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Abstract

Diffusion Models have demonstrated remarkable capabilities in handling inverse
problems, offering high-quality posterior-sampling-based solutions. Despite signif-
icant advances, a fundamental trade-off persists regarding the way the conditioned
synthesis is employed: Zero-shot approaches can accommodate any linear degrada-
tion but rely on approximations that reduce accuracy. In contrast, training-based
methods model the posterior correctly, but cannot adapt to the degradation at test-
time. Here we introduce InvFusion, the first training-based degradation-aware
posterior sampler. InvFusion combines the best of both worlds – the strong per-
formance of supervised approaches and the flexibility of zero-shot methods. This
is achieved through a novel architectural design that seamlessly integrates the
degradation operator directly into the diffusion denoiser. We compare InvFusion
against existing general-purpose posterior samplers, both degradation-aware zero-
shot techniques and blind training-based methods. Experiments on the FFHQ and
ImageNet datasets demonstrate state-of-the-art performance. Beyond posterior
sampling, we further demonstrate the applicability of our architecture, operating
as a general Minimum Mean Square Error predictor, and as a Neural Posterior
Principal Component estimator.1

1 Introduction

Diffusion models [49, 52, 28] have emerged as a leading class of generative machine learning
techniques [16, 44]. Since their inception, diffusion models have gained significant traction in solving
complex inverse problems, such as super-resolution [47] or in-painting [37], where the goal is to
reconstruct or estimate an underlying image from partial or degraded observations.

Diffusion models can be trained to solve inverse problems using a simple conditioning framework,
in which the measurements are supplied to the network [46, 47]. Although powerful, these training-
based methods are typically restricted to handling a limited set of degradations per trained network, as
they must learn the connection between clean images and their degraded versions. Moreover, existing
training-based models cannot accept the degradation as an input and must rely on the measurements
provided at test-time to infer which among the possible degradations to restore. This forces a blind
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Figure 1:Examples for posterior samples from our degradation-aware diffusion model.A single
model can restore multiple degradations, such as in-painting, de-blurring and super-resolution with
high image �delity and realism, by integrating the degradation operator into the model's architecture.

restoration setting, which is inaccurate when multiple degradations �t the measurements. These
fundamental limitations signi�cantly reduce the applicability of trained conditional diffusion-based
methods, as no single model can accommodate a wide range of inverse problems. Conversely,
zero-shot methods [10, 11, 32, 33, 51] utilize unconditional pre-trained diffusion models for solving
inverse problems, taking into account the particular degradation process from which each input
suffers, enabling a more precise non-blind setting. They are thus remarkably �exible in handling
various degradation scenarios. However, these approaches use approximation that reduce accuracy
and suffer from computational inef�ciency.

Here, we introduce InvFusion, an architectural framework that combines the strengths of training-
based and zero-shot methodologies. Our approach is the �rst training-based method that can be
informed of the degradation at test-time. The InvFusion architecture is conditioned on the degradation
operator, enabling the network to make full use of the provided measurements. Since the set of all
possible degradations is too large to be used directly as a model input, we propose integrating the
degradation operator into the architecture's design, implicitly enabling the network to infer whether
its intermediate features correspond to the measurements. This novel architecture allows the network
to adapt to a wide range of degradations while simultaneously maintaining the high performance of
training-based networks. Our method represents a paradigm shift, offering a more versatile, accurate,
and computationally ef�cient approach to handling complex inverse problems.

Our network's architecture is inspired by unrolling frameworks [54, 61, 1], in which the layers mimic
an optimization process. In our case, we integrate the degradation operator within the network's
layers using attention mechanisms [57, 17, 43] . The attention layers preserve dimensionality, and
thus enable applying the degradation operator to all network activations. We use HDiT [13] as our
base architecture, which is particularly effective in facilitating operations on higher-resolution images,
as shown in Fig. 1.

Accordingly, our method bypasses the approximations of zero-shot methods and solves the
degradation-ambiguity of existing training-based method, offering signi�cant advantages in ac-
curacy, computational ef�ciency, and �exibility. In particular, our method can be used with any
sampler designed for unconditional diffusion models [35, 36, 30], including Classi�er-Free Guidance
(CFG) [27, 12] and related techniques.

Our experiments on FFHQ [29] and ImageNet [15] evaluate various approaches for addressing
multiple restoration tasks with a single trained model. InvFusion out-performs existing inverse
problem solvers, both in the training-based and zero-shot categories, establishing a new state-of-
the-art (SOTA). Beyond posterior sampling, we illustrate how our architecture can also be used
for Minimum Mean Square Error (MMSE) prediction, as well as for training a Neural Posterior
Principal Component (NPPC) [42] predictor, enabling uncertainty quanti�cation for a wide variety of
restoration tasks with a single model.
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2 Background and Related Work

2.1 Diffusion Models

Diffusion Models [49, 52, 28] generate high-quality images through a sequential Gaussian noise
removal process. Given a source data distributionp(x0), a forward diffusion process constructs
a Stochastic Differential Equation (SDE)dx t = � 1

2 � (t)x t +
p

� (t)dw t , wherew t is a standard
Wiener process and� (t) is a deterministic function oft 2 [0; 1] taken such that att = 1 , the �nal
marginal distributionp(x1) becomes approximately a standard Gaussian. Each marginal distribution
along this SDE,p(x t ), can be constructed directly by adding Gaussian noise to the source data
distribution,x t =

p
�� (t)x0 +

p
1 � �� (t)� , where�� (t) = e�

Rt
0 � (s)ds and� is a standard Gaussian

random vector. To generate a sample image within this framework, one starts with a sample of white
Gaussian noise and employs an appropriate SDE solver [35, 36, 30] for the reverse SDE [4, 39, 53].
The latter requires knowing the scorer x t log(p(x t )) [52, 50, 53]. By exploiting the connection
between the score and the MMSE predictor [58, 2], x t +(1 � �� (t)) r x t log(p(x t )) =

p
�� (t)E[x0jx t ],

a denoising network trained to approximateE[x0jx t ] can be used in place of the real score function.
Training such a network is done using a regression loss,

L = E
h
wt km� (x t ; t) � x0k2

i
; (1)

wherem� is the model being trained,x0 � p(x0), andwt is some weighting function.

2.2 Inverse Problems

Inverse problem solvers attempt to reverse a degradation process that corrupted an imagex 2 RD and
yielded measurementsy 2 Rd. Many common degradations, such as those encountered in the super-
resolution, deblurring, denoising, and in-painting tasks, have a linear form. These degradations are
often written asy = H x + n whereH 2 Rd� D andn � N (0; � 2

n I ) is white Gaussian noise added
to the measurements. Noiseless measurements can be formulated with� n = 0 . When attempting to
design a system that can handle multiple degradations,H can be considered a random matrix drawn
from some distribution of possible corruption operators.

A popular approach for generating a reconstructionx̂ of x based on the measurementy and on
knowledge ofH , is to drawx̂ from the posterior distribution,̂xPost � p(x jy ; H ). Methods aiming
for this solution are called posterior samplers and are the main focus of this work. Another popular
approach to generating a reconstruction, is aiming for the Minimum Mean Square Error (MMSE)
predictor,x̂MMSE = E [x jy ; H ], which, as its name implies, achieves the lowest possible squared-
error distortion. Obtaining an approximation of the MMSE predictor can be done by training a
regression networkm� (y ) to minimizeL = E[km� (y ) � xk2].

When the degradation operatorH is not known, or is known but cannot be provided to the model,
the relevant posterior distribution is

p(x jy ) =
Z

p(x jy ; H )p(H jy )dH : (2)

This posterior is a weighted average of all possible posterior distributions (for all possible degradations
H ), each weighted by the correspondingp(H jy ). This posterior may generally encompass a
signi�cantly larger uncertainty regardingx. One key limitation of training-based posterior samplers
(like Palette [46]) is that they currently lack a mechanism to condition the model onH . Therefore,
even ifH is known, it cannot be provided to the model at test time, so that the model is unavoidably
tasked with solving a blind restoration problem. In this work, we introduce adegradation-aware
model architecture, enabling the model to incorporate information about the degradationH . This
allows solving the precise non-blind restoration task whenever the degradation is known at test time.

2.3 Diffusion Restoration

In recent years, diffusion models have become the leading approach for posterior sampling. By
modifying the probability distribution into a conditional one,p(x t jy ), solutions to the inverse problem
can be sampled using the score function of these conditional distributions. The most straightforward
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approach to leverage diffusion models for posterior sampling is to alter the training to accommodate
the partial measurementsy [46, 47], modifying Eq. (1) to

L = E
h
wt km� (x t ; t; y ) � x0k2

i
; (3)

wherey = H x0 for some desired degradationH . It is common to implement the conditioning ony
by concatenatingH yy to the noisy network inputs2. H T y , or a similar operation that shapes the
measurements back into the image dimensions can also be used instead, but ef�cient implementations
of both H andH y exist for many practical degradations. Such methods typically achieve good
results, and have proven to be accurate. Yet, such methods are not conditioned on the degradation
operatorH , limiting them to a single or few degradations per trained model [46, 47]. Several works
extend these frameworks to �ow matching [14] and Schrödinger bridges [34]. Adapting to these
methods are beyond the scope of this work, but we expect our architecture to perform equally well
for these different training regimes.

An alternative approach is to use an existing unconditional modelm� (x t ; t) and knowledge ofH to
model the conditional scorer x t log(p(x t jy ; H )) , using the Bayes rule

r x t log(p(x t jy ; H )) = r x t log(p(x t )) + r x t log(p(y jx t ; H )) : (4)

Such methods are referred to as zero-shot [11, 10, 33, 32, 51, 59, 60], for their use of pre-trained
diffusion models to solve inverse problem tasks. These methods are highly �exible, for a single
trained model can be used to solve any inverse problem for whichr x t log(p(y jx t ; H )) can be
approximated. Yet, these methods are often inaccurate, slow, and computationally expensive, due
to the challenge of obtaining an accurate approximation forr x t log(p(y jx t ; H )) . In contrast to
the correctness guarantees of training-based models [5], zero-shot models cannot sample from the
posterior even with an ideal denoiser [22].

2.4 Algorithm Unrolling

Algorithm unrolling, also known as deep unfolding, represents a paradigm where iterative algorithms
inspired by classical optimization utilize repeated application of neural networks. This approach, �rst
introduced in Gregor and LeCun[21], had emerged into image processing [54, 61, 1, 40]. In inverse
problem solving, many algorithm unrolling methods applyH andH y (or H T ) between network
evaluations, and are trained in an end-to-end manner. Deep unrolling algorithms are typically trained
for distortion reduction and do not accommodate posterior sampling, unlike our method, which is a
diffusion model. Also, while the InvFusion architecture is inspired by the same principles, it uses a
very different execution. Instead of approximating an iterative algorithm, InvFusion uses the attention
mechanism to learn where to utilize the knowledge of the degradation.

2.5 Attention for Conditional Generation

Attention mechanisms [57], originally developed for language processing tasks, have emerged as a
dominant architectural paradigm in image processing applications. The fundamental operation in
attention layers involves matching queries and keys, enabling the network to identify and combine
corresponding features across different data streams, and output relevant values. This architectural
approach has found widespread adoption in image generation tasks, particularly in conditional
generation scenarios. A prominent example is text-to-image synthesis [45, 47], where cross-attention
mechanisms facilitate interaction between textual inputs and internal diffusion model activations.
The versatility of attention mechanisms extends beyond text-to-image applications, demonstrating
signi�cant utility in various domains, such as image editing [25, 56, 9], novel-view-synthesis [55, 18,
48] and many more.

3 Method

The integration of degradation operators directly as input to neural networks presents signi�cant
computational and architectural challenges. The complexity arises from the vast dimensionality of
potential degradation representations. Even when considering only linear degradations, each row of

2H y is the Moore–Penrose pseudo-inverse of the operatorH .
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the degradation matrix is as large as the input image itself, creating an overwhelming input space that
would render traditional network architectures computationally intractable and practically infeasible.

To address this fundamental challenge, our approach incorporates the degradation operator within
the network architecture itself. We introduce a novelFeature Degradation Layer, which applies the
degradation operator to the internal network activations, and compares the result to the provided
measurements, as shown in Fig. 2.

Speci�cally, in this layer, feature representations undergo the following operations: deep features
are �rst rearranged in the shape of a stack of images, to which the degradation is applied. These
degraded features are then concatenated with the measurements, and are transformed with a learned
linear operator, incorporating the information from both the measurements and the degraded features.

Figure 2: A diagram of the InvFusion Block. Our
block contains a Feature Degradation Layer, which in-
corporates the operatorH into the architecture by ap-
plying H on the activations and comparing them with
the measurementsy = H x.

Finally, the transformed degraded features
are mapped back to the feature space
through the degradation's pseudo-inverse.
This process can be described formally as

~a = H y(T ([H a y ])) ; (5)

wherea 2 RD � c are the inputs to the layer,
andT : R(c+1) ! Rc is a learned trans-
form and activation operating on the chan-
nels axisc.

We interweave the output of our Feature
Degradation Layers back into the network's
processing stream using joint-attention3, as
illustrated in Fig. 2. These complete blocks,
which we nameInvFusion Blocks, are de-
signed to replace some or all standard at-
tention blocks in existing Transformer or
UNet architectures. The above operations
require that the network's deep feature res-
olution match the input image dimension
D. This constraint is readily accommodated in many Vision Transformer [17, 43, 13] based networks
by using a number of hidden channels that is divisible by the original image channels (which does not
compromise performance). Internal network activations can then be un-patched back to the original
image shapes to apply the degradationH .

Finally, using our complete InvFusion architecture, a diffusion model can be trained directly by
conditioning on both the degradation and the measurements,

L = E
h
wt km� (x t ; t; y ; H ) � x0k2

i
; (6)

whereH is sampled from some pre-determined distribution over possible degradations. Additionally,
we also �nd it is bene�cial to concatenateH yy to the noisy network input.

Sampling from InvFusion maintains fundamental compatibility with standard diffusion model sam-
pling procedures, offering a signi�cant advantage in terms of �exibility and implementation. This
compatibility means that any established sampling technique developed for conventional diffusion
models can be directly applied to InvFusion.

3.1 MMSE Estimator

Our InvFusion architecture can be used for more than posterior sampling. Having an architecture that
makes use of the degradationH enables training a single model with

L = E
h
km� (y ; H ) � xk2

i
(7)

to produce an accurate MMSE predictor for many different degradations. Alternatively, the MMSE
predictor can be approximated by a diffusion model trained with Eq. (6) by applying a single denoising

3Joint-attention differs from cross-attention by using the same queries for both the “self” and “cross” keys
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Table 1:Comparison of inverse-problem solving methods on FFHQ64.Best method in bold.

Strided Motion Blur In-Painting Matrix Operator NFEs
Method PSNR" FID# CFID# PSNR" FID# CFID# PSNR" FID# CFID#

Zero-shot Methods

DDRM [33] 22:5 23:2 23:2 12:6 53:6 53:6 10:8 72:7 72:7 25
DDNM [59] 24:0 42:5 42:3 16:2 54:6 54:6 11:9 131:4 131:4 100
DPS [11] 18:3 9:7 17:7 10:1 17:0 67:5 9:6 26:7 35:9 1000*

� GDM [51] 22:1 6:3 6:3 15:2 12:8 12:8 10:7 19:1 19:1 100*

DAPS [60] 17:5 143:5 60:3 16:3 16:9 19:1 12:0 56:3 87:2 1000
MGPS [41] 20:5 7:7 9:7 13:9 10:5 24:3 11:7 8:2 29:0 1764

Training-based Methods

Palette [46] 21:0 4:7 5:8 17:0 5:3 5:5 12:5 6.6 25:5 63
InDI [14] 21:4 21:6 22:8 17:7 22:6 25:0 13:7 35:5 58:7 50
InvFusion 22:7 4.2 4.2 17:1 5.0 5.0 15:1 7:1 7.1 63

MMSE predictor (Training-based)

Palette [46] 23:5 - - 19:5 - - 15:5 - - 1
InvFusion 25.0 - - 19.8 - - 17.9 - - 1

Table 2:Comparison of inverse-problem solving methods on ImageNet64.Best method in bold.

Strided Motion Blur In-Painting Matrix Operator NFEs
Method PSNR" FID# CFID# PSNR" FID# CFID# PSNR" FID# CFID#

Zero-shot Methods

DDRM [33] 21:2 26:1 26:2 12:2 30:5 30:5 10:6 32:9 32:9 25
DDNM [59] 22:5 69:5 69:4 15:1 95:3 95:3 11:3 115:3 115:3 100
DPS [11] 18:3 9:0 12:9 10:4 15:2 17:7 9:5 12:8 12:8 1000*

� GDM [51] 20:0 7:1 7:1 14:3 8:7 8:7 10:6 8:9 8:9 100*

DAPS [60] 17:3 125:7 62:8 15:4 16:3 19:7 11:7 28:3 37:0 1000
MGPS [41] 19:4 14:2 18:0 13:3 18:5 25:0 11:7 13:8 18:9 1764

Training-based Methods

Palette [46] 19:6 6:6 7:0 15:6 6:2 6:2 12:3 6:7 11:4 63
InDI [14] 20:6 23:3 24:6 17:1 21:0 21:0 14:5 30:5 40:0 50
InvFusion 20:9 5.6 5.6 15:6 5.9 5.9 14:5 6.3 6.3 63

MMSE predictor (Training-based)

Palette [46] 22:3 - - 18:3 - - 15:3 - - 1
InvFusion 23.4 - - 18.4 - - 17.3 - - 1
* Methods that use the network derivative, using more computation and memory per NFE.

step on white Gaussian noise. That is, for suf�ciently small�� (t) we have thatx t � � , which is
independent ofx0, so that

E [x0jx t ; y ; H ] = E [x0jy ; H ] ; (8)

which also holds for the approximate models being trained. In other words, any conditional diffusion
model can be used as an ef�cient MMSE predictor. We �nd that this works well (see App. B), and
utilize this in our experiments.

4 Experiments

We evaluate the advantage of InvFusion over existing inverse problem solvers on64 � 64 images
from the FFHQ [29] and ImageNet [15] datasets. In these experiments, we conduct a comparative
analysis of InvFusion against alternative methods that can operate on several types of degradations
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with a single model. This includes zero-shot methods, utilizing an comparable unconditional model.
Additionally, we evaluate our approach against a “Palette”-style methodology [46] that incorporates
the H yy as input without additional degradation information. We train these models ourselves
using the same underlying architecture, to enable a comprehensive assessment of our method's
capabilities disentangled from architectural considerations. The models trained on ImageNet are also
class-conditional, and use CFG [27] with a factor of2:0 for sampling.

We train and evaluate our model on several categories of inverse problems; strided motion blur (com-
bining various degrees of super-resolution and de-blurring), in-painting by leaving only patches of
various sizes, and a general matrix degradation operator. These degradations each have computation-
ally ef�cient implementations for applying bothH andH y. The parameters of each degradation are
randomized, to create a large corpus of possible degradations (as detailed in App. A). All conditional
models are also trained on unconditional generation by using a degradation which always outputs
zeros. Figure 3 shows qualitative comparisons of different inverse problem solving methods for the
two datasets. All training-based approaches use the deterministic sampler from EDM [30] along with
identical seeds, highlighting the effects of different models.

For quantitative comparisons, we use PSNR to measure the image �delity,i.e. how close the restored
output is to the original. To measure image realism, we use 10K FID [26]. These two metrics are
at odds according to the Perception-Distortion-Tradeoff [8], and different methods excel at either
of the metrics. We �nd that some restoration algorithms seem to sacri�ce consistency with the
measurementsy to accommodate better image realism, in effect ignoring the inverse problem. To
measure the image realism of valid solutions to the given inverse problem, we offer to measure the
FID of generated samples that have been projected to be consistent with the measurementsy , which
we refer to as CFID. In this way, we penalize models for the distance between the generated sample
and the nearest valid solution to the formulated problem. We also include LPIPS [62] measures in
App. D. Tables 1 and 2 show our qualitative analysis on the FFHQ [29] and ImageNet [15] datasets
respectively. Our model achieves the best CFID among all training-based and zero-shot methods,
along with the best FID in all but a single case, suggesting it is SOTA in generating samples from the
posterior for our setting. This superior quality is attained despite using far less computations than
nearly all zero-shot methods, as quanti�ed by Neural Function Evaluations (NFEs). Our InvFusion
MMSE estimator based on the same model achieves the best PSNR of all models, while the InvFusion
posterior sampler is also among the highest in PSNR.

Interestingly, the gap in performance between InvFusion and Palette highly varies between different
degradation families. In problems like in-painting, the degradation is easily inferrable by the network,
as theH yy input to the network contains masked regions (see Fig. 3). Thus in in-painting, we see a
small advantage for InvFusion over Palette. On the other hand, in motion-blur and even more so on
general matrix degradations, Palette struggles to infer the exact degradation, leading to a drop in both
PSNR and CFID, sometimes, even lower than some zero-shot methods which are degradation-aware.
This supports our hypothesis that knowledge of the degradation operator, whether inferred or explicit,
is critical for correct restoration.

Previous comparisons focused on smaller images (64� 64) to enable ef�cient evaluations of many
methods and degradations, some of which are computationally expensive. To demonstrate InvFusion's
scalability and performance at higher resolutions, we conducted additional experiments on strided
motion blur and patch in-painting using256� 256images from FFHQ. The complete results are
presented in App. D, with representative examples shown in Fig. 1.

4.1 Out-Of-Distribution Degradations and Unconditional Sampling

To measure the generalization capabilities of different methods we evaluate performance on a
degradation that is slightly outside of the training distribution. In this case, we perform out-painting
from a single rectangular area in the image. The results in Tab. 3, show that Palette completely fails
to generalize, despite the similarity to the in-painting task the model has been trained on and the
ease at which the degradation operator can be inferred from the input. On the other hand, InvFusion
does quite well on this problem, outperforming all zero-shot methods, which are not penalized by the
out-of-distribution (OOD) degradation, as they are not trained on any degradation. Notably, the matrix
degradations demonstrated in Tabs. 1 and 2 underscore the generalization capabilities of InvFusion, as
the range of possible degradations is so huge that it is near certain that none of the degradations used
in test-time have appeared in training. Finally, we also evaluate all trained models for unconditional
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Figure 3:Examples comparing zero-shot and training-based inverse problem solvers.For each
degradation, the top row is an example from FFHQ64 and the bottom row from ImageNet64. Images
generated using training-based methods use deterministic samplers and identical seeds, highlighting
the subtle effects the different training algorithms.

generation (on which they had been trained, by usingH 2 R0� D ). Surprisingly, we �nd that both
conditional models outperform the unconditional baseline, with InvFusion leading with approximately
5% improvement over the baseline (unconditional diffusion). This is despite the conditional models
having no additional capacity in unconditional generation, as both the additional model inputs and the
Feature Degradation Layer are always output zeros in this setting. We hypothesize that being exposed
to partial image information during training helps the diffusion model converge. This indicates that a
single InvFusion model can be well adapted for both restoration and unconditional generation.

4.2 Noisy Degradations

Following the noiseless linear case explored in earlier sections, we also conduct experiments on
noisy inverse problems. We retrain the FFHQ64 model, incorporating additive white Gaussian noise
with a standard deviation of� n = 0 :1 in the measurementsy . The InvFusion architecture remains
unchanged, using only the transformsH andH y of the degradation – as adding randomly sampled
noise at each layer could lead to accumulation of noise. Projection operators are not well-de�ned for
noisy degradations, so only PSNR and FID are evaluated for the noisy case. Our �ndings in Tab. 11
(App. D) demonstrate the advantage of InvFusion over alternative methods in the noisy settings.
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Table 3:Comparison of restoration on a
degradation that did not appear in train-
ing. InvFusion demonstrates strong adap-
tation capabilities through its degradation-
aware architecture.

Method PSNR" FID# CFID#

Zero-shot Methods

DDRM [33] 11:6 24:9 24:9
DDNM [59] 12:7 75:8 75:8
DPS [11] 10:1 8:8 14:1
� GDM [51] 11:3 7:3 7:3
DAPS [60] 12:1 40:8 39:5

Training-based Methods

Palette [46] 11:0 19:9 19:9
InvFusion 11:9 5.9 5.9

MMSE predictor (Training-based)

Palette [46] 13:6 - -
InvFusion 14.7 - -

Table 4:Unconditional sampling FID.

FFHQ ImageNet

Baseline [13] 6.66 8.98
Palette [46] 6.56 8.26
InvFusion 6.36 8.17

Figure 4: Using InvFusion NPPC. By being
degradation-aware, the model can be trained to pre-
dict the MMSE along with several leading principal
componentsw i (left, contrast enhanced) for many
degradations.

5 Neural Posterior Principal Components

Beyond the improvements in restoration �delity and realism, using an operator-aware architecture
unlocks several capabilities that are useful for down stream applications. A notable example, is the
computation of Neural Posterior Principal Components (NPPCs) [42], which are ef�cient estimations
of the posterior distribution's largest principal vectors. These direction are meaningful for uncer-
tainty quanti�cation among many other tasks [38, 20], and may have high implications for medical
analysis [6, 19]. In the original work by Nehme et al.[42], a network is trained to approximate the
posterior principal components for a single pre-de�ned degradation. Using InvFusion, we can use
the same approach to scale up NPPC training to multiple degradations at once, enabling �exible
adaptation to the degradation at runtime. We experiment with applying the exact same NPPC loss
from [42], using the InvFusion architecture to condition the network on the degradation operator
H for the in-painting of a single area of the image. The examples in Fig. 4 shows that InvFusion
meaningfully extends NPPC computation for multiple degradation, making a single model viable for
a wide range of problems.

6 Discussion, Limitations and Conclusion

Despite achieving state-of-the-art performance in posterior sampling and MMSE estimation, Inv-
Fusion faces several important limitations. A primary constraint lies in the model's training scope
– although InvFusion demonstrates remarkable adaptability to various degradations, it can only be
trained on a �nite set of degradation types, beyond which the model may under-perform. Even in the
linear case, the space of possible degradations scales quadratically with image dimensions, creating
fundamental constraints that would be impractical to address solely through increased model capacity
and training time. Additionally, while our current results focus exclusively on linear degradations, we
anticipate that InvFusion could potentially generalize to non-linear degradations when appropriately
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