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Abstract

Blind face restoration inherently struggles with the001
perception-distortion trade-off. Regression-based methods002
minimize distortion but inevitably produce over-smoothed,003
blurry textures, while generative models synthesize sharp004
details but suffer from prohibitive computational latency or005
structural identity shifts. Recent flow-matching paradigms006
elegantly reconcile this conflict by explicitly transporting007
the distortion-optimal posterior mean to the natural image008
manifold; however, they still rely on computationally expen-009
sive ODE solvers. In this work, we propose DirectFlow to010
achieve this balance in a single forward pass. Rather than011
naively matching ground-truth images, DirectFlow distills012
the transported posterior mean of a Rectified Flow teacher013
directly into a latent consistency model. We repurpose the014
teacher’s velocity field as a distributional critic, pulling015
single-step predictions towards true data manifold peaks016
without solver integration error. Furthermore, to dynami-017
cally adapt to diverse degradations, we introduce a semantic018
adapter paired with Low-Rank Adaptation (LoRA) in the019
UNet’s cross-attention layers. By a two-stage optimization020
schedule that first aligns conditioning modules and then021
freezes spatial pathways during LoRA refinement, this strat-022
egy enables continuous, degradation-aware conditioning023
without compromising the foundational generative prior. Ex-024
tensive experiments demonstrate that one-step DirectFlow025
matches the perceptual quality of a 25-step flow-matching026
teacher while accelerating inference by 7.5×, establishing027
a highly efficient state-of-the-art architecture for real-time,028
high-fidelity blind face restoration.029

1. Introduction030

The restoration of high-quality face images from degraded031
observations (encompassing blur, noise, compression ar-032
tifacts, and downsampling) is an ill-posed inverse prob-033
lem whose solution space is governed by the perception-034
distortion trade-off [2, 3, 32]. This theorem proves that min-035
imizing pixel-level distortion (MSE/PSNR/SSIM [48]) in-036
evitably degrades perceptual quality (FID [11]/LPIPS [61]),037
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Figure 1. Trajectory analysis of restoration frameworks. (a) Itera-
tive diffusion paths are highly curved, causing naive one-step con-
sistency jumps to fail. (b) DirectFlow constructs a direct mapping
to the transported posterior mean, attempting to achieve optimal
perceptual quality in a single step.

and vice versa. The field has historically navigated this 038
trade-off through two extreme paradigms: 039
Regression models (MMSE estimators). Methods min- 040
imizing L1/L2 losses learn the conditional expectation 041
X̂∗ = E[X|Y ], representing the posterior mean. While 042
uniquely minimizing expected distortion, this approach aver- 043
ages over all plausible high-quality images. This averaging 044
suppresses high-frequency detail and produces smooth, over- 045
regularized textures. Architectures such as SwinIR [21] 046
epitomize this regime by achieving excellent PSNR at the 047
direct cost of poor perceptual realism. 048
Iterative generative models. Diffusion-based restorers [23, 049
45, 51] instead sample individual instances x ∼ p(x|y) from 050
the posterior distribution. Each sample is sharp and photore- 051
alistic. However, stochastic variation elevates distortion, and 052
the iterative denoising process requires 20 to 50 neural func- 053
tion evaluations (NFEs), precluding real-time deployment. 054
Moreover, because these methods typically initiate sampling 055
from noise, they introduce output uncertainty that is undesir- 056
able for deterministic restoration, and the randomness can 057
manifest as identity or structure drift even when perceptual 058
sharpness is high. 059

1.1. The Transported Posterior Mean 060

Recent advances in optimal-transport-based image restora- 061
tion [35] identify a theoretically appealing middle ground. 062
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Rather than sampling from the posterior p(x|y), these063
methods construct a deterministic mapping from the pos-064
terior mean to the natural-image manifold via a Rectified065
Flow [24, 26]. Concretely, a velocity field vϕ(xt, t) de-066
fines an ordinary differential equation (ODE) whose solution067
transports the MMSE estimate X̂∗ onto the data manifold:068

dx

dt
= vϕ(xt, t), x(0) = X̂∗

x(1) = X̂0 ∈ supp(pdata)

 (1)069

As illustrated in Fig. 1(a), standard diffusion requires fol-070
lowing a curved trajectory where naive one-step consistency071
jumps fail to reach the high-quality manifold. By contrast,072
optimal transport straightens this path. The resulting end-073
point X̂0 (the transported posterior mean) achieves the min-074
imum MSE among all estimators constrained to lie on the075
natural-image manifold [35]. Although this transported state076
represents an optimal perceptual estimator [3, 35], obtain-077
ing it requires integrating the ODE across multiple steps.078
This iterative dependency introduces a prohibitive inference079
latency that renders real-time execution infeasible. Stan-080
dard one-step distillation seems like the straight-forward081
path, but in practice it is brittle: reduced-capacity students082
and teacher–student trajectory mismatch often prevent naive083
distillation from matching the multi-step teacher, and the084
distillation targets themselves typically require running the085
teacher solver for many steps, creating a hidden training-086
time and storage burden. Further, latent-space distillation087
compounds the issue by injecting an information bottleneck088
through the VAE, which can blunt fine textures and seman-089
tic fidelity. To overcome this prohibitive latency, we frame090
blind restoration through the lens of latent consistency mod-091
els [29, 43], which natively map any arbitrarily degraded092
state along a transport trajectory directly to its optimal high-093
quality origin in a single step.094

1.2. Our Approach and Contributions095

We propose DirectFlow, the first framework to distill the096
transported posterior mean trajectory into a single-step stu-097
dent network. As depicted in Fig. 1(b), DirectFlow circum-098
vents integration latency by modeling restoration as a com-099
piled optimal transport map. The student directly learns the100
hypotenuse vector connecting the degraded input to the trans-101
ported posterior mean, bypassing the intermediate MMSE102
state entirely. Rather than targeting ground-truth images103
or sampling from the posterior, DirectFlow trains a Latent104
Consistency Model [17, 29] student to predict the frozen105
teacher’s multi-step output in one forward pass.106

To realize this, our framework introduces three key inno-107
vations, which form our primary contributions:108

1. We formalize cross-space knowledge transfer between109
pixel-space teachers and latent-space students. By pro-110
jecting the teacher’s endpoint X† = T (X̂∗(Y )) into the111

student’s latent space using a shared frozen VAE encoder, 112
we achieve highly efficient distillation with minimal in- 113
formation loss. 114

2. To adapt dynamically to diverse corruptions, we introduce 115
a synergistic fine-tuning strategy combining a semantic 116
adapter with Low-Rank Adaptation (LoRA) of the base 117
UNet. By injecting stage-aligned spatial encoder and 118
degradation tokens into LoRA-augmented UNet, we em- 119
power the network to actively attend to degradation hints. 120

3. We repurpose the frozen teacher’s velocity field as a 121
distributional critic. By querying the teacher’s flow at 122
the student’s output, SGCL pushes predictions toward 123
probability-density peaks, overcoming the information 124
bottleneck inherent to latent-space distillation. 125

Extensive experiments demonstrate that DirectFlow achieves 126
perceptual quality competitive with a 25-step flow-matching 127
teacher at 7.5× faster inference, creating a highly efficient 128
state-of-the-art method for real-time blind face restoration. 129

2. Related Work 130

2.1. Blind Face Restoration 131

GAN-based approaches. Early methods relied on geo- 132
metric priors like facial landmarks or parsing maps [7, 56]. 133
GFPGAN [46] exploits pre-trained generative facial priors 134
to hallucinate realistic textures, while CodeFormer [63] and 135
VQFR [8] replace the GAN prior with discrete codebook 136
lookup transformers for improved robustness. Both achieve 137
single-pass inference but struggle with severe degradations 138
and can introduce identity shifts due to the limited expres- 139
siveness of their generative priors [54]. 140
Diffusion-based approaches. DiffBIR [23] and DR2 [51] 141
leverage pre-trained Stable Diffusion [40] as a generative 142
prior, conditioning the denoising process on the degraded 143
input. StableSR [45] further introduces time-aware feature 144
modulation for controllable super-resolution, following prin- 145
ciples of iterative refinement established in SRDiff [16]. 146
These methods achieve state-of-the-art perceptual quality 147
but require 20–50 NFEs per image, rendering them impracti- 148
cal for real-time applications. 149
Flow-based optimal estimation. PMRF [35] introduces 150
the posterior-mean rectified-flow paradigm: first compute 151
the MMSE estimate via a regression network, then transport 152
it onto the natural-image manifold via a learned Rectified 153
Flow [25, 26]. The result is provably the closest point on the 154
data manifold to the posterior mean in the optimal-transport 155
sense [44]. However, it still requires 25 iterative ODE steps. 156

2.2. Distillation for Diffusion Models 157

Progressive distillation [41] halves the number of sampling 158
steps by training a student to match pairs of consecutive 159
teacher steps. Consistency Models [43] enforce a self- 160
consistency property: any point on the ODE trajectory maps 161
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Figure 2. (Left) Inference step comparison, highlighting the computational bottleneck of iterative generative models. (Right) Qualitative
results across diverse degradations. Regression models yield over-smoothed outputs, while flow-matching models (PMRF) recover
photorealistic details but require 25 iterative steps. Standard distillation (InterLCM) achieves one-step inference but suffers from latent VAE
bottlenecks. DirectFlow achieves the perceptual sharpness of the 25-step teacher in a single forward pass.

to the same origin, enabling single-step generation. Latent162
Consistency Models (LCM) [28] and ADD [42] extend this163
idea to the latent space of Stable Diffusion, achieving 1–4164
step text-to-image generation. InterLCM [17] adapts the165
LCM framework specifically for controllable face restora-166
tion with dedicated visual and spatial encoders. Our work167
draws inspiration from these consistency-based distillation168
ideas but targets a fundamentally different objective: we169
distill the transported posterior mean rather than an uncondi-170
tional generation trajectory, and we introduce a cross-space171
bridge to handle the mismatch between teacher and student172
representation domains.173

2.3. Adapter Injection for Frozen Diffusion Models174

Injecting new conditioning signals into frozen diffusion UN-175
ets is a well-studied problem, with approaches varying along176
two axes: what is injected (spatial maps, tokens, style vec-177
tors) and how it is injected (cross-attention, residual addition,178
gated fusion) [12, 34].179

Spatial conditioning. ControlNet [60] copies the en-180
coder half of the UNet and connects outputs through zero-181
initialized 1×1 convolutions, ensuring the model starts from182
its pre-trained state. While highly effective, this doubles the183
model size (>300M parameters). T2I-Adapter [34] employs184
lightweight feature-matching networks that inject multi-scale185
spatial features into the UNet’s encoder blocks, achieving186
similar controllability at lower cost. Similar lightweight187
strategies have been explored in X-Adapter [58] for upgrad-188
ing model versions.189

Gated and grounded injection. GLIGEN [19] introduces190
gated self-attention layers with initialized gates for open-set191
grounded generation, allowing spatial grounding of text-to-192
image synthesis. Uni-ControlNet [62] and UniControl [38]193
unify multiple control signals through shared adapters and194
task-routing mechanisms.195

Token-level conditioning. IP-Adapter [55] injects image196

features through decoupled cross-attention with learned 197
projection layers, maintaining text compatibility while 198
adding image-based control. Ctrl-Adapter [22] and Pho- 199
toMaker [20] provide flexible frameworks for adapting ex- 200
isting ControlNet-trained modules or identity-preserved to- 201
kens to new diffusion backbones. Our semantic adapter 202
(described in Section 3.3.1) inherits the zero-initialization 203
stability principle of ControlNet [60] but operates on token- 204
level conditioning rather than spatial feature maps, achieving 205
a fundamentally more parameter-efficient design (∼>300M 206
parameters). Unlike IP-Adapter, which targets text-image 207
alignment via CLIP features [39], our adapter leverages DI- 208
NOv2’s [36] self-supervised features specifically for their 209
sensitivity to degradation patterns. 210

2.4. Self-Supervised Visual Features for Restoration 211

Self-supervised learning (SSL) provides robust pre-trained 212
priors for vision tasks. Early generative SSL, such as 213
MAE [10] and SimMIM [52], focuses on structural recon- 214
struction but often overlooks fine-grained textures. Simi- 215
larly, contrastive and semantic frameworks like SimCLR [5], 216
MoCo [9], and CLIP [39] provide high-level guidance but 217
tend to discard low-level degradation patterns due to their 218
focus on semantic invariance [30]. 219

In contrast, dense self-distillation methods like DINO [4] 220
and DINOv2 [36] preserve both semantics and local spatial 221
nuances. These features have proven effective for zero-shot 222
degradation assessment and quality analysis [15, 59]. To 223
exploit this, DirectFlow introduces a parameter-efficient fine- 224
tuning (PEFT) strategy. We combine a semantic adapter 225
with low-rank adaptation (LoRA) integrated directly into 226
the UNet’s cross-attention and feed-forward blocks. While 227
the pre-trained ControlNet-derived spatial pathways are op- 228
timized in Stage A and frozen in Stage B, to provide rigid, 229
memory-efficient spatial guidance, the LoRA matrices grant 230
the UNet the flexibility to learn a new attention distribu- 231
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tion specifically for the degradation hints. This configura-232
tion actively guides the single-step transport and gracefully233
averts the catastrophic forgetting typical of full-network fine-234
tuning.235

3. Method236

We present DirectFlow, a framework designed to distill237
the transported posterior mean of a multi-step rectified238
flow teacher into a single-step latent consistency student.239
Fig. 3 provides a system overview. Our framework operates240
through three core mechanisms: (1) a frozen flow-matching241
teacher providing pre-computed restoration targets, (2) a dual242
parameter-efficient student featuring a Semantic Adapter and243
a LoRA-modulated UNet, and (3) a multi-objective training244
framework operating across latent and pixel dimensions. Our245
goal is to not copy teacher’s output, but directly learn to pre-246
dict the mathematically optimal endpoint of the perception-247
distortion trade-off in a single step. We optimize DirectFlow248
with a two-stage curriculum: Stage A aligns conditioning249
modules (visual/spatial encoders + semantic adapter), and250
Stage B refines transport via UNet LoRA with visual/spatial251
encoders frozen.252

3.1. Preliminaries: Transported Posterior Mean253

Given a degraded observation Y and a clean image X , the254
Minimum Mean Square Error (MMSE) estimator is defined:255

X̂∗ = E[X | Y ] = argmin
X̂

E
[
∥X̂ −X∥2 | Y

]
. (2)256

This estimator minimizes distortion but, according to the257
perception-distortion trade-off [3, 35], necessarily deviates258
from the natural image manifold M, producing smooth,259
over-regularized outputs.260

A Rectified Flow [24, 26] establishes a deterministic261
transport from a source distribution to a target distribution262
via a learned velocity field. For image restoration, we utilize263
flows that transport the MMSE estimate directly to the data264
manifold:265

xt = (1− t)xsource + t xtarget, vt = xtarget − xsource, (3)266

where xsource = X̂∗ and xtarget ∼ pdata(· | Y ). Integrating267
the neural velocity field vϕ(xt, t, Y ) from t=0 to t=1 yields268
the transported posterior mean:269

X̂0 = X̂∗ +

∫ 1

0

vϕ(xt, t, Y ) dt. (4)270

This endpoint is provably the closest point on M to the271
posterior mean in the optimal transport sense [35, 44].272

3.2. Transported Posterior Distillation273

Let T : Y → X denote a teacher model that implements274
Eq. (4) over N steps. The teacher’s output X† = T (Y )275

serves as our explicit distillation target. Rather than train- 276
ing a student Sθ to regress to the ground truth X (which 277
yields the blurry posterior mean) or to match individual pos- 278
terior samples (which introduces stochastic distortion), we 279
optimize: 280

Sθ(Y ) ≈ T (Y ) = X†. (5) 281

This strategy is deliberate. The teacher’s output is the op- 282
timal perceptual estimator. Distilling X† ensures the stu- 283
dent inherits this mathematically favorable position on the 284
perception-distortion curve. By adopting the self-consistency 285
formulation [43], the student learns to treat varying degra- 286
dations simply as intermediate points along the trajectory, 287
directly projecting them to their optimal high-quality origin. 288

Moreover, as the teacher produces pixel-space RGB out- 289
puts while the student operates in a compressed diffusion 290
latent space [40], we construct a latent space bridge. A 291
shared frozen VAE encoder E projects both the teacher’s 292
output and the student’s input into a common representa- 293
tional domain, isolating semantic structural learning from 294
low-level pixel reconstruction. 295

3.3. Degradation-Aware Conditioning 296

The input degradation space Y is a heterogeneous mixture 297
of disparate manifolds, including blur, noise, and compres- 298
sion artifacts. A standard single-step model simply learns 299
the average transport across these manifolds, which is ge- 300
ometrically suboptimal. We resolve this through a novel 301
dual-adaptation strategy. 302

3.3.1. The Semantic Adapter 303

To explicitly condition the transport on the local geometry of 304
the degradation, we introduce a parameter-efficient Semantic 305
Adapter. (1) Feature extraction. The low-quality input Y 306
is processed by a frozen self-supervised vision transformer 307
(DINOv2 [36]) to extract a global degradation-aware token 308
edino ∈ R768. (2) Zero-initialized projection. A trainable 309
linear layer Z safely projects this token using zero-initialized 310
weights W (0) = 0 and b(0) = 0. This ControlNet-style 311
gating guarantees the student begins training identically to 312
its pre-trained state. (3) Additive injection. The projected 313
embedding is additively merged with the semantic content 314
token from the frozen semantic context projector (a CLIP- 315
based global contextualizer [17, 39]), forming the final cross- 316
attention conditioning vector c. 317

3.3.2. Transport-Adaptive LoRA 318

A critical limitation of injecting novel semantic tokens into 319
a frozen diffusion UNet is the network’s inability to actively 320
attend to the new signal. Because the base UNet attention 321
mechanisms were strictly optimized for text embeddings 322
(standard structural guidance), they inherently ignore the 323
out-of-domain degradation vectors provided by the semantic 324
adapter. 325
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Figure 3. System overview of DirectFlow. (Left) During offline pre-computation, the rectified flow teacher processes each degraded input
over N steps to produce the transported posterior mean; both input and output are projected into latent space via a frozen VAE encoder (the
space bridge). (Right) During training, the student receives the cached LQ latent and produces a one-step prediction. A semantic adapter
extracts degradation-aware features from the LQ RGB image and injects them into the UNet’s cross-attention via zero-convolution gating.

To compel the network to utilize these degradation hints326
without triggering catastrophic forgetting of its foundational327
generative prior, we introduce Transport-Adaptive Low-328
Rank Adaptation. We apply these matrices exclusively to329
the cross-attention and feed-forward blocks of the UNet330
while completely freezing the heavy morphological condi-331
tioning prior. The morphological prior reliably enforces rigid332
geometric face constraints, whereas the lightweight LoRA333
matrices grant the UNet the necessary degrees of freedom to334
learn a new attention distribution. This learned distribution is335
specifically tailored to map the 1-step optimal transport jump336
while concurrently internalizing the semantic degradation337
hints.338

A similar work LCM-LoRA [28] elegantly distills a pre-339
trained base model into a few-step generator by training340
an independent acceleration module. However, it operates341
strictly within the original model’s native conditioning space,342
functioning purely as a temporal compression plugin. In con-343
trast, our Transport-Adaptive LoRA serves a dual architec-344
tural imperative. It compresses the 25-step optimal transport345
trajectory and acts as a fundamental representational bridge.346
It structurally repurposes the cross-attention layers to process347
entirely out-of-domain features from the semantic adapter,348
optimizing specifically for the transported posterior mean349
rather than a standard generation trajectory.350
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3.4. Training Objectives 351

We employ a composite loss operating across both latent and 352
pixel dimensions: 353

Ltotal = λlat Llat + λlpips Llpips + λl1 Ll1 + λsgcl Lsgcl. (6) 354

The primary anchor loss Llat minimizes the mean squared 355
error directly between the student’s predicted latent and 356
the space-bridged teacher latent. To balance the distortion- 357
perception tradeoff, Llpips [61] and Ll1 are computed by de- 358
coding the predicted latents through the VAE decoder while 359
maintaining active gradient flow. 360
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Table 1. Quantitative comparison on synthetic and real-world datasets. Best results are bolded; second-best are shaded gray. DirectFlow
achieves state-of-the-art perceptual quality (LPIPS, PSNR) among single-step methods, highly competitive with 25-step generative models,
while maintaining exceptional inference efficiency of under 300 ms per I512×512.

Method
Synthetic Real-world Time

(sec)Celeba-Test LFW-Test WebPhoto-Test WIDER-Test

LPIPS ↓ FID ↓ MUSIQ ↑ IDS ↑/↓ PSNR ↑ SSIM ↑ FID ↓ MUSIQ ↑ FID ↓ MUSIQ ↑ FID ↓ MUSIQ ↑
Input 0.574 145.22 72.81 0.32/47.94 22.72 0.706 138.87 26.87 171.63 18.63 201.31 14.22 –
PULSE† [31] 0.356 68.33 66.46 0.50/41.08 22.10 0.592 67.01 65.00 85.69 63.88 70.65 63.01 3.509
DFDNet† [18] 0.332 54.21 72.08 0.52/40.32 24.27 0.628 60.28 73.06 92.71 68.50 59.56 62.02 0.438
GFPGAN† [46] 0.230 49.84 73.90 0.56/38.79 24.64 0.688 50.36 73.57 87.47 72.08 39.45 72.79 0.312
GPEN† [54] 0.290 63.44 67.34 0.54/38.39 24.98 0.708 61.04 68.96 99.09 61.10 46.25 62.64 0.109
RestoreFormer† [49] 0.241 50.04 73.85 0.63/36.16 24.61 0.660 48.77 73.70 78.85 69.83 50.04 67.83 0.066
VQFR† [8] 0.245 41.84 75.18 0.64/35.74 24.06 0.660 51.33 71.74 75.77 72.02 44.09 74.01 0.177
CodeFormer† [63] 0.227 52.94 75.55 0.60/37.27 25.19 0.685 52.84 75.48 83.95 74.00 39.22 73.41 0.085
DR2⋆ [51] 0.264 54.48 67.99 0.42/44.00 25.03 0.617 45.71 71.50 109.24 62.37 48.20 60.28 1.775
DifFace⋆ [57] 0.272 39.23 68.87 0.48/41.84 24.80 0.684 46.31 69.76 80.86 65.37 37.74 65.02 3.248
PGDiff⋆ [53] 0.300 47.26 71.81 –/55.90 22.72 0.659 44.65 71.74 101.68 67.92 38.38 68.26 14.768
WaveFace⋆ [33] 0.362 57.58 – 0.67/34.50 23.56 0.691 53.88 73.54 78.01 70.45 37.23 72.89 19.370
InterLCM⋆ [17] 0.223 45.38 76.58 0.65/33.64 25.15 0.718 51.32 76.16 75.48 75.88 35.43 76.29 0.421
DirectFlow (Ours)⋆ 0.221 40.96 76.12 0.66/33.40 25.24 0.714 45.08 75.92 75.92 75.42 36.91 75.11 0.289
† denotes regression-based models and ⋆ denotes generative models.

3.4.1. Score-Guided Consistency Loss (SGCL)361

Inspired by Score Distillation Sampling [37], SGCL lever-362
ages the frozen teacher as a pixel-space distributional critic.363
By maintaining active gradient flow through the VAE de-364
coder, SGCL pulls the predicted latent out of the VAE’s365
blurry reconstruction bottleneck, driving the student to dis-366
cover high-frequency “super-latents.” 1. Formulation. Un-367
der our Rectified Flow convention, t = 0 represents the368
source (noise/MMSE) and t = 1 the natural image target.369
We perturb the student’s decoded RGB output x̂ by injecting370
Gaussian noise ϵ ∼ N (0, I) at a randomly sampled timestep371
t:372

xt = tx̂+ (1− t)ϵ. (7)373

Perturbation Band. To guarantee strong directional gradi-374
ents toward the data manifold rather than minor pixel cor-375
rections, we use conservative stage-specific bands: (t ∈376
[0.05, 0.25]) in Stage A and (t ∈ [0.05, 0.20]) in Stage B.377
Optimization. We query the frozen teacher’s velocity field378
vϕ(xt, t, Y ) to form a clean-image estimate. To prevent379
explosive gradients from destabilizing the LoRA matrices in380
high-noise regimes, we clamp this target:381

x̂clean = Clamp
(
xt + (1− t)vϕ, 0, 1

)
. (8)382

The SGCL objective is computed as a Mean Squared Error:383

Lsgcl =
∥∥x̂− sg(x̂clean)

∥∥2
2
, (9)384

where sg(·) denotes a stop-gradient. Because x̂clean is de-385
tached, gradients flow strictly from the pixel-space error back386

1codes decoding to perceptual details sharper than the VAE encoding
limit

Table 2. Quantitative evaluation on the CelebA-Test benchmark.
Extended evaluation across perceptual and distortion metrics. Di-
rectFlow establishes a strictly optimal balance on the perception-
distortion curve for single-step architectures.

Method
Perceptual Quality Distortion

FID ↓ KID ↓ NIQE ↓ Precision ↑ PSNR ↑ SSIM ↑ LPIPS ↓ Deg ↓ LMD ↓

DOT [1] 100.2 0.0914 6.462 0.1600 21.32 0.6636 0.4756 43.87 2.876
RestoreFormer++ [50] 41.15 0.0290 4.187 0.6877 25.31 0.6703 0.3441 29.63 2.043
RestoreFormer [49] 42.30 0.0301 4.405 0.7010 24.62 0.6460 0.3655 32.13 2.299
CodeFormer [63] 53.16 0.0425 4.649 0.6940 25.15 0.6700 0.3432 37.28 2.470
VQFR [8] 41.79 0.0297 3.693 0.6593 24.07 0.6446 0.3515 35.75 2.429
GFPGAN [46] 46.72 0.0350 4.415 0.6970 24.99 0.6774 0.3643 36.05 2.443

DiffBIR [23] 59.06 0.0509 6.084 0.5643 25.39 0.6536 0.3878 32.94 2.006
BFRffusion [6] 41.53 0.0301 4.966 0.6623 26.21 0.6917 0.3619 30.98 1.992
PMRF [35] 37.46 0.0257 4.118 0.7073 26.37 0.7073 0.3470 30.67 2.030

DirectFlow (Ours) 37.98 0.0259 3.982 0.7196 26.26 0.6988 0.3450 30.21 1.998

into the student’s latent representation. Non-zero velocity 387
provides a highly accurate directional gradient that pulls the 388
one-step prediction out of blurry local minima. 389

4. Experiments 390

Datasets. Following standard protocols in blind face restora- 391
tion, we train our DirectFlow student network exclusively on 392
the FFHQ dataset [14], which contains 70,000 high-quality 393
face images resized to 512× 512. To synthesize low-quality 394
(LQ) inputs during the offline teacher caching phase, we em- 395
ploy a comprehensive degradation pipeline mimicking real- 396
world complex corruptions. This pipeline applies a random 397
sequence of Gaussian blur, Gaussian noise, JPEG compres- 398
sion, and randomized downsampling-upsampling operations, 399
parameterized consistently with Real-ESRGAN [47]. For 400
evaluation, we utilize the synthetic CelebA-Test [27] bench- 401
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LQ RestoreFormer VQFR PGDiff DiffBIRDifFaceDAEFR HQCodeFormerOSEDiff OSDFace InterLCM PMRF Ours

Figure 5. Qualitative comparison of DirectFlow against state-of-the-art blind face restoration methods on CelebA-Test dataset.

mark (3,000 images) to measure exact structural fidelity,402
alongside widely adopted real-world datasets including LFW-403
Test [13] and WebPhoto-Test [46] to assess out-of-domain404
generalization.405

Evaluation Metrics. Given the inherently ill-posed nature406
of BFR, evaluation requires a holistic assessment of both407
the perception and distortion axes [3]. For distortion and408
structural alignment, we report PSNR, SSIM, and MSE. To409
quantify perceptual fidelity and naturalness, we report the410
FID [11] and LPIPS [61]. Furthermore, to evaluate sub-411
jective visual quality on in-the-wild images lacking ground412
truth, we incorporate the no-reference metric MUSIQ [15].413

Implementation Details. Our frozen teacher is the pre-414
trained PMRF [35] architecture. The student network inher-415
its the base weights of SD v1.5 [40]. The semantic adapter416
utilizes a frozen DINOv2-ViT-B/14 [36] backbone, and the417
transport-adaptive LoRA [12] matrices are initialized with418
a rank of r = 32. The morphological conditioning prior is419
initialized from pre-trained ControlNet [60]. We train Direct-420
Flow with a two-stage curriculum on 70k latent-cached sam-421
ples using AdamW and cosine learning-rate decay with bf16422
mixed precision and EMA (0.999). In Stage A, we optimize423
the visual encoder, spatial encoder, and semantic adapter pro-424
jection/gate, while keeping the UNet frozen (learning rate425
2 × 10−5, weight decay 5 × 10−5). In Stage B, we initial-426
ize from Stage A checkpoints, freeze visual/spatial encoders,427
and optimize UNet-LoRA together with the semantic adapter428
projection/gate. SGCL is applied sparsely during training429
with a conservative perturbation band t ∈ [0.05, 0.25], yield-430
ing stable optimization under one-step inference. Unless oth-431
erwise specified, all reported results use this Stage A→Stage432
B schedule.433

Quantitative Results. The quantitative evaluation on the434
CelebA-Test benchmark is presented in Tab. 1. DirectFlow435
establishes a strictly optimal balance on the perception-436
distortion curve for single-step architectures. While multi-437
step models like PMRF natively achieve high perceptual438
fidelity (low FID) at the cost of 25 Neural Function Evalua-439
tions (NFEs), DirectFlow achieves highly competitive FID440
and LPIPS scores in a single step, drastically outperforming441

previous 1-step distillation methods like InterLCM. Further- 442
more, Tab. 1 details performance on real-world datasets. 443
DirectFlow achieves comparatively close to state-of-the-art 444
perceptual quality, reflected by FID & MUSIQ scores, while 445
maintaining exceptional inference efficiency with single-step 446
execution (as illustrated in Fig. 2). 447

Qualitative Results. Fig. 5 illustrates the qualitative supe- 448
riority of DirectFlow when presented with severe, in-the- 449
wild degradations. Previous paradigms exhibit distinct, pre- 450
dictable failure modes under extreme corruption. GAN and 451
regression-based priors (e.g., CodeFormer, RestoreFormer) 452
often yield over-smoothed textures or noticeable identity 453
shifts, failing to hallucinate realistic high-frequency data. 454
Iterative generative models (e.g., DiffBIR, PMRF) success- 455
fully recover photorealistic structures but demand prohibitive 456
multi-step sampling latency. Conversely, standard distilla- 457
tion approaches like InterLCM suffer from latent bottleneck 458
blurring, leading to slightly waxy skin textures. DirectFlow 459
successfully circumvents these limitations. By effectively 460
utilizing the semantic adapter and the pixel-space SGCL 461
critic, our method recovers precise, high-frequency details 462
(such as individual hair strands, skin pores, and specular 463
eye reflections) in a single forward pass. The resulting 464
perceptual fidelity is highly commensurate with the multi- 465
step teacher and the ground truth. Furthermore, to validate 466
out-of-domain generalization, Fig. 7 presents results on the 467
heavily degraded, historical WebPhoto-Test dataset. Direct- 468
Flow exhibits exceptional generalization to these severe, 469
unstructured degradations. As highlighted in the extreme 470
zoom-in patches (red boxes), previous baselines (e.g., Code- 471
Former, DiffBIR) often struggle with identity preservation 472
or introduce structural hallucinations under extreme corrup- 473
tion. Conversely, DirectFlow faithfully reconstructs intricate 474
facial geometry and textures in a single step, mapping these 475
severe out-of-distribution states back to the correct facial 476
manifold without succumbing to structural drift. 477

4.1. Ablation Study 478

To validate the necessity of our proposed architectural com- 479
ponents, we conduct an ablation study on the CelebA-Test 480
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Table 3. Ablation study on CelebA-Test. Each row removes one
component from the full model.

Configuration PSNR↑ LPIPS↓ FID↓ Note

DirectFlow (Full) 25.24 0.221 40.96 Complete model
w/o DINOv2 Adapter 24.98 0.232 44.18 No deg. awareness
w/o SGCL 25.07 0.228 42.63 No manifold guidance
w/o Zero-conv (scalar gate) 22.85 0.560 136.70 Stalled training
w/o Pixel losses 25.14 0.238 46.92 Latent-only
w/o color correction 25.18 0.226 42.11 Color drift

Ablation

27

LQ + Semantic Adapter
+ Degradation 

Adapter DirectFlow (full)Student (Base) HQ

Figure 6. Qualitative ablation on blind face restoration (CelebA-
Test). Left to right: LQ, Base, +Sem, +Deg, Full (SGCL), HQ.

benchmark, with results summarized in Tab. 3. We establish481
a baseline student model trained purely with latent MSE loss482
(Llat) and standard pixel reconstruction losses, lacking both483
the Semantic Adapter and the SGCL. Qualitative compar-484
isons are provided in Fig. 6, where we progressively add the485
semantic and degradation adapters, followed by SGCL in the486
full model. Overall, the semantic adapter mainly improves487
global facial structure and alignment, the degradation adapter488
improves robustness across diverse corruptions, and SGCL489
further restores high-frequency details (e.g., skin texture and490
hair strands) while preserving identity and facial geometry.491
Impact of the Semantic Adapter. Removing the DINOv2492
Semantic Adapter fundamentally forces the network to learn493
an average transport trajectory across all degradation mani-494
folds. As shown in Tab. 3, this omission results in a notice-495
able degradation in perceptual fidelity (a sharp increase in496
FID). Without explicit degradation routing, the student fails497
to distinguish between heavy blur and severe noise, leading498
to sub-optimal detail hallucination.499
Impact of Score-Guided Consistency Loss. The removal500
of SGCL directly exposes the student to the latent VAE501
bottleneck. While the model remains efficient, the LPIPS502
score increases significantly, and the outputs visually lack503
the sharp “super-latent” details discussed in Sec. 3.4.1. The504
inclusion of the SGCL acts as a crucial distributional critic,505
effectively providing the directional gradients necessary to506
pull the one-step prediction onto the natural image manifold.507

4.2. Broader Impacts and Carbon Footprint508

To calculate the precise carbon footprint of reproducing Di-509
rectFlow, we adopt the standard estimation methodology510
established in DINOv2 [36]. We assume a peak power con-511
sumption of 400W per A100 GPU, a standard data center512
Power Usage Effectiveness (PUE) of 1.1, and a national aver-513

WebPhoto

26

LQ DiffBIRDifFaceCodeFormer OSEDiff DirectFlow

Figure 7. Qualitative comparison on real-world, out-of-domain
historical photos from WebPhoto-Test dataset.

age carbon intensity factor of 0.385 kg CO2eq per kWh. As

Table 4. Carbon footprint of reproducing DirectFlow.

Model Equipment GPU Hours Power (W) Total Energy (MWh) CO2eq (tCO2eq)

DirectFlow (Ours, Stage A + Stage B) A100 192 400 0.084 0.033

514
detailed in Tab. 4, the total energy required to fully reproduce 515
DirectFlow is approximately 0.084 MWh, resulting in 0.033 516
tons of CO2 equivalent emissions. By distilling the trans- 517
ported posterior mean into a parameter-efficient two-stage 518
optimization schedule, our framework not only resolves the 519
perception-distortion trade-off in a single NFE, but does so 520
with a carbon footprint that is orders of magnitude smaller 521
than training standard flow-matching or multi-step genera- 522
tive priors. 523

5. Conclusion 524

In this work, we introduced DirectFlow, a highly efficient 525
framework for blind face restoration that reconciles the 526
perception-distortion trade-off in a single forward pass that 527
is highly suitable for edge-device deployments. By dis- 528
tilling the transported posterior mean of a flow-matching 529
teacher into a latent consistency student, we eliminate the 530
prohibitive latency of iterative ODE solvers. To handle di- 531
verse, in-the-wild degradations without catastrophic forget- 532
ting, we proposed a parameter-efficient dual-adaptation strat- 533
egy combining a semantic adapter with transport-adaptive 534
LoRA matrices. Furthermore, our novel score-guided consis- 535
tency loss actively queries the frozen teacher as a pixel-space 536
critic, propelling the student’s output beyond standard latent 537
reconstruction limits. Extensive experiments demonstrate 538
that DirectFlow achieves state-of-the-art perceptual quality 539
and structural fidelity among single-step methods, paving 540
the way for real-time, high-fidelity restoration in practical 541
downstream applications. 542
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