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Abstract
We propose Intermediate Layer Optimization
(ILO), a novel optimization algorithm for solving
inverse problems with deep generative models.
Instead of optimizing only over the initial latent
code, we progressively change the input layer ob-
taining successively more expressive generators.
To explore the higher dimensional spaces, our
method searches for latent codes that lie within
a small l1 ball around the manifold induced by
the previous layer. Our theoretical analysis shows
that by keeping the radius of the ball relatively
small, we can improve the established error bound
for compressed sensing with deep generative mod-
els. We empirically show that our approach out-
performs state-of-the-art methods introduced in
StyleGAN-2 and PULSE for a wide range of in-
verse problems including inpainting, denoising,
super-resolution and compressed sensing.

1. Introduction
We study how deep generators can be used as priors to solve
inverse problems like inpainting, super-resolution, denoising
and compressed sensing from random projections. Image
reconstruction methods can be either supervised (Pathak
et al., 2016; Richardson et al., 2020; Yu et al., 2018) or
unsupervised (Menon et al., 2020; Bora et al., 2017; Pajot
et al., 2019), see the recent survey (Ongie et al., 2020) for
a unified presentation. Such inverse problems naturally
appear in many applications including medical imaging,
single pixel reconstruction and other domains (Lustig et al.,
2007; 2008; Chen et al., 2008; Duarte et al., 2008; Qaisar
et al., 2013; Hegde et al., 2009).

We focus on unsupervised image reconstruction techniques
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that rely on a pre-trained generator, building on the general
framework introduced in CSGM (Bora et al., 2017). The
central optimization problem that appears in unsupervised
image reconstruction is the inversion of a deep generative
model, i.e. finding a latent code that explains the measure-
ments. This can be performed for different generators, e.g.
DCGAN or more recently the powerful StyleGAN-2 (Karras
et al., 2019; 2020) as shown in the excellent results obtained
by PULSE (Menon et al., 2020). Unfortunately, inverting a
generator with even 4 layers is NP-hard (Lei et al., 2019) so
approximate inversion methods are needed.

The CSGM framework (Bora et al., 2017) used gradient
descent to minimize the measurement mean squared error
(MSE) and showed good empirical performance for numer-
ous inverse problems including inpainting and compressed
sensing with random Gaussian measurements using DC-
GAN. However, this does not work as well for deeper gen-
erators e.g. BigGAN as discussed in Daras et al. (2020).
PULSE (Menon et al., 2020) improved the CSGM frame-
work focusing specifically on super-resolution, by refin-
ing the latent space optimization and using the StyleGAN-
2 (Karras et al., 2019; 2020) generator.

We propose a novel optimization method for solving gen-
eral inverse problems using a technique we call Interme-
diate Layer Optimization (ILO). Our method adaptively
changes which layer is optimized, moving from the initial
latent code to intermediate layers closer to the pixels. By
optimizing intermediate layers we expand the range of the
generator to better satisfy the measurements. This has to be
done carefully since intermediate layers can produce non-
realistic images and therefore inversion must be regularized.

1.1. Our Contributions

1. We propose a novel optimization method for solv-
ing general inverse problems by adaptively changing
which layer variables are optimized. Our method extends
PULSE (Menon et al., 2020) beyond super-resolution, to all
inverse problems with differentiable forward operators.
2. To avoid over-expanding the range of the generator to
non-realistic images, we only search for latent codes within
a small l1 ball around the manifold induced by the previous
layer. Conceptually, our method generalizes the framework
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introduced in Dhar et al. (2018); instead of allowing sparse
deviations only in the image space, we allow small devia-
tions from the manifold of any layer of the generator.
3. We theoretically analyze our framework by establishing
sample complexity and error bounds. We show that by re-
stricting the radius of the latent searches, we can improve
the established error bound of CSGM (Bora et al., 2017).
4. Experimentally, our method significantly outperforms
the previous state-of-the-art techniques for solving inverse
problems with deep generative models for a wide range of
tasks including inpainting, denoising and super-resolution.
5. To illustrate the power of inverse problems with general
differentiable forward operators, we use a classifier as a
measurement process. Specifically, we show how we can
use a classifier to bias generators to produce human images
that look like ImageNet classes like frogs, corals and gold-
fishes. Our method uses gradients from classifiers trained
to achieve robustness to adversarial attacks as proposed
in (Santurkar et al., 2019), but guiding generative latent
codes as opposed to pixels directly.

2. Algorithm
2.1. Setting

The key step in our approach is to decompose pre-trained
generative models as compositions of feed-forward neural
networks. Given a (pre-trained) generative model G(z) 2
Rn that produces images from latent codes z 2 Rk, we
decompose it as a G = G2 �G1 where G1 : Rk ! Rp and
G2 : Rp ! Rn. As usual, the latent vectors zk 2 Rk were
sampled according to a simple distribution Pz , typically
Gaussian and independent.

Our observations are formed by a known measurement ma-
trix

y = Ax+ noise, (1)

where A : Rm�n and x 2 Rn is the real image we want to
recover. We emphasize that our algorithm can be applied
when the measurement process is a general differentiable
operator y = A(x) but our theory only applies to linear
inverse problems. Since we will be working with latent
vectors in different layers we indicate the dimension as a
superscript, so zk denotes an initial latent vector in Rk and
zp an intermediate vector in Rp.

2.2. Approach

Our approach is described in Algorithm 1. The first step
of our method is the same as in CSGM (Bora et al., 2017);
we optimize over a k-dimensional latent code, zk, which
is the input of the first layer of the generator. In practice,
to obtain the solution of line 1 of Algorithm 1, we pick
an initial zk from the latent distribution of the generator

and we optimize the loss function jjAG(zk)� Axjj using
gradient descent. Once we solve this optimization problem,
we obtain a solution, ẑk, that we map to the p-dimensional
space usingG1. By doing that, we get an intermediate latent
representation, ẑp = G1(ẑk).

From that point onwards, our algorithm proceeds in rounds.
At the beginning of each round, we optimize on the p-
dimensional input space of G2 but we only allow solutions
that lie within an l1 ball centered at ẑp. Intuitively, we allow
deviations from the range of G1 to increase the expressitiv-
ity of the model, but we restrict those deviations to avoid
overfitting on the measurements (see Experiments section).

Once we obtain the solution of line 4 of Algorithm 1, i.e.
once we find the latent code, ~zp, that best explains the
measurements and lies inside an l1 ball of the previous
latent, we project this solution back to the range of the
generator. To do that, we search for the latent code zk

such that G1(zk) is as close as possible to ~zp (line 5 of
Algorithm 1). This problem is solved by initializing a latent
vector zp to ẑp and then minimizing using gradient descent
the loss jjG1(zk)� ~zpjj. The solution of this problem forms
a new ẑk vector which is in turn projected again to the
intermediate code ẑp = G1(ẑk). Our algorithm attempts
to explore the set we call the extended range: the range of
vectors realizable by the previous layer, dilated by an l1 ball
of sparse deviations. Within this set we would like to find
the latent vector that best explains the measurements.

We emphasize that our theoretical analysis provides per-
formance bounds for the global optimum in this extended
range, while our algorithm is based on projected gradient
descent for a non-convex problem and therefore can be stuck
in local optima. It may be possible to prove that such local
optimization algorithms obtain global minima under gen-
erator weight assumptions as achieved in the pioneering
work of Hand & Voroninski (2018); Hand et al. (2018) for
CSGM, but this remains open for future work.

3. Theoretical Analysis
3.1. Preliminaries

We begin our theoretical discussion by revisiting some im-
portant elements of the theory of compressed sensing with
deep generative models.

Definition 1 (S-REC (Bora et al., 2017)). Let S � Rn. For
some parameters γ, δ > 0, a matrix A 2 Rm�n is said to
satisfy S-REC(S, γ, δ) if 8x1, x2 2 S, we have that:

jjA(x1 � x2)jj2 � γjjx1 � x2jj2 � δ. (2)

The S-REC condition, introduced in CSGM (Bora et al.,
2017), guarantees that if two vectors, x1, x2 2 Rn, are very
different (right side of the equation), then their measure-
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Original Observation CSGM MSE (PULSE) CSGM LPIPS CSGM LPIPS+MSE Ours

Figure 1.Results on the inpainting task. Rows 1, 2, 3 and 5 are real images (outside of the test set, collected from the web) while rows 4,
6 are StyleGAN-2 generated images. Column 2: the �rst �ve images have masks that were chosen to remove important facial features.
The last row is an example of randomized inpainting, i.e. a random1% of the total pixels is observed. Columns 3-5: reconstructions using
the CSGM (Bora et al., 2017) algorithm with the StyleGAN-2 generator and the optimization setting described in PULSE (Menon et al.,
2020). While PULSE only applies to super-resolution, we extend it using MSE, LPIPS and jointly MSE+LPIPS loss. The experiments of
Columns 3-5 form an ablation study of the bene�ts of each loss function. Column 6: reconstructions with ILO (ours). As shown, ILO
consistently gives better reconstructions of the original image. Also, many biased reconstructions can be corrected by our method. In the
last two rows, recovery of the image is still possible from very few pixel observations using our method.

ments will be signi�cantly different as well (left side of the
equation). In CSGM, the setS of interest is the range of the
generator. Therefore, S-REC is a key property for proving
small reconstruction error when observingAx . Bora et al.
(2017) show that, for anyL-Lipschitz generatorG : Rk !
Rn , if 1) A is a matrix with i.i.d. Gaussian entries drawn
from N (0; 1

m ) and 2)m = 1
a2 


�
k log

� Lr 1
�

��
, then with

probability1 � e� a2 
( m ) , S-REC(G(B k
1 (r 1)) ; 1 � a; � )) is

satis�ed.

Algorithm 1 ILO for one layer of the generator
// CSGM solution

1 ẑk  argminz k 2 B k
2 ( r 1 ) jjAG(zk ) � Ax jj 2

2 ẑp  G1(ẑk )
3 for t  0 to r do

// Best solution within an l1 ball
centered around the prev. solution

4 ~zp  argminz p 2 ẑ p � B p
1 ( r 2 ) jjAG 2(zp ) � Ax jj

// Projection back to the range
5 ẑk  argminz k 2 B k

2 ( r 1 ) jjG1(zk ) � ~zp jj

6 ẑp  G1(ẑk )
end
// Return the best solution within an l1

ball of some point in the range
7 return G2(~zp )

3.2. Intermediate Layer Optimization

Our theoretical result is a sample complexity bound for
the reconstruction algorithm that optimizes in the full ex-
tended range of the generative model, similar in style to the
CSGM (Bora et al., 2017) result.

Let B k
q (r 1) denote a ball of radiusr 1 measured inlq norm

and� denote the Minkowski sum operation, i.e. given sets
S1; S2, the set

S1 � S2 = f x + yjx 2 S1; y 2 S2g:

If the initial vectorzk lies in a ball of radiusr 1, denoted as
B k

2 (r 1), the range of the �rst generator isG1(B k
2 (r 1)) . We

are expanding this set to create theextended range:

G1(B k
2 (r 1)) � B p

1 (r 2):

Our result is showing that minimizing the measurements
in this extended range gives a reconstruction that is close
to the best reconstruction that the extended generatorG2

can produce. This result is obtained with high probability
over the random measurement matrixA, if the number of
measurements is suf�ciently large:

Theorem 1. Let G = G2 � G1 with G1 : Rk ! Rp be
an L 1-Lipschitz function andG2 : Rp ! Rn be anL 2-
Lipschitz function. LetA 2 Rm � n be the measurements
matrix withA ij � N (0; 1=m) i.i.d. entries.
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Let K be a parameter of our choice whereK �
p

p, and
r 2 = K�

L 2
. Consider the true optimum in the extended range

�zp = argmin zp 2 G1 (B k
2 ( r 1 )) � B p

1 ( r 2 ) jj x � G2(zp)jj ; (3)

and the measurements optimum in the extended range

~zp = argmin zp 2 G1 (B k
2 ( r 1 )) � B p

1 ( r 2 ) jjAx � AG2(zp)jj :
(4)

Then, if the number of measurements is suf�ciently large:

m =
1

(1 � 
 )2 

�

k log
L 1L 2r 1

�
+ K 2 logp

�
; (5)

then with probability at least1 � e� 
((1 � 
 )2 �m ) , we have
the following error bound:

jjx � G2(~zp)jj �
�

1 +
4



�
jjx � G2(�zp)jj

+ � �
log(4K )



�

p
p

K
log

p
p

K
: (6)

We will now try to develop intuition about the theorem. We
begin by explaining the sets involved in Equations(3), (4).
We considerB k

2 (r 1) to be a set containing all the latent
codes of the �rst layer of the generator that could be poten-
tially pre-images of any sensed signalx. We refer toB k

2 (r 1)
as the domain ofG and toG1(B k

2 (r 1)) as the range ofG1.
Theextended rangecontains all vectors that lie within anl1
ball of radiusr 2 from some point in the range ofG1. This
is the setG1(B k

2 (r 1)) � B p
1 (r 2) that we optimize over.

Let's now consider the error bound of(6). First, �zp is the
latent code in the extended range that best explains the
imagex. We refer to this as the true optimum latent code.
Next, ~zp, is the measurements optimum, i.e. the latent code
in the extended range that best explains the measurements
Ax . It is important to realize that a reconstruction algorithm
only has access to this measurement error and can never
compute�zp. Our goal is to show that~zp produces an image
close to the one produced by�zp.

Our theorem states that given enough measurementsm,
the measurements optimum is nearly as good as the true
optimum (see (6) and Remark 3).

Remark 1 (Choice ofK ). The size of the extended range
affects the required number of measurements ((4)) and our
error bound (see(6)). Observe that the size of the extended
range is directly controlled byK , since, for any �xed� , we
setr 2 = K�

L 2
. AsK increases, we explore a bigger set and

both terms on the right side of(6) become smaller. However,
measurements scale quadratically withK . We can setK
to scale approximately as

p
k (see Remark 3 for details on

how all the quantities can scale). For that choice ofK ,
observe that our result requires measurements that scale
linearly onk (and only logarithmic inp) while the CSGM
result requires measurements that scale linearly onp. The
costs for the small increase in the measurements, are 1)
the additive error scales with

p
p, 2) we are restricted to

exploring a small radius.

In practice, these can be tuned as hyperparameters and our
experiments show that even small expansions signi�cantly
outperform CSGM in numerous inverse problems.

Remark 2 (CSGM sample bound applied directly on the
intermediate layer). We compare to the result we obtain by
applying CSGM to the intermediate layer generator. That
would yield measurements that scale as:

m = 

�

k log
�

L 1L 2r 1

�

�
+ p log

�
L 2r 2

�

��
:

These many measurements result in an additive error term
of O(� ). Our new bound requires fewer measurements when
the free parameterK is smaller than

p
p.

Remark 3 (Parameter Scaling). There are various ways to
set the parameters in our bounds, depending on the scaling
of sizes of the intermediate layers and the Lipschitz con-
stants. For typical piecewise linear networks withd layers
and maximumn neurons in each layer, we know that the
end-to-end Lipschitz constantL � L 1 � L 2 might scale as
nd for bounded maximum weights. Hence, as in CSGM, we
may setr 1 to scale asnd. The error termjjx � G2(�zp)jj
scales linearly withn. Hence, we need to choose�; K such
that the additive term in inequality(6) scales sublinearly.
We may set� to scale as 1p

p . To get the same order of mea-

surements as CSGM, we may setK to scale as
p

k. For that
choice of parameters, the radius for the intermediate search,

i.e. r 2 scales as
q

k
p n� d2 , whered2 is the depth ofG2.

Remark 4 (Model expressitivity). As we optimize over
deeper layers, the model expressitivity increases and hence
the errorjjx � G2(�zp)jj decreases.

3.3. Sketch of the proof

The central novelty of our proof is how we upper bound the
metric entropy of the epsilon nets used to cover the extended
range of the generator, i.e. the setG1(B k

2 (r 1)) � B p
1 (r 2).

First, we observe that ifS1 is a epsilon net forG1(B k
2 (r 1))

andS2 is an epsilon net forB p
1 (r 2), then a simple bound for

the size of an epsilon net on the extended range will have at
mostjS1j � j S2j elements.

CSGM uses a volumetric argument to upper bound the size
of the epsilon net forS1. Our key idea is that using the
same method to bound the size of the cover for thel1 ball is
sub-optimal for small radii. Instead, we use Maurey's empir-
ical method or the related Sudakov's minoration inequality
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(Pisier, 1986; Wainwright, 2019) yielding logarithmic (in-
stead of linear) dependence on the dimensionp. Maurey's
bound poses technical challenges that we need to address
when extending the chaining argument of the CSGM proof.
With Maurey's method, successive nets in the chaining can
have signi�cantly higher metric entropy for large radii. To
minimize the additive error in our bound during chaining,
we switch from volumetric epsilon-nets to Maurey's method
at the right selected scale. The full proof of our Theorem
can be found in the Appendix.

3.4. S-REC for partial circulant matrices

We extend the theory of matrices that satisfy the S-REC con-
dition beyond i.i.d. Gaussian measurements. To establish
that a family of random matrices satis�es this condition (and
hence obtains sample complexity bounds), three conditions
must be proved with high probability (Bora et al., 2017;
Baraniuk et al., 2008): (1) The random matrixA should
satisfy the Johnson-Lindenstrauss (JL) lemma on a suitable
� -net, (2) The matrix operator norm should be bounded:
kAkop �

p
n, and (3) for a �xed vectorx, kAx k � 2kxk.

Here we establish that randomly signed partial circulant
matrices satisfy the S-REC condition for a number of mea-
surements scaling similarly to Gaussian i.i.d. measurements.

Lemma 1. Consider the setting of Theorem 1. Letg =
[g1; � � � ; gn ] be a vector with i.i.d. Gaussian entries of vari-
ance1=m, let F 2 Rm � n be a partical circulant matrix
that hasg in its �rst row, and letD 2 Rn � n be a diagonal
matrix with uniform� 1 entries along its diagonal. Then

for m = 

�

1
(1 � 
 )2 (k log L 1 L 2 r 1

� + K 2 logp) log4(n)
�

,

FD satis�es S-REC(G2(G1(B k
2 (r 1)) � B p

1 (r 2)) ; 1 � 
; � �
log(4 K )


 �
p

p
K log

p
p

K ) with probability1 � e� 
( m ) :

Our proof of this lemma can be found in the appendix and re-
lies on previous results establishing JL properties for partial
circulant matrices post-multiplied by random diagonal ma-
trices (Krahmer & Ward, 2011; Hinrichs & Vyb�́ral, 2011).

There is an important computational bene�t in such struc-
tured measurement matrices. We are sensing high resolution
images that are1024� 1024for 3 color channels resulting
in signal dimensionn being3 million. If measurements are
at ten percent (a typically challenging compressed sensing
regime), that results tom � n matrices that are300k � 3m
which require gigabytes to store and hit GPU memory limi-
tations. Therefore random Gaussian measurement matrices
cannot be implemented for high resolution imaging. Partial
circulant matrices require orders of magnitude less memory
due to their structure and matrix-vector products can be
computed much faster using FFT. We expect that these ben-
e�ts will have a key role for future high-resolution imaging
systems.

4. Experiments

4.1. Algorithmic adaptations to StyleGAN

Up to this point, we have presented and theoretically an-
alyzed the ILO algorithm. Our method is not tied to any
speci�c architecture and it only assumes access to a genera-
tive model and the underlying domain of the latent space of
the initial layer. In this section, we present empirical innova-
tions on how to use our framework with the state-of-the-art
generative model StyleGAN-2 (Karras et al., 2020).

StyleGAN-2 has several peculiarities that need to be taken
into account for the design of a compressed sensing algo-
rithm. First, in StyleGAN-2 the initial latent codezk 2 Rk

is not fed directly to the model. Instead, it is �rst mapped
through a multilayer linear network,the mapping network,
to an intermediate representationwk 2 Rk . We refer to the
domains ofzk ; wk asZ ; W respectively. During training,
a zk is sampled according to a distribution onZ , it gets
transformed through the mapping network to awk 2 W
and one copy ofwk is fed to each one of the18 layers of
StyleGAN-2. Additionally, each one of the layers receives
a noise vectoruk (unique for each layer).

4.1.1. OPTIMIZATION SETTING

The �rst thing to decide is which intermediate layer will be
used to split the StyleGAN-2 generator. We observe that
we obtain better results with multiple splits. We consider
the generator of StyleGAN-2 as a composition of layers
G1 � G2 � ::: � G18 and we run Algorithm(1) in rounds,
where in each round the initial layer is discarded.

To ensure that we stay in anl1 ball around the manifold at
each layer, we use Projected Gradient Descent (PGD) (Nes-
terov, 2003). To implement the projection to anl1 ball
around the current best solution (see line 4 of Algorithm
(1)), we use the method of Duchi et al. (2008). Guided by
our theory, we increase the maximum allowed deviation as
we move to higher dimensional latent spaces. The radii of
the balls are tuned separately as hyperparameters, for a full
description see the Appendix.

For all inverse problems, it is helpful to allow thewk vectors
to deviate (Menon et al., 2020), i.e. we can optimize over a
sequencef wk

i g18
i =1 . The deviations are typically regularized

with an additional term in the loss function, which captures
the geodesic distance of the vectors. PULSE reports that op-
timizing only over the �rst �ve noise vectors, i.e.f uk

i g5
i =1 ,

yields better reconstructions for super-resolution comparing
to optimizing over the whole sequence. We show that this
is not necessarily true if this optimization is performed se-
quentially. Our method starts by optimizing only the �rst
�ve noise vectors (as in PULSE), but we gradually allow
optimization of the rest of the latent vectors as we move to
higher dimensional latent spaces.
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4.2. Loss functions and adaptation to general inverse
problems

Here we consider the effect of different loss functions in
solving general inverse problems. It has been observed
that LPIPS yields optimal performance with image size
256� 256(Karras et al., 2020). Therefore, we downsam-
ple images from1024� 1024to 256� 256pixels. If the
given image is inpainted, missing pixels are mixed with
observed pixels during this downsampling. We observe that
this blending leads to distorted reconstructions when using
the LPIPS loss. Hence, for inpainting under scarce measure-
ments we use only the MSE loss. We note that unlike the
previously proposed methods, ILO can work for inpainting
with extremely few observed pixels – even with less than1%
of the whole image. In presence of enough measurements,
we use both LPIPS and MSE. To address these distortion
issues, we minimize the perceptual distance between the
generated image and a superimposed reconstruction, i.e. we
replace the missing pixels of the observed image with the
ones generated by StyleGAN prior to downsampling.

For super-resolution, we use a weighted average of LPIPS
and MSE (as in inpainting with suf�cient measurements). To
compare the high-resolution and low-resolution images, we
�rst downsample with cubic interpolation (Keys, 1981) as in
PULSE. We also consider the problem of denoising, where
Gaussian noise is added to the image. As usual, we assume
knowledge to the forward operatorA (x). Simply inverting
a noisy high-resolution image creates grainy reconstructions
due to the expressive power of StyleGAN-2. We address this
in the optimization process by adding gaussian noise to the
generated images before using them in the loss function. We
call this new techniqueStochastic Noise Addition(SNA).

4.3. Results

We show that ILO obtains state-of-the-art unsupervised per-
formance for solving inverse problems with deep gener-
ative models in four different settings: inpainting, super-
resolution, denoising and compressed sensing with circulant
matrices. We compare with different variants of the CSGM
algorithm using optimization and loss function innovations
introduced in PULSE and StyleGAN. Unless stated other-
wise, we will denote with CSGM + MSE the optimization
procedure described in PULSE for the StyleGAN genera-
tor. Through a wide variety of experiments, we observe
that ILO largely outperforms alternative techniques, both
in terms of visual quality and in terms of true MSE error.
We measure the latter on images sampled randomly from
Celeba-HQ (Liu et al., 2018; Lee et al., 2020). Finally, to
show the bene�ts of extending the range of the generator, we
illustrate how one can use an adversarially robust classi�er
to guide the generation of human faces that look like objects
from ImageNet (Deng et al., 2009).

Inpainting: For inpainting, the algorithm tries to complete
missing pixels to a given image. The measurement process
corresponds to a linear matrix that has rows that are a subset
of the identity. Results for inpainting are shown in Figure
1. We perform two types of experiments. First, we mask
important facial features from real images (collected from
the web) and generated images from StyleGAN-2. Next, we
do randomized inpainting, i.e. we inpaint pixels of a given
image independently with a pre-de�ned probability. We
experiment with observation probabilities up to1%. This
is a very challenging scenario: a human observer cannot
distinguish face characteristics from such few pixels, e.g.
see Figure 1 last row, second column. As shown in the
Figure, ILO gives reconstructions that look much closer to
the hidden image than the other methods. Our method is
able to give surprisingly accurate reconstructions even under
extreme scarce measurements (see last column, last row of
Figure 1). To quantify the performance of the different
methods we randomly select a few images from Celeba-
HQ (Liu et al., 2018; Lee et al., 2020) and reconstruct at
different levels of sparsity. Figure 2 column 1 shows that
ILO is 2� better in terms of reconstruction error anywhere
between5%� 100%observed pixels.

Denoising: Our next experiment is on denoising. To ablate
the SNA framework we introduced, we show results with
and without our technique on an image with additive noise
of standard deviation� = 30. Results are summarized in
Table 1. Since SNA consistently improves reconstruction,

Algorithm SNA PSRN (dB)

CSGM
7 19.89
X 21.38

ILO
7 28.34
X 32.92

Table 1.Results with and without SNA for a noisy image (� = 30 ).

we use it in all subsequent denoising experiments.

We compare with the CSGM framework using MSE, only
LPIPS or a combination of both loss functions. For ILO, we
only use a weighted combination of MSE and LPIPS. We
also compare with a standard denoising method, the BM3D
algorithm (Dabov et al., 2006). We vary the noise standard
deviation from5 to 256and clip the perturbed values to the
range[0; 255](RGB). Results are shown in Figure 2, second
column. We observe that ILO outperforms all the previously
proposed CSGM based methods by a large margin. For
the typical setting of� = 25, ILO is 1:8� better than the
best performing CSGM baseline. BM3D shows excellent
performance, outperforming all other methods in the very
low noise regime but rapidly deteriorates for harder settings.
Figure 3 shows visual results for the task of denoising. As
shown, ILO gives superior visual reconstructions and better
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Figure 2.Plots showing the true MSE error on Celeba-HQ images, i.e. the MSE between the real image (that we never observe) and the
reconstructed image from the measurements. From left to right: Inpainting, Denoising, Super-resolution and Compressed sensing with
partial circulant matrices. As shown, ILO signi�cantly outperforms all previous methods except in the very noisy regime.

actual performance comparing to the (adapted for denoising)
PULSE and the classical BM3D method.

Super-resolution: We report results on super-resolution,
the task PULSE was actually designed for. We sample
images from Celeba-HQ, downsample using Bicubic Down-
sampling and measure the reconstruction error. Three exam-
ple reconstructions are shown in Figure 4. We also report
reconstruction error on Celeba-HQ. Results are reported in
Figure 2, third column. As shown, ILO outperforms signif-
icantly all the other methods, including PULSE (CSGM +
MSE). To give some examples, when the image is down-
scaled from1024� 1024to 64� 64(scaling factor16), ILO
is 1:65� better than PULSE in terms of reconstruction error.
For 32� 32 images, ILO is1:4� better than PULSE.

As shown, our method not only generates reconstructions
that look much closer to the true image, but also appears
to generate more racially diverse samples (Jain et al., 2020;
Tan et al., 2020; Menon et al., 2020), e.g. see third row.

Compressed sensing with partial circulant matrices:
For an experiment with observations of random projections
we used partial circulant measurement matrices with ran-
dom signs. Lemma 1 establishes that such matrices satisfy
the conditions for Theorem 1. Figure 2, column 4, shows
the reconstruction error when varying the number of mea-
surement rows. When the number of measurements is5%
of the dimensionn, ILO performs2� better than CSGM in
terms of reconstruction error.

Out of Distribution generation: Our method can generate
images that lie outside of the range of the pre-trained gener-
ator. By choosing the radius of thel1 ball for each layer, we
control the trade-off between how natural (comparing to the
dataset the model was trained on) these images look, and
the out-of-distribution generation capability of our model.

To demonstrate this, we run the following experiment; we
remove entirely the loss functions that relate the generated
images with a reference image (i.e. MSE and LPIPS) and

we add a new classi�cation loss term using an external clas-
si�er trained on a different domain. Essentially, we search
for latent codes that lie in anl1 ball around the range of
intermediate layers and maximize the probability that the
generated image belongs to a certain category. We consider
a classi�er trained on ImageNet (Deng et al., 2009). This
optimization problem is one of the simplest methods to cre-
ate adversarial examples (Xiao et al., 2018) and hence the
generated images will not be visually interesting. However,
if our classi�er is adversarially robust, then even optimizing
directly over the pixel space leads to an interesting genera-
tive process (Santurkar et al., 2019). We use the latent space
of StyleGAN-2 to generate images of faces with fruit or
animal characteristics. The radius of thel1 projection at dif-
ferent layers controls the distance of the generated images
to human faces. The results are shown in Figure 5.

Running time: Our algorithm runs CSGM as the �rst step
and therefore initially seems to be strictly slower. Surpris-
ingly, ILO can �nd better solutions than CSGM infewer
total steps. StyleGAN-2 typically requires300� 1000op-
timization steps (on the �rst layer) for a good reconstruc-
tion (Karras et al., 2019; 2020). However, we observe that
running50steps in each one of the �rst four layers outper-
forms CSGM. That said, ILO continues to improve with
more iterations, also depending on task, number of measure-
ments and hyperparameters. Figures 6, 7 show speed plots
(with vertical axis being MSE and LPIPS correspondingly)
for inversion with ILO. To obtain the plots, we use a single
V100 GPU. We run300optimization steps per layer. The
leftmost point corresponds to CSGM, i.e. we optimize over
only the �rst layer. For each other point, we also optimize
over the input space of a layer one level deeper compared to
the previous point, e.g. the rightmost point corresponds to
1200 optimization steps (300 for each one of the �rst four
layers).

Related Work: There has been signi�cant recent work
in unsupervised methods for inverse problems using pre-


