leave for future work. Using the Shortcut variant as our default configuration, FlowMapSR achieves a
strong balance between reconstruction faithfulness and photorealism, outperforming competing diffusion-based SR methods
in qualitative realism. It produces more lifelike textures (especially, for human subjects), improved depth-of-field rendering,
and fewer overly sharp or glossy artefacts, all using a single model without scale- or degradation-specific conditioning. While
training is more expensive than distillation-based approaches, inference time remains competitive. Finally, our ablations
studies show that the fundamental SR trade-off is explicitly controlled by FlowMapSR hyperparameters: increasing the
number of inference steps, CFG strength, or LoRA scale improves perceptual quality, while lower values favor fidelity.

A current limitation of our approach is the reliance on Gaussian tiling at very high resolutions, which can introduce mild
blurring at the boundaries of generated images; such artefacts could likely be alleviated through more advanced tiling strate-
gies. Additionally, our procedure may exhibit noticeable color shifts, a phenomenon commonly observed in diffusion models
(Deck & Bischoff, 2023). In practice, FlowMapSR could be combined with GPU-like post-processing techniques to correct
these shifts, as explored for instance in Feydy et al. (2019). We hope our results motivate further exploration of Flow Map
models for other image-to-image translation tasks, such as object removal and relighting, depth and normal estimation.
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ORGANIZATION OF THE SUPPLEMENTARY

The appendix is organized as follows. Section A first presents complementary theoretical material related to the Flow
Map models introduced in Section 3. Section B then provides additional implementation details regarding the data, model
architecture, training procedure, and inference setup used in our experiments. Finally, Section C reports further qualitative
results for ×4 and ×8 super-resolution, including comparisons with competing methods on additional synthetic and real-
world samples, as well as extended analyses of the ablation studies discussed in Section 5.

A THEORETICAL DETAILS

A.1 BACKGROUND ON FLOW MATCHING AND FLOW MAP MODELS

In the case where the interpolant It admits the general form It = αtX0 + βtX1, a velocity field candidate for the generative
ODE (1) is given by vt(x) = E[vtarget

FM |It = x] where vtarget
FM = İt = α̇tX0+ β̇tX1 is the conditional target velocity. Following

Boffi et al. (2025a), the loss target in the SD optimization problem (9) related to this general SI writes as follows

1. Lagrangian SD (LSD) loss
utarget

LSD = uθs,s
(
It − (t− s)uθs,t(It)

)
+ (t− s)∂su

θ
s,t(It) , (18)

2. Eulerian SD (ESD) loss
utarget

ESD = uθt,t(It)− (t− s)
(
∇uθs,t(It)uθt,t(It) + ∂tu

θ
s,t(It)

)
, (19)

3. Shortcut SD (SSD) loss

utarget
SSD =

t− r

t− s
uθr,t(It) +

r − s

t− s
uθs,r

(
It − (t− r)uθr,t(It)

)
, r ∼ q(r|s, t) , (20)

where q(r|t, s) is a time distribution on {r ∈ [0, 1] : s < r < t}. These expressions are derived from straightforward
computations on the Flow Map (8), summarized below as an informal counterpart to the proofs in Boffi et al. (2025a).

Proof. Lagrangian setting. By computing the derivative of the Flow Map (8) evaluated in the trajectory (Xt)t∈[0,T ] with
respect to time variable s, we have

dXs,t(Xt)

ds
= us,t(Xt)− (t− s)∂sus,t(Xt) ,

By definition of the Flow Map given in (7), we also have that dXs,t(Xt)/ds = vs(Xs,t(Xt)). By combining these two
results, we obtain the Lagrangian characterization

us,t(Xt) = vs(Xs,t(Xt)) + (t− s)∂sus,t(Xt)

= us,s(Xs,t(Xt)) + (t− s)∂sus,t(Xt) .

After replacing u by uθ in the previous equality, we obtain the LSD target (18) from the right term.

Eulerian setting. By computing the derivative of the Flow Map (8) evaluated in the trajectory (Xt)t∈[0,T ] with respect to
time variable t, we have

dXs,t(Xt)

dt
=

dXt

dt
− us,t(Xt)− (t− s)

dus,t(Xt)

dt
= vt(Xt)− us,t(Xt)− (t− s)(∇us,t(Xt)vt(Xt) + ∂tus,t(Xt)) .

By definition of the Flow Map given in (7), we also have that dXs,t(Xt)/dt = vt(Xt) − vt(Xt) = 0. By combining these
two results, we obtain the Eulerian characterization

us,t(Xt) = vt(Xt)− (t− s)(∇us,t(Xt)vt(Xt) + ∂tus,t(Xt))

= ut,t(Xt)− (t− s)(∇us,t(Xt)ut,t(Xt) + ∂tus,t(Xt)) .

After replacing u by uθ in the previous equality, we obtain the ESD target (19) from the right term.

Shortcut setting. By definition of the Flow Map given in (7), we have for any time r ∈ (s, t)

Xs,t(Xt) = Xs,r(Xr,t(Xt)) .

When substituting the parametrization (8) in the previous equality, we obtain the Shortcut characterization
Xt − (t− s)us,t(Xt) = {Xt − (t− r)ur,t(Xt)} − (r − s)us,r(Xr,t(Xt))

⇐⇒ us,t(Xt) =
t− r

t− s
ur,t(Xt) +

r − s

t− s
us,r(Xr,t(Xt)) .

After replacing u by uθ in the previous equality, we obtain the SSD target (20) from the right term.

21



Technical report

Simplifications with the standard interpolant. Now assume that we have It = (1− t)X0 + tX1. To obtain the objective
functions presented in Section 3.2, we proceed to the following simplifications: (a) taking inspiration from the conditional
trick in FM, we replace each occurrence of the marginal velocity field (uθs,s in LSD loss, uθt,t in ESD loss) by the conditional
velocity field, exactly defined as vtarget

FM = X1 − X0, which has the computational advantage to be constant over the whole
interpolant, (b) following Frans et al. (2025), we deterministically set q(r|s, t) = δ(s+t)/2(r) in SSD formulation.

A.2 GENERALIZATION OF CFG TO THE FLOW MAP SETTING

To incorporate CFG into Flow Map models, we suggest to replace the target velocity field vt by its CFG counterpart (5),
where the class-unconditional velocity vt(·|∅) is legitimately substituted by ut,t(·|∅). This naturally leads to the CFG-based
loss for the FM setting detailed in (13), which is unchanged in the general SI setting (recalling that we now have vtarget

FM = İt).
With this paradigm, the SD targets defined in Section A.1 naturally turn into the following CFG-based targets

1. CFG-based Lagrangian SD (cfg-LSD) loss

utarget
cfg-LSD = vtarget

cfg-FM + (t− s)∂su
θ
s,t(It|c) ,

vtarget
cfg-FM = wuθs,s

(
It − (t− s)uθs,t(It|c) | c

)
+ (1− w)uθs,s

(
It − (t− s)uθs,t(It|∅) | ∅

)
,

2. CFG-based Eulerian SD (cfg-ESD) loss

utarget
cfg-ESD = vtarget

cfg-FM − (t− s)
(
∇uθs,t(It|c)v

target
cfg-FM + ∂tu

θ
s,t(It|c)

)
,

vtarget
cfg-FM = wuθt,t(It|c) + (1− w)uθt,t(It|∅) ,

3. CFG-based Shortcut SD (cfg-SSD) loss

utarget
cfg-SSD =

t− r

t− s
uθr,t(It|c) +

r − s

t− s
uθs,r

(
It − (t− r)uθr,t(It|c) | c

)
, r ∼ q(r|t, s) .

Simplifications with the standard interpolant. Now assume that we have It = (1 − t)X0 + tX1. To obtain the CFG-
based SD objectives presented in Section 3.3, we apply the same simplifications as in the unconditional setting: in particular,
we replace each occurrence of the class-conditional marginal velocity field in LSD and ESD settings by its conditional
counterpart vtarget

FM = X1 −X0, thus avoiding extra model evaluations, and set q(r|s, t) = δ(s+t)/2(r) in SSD setting.

B IMPLEMENTATION DETAILS

B.1 GENERAL SETTINGS

Data. We assemble a collection of publicly available, free-to-use images to construct the LR–HR training dataset D. To
generate synthetic LR images from HR ground truth, we adapt the widely used degradation pipeline of Wang et al. (2021),
applying the following operations in sequence:

1. Moderate blurring: applied with 80% probability;
2. Downscaling (core operation): applied systematically using a random scale sdown ∼ U(0.1, 1) and a randomly

chosen interpolation mode (nearest, area, bilinear, or bicubic);
3. Addition of low-level noise: Gaussian noise with 50% probability, otherwise Poisson noise;
4. JPEG compression: applied systematically with the default compression level from Wang et al. (2021).

To match the spatial resolution of the HR image and define a valid interpolant for the Flow Map formulation, the degraded
output is resized back using a random interpolation mode, followed by additional blurring and pixel-value clamping. Both
HR and LR images are then rescaled to the range [−1, 1]. Since we operate in latent space to leverage large pre-trained
diffusion models, both HR and synthetically generated LR images are embedded using the pre-trained variational encoder
from (Podell et al., 2024).

To support training across multiple resolutions, we adopt a bucketing strategy (Podell et al., 2024) that accommodates varying
aspect ratios and image sizes. The specific configuration depends on the scalability of each Flow Map variant:

• SSD setting: pixel budgets of [5122, 10242] sampled with probabilities [0.2, 0.8] and batch sizes [4, 2], respectively, to fit
within a single H100 GPU; aspect ratios are sampled in [1/4, 4].
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• LSD and ESD settings: pixel budgets of [2562, 5122] with the same sampling probabilities and batch sizes as in the SDD
setting. Higher resolutions could not be accommodated due to memory constraints during training, which could not be
alleviated by multi-GPU sharding owing to software limitations imposed by the use of the jvp package. Aspect ratios are
again sampled in [1/4, 4].

Architectures. In the FlowMapSR framework described in Section 4, we employ three neural network components:
(A) Flow Map model uθs,t. This component is implemented as a UNet with an architecture inspired by the SDXL text-
to-image diffusion model (Podell et al., 2024). Conditioning is handled via projection-based embeddings. Specifically, to
evaluate the model at a timestep pair (s, t), we apply positional encodings to each input, using 256 channels per timestep
by default. In addition, conditioning on positive or negative text prompts is achieved through a frozen CLIP text encoder,
producing embeddings of dimension 1280. Overall, the resulting model contains approximately 2.5B parameters.

(B) Dynamic weighting function λψs,t. This component is implemented as a lightweight neural network. It consists of
positional embeddings of s and t (256 channels each), whose outputs are concatenated into a 512-dimensional vector and
passed through a two-layer MLP (512 → 1 with SiLU activation, followed by 1 → 1). The final layer is initialized to zero
using Kaiming uniform initialization, ensuring that the initial weighting is constant and equal to 1 across all timestep pairs.
As a result, this network is extremely compact, with fewer than 1k parameters.
(C) Discriminator Dϕ. It follows a patch-based architecture in the style of Pix2Pix (Isola et al., 2017). It comprises four
Conv2d layers with 64, 128, 256, and 512 channels, respectively. Group normalization is applied after each layer except
the first, followed by a SiLU activation. A final Conv2d layer with a single output channel produces a patch-wise output of
spatial size (w/8− 2, h/8− 2) for an input of size (w, h). The discriminator contains approximately 2.8M parameters.

B.2 TRAINING PROCEDURE

Initialization of unconditional FlowMapSR. For unconditional models, we initialize the network using the Latent Bridge
Matching (LBM) image deblurring checkpoint from Chadebec et al. (2025b), which provides a strong initialization for image
restoration. Although the LBM interpolant is defined as a Brownian bridge—i.e., a stochastic variant of the standard FM
interpolant with added Gaussian noise scaled by σt = σ

√
t(1− t)—this initialization remains appropriate in our setting,

since the noise level is negligible (σ = 5× 10−3). As the LBM model is unconditional, we load only the shared parameters,
leaving class-embedding weights randomly initialized.

Initialization of CFG-based FlowMapSR. CFG-based models are initialized from their corresponding unconditional
FlowMapSR counterparts, previously trained without guidance. As before, only shared parameters are loaded, while class-
embedding weights are initialized randomly.

Time-dependent regularization with perceptual loss. We set the time-dependent perceptual weight as λLPIPS
s = 5 ×

exp(−4s), which we found to balance effective pixel-level regularization with minimal bias toward the FM-SD objective.
To reduce memory usage, we follow the random cropping strategy of Chadebec et al. (2025b), computing the LPIPS loss
on randomly sampled patches from X0 and X̂0. In all experiments, the maximum patch size is fixed to 5122.

Discrete timestep sampling. Let {tk}Kk=0 denote a discretization of [0, 1] into K uniform sub-intervals. We set dmax = 7,
corresponding to a finest discretization of 27 + 1 = 129 timesteps. The joint sampling distribution q̄(s, t) is defined as
follows, depending on the loss type:
• FM loss. With 75% probability, we set d = dmax, sample k uniformly from {0, . . . ,Kd}, and take s = t = tk.
• SD loss (LSD/ESD). With 25% probability, we sample d uniformly from {0, . . . , dmax}, then sample k uniformly from
{1, . . . ,Kd} and k′ uniformly from {0, . . . , k}, setting (s, t) = (tk′ , tk).
• SD loss (SSD). With 25% probability, we sample d uniformly from {0, . . . , dmax − 1}, sample k uniformly from
{1, . . . ,Kd}, and set (s, t) = (tk−1, tk). While more restrictive than the LSD/ESD setting, this choice simplifies the
definition of the midpoint r = (s+ t)/2 and matches the protocol of Frans et al. (2025).

Positive–negative prompting guidance & LoRA-based adversarial fine-tuning. Following standard CFG practice, we
sample the positive prompt cpos with 90% probability and the negative prompt cneg with 10% probability. We set λadv = 0.1
and fix the LoRA rank to 64 across all experiments.

Optimization details. Training instances of FlowMapSR begins with a pure FM warm-start phase of 5k iterations, fol-
lowed by 5k iterations of unconditional self-distillation and an additional 3k iterations with CFG. Adversarial fine-tuning
then proceeds for 2.5k to 4k iterations, depending on RPGAN convergence. The effective batch size is fixed to 256 using
gradient accumulation. We use AdamW with default hyperparameters, setting the learning rate to 4 × 10−5 for the Flow
Map model and 10−4 for the discriminator. Since the initial LBM checkpoint is already well aligned with our framework,
we do not employ EMA, which we found to degrade performance.
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B.3 UNSUCCESSFUL ENHANCEMENT STRATEGIES

In preliminary experiments, we explored several alternative strategies to further enhance SR performance. However, none of
the approaches described below led to measurable improvements over our final configuration.

(a) Conditioning on the upscaling factor sup. We investigated explicitly conditioning the Flow Map model on the target
upscaling factor using positional encodings with appropriate scaling, but it did not yield any noticeable performance gains.
(b) Fourier coefficient matching loss. Inspired by (Wu et al., 2025), we evaluated the use of Fourier coefficient matching as
an additional pixel-level regularization term, using the same coefficient settings as for the LPIPS loss. In our experiments,
this approach did not improve output sharpness or visual quality.
(c) Pixel-space RPGAN fine-tuning. To exhaustively explore adversarial training options, we also experimented with align-
ing pixel-space distributions after CFG training. To mitigate memory constraints, we adopted the same random cropping
strategy as for LPIPS regularization, evaluating the discriminator on randomly sampled patches from X̂adv

0 and X0, with
a maximum patch size of 5122. This approach consistently produced inferior results compared to our default latent-space
adversarial fine-tuning. Representative qualitative examples are shown in Figure 16.

C ADDITIONAL RESULTS

Additional comparison with competing methods. In this section, we complement the main results of Section 5. To
demonstrate the consistency of FlowMapSR across upscaling factors, we report quantitative results on DIV2K-Val for ×2
SR in Table 6, with qualitative examples in Figure 9. These results align with those observed for ×4 and ×8 upscaling in
Section 5. We further present qualitative comparisons for ×4 upscaling on DIV2K-Val (Figure 10) and RealSR (Figure 11),
as well as for ×8 upscaling on DIV2K-Val (Figure 12) and RealSR (Figure 13). Real-world LR inputs from the RealSet65
dataset are also included in Figure 14 for both ×4 and ×8 SR. Across all settings, FlowMapSR consistently recovers fine-
grained structures aligned with HR references, produces lifelike textures, particularly for human and animal details (e.g.,
rows 5–8 in Figure 10, rows 3–4 in Figure 14, and rows 2, 3, and 7 in Figure 12), and avoids visually disruptive artifacts.
Moreover, FlowMapSR more faithfully preserves realistic depth of field, where competing methods often fail (e.g., row 7 in
Figure 10, rows 2 and 7 in Figure 11, and row 8 in Figure 12).

Ablation studies. We further provide complementary qualitative analyses to illustrate the effect of key design choices
in FlowMapSR. In Figure 7, we compare deterministic CFG training with the stochastic CFG strategy proposed in this
work, observing reduced sharpness and increased artifacts under deterministic guidance. In Figure 15, we report additional
examples for the Lagrangian and Eulerian FlowMapSR variants, with and without CFG: the Lagrangian formulation dete-
riorates rapidly as CFG strength increases, while the Eulerian variant remains more stable but struggles to produce visually
compelling results. In Figure 16, we analyze the impact of adversarial fine-tuning in the Shortcut formulation, comparing
latent-space and pixel-space RPGAN approaches under both unconditional and CFG-based training. Latent-space adversar-
ial fine-tuning consistently yields superior visual quality, and its benefits are significantly amplified when combined with
CFG. These observations motivate our final design choice, where adversarial fine-tuning is applied jointly with CFG rather
than in isolation. Finally, we provide additional qualitative examples for the ablation studies on the number of inference
steps (Figure 17) and the LoRA scale (Figure 18), which further confirm the trends discussed in Section 5.

Zoomed LR CFG scale : 1.5 (deter.) CFG scale : 2 (deter.) CFG scale : 2.5 (deter.) Max. CFG scale : 3.5 Ground Truth

Figure 7: Qualitative comparison of CFG-enhanced Shortcut variants of FlowMapSR for ×4 upscaling (deterministic
vs stochastic). We compare several deterministic choices of the guidance scale w with the default stochastic CFG con-
figuration (wmax = 3.5). Adversarial fine-tuning is not applied in these comparisons. The LR images are taken from the
Div2K-Val dataset.
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Input

Input

FlowMapSR-2

FlowMapSR-2

Ground Truth

Ground Truth

Figure 8: Examples of tiling failure in FlowMapSR for ×4 upscaling. The LR inputs are drawn from the DIV2K-Val
dataset. For HR images, we display the same zoomed region (blue for FlowMapSR, green for ground truth).

Visual limitation of FlowMapSR. We observe in some cases that the Gaussian tiling strategy used in FlowMapSR to
generate HR images with resolution exceeding 1024 × 1024 introduces visible artefacts, manifested as blurry rectangular
regions near image boundaries, see Figure 8. We conjecture that this limitation may contribute to the inferior performance
observed on non-reference evaluation metrics in Table 2, as such artefacts degrade image sharpness and perceptual realism.
Addressing and improving the tiling procedure is left for future work.
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Table 6: Quantitative comparison between FlowMapSR and competing SR methods (×2 upscaling). The best and
second best results are highlighted in bold and underlined, respectively.

Dataset (sup) Method Reference metrics Non-reference metrics
PSNR↑ SSIM↑ LPIPS↓ DISTS↓ FID↓ NIQE↓ MANIQA↑ MUSIQ↑ CLIPIQA↑

DIV2K-Val (×2)

Real-ESRGAN 25.16 0.7829 0.2123 0.1050 14.75 3.855 0.4122 0.6450 0.5515
OSEDiff-1 22.72 0.6931 0.2363 0.1063 17.78 3.386 0.4533 0.6894 0.6183
S3Diff-1 22.39 0.6748 0.2316 0.1034 10.97 3.715 0.3700 0.6175 0.5045
FlowMapSR-2 23.82 0.6989 0.1999 0.0770 7.16 2.904 0.3892 0.6390 0.5356

Zoomed LR Real-ESRGAN OSEDiff-1 S3Diff-1 FlowMapSR-2 (ours) Ground Truth

Figure 9: Qualitative comparison between FlowMapSR and competing SR methods for ×2 upscaling on DIV2K-Val.
Visually, FlowMapSR more faithfully recovers fine details, textures and depth of field while maintaining high overall image
quality with no noticeable artifacts.
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Zoomed LR Real-ESRGAN OSEDiff-1 S3Diff-1 FlowMapSR-2 (ours) Ground Truth

Figure 10: Qualitative comparison between FlowMapSR and competing SR methods for ×4 upscaling on DIV2K-Val.
This is complementary to Figure 3.
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Zoomed LR Real-ESRGAN OSEDiff-1 S3Diff-1 FlowMapSR-2 (ours) Ground Truth

Figure 11: Qualitative comparison between FlowMapSR and competing SR methods for ×4 upscaling on RealSR.
This is complementary to Figure 3.
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Zoomed LR Real-ESRGAN OSEDiff-1 S3Diff-1 FlowMapSR-2 (ours) Ground Truth

Figure 12: Qualitative comparison between FlowMapSR and competing SR methods for ×8 upscaling on DIV2K-Val.
This is complementary to Figure 3.
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Zoomed LR Real-ESRGAN OSEDiff-1 S3Diff-1 FlowMapSR-2 (ours) Ground Truth

Figure 13: Qualitative comparison between FlowMapSR and competing SR methods for ×8 upscaling on RealSR.
This is complementary to Figure 3.
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LR image Zoomed LR S3Diff-1OSEDiff-1 FlowMapSR-2 (ours)

x8 x8 x8

x8 x8 x8

x4 x4 x4

x4 x4 x4

x8 x8 x8

x8 x8 x8

x4 x4 x4

x4 x4 x4

Figure 14: Qualitative comparison between FlowMapSR and competing diffusion-based SR methods on real-world
LR inputs for ×4 and ×8 upscaling. The LR images are taken from the RealSet65 dataset. This is complementary to
Figure 4.
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Zoomed LR

Ground Truth

Eulerian Eulerian Eulerian Eulerian Eulerian

Lagrangian Lagrangian Lagrangian Lagrangian Lagrangian

Zoomed LR

Ground Truth

Eulerian Eulerian Eulerian Eulerian Eulerian

Lagrangian Lagrangian Lagrangian Lagrangian Lagrangian

Zoomed LR

Ground Truth

Eulerian Eulerian Eulerian Eulerian Eulerian

Lagrangian Lagrangian Lagrangian Lagrangian Lagrangian

Without CFG Max. CFG scale : 1.5 Max. CFG scale : 2.5 Max. CFG scale : 3.5 Max. CFG scale : 4

Zoomed LR

Ground Truth

Eulerian Eulerian Eulerian Eulerian Eulerian

Lagrangian Lagrangian Lagrangian Lagrangian Lagrangian

Figure 15: Qualitative comparison of positive-negative CFG enhancement applied to LSD- and ESD-based
FlowMapSR for ×4 and ×8 upscaling. The LR images are taken from the Div2K-Val dataset. This is complementary
to Figure 2.
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Zoomed LR

Ground Truth

Latent GAN Latent GAN Latent GAN Latent GAN Latent GAN

Pixel GAN Pixel GAN Pixel GAN Pixel GAN Pixel GAN

Base Base Base Base Base

Zoomed LR

Without CFG Max. CFG scale : 1.5 Max. CFG scale : 2.5 Max. CFG scale : 3.5 Max. CFG scale : 4

Ground Truth

Latent GAN Latent GAN Latent GAN Latent GAN Latent GAN

Pixel GAN Pixel GAN Pixel GAN Pixel GAN Pixel GAN

Base Base Base Base Base

Figure 16: Qualitative comparison of adversarially finetuned Shortcut variants of FlowMapSR for ×4 upscaling. The
green setting (wmax = 3.5 & latent RPGAN) is the default configuration used in our main experiments. The LR images
are taken from the Div2K-Val dataset. For each LR–HR pair, increasing the CFG scale alone (first row) already leads
to noticeably sharper results, reflecting improved perceptual quality. When adversarial fine-tuning is additionally applied,
texture fidelity and sharpness further improve. This effect is especially pronounced when fine-tuning is performed in latent
space (third row), whereas pixel-space fine-tuning yields only marginal gains (second row). Overall, combining CFG with
latent adversarial fine-tuning produces superior visual results compared to using solely CFG or adversarial fine-tuning on the
standard FlowMapSR model.
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x4 x4 x4

x4

x4 x4 x4

x4 x4

Zoomed LR Ground Truth

x8 x8 x8

x8 x8 x8

x8 x8 x8

NFE : 2NFE : 1 NFE : 4

Figure 17: Qualitative comparison of FlowMapSR with varying numbers of inference steps (NFE) for ×4 (rows 1–3)
and ×8 (rows 4–6) upscaling. The LR inputs are drawn from the DIV2K-Val dataset. This is complementary to Figure 5.
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x4 x4 x4

Zoomed LR LoRA scale : 1 LoRA scale : 1.5 LoRA scale : 3LoRA scale : 2 Ground Truth

x4

x4 x4 x4

x4 x4

x4 x4 x4

x8 x8 x8

x8 x8 x8

x8 x8 x8x8

x8

x8

x4

x4

x4

Figure 18: Qualitative comparison of FlowMapSR with varying LoRA scale for ×4 (rows 1–3) and ×8 (rows 4–6)
upscaling. The LR inputs are drawn from the DIV2K-Val dataset. This is complementary to Figure 6.
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