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Abstract

Recent advances in generative image restoration (IR) have demonstrated impressive
results. However, these methods are hindered by their substantial size and computa-
tional demands, rendering them unsuitable for deployment on edge devices. This work
introduces ELIR, an Efficient Latent Image Restoration method. ELIR addresses the
distortion-perception trade-off within the latent space and produces high-quality images
using a latent consistency flow-based model. In addition, ELIR introduces an efficient
and lightweight architecture. Consequently, ELIR is 4× smaller and faster than state-
of-the-art diffusion and flow-based approaches for blind face restoration, enabling a de-
ployment on resource-constrained devices. Comprehensive evaluations of various image
restoration tasks and datasets show that ELIR achieves competitive performance com-
pared to state-of-the-art methods, effectively balancing distortion and perceptual quality
metrics while significantly reducing model size and computational cost. The code is
available at: https://github.com/eladc-git/ELIR.

1 Introduction
Image restoration (IR) is a challenging low-level computer vision task focused on generat-
ing visually appealing high-quality (HQ) images from low-quality (LQ) images (e.g., noisy,
blurry). Image deblurring [21, 44], blind face restoration [22, 41], image super-resolution
[10, 11], denoising [7] and inpainting [48] can be categorized under IR. Algorithms that
tackle the IR problem are commonly evaluated by two types of metrics: 1) a distortion met-
ric (e.g. PSNR) that quantifies some type of discrepancy between the reconstructed images
and the ground truth; 2) a perceptual quality metric (e.g. FID [16]) that intends to assess
the appeal of reconstructed images to a human observer. The distortion and perception met-
rics are usually at odds with each other, leading to a distortion-perception trade-off [3]. This
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(a) (b)
Figure 1: ELIR: (a) Overview: During training, we optimize the encoder Eω , coarse es-
timator gφ , and the vector field vvvθ for a specific IR task. During inference, we predict a
consistent linear direction from LQ toward the HQ images, yielding high-quality results and
balancing distortion and perception. Both training and inference are conducted in the latent
space; (b) Performance: Comparison between ELIR and state-of-the-art baseline methods.
ELIR is the smallest and fastest method while maintaining competitive results. Metrics such
as LPIPS and #Params, where smaller is better, are inverted and normalized for display. The
results were obtained using the CelebA-Test dataset for blind face restoration.

trade-off can be viewed as an optimization problem of minimizing distortion while achieving
a bounded perception index [13].

Recently, several approaches have explored this direction [25, 32, 33, 49, 50, 55]. Al-
though these methods achieve state-of-the-art results, deploying them on edge devices such
as mobile phones or image sensors is challenging due to significant model size and compu-
tational requirements. The high demands stem from three main reasons: (i) the transformer-
based architecture used by these methods, which incurs substantial computational cost and
model size; (ii) state-of-the-art approaches based on diffusion or flow matching necessitate
multiple neural function evaluations (NFE) during inference, posing difficulties for resource-
constrained devices; (iii) many methods operate directly in pixel space, demanding high
computational costs, particularly at high resolutions.

In this work, we address the challenge of providing an efficient algorithm for IR that ex-
hibits significantly improved efficiency in terms of model size and computational cost while
maintaining comparable performance. We present ELIR, an Efficient Latent Image Restora-
tion method to address the distortion-perception trade-off in latent space. We propose latent
consistency flow matching (LCFM), an integration of latent flow matching [6] and consis-
tency flow matching [47]. To the best of our knowledge, this approach is presented here for
the first time. In addition, we suggest replacing the transformer-based architecture with a
convolution-based one that can be deployed on resource-constrained devices. ELIR over-
comes the high demand requirements by (1) working in latent space; (2) utilizing LCFM
to decrease the number of NFEs, and (3) using convolutions instead of transformers. Con-
sequently, ELIR significantly reduces the computational costs associated with processing
high-resolution images. We conducted a set of experiments to validate ELIR and highlight
its benefits in terms of distortion, perceptual quality, model size, and latency. Specifically,
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we evaluate ELIR on blind face restoration, super-resolution, denoising, and inpainting. In
all tasks, we demonstrate significant efficiency improvements compared to diffusion and
flow-based methods. We exhibit the smallest model size and significantly increase frames
per second (FPS) processing speed. ELIR achieves these improvements without sacrific-
ing distortion or perceptual quality, remaining competitive with state-of-the-art approaches
(Fig. 1(b)). Our contributions are summarized as follows:

• We introduce latent consistency flow matching (LCFM), which integrates latent and
consistency flow matching for reducing the number of NFEs.

• We introduce Efficient Latent Image Restoration (ELIR), an efficient method address-
ing the distortion-perception trade-off within the latent space.

• We perform experiments using several datasets on various image restoration tasks, in-
cluding blind face restoration, super-resolution, denoising, and inpainting. The results
show a significant reduction in model size and latency compared to state-of-the-art
diffusion and flow-based methods while maintaining competitive performance.

2 Related Work
Various approaches have been suggested for image restoration [1, 24, 25, 30, 32, 40, 49,
51, 54, 55]. In recent years, solutions for IR based on generative methods, including GANs
[14], diffusion models [35], and flow matching [26], have emerged, yielding impressive re-
sults. BSRGAN [52] and Real-ESRGAN [38] are GAN-based methods that use an effective
degradation modeling process for blind super-resolution. GFPGAN [40] and CodeFormer
[54] proposed to leverage GAN priors for blind face restoration. ResShift [50] proposed an
efficient diffusion model that facilitates the transitions between HQ and LQ images by shift-
ing their residuals. SinSR [42] and OSEDiff [45] introduced single-step diffusion models for
blind super-resolution. DifFace [49] suggested performing sampling from a transition distri-
bution followed by a diffusion process for blind face restoration. DiffBIR [25] proposed to
solve blind image restoration by first applying a restoration module for degradation removal
and then generating the lost content using a latent diffusion model. Recently, FlowIE [55]
and PMRF [32] introduced flow matching algorithms for image restoration based on rectified
flows [27]. FlowIE relies on the computationally intensive Stable Diffusion [33], which lim-
its its suitability for resource-constrained devices. PMRF has shown impressive results on
both perception and distortion metrics by minimizing the MSE under a perfect perceptual in-
dex constraint. Nevertheless, PMRF uses sophisticated attention patterns on pixel space that
pose significant challenges for efficient execution on resource-constrained hardware because
of intensive shape and indexing operations [23].

3 Preliminaries

3.1 Distortion and Perception
The perception of image quality is a complex interplay between objective metrics and sub-
jective human judgment. While objective measures such as PSNR and SSIM are useful for
quantifying distortion, they may not always correlate well with perceived image quality [43].
Human observers are sensitive to artifacts and inconsistencies, even when they are subtle.
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Effective image restoration techniques must aim to minimize both objective distortion and
perceptual artifacts, ensuring that the restored image is both visually pleasing and faithful
to the original content. In this work, we denote the HQ and the corresponding LQ images
as xxx and yyy, respectively, and the reconstructed image by x̂xx. Then, the distortion-perception
trade-off can be formalized as [13]:

min
px̂xx|yyy

E
[
∥xxx− x̂xx∥2

2

]
s.t W2(px̂xx, pxxx)≤ P, (1)

where W2 is the Wasserstein-2 distance, pxxx and px̂xx are the probability measures of the HQ
and reconstructed image, respectively, and P is the perception index.

3.2 Consistency Flow Matching
Consistency Flow Matching (CFM) [47] advances flow-based generative models [5, 26, 27]
by enforcing consistency among learned transformations. This constraint ensures that the
transformations produce similar results regardless of the initial point. By utilizing “straight
flows” for simplified transformations and employing a multi-segment training strategy, CFM
achieves enhanced sample quality and inference efficiency. Specifically, given xxx as an obser-
vation in the data space Rd , sampled from an unknown data distribution, CFM first defines
a vector field vvv(xxxt , t) : Rd × [0,1] −→ Rd , that generates the trajectory xxxt ∈ Rd through an
ordinary differential equation (ODE): dxxxt

dt = vvv(xxxt , t). Yang et al. [47] suggests training the
vector field by the following velocity consistency loss:

LCFM (θ) = EtExxxt ,xxxt+∆t

[
∥ fff θ (xxxt , t)− fff θ−(xxxt+∆t , t +∆t)∥2

2 +α ∥vvvθ (xxxt , t)− vvvθ−(xxxt+∆t , t +∆t)∥2
2

]
,

(2)

where fff θ (xxxt , t) = xxxt +(1− t)vvvθ (xxxt , t). t ∼ U[0,1−∆t] is the uniform distribution, ∆t is a
small time interval and α is a positive scalar. θ− denotes parameters without backpropogat-
ing gradients. The first term in (2) ensures consistency in the end point using straight paths
regardless of the location in the trajectory, while the first term matches the vector fields at
all locations. To apply (2), we need to select a trajectory xxxt . Several options exist in the
literature [17, 26, 27]. In this work, we use the optimal-transport conditional flow matching
as proposed by Lipman et al. [26], which enhances both the sampling speed and training
stability. This trajectory is defined as xxxt = txxx1 +(1− (1−σmin)t)xxx0, where xxx0 and xxx1 are
sampled from source and target distributions, respectively, and σmin is a hyperparameter.
During inference, utilizing the forward Euler method to solve the ODE reduces the number
of NFEs compared to traditional Flow Matching (FM) techniques.

4 Method
In this work, we address the challenge of developing an efficient method that minimizes av-
erage distortion under a bounded perceptual quality constraint as given in (1). Given an LQ
image from an unknown degradation model, our goal is to restore it. The entire restoration
process is performed in latent space, which enables efficient inference and significantly re-
duces the computational costs associated with processing high-resolution images. We denote
E and D as the encoder and decoder trained on HQ images, respectively. As we show in the
supplementary material Appx. A, converging flow matching in latent space is influenced by
both encoder-decoder and flow-matching optimization. The Wasserstein-2 distance between
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the HQ and reconstructed image distributions is bounded by W2(px̂xx, pxxx)≤
√

∆E,D +C
√

∆vvv,
where ∆E,D and ∆vvv are the encoder-decoder and latent flow matching objective errors, re-
spectively, and C is some constant. It demonstrates the crucial role of a well-designed
encoder-decoder, as the bound depends on both the encoder-decoder error and the vector
field error. We argue that this bound serves as the perception index P from (1), justifying a
latent space solution via flow matching. Here, we present ELIR (Efficient Latent IR), which
aims to address the distortion-perception trade-off within the latent space. ELIR applies the
Wasserstein-2 bound by leveraging an optimized pre-trained encoder-decoder, which mini-
mizes the error term ∆E,D and by a latent consistency flow matching (LCFM) to reduce ∆vvv.
We describe LCFM in Subsection 4.1 and ELIR’s training, inference, and architecture in
Subsection 4.2. An overview of the proposed flow is presented in Fig. 1(a).

4.1 Latent Consistency Flow Matching
We introduce latent consistency flow matching (LCFM) as a combination of consistency
flow matching [47] and latent flow matching [6]. LCFM approximates the transport between
the latent representation of the source and target distributions. To achieve this, we define the
latent representations of LQ and HQ images as zzz0 and zzz1, respectively. The optimal transport
conditional flow from source to target distribution, as suggested by Lipman et al. [26], is
given by zzzt = tzzz1 +(1− (1−σmin)t)zzz0, where t ∈ [0,1] is the time variable. To sample from
the latent target distribution of zzz1, we wish to obtain a vector field vvvθ that would guide the
direction of the linear path flowing from zzz0 to zzz1. To allow effective inference, we propose
using multi-segment consistency loss [47] in the latent space. Specifically, given K segments,
the time interval [0,1] is divided into { [ i

K ,
i+1
K ]}K−1

i=0 . Then, the consistency loss of a segment
is defined as:

LLCFM (θ) = EtEzzzt ,zzzt+∆t

[∥∥∥ fff (i)
θ
(zzzt , t)− fff (i)

θ−(zzzt+∆t , t +∆t)
∥∥∥2

2
+α

∥∥∥vvv(i)
θ
(zzzt , t)− vvv(i)

θ−(zzzt+∆t , t +∆t)
∥∥∥2

2

]
,

(3)

where fff (i)
θ
(zzzt , t) = zzzt +

( i+1
K − t

)
vvv(i)

θ
(zzzt , t) and t ∼ U[0,1−∆t] is the uniform distribution.

Here, i denotes the ith segment corresponding to time t, and ∆t and α are hyperparameters.
vvv(i)

θ
(zzzt , t) is the vector field in the segment i and θ− denotes parameters without backpro-

pogating gradients.

4.2 Efficient Latent Image Restoration
Here, we detail the training, inference, and architecture of ELIR as depicted in Fig 1(a).
Training. Given optimized encode-decoder, we follow [25, 55] by applying a coarse ℓ2
estimator on the latent of the LQ input image, which plays a crucial role (see supplementary
material Appx. E) in narrowing the probability direction path and is used as an initial point
for the LCFM. Specifically, let Eω be a trainable encoder (parameterized by ω) that projects
an LQ image to the latent space, and gφ be the coarse estimator (parameterized by φ ). The
objective is to minimize the ℓ2 difference between the latent representations of the LQ and
HQ images, which is given by L2 (φ ,ω) = Exxx,yyy

[
∥zzz− zzz1∥2

2

]
, where zzz = gφ (Eω (yyy)) and zzz1 =

E(xxx). During the optimization, E remains frozen, while Eω is trained in coordination with
gφ . Since Eω is initialized with E , its effectiveness may decrease when faced with unknown
degradations such as denoising or inpainting unless it undergoes fine-tuning, as shown in
the supplementary material Appx. E. Finetuning Eω improves the initial point of the flow,
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resulting in a reduction of ∆vvv. Next, we define zzz0 = zzz+ εεε as the source distribution samples
with additive Gaussian noise εεε having standard deviation σs. Adding such noise allows
us to smooth the LQ embeddings density so it is well-defined over the entire space of HQ
embeddings [2]. Then, we utilize the latent consistency model from the source distribution
of zzz0 to a target distribution of zzz1 using LLCFM (θ). Finally, we incorporate a mean square
error (MSE) loss, detailed in (1), between our estimated outputs and the corresponding HQ
images. The MSE loss is applied after continuing the latent representation fff (i)

θ
(zzzt , t) to t = 1

by ẑzz1 = fff (i)
θ
(zzzt , t)+

(
1− i+1

K

)
vvvθ

(
fff (i)

θ
(zzzt , t), i+1

K

)
, which produces the latent of the restored

images. The loss is then calculated as LMSE (θ) = Exxx,yyy

[
∥xxx−D (ẑzz1)∥2

2

]
. Combining LCFM

loss with the MSE loss, resulting in the following distortion-perception objective:

LDP (θ) = (1−β )LLCFM (θ)+βLMSE (θ) , (4)

where β is a hyperparameter for balancing perception and distortion losses. Optimizing the
total loss:

L= L2 (φ ,ω)+LDP (θ) , (5)

which yeilds trained parameters ω∗, φ ∗ and θ ∗. The losses L2 and LDP are optimized jointly
where the gradients of θ are detached from ω,φ .
Inference. During inference, we employ the trained encoder and coarse estimator by zzz =
Eω∗(gφ∗(yyy)) and add a Gaussian noise with the same standard deviation σs. Then, we utilize
the optimized vector field vvvθ∗ for solving the ODE using the forward Euler method with M
steps. Algorithm 1 outlines the inference procedure.
Architecture. We suggest an efficient and lightweight architecture consisting of only convo-
lutional layers. We utilize Tiny AutoEncoder [36], a pre-trained tiny CNN version of Stable
Diffusion VAE [12]. It allows us to compress the image by a factor of 12 with only 1.2M
parameters for each encoder and decoder. The coarse estimator consists of RRDB blocks
[39] with 5.5M parameters, and we use U-Net [34] for the vector field. Additional details
about the architecture can be found in the supplementary material Appx. C.

Algorithm 1 ELIR Algorithm

Require: LQ image yyy, number of Euler steps M, noise variance σ2
s

Initial Point

zzz = gφ∗(Eω∗(yyy))
εεε ∼N (0,σ2

s I)
zzz0 = zzz+ εεε

Solve ODE (Euler Method)

∆ = 1
M

for i← 0,∆, ...,1−∆ do
ẑzzi+∆← ẑzzi +∆ · vvvθ∗(ẑzzi, i)

end for
x̂xx =D(ẑzz1)
return x̂xx
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CelebA-Test LFW CelebAdult
Efficiency Perceptual Quality Distortion Perceptual QualityModel

#Params[M] ↓ FPS ↑ FID ↓ NIQE ↓ MUSIQ ↑ PSNR ↑ SSIM ↑ LPIPS ↓ IDS ↓ FID ↓ FID ↓

CodeFormer [54] 94 12.79 55.85 4.73 74.99 25.21 0.6964 0.3402 37.41 53.46 115.42
GFPGAN [40] 86 26.37 47.60 4.34 75.30 24.98 0.6932 0.3627 36.14 49.51 112.72
VQFRv2 [15] 83 8.54 47.96 4.19 73.85 23.76 0.6749 0.3536 42.60 51.22 108.67
Difface (s=100) [49] 176 0.20 37.44 4.05 69.34 24.83 0.6872 0.3932 46.04 45.34 100.78
DiffBIR (s=50) [25] 1667 0.07 56.61 6.16 76.51 25.23 0.6556 0.3839 35.24 42.30 108.99
ResShift (s=4) [50] 195 4.26 46.95 4.28 72.85 25.75 0.7048 0.3437 33.82 53.85 110.06
PMRF (s=25) [32] 176 0.63 38.52 3.78 71.47 26.25 0.7095 0.3465 30.83 51.82 104.72
ELIR (Ours) 37 19.51 41.96 4.33 70.52 25.85 0.7009 0.3748 34.38 53.73 106.57

(a)

ImageNet-Validation RealSet80
Efficiency Perceptual Quality Distortion Perceptual QualityModel

#Params[M] ↓ FPS ↑ NIQE ↓ CLIPIQA ↑ PSNR ↑ SSIM ↑ LPIPS ↓ NIQE ↓ CLIPIQA ↑

BSRGAN [52] 16.7 45.85 6.08 0.5763 22.46 0.6298 0.3680 4.40 0.6162
RealESRGAN [38] 16.7 45.85 6.07 0.5306 22.26 0.6346 0.3572 4.19 0.6004
SwinIR-GAN [24] 28 19.18 5.92 0.5532 22.11 0.6372 0.3433 4.24 0.5876
DiffBIR (s=50) [25] 1683 0.07 9.88 0.7877 21.41 0.5624 0.3756 6.39 0.6308
DiffIR (s=4) [46] 25 23.24 6.08 0.5440 22.88 0.6511 0.3245 4.67 0.5658
Resshift (s=4) [50] 174 4.95 7.24 0.5941 23.13 0.6607 0.2993 5.34 0.6127
SinSR (s=1) [42] 174 19.80 6.29 0.6091 22.78 0.6367 0.3322 5.44 0.7100
ELIR (Ours) 18 52.20 5.27 0.6041 22.81 0.6335 0.3743 4.17 0.6153

(b)

Table 1: Quantitative Comparison. Comparison between ELIR and baseline models for
(a) BFR and (b) BSR. For iterative methods, we indicate the number of sampling steps by ’s’
as reported by the authors. Red, blue, and green indicate the best, the second best, and the
third best scores, respectively.

5 Experiments
In this section, we present experiments for the following tasks: blind face restoration (BFR),
super-resolution, denoising, inpainting, and blind super-resolution (BSR). The model is
trained using the AdamW [29] optimizer. During training, we only use random horizon-
tal flips for data augmentation. We use an exponential moving average (EMA) with a decay
of 0.999. The final EMA weights are then used in all evaluations. During inference, we set
M = K for Euler steps. The performance evaluation metrics are computed using Chen and
Mo [4], and we report the number of parameters and FPS. FPS is evaluated by injecting im-
ages into an NVIDIA GeForce RTX 2080 Ti and recording its process time. Model settings
(K, #Params, σs, etc.) were chosen to provide a suitable trade-off between efficiency and
balancing distortion and perception quality. The training hyperparameters are provided in
the supplementary material Appx. D.

5.1 Implementation Details
Face Restoration. We train our model for each task on the FFHQ [19] dataset, which
contains 70k high-quality images. We report FID (vs FFHQ) [16], NIQE [31], and MU-
SIC [20] for perception metrics and PSNR, SSIM [43], LPIPS [53] and IDS for distor-
tion metrics. Note that IDS (Identity Score) serves as a quantifier for the identity between
the restored images and their ground truths, by gauging the embedding angle of ArcFace
[9]. For BFR, the training process is conducted on 512× 512 resolution with a first-order
degradation model to synthesize LQ images. The degradation [52] is approximated by
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yyy = {[(xxx ⊛ kσ ) ↓ r + nδ ]JPEGQ} ↑ r, where ⊛ denotes convolution, kσ is a Gaussian blur
kernel of size 41× 41 with variance σ2, ↓ r and ↑ r are down-sampling and up-sampling
by a factor r, respectively. nδ is Gaussian noise with variance δ 2 and [·]JPEGQ is JPEG
compression-decompression with quality factor Q. We choose σ ,r,δ ,Q uniformly from [0.1,
15], [0.8, 32], [0, 20], and [30, 100], respectively. We set σs = 0.1 and the consistency loss is
applied with multi-segments of K = 5. We evaluate our method on the synthetic CelebA-Test
[28] and on In-The-Wild Face datasets: LFW-Test [18] and CelebAdult [41]. CelebA-Test
consists of 3000 pairs of low and high-quality face images taken from CelebA and degraded
by Wang et al. [41]. For face restoration tasks: super-resolution (×8), denoising, and inpaint-
ing (randomly masking 90% of the pixels), the training process is similar to PMRF [32]. We
employ a 256×256 resolution and utilize the same degradation model and σs. The consis-
tency loss is applied with multi-segments of K = 3. We tested our method on the synthetic
CelebA-Test, where the same training degradations were used in the evaluation.
Image Restoration. We train our model on the general-content ImageNet [8] dataset for
BSR. Similar to the training process outlined in ResShift [50], we employ a 256×256 res-
olution and utilize the same degradation model, where the LQ images are ×4 downscaled
and degraded using the pipeline of RealESRGAN [38]. The downscaled images are first ×4
bicubic upscaled before feeding them into the model. We set σs = 0.04, and the consistency
loss is applied with multi-segments of K = 3. We test our method on synthetic ImageNet-
Validation, consisting of 3000 pairs of LQ and HQ images degraded by ResShift [50], and
on the real-world dataset RealSet80 [50]. We report NIQE and CLIPIQA [37] for perception
metrics and PSNR, SSIM, and LPIPS for distortion metrics.

5.2 Results
Face Restoration. For BFR, we compare our method with the following baseline models:
CodeFormer [54], GFPGAN [40], VQFRv2 [15], Difface [49], DiffBIR [25], ResShift [50],
and PMRF [32]. In Table 1(a), we present a comparative evaluation showing that ELIR is
competitive with state-of-the-art methods. Our method achieves a notably high PSNR with-
out compromising FID, indicating its ability to balance perception and distortion. Moreover,
ELIR has the smallest model size compared to all other methods. In terms of latency, ELIR
is much faster compared to diffusion and flow-based methods. While GAN-based methods
exhibit comparable latency to ELIR, they suffer from significant drops in PSNR and IDS,
often failing to preserve the person’s identity. In addition, Fig. 2(a) presents visual results
of ELIR compared to baseline methods. With its competitive performance, minimal model
size, and fast inference, ELIR is ideally positioned for deployment on resource-constrained
devices. Table 2(a) compares ELIR and PMRF [32] for super-resolution, denoising, and
inpainting, and Fig. 2(b) presents visual results. Our method achieves competitive perfor-
mance with PMRF in terms of perceptual quality while exhibiting a slight performance gap
in distortion metrics. ELIR demonstrates a 4.6× reduction (only 27M) in model size and a
45× speedup (∼50 FPS) compared to PMRF.
Image Restoration. We compare our method for BSR with the following baseline methods:
BSRGAN [52], RealESRGAN [38], SwinIR-GAN [24], DiffIR [46], DiffBIR [25], ResShift
[50], and SinSR [42]. In Table 1(b), we present a comparative evaluation showing that ELIR
is competitive with baseline methods. ELIR is the smallest compared to diffusion-based
methods and fastest compared to all methods. Yet, it shows competitive results and effec-
tively balances distortion and perception. Compared to GAN-based methods, ELIR exhibits
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(a)

(b)

Figure 2: Visual Results. Visual comparisons between ELIR and baseline models sampled
from (a) CelebA-Test for BFR and (b) ImageNet-Validation for BSR. HQ and LQ refer to
high-quality (ground truth) and low-quality (inputs) images.

higher PSNR and FPS. Visual results are provided in Fig. 2(b), and additional results in the
supplementary material Appx. F.

5.3 Ablation
Distortion-Perception trade-off. This ablation study involves tuning β to manage the bal-
ance between distortion and perception. Higher β values prioritize minimizing distortion
over perceptual quality. Our findings in Table 3(a) suggest that β = 0.001 offers a suitable
compromise, balancing FID and PSNR. This ablation was conducted on the CelebA-Test
dataset for super-resolution, but similar results were found in other tasks.
Noise Level. This ablation study investigates the impact of noise level σs on model per-
formance. Additive noise is vital for learning the complex dynamics of image degradation,
enabling the generation of high-quality images. However, careful tuning of σs is essential;
excessive noise can lead to distortion, while insufficient noise may degrade perceptual qual-
ity. Table 3(b) presents the results for various σs values. Based on these results, σs = 0.1
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Task Model FID ↓ PSNR ↑

PMRF [32] 43.24 24.33Super Resolution ELIR (Ours) 44.61 24.08
PMRF [32] 41.42 27.87Denoising ELIR (Ours) 40.26 27.21
PMRF [32] 39.60 25.86Inpainting ELIR (Ours) 39.92 25.55

(a) (b)

Table 2: Face Restoration Tasks. (a) Performance. (b) Visual examples.

appears to offer a fair balance between minimizing distortion and maintaining high percep-
tual quality. This ablation was conducted on the CelebA-Test dataset for super-resolution.
Pixel vs Latent. In this ablation study, we investigate the influence of moving to the latent
space on model performance and efficiency. Table 3(c) presents the results of Pixel CFM
(w/o encoder-decoder) and Latent FM (w/o consistency) with 25 steps. We can observe that
in Pixel CFM, the performance is slightly better, but the efficiency (FPS) is worse, as ex-
pected. In addition, Latent FM shows similar performance to ELIR but requires more steps
(low FPS). This ablation was conducted on the CelebA-Test dataset for the denoising task.
Additional ablations are provided in the supplementary material Appx. E.

β FID ↓ PSNR ↑

0.0 44.04 23.85
0.001 44.61 24.08
0.01 46.54 24.72

σ FID ↓ PSNR ↑

0.0 52.73 24.48
0.1 44.61 24.08
0.2 41.38 23.86

Model FID ↓ PSNR ↑ FPS ↑

Pixel CFM 38.50 27.54 7.32
Latent FM 40.13 27.09 11.20
ELIR 40.26 27.21 49.26

(a) (b) (c)

Table 3: Ablation. (a) Distortion-Perception trade-off. (b) Noise Level. (c) Pixel vs Latent.

6 Conclusions
This study introduces Efficient Latent Image Restoration (ELIR), an efficient IR method
aiming to address the distortion-perception trade-off within the latent space. ELIR consists
of an initial stage of a coarse ℓ2 estimator, whose goal is to reduce errors of the LQ im-
age, followed by latent consistency flow matching (LCFM). The LCFM is a combination of
latent flow matching and consistency flow matching that enables a small number of NFEs
and a reduction of the evaluation cost. In addition, we propose an efficient neural network
architecture to significantly reduce computational complexity and model size. We have eval-
uated ELIR on several IR tasks and shown state-of-the-art performance in terms of model
efficiency. In terms of distortion and perceptual quality, we have shown competitive per-
formance with state-of-the-art methods. Such improvement enables efficient deployment on
resource-constrained devices. We leave additional efficient architectures exploration, such
as Swin Transformers and encoder-decoder latent space dimensionality, as well as exploring
ELIR under real-world or out-of-distribution degradation conditions for future work.
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