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Figure 1. We propose a deep reparametrization of the classical MAP objective (1) for multi-frame image restoration. Our general formula-

tion minimizes a learned reconstruction error in a deep latent space. The proposed approach outperforms previous state-of-the-art methods

DBSR [2] and BPN [64] on the RAW burst super-resolution (top) and burst denoising (bottom) tasks, respectively.

Abstract

We propose a deep reparametrization of the maximum a

posteriori formulation commonly employed in multi-frame

image restoration tasks. Our approach is derived by intro-

ducing a learned error metric and a latent representation

of the target image, which transforms the MAP objective to

a deep feature space. The deep reparametrization allows

us to directly model the image formation process in the la-

tent space, and to integrate learned image priors into the

prediction. Our approach thereby leverages the advantages

of deep learning, while also benefiting from the principled

multi-frame fusion provided by the classical MAP formu-

lation. We validate our approach through comprehensive

experiments on burst denoising and burst super-resolution

datasets. Our approach sets a new state-of-the-art for both

tasks, demonstrating the generality and effectiveness of the

proposed formulation.

1. Introduction

Multi-frame image restoration (MFIR) is a fundamental

computer vision problem with a wide range of important ap-

plications, including burst photography [2, 24, 39, 63] and

remote sensing [12, 32, 46]. Given multiple degraded and

noisy images of a scene, MFIR aims to reconstruct a clean,

sharp, and often higher-resolution output image. By effec-

tively leveraging the information contained in different in-

put images, MFIR approaches are able to reconstruct richer

details that cannot be recovered from a single image.

As a widely embraced paradigm [15, 17, 36, 47], MFIR

is addressed by first modelling the image formation process

as, xi = H
(
φmi

(y)
)
+ ηi. In this model, the original image

y is affected by the scene motion φmi
, image degradation

H , and noise ηi, resulting in the observed image xi. As-

suming the noise ηi follows an i.i.d. Gaussian distribution,

the original image y is reconstructed from the set of noisy

observations {xi}
N
1 by finding the maximum a posteriori

(MAP) estimate,

ŷ = argmin
y

N∑

i=1

∥
∥xi −H (φmi

(y))
∥
∥
2

2
+R(y) , (1)

where R(y) is the imposed prior regularization.

While the MAP formulation (1) has enjoyed much pop-

ularity, there are several challenges when employing it in

real-world settings. The formulation (1) assumes that the

degradation operator H is known, which is not often the

case. Moreover, it requires manually tuning the regular-
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izer R(y) for good performance [17, 19, 21]. Despite these

shortcomings, the MAP formulation (1) provides an elegant

modelling of the MFIR problem, and a principled way of

fusing information from multiple frames. This inspires us

to formulate a deep MFIR method that leverages the com-

pelling advantages of (1), while also benefiting from the

end-to-end learning of the degradation operator H and the

regularizer R.

We propose a deep reparametrization of the classical

MAP objective (1). Our approach is derived as a gener-

alisation of the image space reconstruction problem (1), by

transforming the MAP objective to a deep feature space.

This is achieved by first introducing an encoder network

that replaces the L2 norm in (1) with a learnable error met-

ric, providing greater flexibility. We then reparametrize the

target image y with a decoder network, allowing us to solve

the optimization problem in a learned latent space. The de-

coder integrates strong learned image priors into the predic-

tion, effectively removing the need of a manually designed

regularizer R. Our deep reparametrization also allows us to

directly learn the effects of complex degradation operator

H in the deep latent space of our formulation. To further

improve the robustness of our model to e.g. varying noise

levels and alignment errors, we introduce a network compo-

nent that estimates the certainty weights of all observations

in the objective.

We validate the proposed approach through extensive

experiments on two multi-frame image restoration tasks,

namely RAW burst super-resolution, and burst denoising.

Our approach sets a new state-of-the-art on both tasks by

outperforming recent deep learning based approaches (see

Fig. 1). We further perform extensive ablative experiments,

carefully analysing the impact of each of our contributions.

2. Related Work

Multi-Frame Super-Resolution: MFSR is a well-studied

problem, with more than three decades of active research.

Tsai and Huang [60] were the first to propose a frequency-

domain based solution for MFSR. Peleg et al. [47] and Irani

and Peleg [31] proposed an iterative approach based on an

image formation model. Here, an initial guess of the SR

image is obtained and then refined by minimizing a recon-

struction error. Several works [1, 15, 22, 51] extended the

objective in [31] with a regularization term to obtain a max-

imum a posteriori (MAP) estimate of the HR image. Ro-

bustness to outliers or varying noise levels were further ad-

dressed in [17, 70].

The aforementioned approaches assume that the im-

age formation model, as well as the motion between in-

put frames can be reliably estimated. Several works ad-

dress this limitation by jointly estimating these unknown

parameters [16, 26, 34, 48, 68], or marginalizing over

them [48, 49, 58]. Alternatively, a number of approaches

directly predict the HR image without simulating the im-

age formation process. Chiang and Boult [9] upsample and

warp the input images to a common reference, before fus-

ing them. Farsiu et al. [18] extend this approach with a ro-

bust regularization term. Takeda et al. [55, 56] proposed

a kernel regression based approach for super-resolution.

Wronski et al. [63] used the kernel regression technique to

perform joint demosaicking and super-resolution. A few

deep learning based solutions have also been proposed re-

cently for MFSR, mainly focused on remote sensing ap-

plications [12, 32, 46]. Bhat et al. [2] propose a learned

attention-based fusion approach for hand held burst super-

resolution. Haris et al. [23] propose a recurrent back-

projection network for video super-resolution.

Multi-Frame Denoising: In addition to the MFSR ap-

proaches discussed previously, a number of specialized

multi-frame denoising approaches have also been proposed

in the literature. Tico [57] performs block matching both

within an image, as well as across the input images to per-

form denoising. [10, 41, 42] extend the popular image de-

noising algorithm BM3D [11] to video. Buades et al. [7]

estimate the noise level from the aligned images, and use

a combination of pixel-wise mean and BM3D to denoise.

Hasinoff et al. [24] used a hybrid 2D/3D Wiener filter to de-

noise and merge burst images for HDR and low-light pho-

tography applications. Godard et al. [20] extend a single

frame denoising network for multiple frames using a re-

current neural network. Mildenhall et al. [45] employed

a kernel prediction network (KPN) to obtain per-pixel ker-

nels which are used to merge input images. The KPN ap-

proach was then extended by [43] to predict multiple ker-

nels, while [64] introduced basis prediction networks to en-

able the use of larger kernels.

Deep Optimization-based image restoration: A number

of deep learning based approaches [35, 36, 65, 66] have

posed image restoration tasks as an explicit optimization

problem. The P 3 [61] and RED [50] approaches provide

a general framework for utilizing standard denoising meth-

ods as regularizers in optimization-based image restoration

methods. Zhang et al. [66] used the half quadratic split-

ting method to plug a deep neural-network based denoiser

prior into model-based optimization methods. Kokkinos et

al. [36] used a proximal gradient descent based framework

to learn a regularizer network for burst photography appli-

cations. These prior works mainly focus on only learning

the regularizer, while assuming that the data term (image

formation process) is known and simple. Furthermore, the

reconstruction error computation, as well as the error mini-

mization are restricted to be in the image space. In contrast,

our deep reparametrization approach allows jointly learning

the imaging process as well as the priors, without restricting

the image formation model to be simple or linear.
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3. Method

3.1. Problem formulation

In this work, we tackle the multi-frame (MF) image

restoration problem. Given multiple images {xi}
N
i=1, xi ∈

R
h×w×cin of a scene, the goal is to merge information

from these input images to generate a higher quality out-

put ŷ ∈ R
sh×sw×cout . Here, cin and cout are the number of

image channels, while s is the super-resolution factor. We

consider a general scenario where the input images are ei-

ther captured using a stationary or a hand held camera. The

input and output images can either be in RAW or RGB for-

mat, depending on the end application.

One of the most successful paradigms to MF restoration

and super-resolution in the literature [1, 17, 22, 47] is to first

model the image formation process,

xi = H
(
φmi

(y)
)
+ ηi (2)

Here, y is the underlying image and φmi
is the warping op-

eration which accounts for scene motion mi. The image

degradation operator H models e.g. camera blur, and the

sampling process in camera. The observation noise ηi ∼ pη
is assumed to follow a given distribution pη . The degra-

dation operator H and the scene motion mi take different

forms depending on the addressed task. For example, in the

super-resolution task, H acts as the downsampling kernel.

Similarly, the scene motion mi can denote the parameters

of an affine transformation, or represent a per-pixel optical

flow in case of dynamic scenes. Note that the degradation

operator H as well as the scene motion mi are unknown in

general and need to be estimated.

Given the imaging model (2), the original image y is

generally estimated by minimizing the error between each

observed image xi, and its simulated counterpart x̄i =
H (φmi

(y)), using the maximum a posteriori (MAP) es-

timation technique. If the observation noise follows an i.i.d.

Gaussian distribution, the MAP estimate ŷ is obtained as,

ŷ = argmin
y

N∑

i=1

∥
∥xi −H (φmi

(y))
∥
∥
2

2
+R(y) (3)

Here, R(y) is the regularization term that integrates prior

knowledge about the original image y.

The formulation (3) provides a principled way of in-

tegrating information from multiple frames, leading to its

popularity. However, it requires manually tuning the degra-

dation operator H and the regularizer R, while also lacking

the flexibility to generalize to more complex noise distribu-

tions. In this work, we propose a deep reparametrization of

(3) to address the aforementioned issues.

3.2. Deep Reparametrization

We introduce a deep reparametrization that transforms

the optimization problem (3) into a learned deep feature

space (see Figure 2). In this section, we will first derive

our approach based on the reconstruction loss (3), and then

discuss its advantages over the original image-space formu-

lation. Our generalized deep image reconstruction objective

is derived from (3) in three steps, detailed next.

Step 1: We note that the first term in problem (3) minimizes

a L2 distance ‖xi − x̄i‖2 between the observed image xi

and the simulated image x̄i = H (φmi
(y)). Instead of lim-

iting the objective to the squared error ‖xi − x̄i‖
2
2 in image

space, we learn a more general distance measure d(xi, x̄i).
We parametrize the metric d by an encoder network E, to

obtain image embeddings E(xi) ∈ R
h̃×w̃×ce . The error

d(xi, x̄i) is then computed as the L2 distance between the

embeddings of the input image xi and the simulated image

x̄i, as d(xi, x̄i) = ‖E(xi) − E(x̄i)‖2. Thanks to the depth

and non-linearity of the encoder E, the distance measure d
can represent highly flexible error metrics, more suitable for

complex noise and error distributions.

Step 2: While the encoder E maps the error computation

to a deep feature space, the resulting objective is still min-

imized in the output image space y. As a second step, we

therefore reparametrize the objective (3) in terms of a latent

deep representation z ∈ R
s̃h̃×s̃w̃×cz of the image y. To this

end, we introduce a decoder network D that maps the latent

representation z to the estimated image y = D(z). Since

z is a direct parametrization of the target image y, we can

optimize the objective w.r.t. z and predict the final image as

ŷ = D(ẑ) once the optimal latent representation ẑ is found.

The resulting objective is thus expressed as,

L(z) =

N∑

i=1

∥
∥E(xi)− E ◦H ◦ φmi

◦D(z)
∥
∥
2

2
+R (D (z))

ŷ = D(ẑ) , ẑ = argmin
z

L(z) . (4)

Here, ‘◦’ denotes composition f ◦ g(·) = f(g(·)) of two

functions f , g.

Next, we assume the decoder D to be equivariant w.r.t.

the warping operation φmi
. That is, the decoder and warp-

ing operation commute as φmi
◦ D = D ◦ φmi

. In fact,

if φmi
is solely composed of a translation, this condition

is readily ensured by the translational equivariance of the

CNN decoder D. For more complex motions, the equivari-

ance condition still holds to a good approximation if the mo-

tion mi locally resembles a translation. This is generally the

case for the considered burst photography settings, where

the motion between frames are small to moderate. Further-

more, as for optical flow networks that also employ feature

warping [29, 54], our decoder D can learn to accommodate

the desired warping equivariance through end-to-end train-

ing. By using the equivariance condition φmi
◦D = D◦φmi
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Figure 2. Left: Classical multi-frame image restoration approaches minimize a reconstruction error (3) between the observed images xi and

the simulated images H (φmi
(ŷ)) to obtain the output image ŷ. Right: In contrast, we employ an encoder E to compute the reconstruction

error (6) in a learned feature space. The reconstruction error is minimized w.r.t. a latent representation z, which is then passed through the

decoder D to obtain the prediction ŷ.

in (4), we obtain the objective,

L(z)=

N∑

i=1

∥
∥E(xi)−E ◦H ◦D

︸ ︷︷ ︸

G

◦φmi
(z)

∥
∥
2

2
+R (D (z)) ,

(5)

which allows us to directly apply the warping φmi
on the

latent representation z.

Step 3: As the final step, we focus on the degradation

operator H . In general, H is unknown and thus needs

to be estimated or learned. Although it could be directly

parametrized as a separate neural network, we propose a

different strategy. By directly comparing (3) and (5), we

interestingly find the role of H in (3) replaced by the com-

position G = E◦H◦D in (5). Instead of learning the image

space degradation map H , we can thus directly parametrize

its resulting deep feature space operator G. Here, G can

be seen as the feature space degradation operator, which

is used to directly obtain the simulated image embedding

G (φmi
(z)). We thereby obtain the following objective,

L(z) =

N∑

i=1

∥
∥E(xi)−G

(
φmi

(z)
)∥
∥
2

2
+Q(z) . (6)

In (6), we have also introduced the latent space regularizer

Q = R◦D, which can similarly be parametrized directly in

order to avoid invoking the decoder D during the optimiza-

tion process. Next, we will discuss the advantages of our

deep reformulation (6) of (3), brought by each of the neural

network modules E, D, and G.

Encoder E: The encoder maps the input images xi to an

embedding space E(xi), where the reconstruction error is

defined. It can thus learn to transform complex noise distri-

butions pη and other error sources, stemming from e.g. in-

accurate motion estimation mi, to a feature space where it

is better approximated as independent Gaussian noise. Our

approach thus avoids strict assumptions imposed by the L2

loss in image space through the flexibility of the encoder E.

Decoder D: The minimization problem (3) is often solved

using iterative numerical methods, such as the conjugate

gradient method. The convergence rate of such methods

strongly depend on the conditioning of the objective. Since

we optimize (5) w.r.t. a latent representation z instead of

the output image y, our decoder D serves as a precondi-

tioner, leading to faster convergence. Furthermore, while

effective image space regularizers R(y) are often complex

[17, 21], our latent parametrization z allows for trivial reg-

ularizers Q(z). Similar to CNN-based single-image super-

resolution approaches [13, 38, 40, 69], the decoder D also

learns strong image priors which are applied during the pre-

diction step ŷ = D(ẑ). Thanks to the regularizing ef-

fect of our decoder, we found it sufficient to simply set

Q(z) = λ‖z‖22 where λ is a learnable scalar.

Feature degradation G: The image degradation operator

H can be complex and non-linear in general, making it hard

to solve the minimization problem (3). In our deep reformu-

lation (6) of (3), the image degradation H is replaced by its

feature space counterpart G = E ◦ H ◦ D. Here, the en-

coder E and decoder D are deep neural networks, capable

of learning highly non-linear mappings. These can there-

fore learn a latent space where the degradation operation

is approximately linear. That is, for a given image degra-

dation H , we can learn appropriate G, E and D such that

G ≈ E◦H ◦D even in the case when G is constrained to be

linear. Consequently, we constrain G to be a linear convolu-

tion filter, which is accommodated by the end-to-end learn-

ing of suitable E and D where such a linear relation holds.

2463



As a result, our optimization problem (6) is convex and can

be easily optimized using efficient quadratic solvers.

We model the encoder E, decoder D, and degradation G
as convolutional neural networks. As detailed in Sec. 3.5,

these networks are learned directly from data. But first, we

propose a further generalization to our objective (6).

3.3. Certainty Predictor

In our formulation (6), the reconstruction error for each

frame, location, and feature channel are weighted equally.

This is the correct model if the errors, often seen as observa-

tion noise, are identically distributed. In practice however,

images are affected by heteroscedastic noise [27], which

varies spatially depending on the image intensity value.

Furthermore, the reconstruction errors in (3) and (6) are af-

fected by the quality of the motion estimation mi. In practi-

cal applications, the scene motion mi is unknown and needs

to be estimated using e.g. optical flow. As a result, the esti-

mated mi may contain significant errors for certain regions,

leading to sub-optimal results. In order to model these ef-

fects, we further introduce a certainty predictor module W .

Our certainty predictor aims to determine element-wise

certainty values vi ∈ R
h̃×w̃×ce for each element in the

residual E(xi) − G (φmi
(z)). Intuitively, image regions

with higher noise or unreliable motion estimate mi should

be given lower certainty weights, effectively reducing their

impact in the MAP objective (6). The certainty values vi are

computed using the image embeddings {E(xj)}
N
j=1, mo-

tion estimate mi, and the noise level ni (if available) as in-

put. Our final optimization problem, including the certainty

weights vi is then expressed as,

L(z) =

N∑

i=1

‖vi · (E(xi)−G (φmi
(z))) ‖22 + λ‖z‖22

where vi = W
(
{E(xj)}

N
j=1,mi, ni

)
. (7)

In relation to the MAP estimation (3), the certainty weights

correspond to an estimate of the inverse standard deviation

vi =
1

σi

of the encoded observations E(xi).

3.4. Optimization

To ensure practical inference and training, it is crucial

that our objective (7) can be minimized efficiently. Further-

more, in order to learn our network components end-to-end,

the optimization solver itself needs to be differentiable. Due

to the linearity of warp operator φmi
and the choice of linear

feature degradation G, our objective L(z) is a linear least-

squares problem, which can be addressed with standardized

techniques. In particular, we employ the steepest-descent

algorithm, which can be seen as a simplification of the Con-

jugate Gradient [52]. Both algorithms have been previously

employed in classical MFIR approaches [1, 22], and more

recently in deep optimization-based few-shot learning ap-

proaches [3, 4, 59].

The steepest-descent algorithm performs an optimal line

search αj = argminα L(zj − αgj) in the gradient gj =
∇L(zj) direction to update the iterate zj+1 = zj − αjgj .

Since the problem is quadratic, simple closed-form expres-

sions can be derived for both the gradient gj and step length

αj . For our model (7), the complete algorithm is given by,

gj = −2

N∑

i=1

φT
mi

G ∗T
(
v2i ·

(
E(xi)−G ∗ φmi

(zj)
))

+ 2λzj

αj =
‖gj‖22

∑N

i=1
2‖vi · (G ∗ φmi

(gi)) ‖22 + 2λ‖gj‖22
(8)

zj+1 = zj − αjgj .

Here, ∗, ∗T, and · denote the convolution, transposed con-

volution, and element-wise product, respectively. Further,

φT
mi

is the transposed warp operator. A detailed derivation

is provided in the supplementary material. Note that both

the gradient gj and step length αj can be implemented us-

ing standard differentiable neural network operations.

To further improve convergence speed, we learn an ini-

tializer P which predicts the initial latent encoding z0 =
P (E(x1)) using the embedding of the first image x1.

Our approach then proceeds by iteratively applying KSD

steepest-descent iterations (8). Due to the fast convergence

provided by the steepest-descent steps, we found it suffi-

cient to only use KSD = 3 iterations. By unrolling the itera-

tions, our optimization module can be represented as a feed-

forward network AG,W,P that predicts the optimal encoding

ẑ. Our complete inference procedure is then expressed as,

ŷ = D
(

AG,W,P

({(
E(xi),mi

)}N

i=1

))

(9)

In the next section, we will describe how all the components

in our architecture can be directly learned end-to-end.

3.5. Training

Our entire MFIR network is trained end-to-end from data

in a straightforward manner, without enforcing any addi-

tional constraints on the individual components. We use a

training dataset D = {({xk
i }

N
i=1, y

k)} consisting of input-

target pairs. For each input {xk
i }

N
i=1, we obtain the predic-

tion ŷk using (9). The network parameters for each of our

components E, G, W , P , and D are then learned by mini-

mizing a prediction error ℓ(yk, ŷk) over the training dataset

D using e.g. stochastic gradient descent. In this work, we

use the popular L1 loss ℓ(y, ŷ) = ‖y − ŷ‖1.

4. Applications

We describe the application of our approach to RAW

burst super-resolution, and burst denoising tasks. A detailed

description is provided in the supplementary material.
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4.1. RAW Burst Superresolution

Here, the method is given a set of RAW bayer images

captured successively from a hand held camera. The task

is to exploit these multiple shifted observations to generate

a denoised, demosaicked, higher-resolution output. In this

setting, the image degradation H can be seen as a composi-

tion of camera blur, decimation, sampling, and mosaicking

operations. Next, we briefly describe our architecture.

Encoder E: The encoder packs each 2 × 2 block in the

input RAW image along the channel dimension to obtain a

4 channel input. This is then passed through an initial conv.

layer followed by a series of residual blocks [25] with ReLU

activations and without BatchNorm [30]. A final conv. layer

predicts a 256-dimensional encoding of the input image.

Operator G: We use a conv. layer with stride s̃ as our

feature-space degradation G. The stride s̃ corresponds to

the downsampling factor of G. Note that this downsam-

pling need not be the same as the downsampling factor s of

the image degradation H . Our latent representation z can

encode higher-resolution information in the channel dimen-

sion, enabling use of a smaller s̃ for efficiency. We empiri-

cally observed that it is sufficient to set s̃ = 2 and perform

the remaining upsampling by factor s/s̃ in our decoder D.

Decoder D: Our decoder consists of a series of residual

blocks (same type as in E), followed by upsampling by

a factor of s/s̃ using sub-pixel convolution [53]. The up-

sampled feature map is passed through additional residual

blocks, followed by a final conv. layer to obtain ŷ.

Motion Estimation: We compute the motion mi between

each input image xi and a reference image x1 as pixel-wise

optical flow in order to be robust to small object motions in

the scene. Specifically, we use a PWCNet [54] trained by

the authors on the synthetic FlyingChairs [14], FlyingTh-

ings3D [44], and MPI Sintel [8] datasets.

Certainty predictor W : We uses three sources of infor-

mation in order to predict the certainty vi: i) The encoding

E(xi) which provides information about local image struc-

ture e.g. presence of an edge, texture etc. ii) The residual

E(xi) − φmi
(E(x1)) between the encoding of i-th image

xi and the reference image encoding E(x1) warped to i-th
image, which can indicate possible alignment failures, and

iii) The sub-pixel sampling location mi mod 1 of the pixels

in the i-th image. These three entities are passed through a

residual network to obtain the certainty vi for image xi.

4.2. Burst Denoising

Given a burst of noisy images, the aim of burst denois-

ing is to generate a clean output image. In general, burst

denoising requires filtering over both the temporal and spa-

tial dimensions. While the classical MAP formulation (3)

accommodates the latter by specially designed regulariz-

ers, our approach can learn spatial filtering through two

mechanisms. First, the encoder E and decoder D networks

allow effective spatial aggregation. Second, our certainty

predictor can predict both frame-wise and spatial (through

channel-dimension encodings) aggregation weights. Fol-

lowing [43, 45, 64], we consider a burst denoising scenario

where an estimate of per-pixel noise variance ni is avail-

able. In practice, such an estimate is available from the ex-

posure parameters reported by the camera. Next, we briefly

detail our network architecture employed for this task.

Encoder E: We concatenate the image xi and the noise

estimate ni and pass it through a residual network to obtain

the noise conditioned image encodings E(xi, ni)

Operator G: We use a conv. layer as our operator G.

Decoder D: Our decoder consists of a series of residual

blocks, followed by a final conv. layer which outputs ŷ.

Motion Estimation: We use a similar strategy as employed

in Sec. 4.1 to estimate the motion between images.

Certainty predictor W : We use a similar certainty predic-

tor as employed in Sec. 4.1, with a minor modification. We

input the noise estimate ni directly to W as to condition our

minimization problem (7) on the input noise level.

5. Experiments

We perform comprehensive evaluation of our approach

on RAW burst super-resolution and burst denoising tasks.

Detailed results are provided in the supplementary material.

5.1. RAW Burst SuperResolution

Here, we evaluate our approach on the RAW burst super-

resolution task. Our experiments are performed on the Syn-

theticBurst dataset, and the BurstSR dataset, both intro-

duced in [2]. The SyntheticBurst dataset consists of synthet-

ically generated RAW bursts, each containing 14 images.

The bursts are generated by applying random translations

and rotations to a sRGB image, and converting the shifted

images to RAW format using an inverse camera pipeline [5].

The BurstSR dataset, on the other hand, contains real-world

bursts captured using a hand held smartphone camera, along

with a high-resolution ground truth captured using a DSLR

camera. Since the input bursts and HR ground truth are

captured using different cameras, there are spatial and color

mis-alignments between the two, posing additional chal-

lenges for both training and evaluation. We perform super-

resolution by a factor s = 4 in all our experiments.

Training details: For evaluation on the SyntheticBurst

dataset, we train our model on synthetic bursts generated

using sRGB images from the Zurich RAW to RGB [28]

training set. We use a fixed burst size N = 14 during

our training. Our model is trained for 500k iterations, with

a batch size of 16, using the ADAM [33] optimizer. The

model trained on the synthetic data is then additionally fine-

tuned for 40k iterations on the BurstSR training set for
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Figure 3. Qualitative comparison of our approach with the previous state-of-the-art methods DBSR [2] and BPN [64] on RAW burst

super-resolution (first four columns) and burst denoising (last four columns) tasks.

SyntheticBurst BurstSR

PSNR↑ LPIPS ↓ SSIM↑ PSNR↑ LPIPS ↓ SSIM↑ Time (s)

SingleImage 36.86 0.113 0.919 46.60 0.039 0.979 0.02

HighResNet [12] 37.45 0.106 0.924 46.64 0.038 0.980 0.11

DBSR [2] 40.76 0.053 0.959 48.05 0.025 0.984 0.24

Ours 41.56 0.045 0.964 48.33 0.023 0.985 0.40

Table 1. Comparison on the SyntheticBurst and real-world

BurstSR validation dataset from [2].

evaluation on the BurstSR val set. In order to handle the

mis-alignments between the input and the ground truth in

BurstSR dataset, we perform a spatial and color alignment

of the network prediction to the ground truth, using the strat-

egy employed in [2], before computing the prediction error.

Results: We compare our approach with the recently in-

troduced DBSR [2] that employs a deep network with an

attention-based fusion of input images. Our approach em-

ploys the same optical flow estimation network as DBSR.

We also compare with HighResNet [12], and a CNN-based

single-image baseline consisting of only our encoder and

decoder modules. All models are trained using the same

training settings as our approach, and evaluated using all

available burst images (N = 14). The results on the Syn-

theticBurst dataset containing 300 bursts, in terms of PSNR,

SSIM [62], and LPIPS [67] are shown in Tab. 1. All metrics

are computed in linear image space. Our approach, mini-

mizing a feature-space reconstruction error, obtains the best

results, outperforming DBSR by +0.80 dB in PSNR. We

also report results on the real-world BurstSR val set contain-

ing 882 bursts, using the evaluation strategy described in [2]

to handle the spatial and color mis-alignments. Our ap-

proach obtains promising results, outperforming DBSR by

+0.28 dB in PSNR. These results demonstrate that our deep

reparametrization of the classical MAP formulation gener-

alizes to real-world degradation and noise. The computation

time required to process a burst containing 14 RAW images

to generate a 1896 × 1080 RGB output is also reported in

Tab. 1. A qualitative comparison is provided in Fig. 3.

Gain ∝ 1 Gain ∝ 2 Gain ∝ 4 Gain ∝ 8 Average

HDR+ [24] 31.96 28.25 24.25 20.05 26.13

BM3D [11] 33.89 31.17 28.53 25.92 29.88

NLM [6] 33.23 30.46 27.43 23.86 28.75

VBM4D [42] 34.60 31.89 29.20 26.52 30.55

SingleImage 35.16 32.27 29.34 25.81 30.65

KPN [45] 36.47 33.93 31.19 27.97 32.39

MKPN [43] 36.88 34.22 31.45 28.52 32.77

BPN [64] 38.18 35.42 32.54 29.45 33.90

Ours 39.37 36.51 33.38 29.69 34.74

Ours† 39.10 36.14 32.89 28.98 34.28

Table 2. Comparison of our method with prior approaches on the

grayscale burst denoising set [45] in terms of PSNR. Results for

the first four methods are from [45], while the results for MKPN

are from [64]. Our approach obtains the best results, outperform-

ing the previous state-of-the-art method BPN on all noise levels.

5.2. Burst Denoising

We evaluate our approach on the grayscale and color

burst denoising datasets introduced in [45] and [64], respec-

tively. Both datasets are generated synthetically by apply-

ing random translations to a base image. The shifted im-

ages are then corrupted by adding heteroscedastic Gaus-

sian noise [27] with variance σ2
r + σsx. Here x is the

clean pixel value, while σr and σs denote the read and

shot noise parameters, respectively. During training, the

noise parameters (log(σr), log(σs)) are sampled uniformly

in the log-domain from the range log(σr) ∈ [−3,−1.5] and

log(σs) ∈ [−4,−2]. The networks are then evaluated on

4 different noise gains (1, 2, 4, 8), corresponding to noise

parameters (−2.2,−2.6), (−1.8,−2.2), (−1.4,−1.8), and

(−1.1,−1.5), respectively. Note that the noise parameters

for the highest noise gain (Gain ∝ 8) are unseen during

training. Thus, performance on this noise level can in-

dicate the generalization of the network to unseen noise.

The noise parameters (log(σr), log(σs)) are assumed to be

known both during training and testing, and can be utilized

to estimate per-pixel noise variance.

Training details: Following [45], we use the images from
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Gain ∝ 1 Gain ∝ 2 Gain ∝ 4 Gain ∝ 8 Average Runtime (s)

SingleImage 37.94 34.98 31.74 28.03 33.17 0.005

KPN [45] 38.86 35.97 32.79 30.01 34.41 -

BPN [64] 40.16 37.08 33.81 31.19 35.56 0.328

Ours 42.21 39.13 35.75 32.52 37.40 0.198

Ours† 41.90 38.85 35.48 32.29 37.13 0.046

Table 3. Comparison with previous methods on the color burst

denoising set [64] in terms of PSNR. The results for KPN are

from [64]. Our approach outperforms BPN on all four noise levels.

the Open Images [37] training set to generate synthetic

bursts. We train on bursts containing N = 8 images with

resolution 128 × 128. Our networks are trained using the

ADAM [33] optimizer for 150k and 300k iterations for the

grayscale and color denoising tasks, respectively. The entire

training takes less than 40h on a single Nvidia V100 GPU.

Results: We compare our approach with the recent kernel

prediction based approaches KPN [45], MKPN [43], and

BPN [64]. Since our motion estimation network (PWCNet)

is trained on external synthetic data, we include a variant of

our approach, denoted as Ours†, using a custom optical flow

network. Our flow network is jointly trained with the rest of

the architecture using a photometric loss, without any extra

supervision or data. We also include results for the popular

denoising algorithms [6, 11, 42] based on non-local filter-

ing, the multi-frame HDR+ method [24], as well as a single

image baseline consisting of only our encoder and decoder.

The results over the 73 bursts from the grayscale burst de-

noising dataset [45], are shown in Tab. 2. Our approach

sets a new state-of-the-art, outperforming the previous best

method BPN [64] on all four noise levels. Ours† employ-

ing a custom flow network also obtains promising results,

outperforming BPN on three out of four noise levels.

We also evaluate our approach on the recently introduced

color burst denoising dataset [64] containing 100 bursts.

The results, along with the computation time for processing

a 1024 × 768 resolution burst, are shown in Tab. 3. Fur-

ther qualitative comparison is provided in Fig. 3. As in the

grayscale set, our approach obtains the best results, signifi-

cantly outperforming the previous best method BPN. Ours†

employing a custom flow network also outperforms BPN

by over 1.5 dB in average PSNR, while operating at a sig-

nificantly higher speed. Furthermore, note that unlike BPN

and KPN that are restricted to operate on fixed-size bursts,

our approach can operate with bursts of any size, providing

additional flexibility for practical applications.

5.3. Ablation Study

Here, we analyse the impact of key components in our

formulation. The experiments are performed on the Syn-

theticBurst super-resolution dataset [2] and the grayscale

burst denoising dataset [45]. We train different variants of

our approach, with and without the encoder E, decoder D,

and the certainty predictor W . This is achieved by replac-

ing the encoder/decoder by an identity function, and setting

certainty weights vi to all ones, when applicable. In order

SyntheticBurst Denoising

E D W PSNR ∆PSNR PSNR ∆PSNR

(a) 31.91 -7.91 28.06 -6.68

(b) X 33.85 -5.97 33.00 -1.74

(c) X 36.71 -3.11 33.46 -1.28

(d) X 38.12 -1.70 32.99 -1.75

(e) X X 38.36 -1.46 34.54 -0.20

(f) X X 38.44 -1.38 33.69 -1.05

(g) X X 38.63 -1.19 34.56 -0.18

(h) X X X 39.82 34.74

Table 4. Impact of our encoder E, decoder D, and certainty predic-

tor W modules on SyntheticBurst [2] and grayscale denoising [45]

datasets. ∆PSNR denotes difference with our final model (h).

to ensure fairness, we employ a deeper decoder when not

utilizing an encoder, and vice versa. For training on the

SyntheticBurst dataset, we employ a shorter training sched-

ule with 100k iterations. The mean PSNR on the Synthet-

icBurst set, as well as the mean PSNR over all four noise

levels in the grayscale denoising set are provided in Tab. 4.

Minimizing the reconstruction error directly in the input

image space (MAP estimate (3)) leads to poor results on

both super-resolution and denoising tasks (a). Note that un-

like in the classical MAP based approaches, the degradation

operator H is still learned in this case. The performance of

the image space formulation is improved by employing our

certainty predictor (b). The improvement is more prominent

in the burst denoising task, where the certainty values allow

handling varying noise levels. Our variants employing only

the encoder (c), or the decoder (d) module obtain better per-

formance, thanks to the increased modelling capability pro-

vided by the use of deep networks. The certainty predictor

W provides additional improvements, even when employed

together with the encoder (f) or the decoder (g). Removing

either of the three components E, D, or W (g)-(e) from our

final version leads to a decrease in performance, demon-

strating that each of these components are crucial. The per-

formance decrease is much larger in the super-resolution

task due to the more complex image degradation process.

6. Conclusion

We propose a deep reparametrization of the classical

MAP formulation for multi-frame image restoration. Our

approach minimizes the MAP objective in a learned deep

feature-space, w.r.t. a latent representation of the output im-

age. Crucially, our deep reparametrization allows learn-

ing complex image formation processes directly in latent

space, while also integrating learned image priors into the

prediction. We further introduce a certainty predictor mod-

ule to provide robustness to e.g. alignment errors. Our ap-

proach obtains state-of-the-art results on RAW burst super-

resolution as well as burst denoising tasks.
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