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Abstract

The distortion-perception (DP) tradeoff reveals a funda-
mental conflict between distortion metrics (e.g., MSE and
PSNR) and perceptual quality. Recent research has increas-
ingly concentrated on evaluating denoising algorithms
within the DP framework. However, existing algorithms ei-
ther prioritize perceptual quality by sacrificing acceptable
distortion, or focus on minimizing MSE for faithful restora-
tion. When the goal shifts or noisy measurements vary,
adapting to different points on the DP plane needs retrain-
ing or even re-designing the model. Inspired by recent ad-
vances in solving inverse problems using score-based gen-
erative models, we explore the potential of flexibly and op-
timally traversing DP tradeoffs using a single pre-trained
score-based model. Specifically, we introduce a variance-
scaled reverse diffusion process and theoretically charac-
terize the marginal distribution. We then prove that the
proposed sample process is an optimal solution to the DP
tradeoff for conditional Gaussian distribution. Experimen-
tal results on two-dimensional and image datasets illustrate
that a single score network can effectively and flexibly tra-
verse the DP tradeoff for general denoising problems.

1 Introduction

In recent years, we have witnessed rapid progress in image
restoration algorithms, especially deep learning-based im-
plementations that have shown remarkable achievements in
solving general inverse problems. How to evaluate the per-
formance of emerging algorithms is a crucial yet compli-
cated problem. Traditional full reference distortion metrics,
such as Mean Square Error (MSE), focus on the pixel-level
accuracy between the original image X and its reconstruc-
tion X. On the other hand, perceptual quality, referring
to the degree to which an image looks natural rather than
algorithmically generated [14], is also an important mea-
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sure. It has been demonstrated that perceptual quality could
be associated with the distance between the distributions of
natural images px and generated images p ¢ [2, 3, 12].

Improvements in distortion measures do not necessarily
lead to enhancements in perceptual quality. In fact, [2] has
demonstrated that there exists a tradeoff between distortion
and perception, termed as distortion-perception (DP) trade-
off. Mathematically, it can be modeled as

D(P) = min E[A(X, X)],

Px|v
S.t. d(px,pX) <P

where Y is the degraded observation, A : X' x X - Rt
is a full reference distortion function (e.g., such as square-
error), and d(-,-) is some divergence between probability
distribution, such as Wasserstein distance [16] or Kulback-
Leibler (KL) divergence.

Since the introduction of the DP tradeoff, more and more
algorithm designs have focused on performance evaluation
on the DP plane for specific denoising tasks, e.g., image
deblurring [15, 25] and super-resolution [11, 13, 23]. How-
ever, most algorithms tend to seek better perceptual qual-
ity at the cost of distortion, or focus on optimizing MSE,
a distortion measure, to ensure restoration fidelity. When
the restoration objective shifts between distortion and per-
ception, we need to retrain or even re-design the network,
which can be computationally intensive. In many practical
scenarios, it is significant to flexibly and effectively fulfill
diverse task objectives or user demands with a single model
at inference time.

There have been explorations into theories and algo-
rithms to traverse the DP tradeoff in inference time [7,
15]. Specifically, in [15], the authors developed a frame-
work based on conditional generative adversarial networks
(CGAN) with an additional penalty on posterior expecta-
tion. By averaging different numbers of samples or adjust-
ing the noise level injected into the generator, this CGAN-
based framework can access various points along the trade-
off. However, using multiple image samples and averaging



them may not be efficient during inference, and the method
is not provably optimal. Furthermore, the training process
relies on pairs of clean and noisy data. Thus, retraining is
required for different noise levels and measurements. In
[7], the DP tradeoff is studied in Wasserstein space. The-
oretical results show that estimators on the DP curve can
be constructed by linearly combining two estimators at the
extremes: an optimal MSE minimizer and a perfect percep-
tion sampler with minimum distortion. This idea is further
applied in burst restoration [27]. In practice, a method that
achieves a relatively low MSE, alongside another method
that achieves good perceptual quality, can serve as approxi-
mations of these two extreme estimators for a specific task.
Nonetheless, different models must be deployed to address
various measurements, rendering this method less flexible
to general inverse problems.

Recent research has demonstrated the generative capa-
bility of score-based diffusion models [4, 8, 10, 18, 20, 21]
in tackling general inverse problems using a single score
network [5, 6, 19, 24, 26, 29]. Score-based diffusion mod-
els learn the prior distribution of the data x by training a
score network to match the gradient of the logarithm den-
sity Vx log p(x), referred to as the score. After observing
a noisy measurement y, sampling from posteriors involves
approximating the conditional score Vy logp(x|y). The-
oretical insights provided in [28] also reveal the potential
for recovering Minimum Mean Square Error (MMSE) es-
timation by propagating the mean of the reverse diffusion
process. Inspired by these advancements, we explore the
potential of traversing DP tradeoffs for different tasks using
a single score network. Our main contributions are summa-
rized below:

* First, we propose a variance-scaled reverse diffusion pro-
cess and theoretically characterize the marginal distribu-
tions produced by this novel reverse process. It is demon-
strated that the mean of our proposed sampling converges
towards the MMSE point while the marginal covariance
is scaled by a scaling factor. By tuning a parameter that
dictates the variance of reverse sampling, we can flexibly
navigate from the MMSE point to the posterior distribu-
tion, where the two extremes are achieved by setting the
parameter to zero and one, respectively.

Subsequently, we show that the reconstruction obtained
from the variance-scaled reverse sampling represents the
optimal solution to the conditional DP tradeoff for multi-
variate Gaussian distributions, assessed through MSE and
Wasserstein-2 distance metrics.

Finally, we validate our methodology through experi-
ments conducted on various two-dimensional datasets
and a real-world image dataset. With a single pre-trained
score network, we can traverse the DP tradeoff across dif-
ferent inverse problems with varying noise levels. The
results indicate that the variance-scaled reverse diffusion
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process achieves a more complete empirical DP tradeoff
curve and better MSE than the GAN-based method and
other inverse problem solvers, demonstrating the effec-
tiveness and flexibility of the proposed framework.
Notations: For a random variable X denoted by a capi-
tal letter, we use small letter x to denote its realizations, and
use px (x) to denote the distribution over its alphabet X’.
When there is no ambiguity, the distribution can be abbre-
viated as p(x). For a discrete sequence of random variables
Xo, X1, -+, Xr, we abbreviate them as { Xy }7_, and use
Xo.7 to denote their realizations. The expectation and con-
ditional expectation of X given Y = y is E,)[X] and
Epxly) [X]. We use Covy,x)[X] and Covy,xjy)[X] to rep-
resent the covariance and conditional covariance of X given
Y = y. Matrices are denoted by uppercase boldface letters
(e.g., ). Tr(X) and X~ represent the trace and inverse.

2 Backgrounds
2.1 Score-based generative model

Score-based generative models or diffusion models define
the generative process as the reverse of a diffusion process.
Specifically, the diffusion process (i.e., forward process) is
a Markov chain { X }}_,, with joint distribution

T-1

p(xor) == p(xo) [ ] pOxxsalxs),
k=0

6]

which gradually diffuses the data X, € R? with distri-
bution p(xg) £ Ppaaa. Variance preserving (VP) diffusion
[8] adopts p(xg41|xk) £ N (Xpkt1; /1 — Brg1Xk, Brgrl)
with monotonically increasing variance schedule gp >
Br_1 > -+ > Bp = 0. When T — oo, X7 converges
to an isotropic Gaussian distribution A/ (0, I).

To generate a sample following the data distribution
p(x0), we can start from the standard Gaussian py(x7) :=
N(0,1) and follow the reverse process

T-1

po(xo:r) = po(xr) [T poGerlxira),
k=0

2

with transitions pp (X |[Xg+1) ~ N (po (X, k), Xo(Xk, k))
parameterized by 6. It will be shown later that the reverse
sampling is closely related to the score function for each
step, i.e., Vx, log p(xg), for k =0,1,--- ,T.

In continuous-time, we can describe the diffusion pro-
cess (X¢)ieo,r.), X¢ € R? with a stochastic differential
equation (SDE) [21]

1
dX; = _iﬁ(t)Xtdt + \/%th, Xo ~ Pdatas 3)

where (W}).c[0,r,] is a standard Brownian motion, and 3(t)
is the noise schedule. Let (p;):eo:7,] be the path distribu-
tion associated with (3). To perform data sampling follow-
ing the distribution pg,,, we can reverse the SDE (3) and



apply discretization. According to [1] and [21], the reverse
SDE corresponding to (3) is

dX; = [%ﬁ(Tc—t)f?t + ﬁ(Tc—t)Vlongc—t(yt)] dt
+/BTo—t)dW:, Xo ~pr., @

where (Wt)te[O,Tc] is another standard Brownian mo-
tion. The reverse SDE produces a time-reverse process
(yt)te[O,Tc] where X; has the same distribution with
Xr7._t+. Note that the drift function in (4) depends on
the score function Vy, log p:(x:), which can be approxi-
mated by a time-aware neural network trained with denois-
ing score matching [22].

2.2 Score-based model for posterior sampling

In many application scenarios, we may observe a noisy ver-
sion of the measurement of the data X, given by

Y = A(Xo) + N,

where A(-) : RY — R" is a measurement operator and
N € R"™ is the measurement noise with N ~ A(0, 021).

Score-based generative models have shown powerful ca-
pability in solving general inverse problems [6, 10, 19, 26,
28, 29]. Leveraging the diffusion model as the prior, sam-
pling from the reverse posterior distribution

T-1

p(xo:rly) == p(x7|y) H P(Xk[Xk41,Y) 4)
k=0

requires the knowledge of conditional scores Vi, log p(xx|y),
which can be expressed as Vi, logp(xily) =
Vi, logp(xi) + Vi, logp(y|xk). The first term can
be approximated by a score network sg(xx,k) [8, 211,
and different methods have been proposed to estimate the
second term Vi, log p(y|xx) [0, 19]. In each step the
conditional sampling process in VP diffusion is [6, 19]

1 -
X1 ¢ ﬁk(xkﬂl—ak)vxk log p(xkly))+6%z, (6)
1
~ X+ (1—ak) (se(Xk, k) +Vx, log p(y|xk)))H0k2,
\/ak( (1—au)(so(xk, k) " (ylxx)))

where z ~ N(0,I) and 7 is the approximated variance of
the reverse posterior distribution.

Meanwhile, [28] proposed to directly approximate the
reverse conditional p(xy|xxt1,y) and propagate the mean
in each step. Specifically, when T' — oo, the mean of
p(Xg|Xg+1,y) in VP-diffusion is given by [28]

B (X415 Y) = UrXp1 + ViEpxo ) [Xo], (D

where
Uy = yari1 (1= 6r)I + 6rCoVp(xgly) [Xo])

(1 = @r1)T + @r1CoVp(xo 1y [Xo0])
Vi = var (1= axs)T) (1= G ) T+ Gga Covi(g ) [Xo])

-1
’

2379

Here ay = 1 — B¢ and &y, = ¥« in VP-diffusion.
The authors proved that by propogating the mean at each
reverse step (i.e., up — ppr_ (X7 = pp,y) — -+ —
Bo(x1 = py,Y)), the end point pg(x1 = py,y) repre-
sents the MMSE estimator E,,,|y)[Xo] when ar — 0.
The proof of reverse mean propagation converging to the
MMSE point [28] and its connection to conditional score
are included in Appendix A.

2.3 Connection between reverse mean and condi-
tional score

The mean derived in (7) can be viewed as an approximation
of the mean in (6). Specifically, when T — oo, p(xx|y)
can be approximately expressed in the form of a Gaussian
distribution. We can show that (see details in Appendix A)

1
vy,

(1) Vi, log p(xkly ) = Uk X1+ Vi Ep g y)[ Xo] -

Theoretically, when 65 = 0 in each step (6), the endpoint
of the reverse process converges to the MMSE estimator,
which achieves the best possible performance on distortion.
When 6, is the true posterior variance, the reverse process
samples from the posterior distribution p(x¢.7|y), which
results in a reconstruction with perfect perception measured
in conditional distribution. The above observations moti-
vate us to bridge the two extreme points with the score-
based generative model by tuning the scale of o, in the re-
verse process. It remains to be answered whether the bridg-
ing can provide us with an optimal and flexible estimator to
traverse along the distortion-perception plane.

3 Traversing DP Tradeoff with Scaled Re-
verse Diffusion

In this section, we first propose a novel reverse sampling
method based on a variance-scaled version of the joint infer-
ence distribution (5) and theoretically derive the mean and
variance of the marginal distribution. Then, we prove that
the resulting end distribution of the variance-scaled reverse
sampling provides an optimal DP tradeoff with respect to
MSE and Wasserstein-2 distance.

3.1 Reverse mean and variance

Consider the joint inference distribution with true mean but
scaled variance, i.e.,

PA(Xk|Xpt1,Y) = N(Nk(xk+17}’)7 /\Ck>, 8

where the expectation o1, (Xx+1,y) is given in (7), and the
true covariance Cy, is given by [28]

Cr = %((1 = )T+ oV ) [Xo])
-1
' ((% +1— )T+ @kCOVMxo\y)[Xo]) C)



‘We have the following theorem to characterize the marginal
distribution given by the variance-scaled version of the joint
inference distribution.

Theorem 1. For VP-diffusion and 0 < \ < 1, consider the
Jjoint inference distribution given by

T-1

pa(xo:rly) = pa(xrly) [] paxklxier,y)  (10)
k=0

where py(xrly) = N(0,T) and p(xixis1,y) is given
by (8). Then, the corresponding margin has the distribution
pA(xkly) = N(pp, £2), where

pi = (Uk (Uks1((Ur—2Vr1+Vr_a) - ')+V’“+1)+Vk)

=Var(l—ap 1) (1=61)T+a7 Covpugy Kd) Epxoy KX,
22 =3 ()\I + (1 — )\)Oék+105k+2 cee aTE;iIEk),

where 3y, is the covariance of p(Xy|y) in VP diffusion. In
particular, when ar — 0, the variance of px(Xoly) is

=%, ()\I (- A)aTz;ilzo) — ACOV(xo ) [ X0
and the mean is

= Vao (1 —ap)I) ((1 — ar)I+ arCovy(x,|y)[Xo])
Epxoly) [Xo] = E Xo].

1

xoly) p(xoly) [

Proof. See the details in Appendix B. O

The above theorem shows that the proposed variance-
scaled reverse diffusion process will lead to a scaled
marginal distribution at each step, which finally results in
the posterior mean and scaled posterior variance of the orig-
inal data distribution at the end of the reverse process. This
seemingly intuitive result actually provides the optimal so-
lution to the conditional distortion-perception tradeoff for
multivariate Gaussian distribution.

3.2 DP tradeoff for conditional Gaussian case

Consider the d-dimensional source X € R with distribu-
tion p(x). Let Y be the noisy version of the source data. De-
note the conditional expectation and variance given an ob-
servation y as p, = E(x)y)[X] and 2y = Cov,(x|y)[X],
respectively. The goal of signal restoration is to find a good
reconstruction X based on the observed Y.

From the optimization perspective, given a specific ob-
servation Y = y, we can define the conditional distortion-
perception function as

D(P)= min

Pxyy (XI9)

X — X13]

pr’j(‘y(xvf(‘y) [|
ot d(pxiy (x19). Dy (%15)) < P,

where X, Y and X form a Markov chain.
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Theorem 2. Consider the source X and an observa-
tion y that satisfy px|y (x|y) ~ N(uy,Xy). The opti-
mal distortion-perception tradeoff given y with MSE and
Wasserstein-2 distance is

D(P)— Te(Eg)+ (/Ti(Zy) —P)°, for P< /Te(Zy)
Tr(Xy), for P > /Tr(Xy).
(I

Meanwhile, the optimal tradeoff can be achieved by sam-
pling from the joint inference distribution (10) in Theorem
I and traversing different 0 < \ < 1.

Proof. See details in Appendix C. O

Theorem 2 explicitly characterizes the optimal DP trade-
off for conditional Gaussian distribution. When P = 0 (i.e.,
perfect perceptual quality is expected), the best achievable
MSE is 2 Tr(Xy). As P increases, the optimal MSE grad-
ually converges to the MMSE value Tr(3y). The proof in
Appendix C also shows that the variance-scaled reverse dif-
fusion process can attain the entire optimal DP curve for
conditional Gaussian distribution. Although the actual data
distribution may not follow the conditional Gaussian distri-
bution (e.g., mixture Gaussian, 2D distribution like S-curve,
and image dataset), the forthcoming experiments will show
that the proposed variance-scaled reverse sampling can ef-
fectively and flexibly traverse the DP tradeoff on general
datasets using a single score network.

3.3 Variance-scaled reverse sampling process

In this subsection, we discuss how to perform variance-
scaled reverse sampling by estimating the conditional score.
With a single pre-trained score network, we can traverse
different DP tradeoffs for general inverse problems.

Recall that the proposed variance-scaled re-
verse sampling process is given by pi(xo.rly) =
pA(xTlY) HZ;& pa(Xk|Xk41,y), where for VP dif-
fusion, we have the posteriors py(Xg—1|Xk,y) =
N (py—1(%k,y), ACp—1). The sampling process in each
step can be approximately expressed as
(xk+(1—ak)Vx, log p(xi]y)) +ACrz,  (12)

1
Xk—1 \/&k
where z ~ N(0,I). To draw a sample x;_7 accord-
ing to (12), we need to compute the conditional score
Vx, log p(xx|y). Specifically, the conditional scores can be
decomposed as Vx, p(xk|y) = V. p(%Xk) + Vi, 0(¥|X1)
by Bayes’ rule, where the first term can be approximated
by a score network sg(xx, k) [8, 21]. To deal with the
second term, Denoising Posterior Sampling (DPS) [6] pro-
poses to approximate p(y|xx) = Ep(x,|x,) [P(¥|%0)] with
p(y|Xo(xx)), where

. 1 _
Xo (%K) =Ep(xo[x) [Xo] = a—k(kar(lfak)kap(xk)) (13)



by Tweedie’s formula. The approximation error here
is upper-bounded by the Jensen gap [17]. Note that
p(y|Xo(x)) is analytically tractable when the measure-
ment distribution is given. Specifically, when the measure-
ment nosie is A'(0, 02I), the second term in the conditional
score takes the form of Vi, log p(y|xx) L Vlly —

o
A(%Xo(xz))||2. Thus, the conditional scores can be approx-
imated as Vi, log p(xx|y) so(xk, k) + évxkﬂy -
A(%o(x))][3.
In the following experiments, we adopt the DPS frame-
work to approximate the conditional score and sample from
(12), which is sketched as Algorithm 1.

Algorithm 1 Variance-Scaled Reverse Sampling with DPS

Require: T, y, A\, {c% H_o {Cer i
X7 ~ N(O, I)
fork=T—1to1dodo

5+ Sg(Xk, k)

Ko = —=(xp + (1 — ax)3)

&(%o) = — 2L Vi, [ly — Ao (x1))][3

z ~ N(0,I)

Xp—1 ¢ = (3 (L= ar) (34 Graé(%0))) +Ady2
end for
return xg

In Algorithm 1, &4 is set to 5, [8, 28], and (i is a hy-
perparameter to control the weight of the conditional score,
and may differ for different A. The heuristic choices of (j x
and the rationale for fine-tuning have been included in Ap-
pendix E.

Remark 1. In this paper, we adopt the conditional score
approximation proposed in [6] for illustration. To imple-
ment the variance-scaled reverse sampling process (12),
one can employ any approach to directly estimate the
conditional score [19] or estimate the posterior mean as
a whole [28] for general inverse problems. For exam-
ple, Pseudoinverse-guided Diffusion Models (I1GDM) [19]
approximated the unconditional posteriors p(Xo|xy) with
Gaussian, i.e., p(xo|x)) ~ N (X0, 1), where X is given
by (13), and 7“,3 is the hyperparameter. Thus, the score term
Vx.0(¥|Xr) can be analytically expressed by the pseu-
doinverse of the measurement model. In [28], the poste-
rior mean is estimated as a whole. Specifically, we have
[kal(xk,y) = Up_1x¢ + Vk—lEp(xo\y) [X()] Since the
expression involves Ep x|y [Xo] and Covyx,|y)[Xol, it
can not be computed directly. Instead, the authors ap-
proximate the joint conditional posterior with variational
Gaussian distributions and apply natural gradient descent
to perform the sampling. Note that the gradient calculation
also involves the approximation of the conditional score
Vx, log p(y|x1) as in DPS [6].

~
~
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Original data Noisy data Conditional Samping data
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—-3-2-1012 3

(b) p(y)

.0
-3-2-10 1 2 3
X

(a) p(x0)

Figure 1. An example of mixture Gaussian, the noisy observation,
and the conditional distribution given an observation y = —0.6

3.4 Anillustrative example

Consider the mixture Gaussian distribution X ~ p(zo)
with two components, where p(zg) = wiN(u1,0%) +
waN (2, 03). The noisy observation is obtained by Y =
aXo+ooe, where e ~ N'(0,1),1i.e., p(y|zo) = N(awzg,03).
The MMSE estimator and posterior distribution can be the-
oretically derived (see Appendix D for details). Fig. |
shows an example of mixture Gaussian distribution and the
conditional distribution given an observation y = —0.6.

Given an observation y and a chosen A\, we iteratively
perform the variance scaled reverse process (12) for k =
T,--- 1, where the variance is approximated by Cy = [
as the conventional VP-diffusion. Starting from a ran-
dom sample zr ~ AN(0,1), Fig. 2 shows the trajecto-
ries xp — ---x — - - - o of multiple reconstructions for
each A. We can observe that for A\ = 0, given an initial
T, the trajectories are deterministic and converge to the
MMSE point. This phenomenon collaborates with results
in [28]. When X increases, the generated trajectories fol-
low the form of the posterior distribution and show more
stochasticity. When A = 1, the reconstruction distribution
matches the ground truth posterior.

The resulting DP tradeoffs are shown in Fig. 3. It can be
observed that as A increases, the divergence between the
true posterior distribution and reconstruction distribution
continuously decreases, with an increase of MSE value. The
overall curve is convex, and both Wasserstein-2 and KL-
divergence come to zero. Meanwhile, the MSE achieved
at A = 1 is approximately two times the MSE at A = 0
for both Wasserstein-2 and KL-divergence cases, coincid-
ing with the result in Theorem 2.

4 Experimental Results

In this section, we conduct a series of experiments on
two-dimensional datasets and the FFHQ dataset [9]. It
is demonstrated that the variance-scaled reverse sampling
shows great flexibility and effectiveness in traversing DP
tradeoff compared to the GAN-based approach and other
denoising methods.

4.1 Two-dimensional points example

First, we evaluate the validity and effectiveness of our ap-
proach on two-dimensional datasets, including pinwheel, S-
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Figure 3. Distortion-perception tradeoff traversed by variance-
scaled reverse sampling given different A\’s. (a) tradeoff be-
tween Wasserstein-2 distance and MSE; (b) tradeoff between KL-
divergence and MSE.

curve, and moon-shape data distributions. Taking the pin-
wheel dataset as an example, the first row of Fig. 4 shows
the distribution of pinwheel data points X, and the noisy
observation Y, where Y = aX + N for N ~ N (0, 021).

For each dataset, we train a conventional score network
to approximate p(Xg) on the original distribution. Then, we
perform the variance-scaled reverse diffusion process (12)
on the noisy observation. As a comparison, we adopt a
GAN-based DP-traversing approach PSCGAN [15]. This
scheme introduces a penalty of the posterior expectation to
the training of the conditional GAN. The authors proposed
two strategies to navigate the DP tradeoff during the infer-
ence time: (1) PSCGAN-N: This method involves sam-
pling N instances from the generator and then averaging
them. As N increases, the averaged image is closer to the
conditional expectation, leading to a smaller distortion but
larger perception loss. (2) PSCGAN-z: It varies the stan-
dard deviation o, of the noise injected into the generator to
control the stochasticity. For 0 < o, < 1, alarger o, results
in a better perceptual quality and higher MSE. Note that the
training of PSCGAN relies on noisy data points Y. Thus,
the model needs to be retrained for different measurement
scenarios and different levels of o2.

Fig. 4 shows the reconstruction of our variance-scaled
reverse diffusion process for different \’s, as well as the
reconstruction of PSCGAN when setting N = 16,0, = 1.
It can be observed that when A = 0, our sampling process
leads to a more concentrated reconstruction, and gradually
approaches the true distribution as \ increases.

Fig. 5 compares the numerical DP tradeoffs achieved

2382

@ A=08 @ A=1 (HPSCGAN N =16,0. =1

Figure 4. Experiments on a two-dimensional dataset. The first
row illustrates the original distribution (left) of pinwheel and the
noisy observation Y, where Y = aX + N for N ~ N(0,021)
(right). The second and third row shows the reconstructions: (a)-
(e) variance-scaled reverse diffusion process with different A’s; (f)
PSCGAN with N = 16,0, = 1.

by our method versus PSCGAN. Our score-based method
achieves a much larger range of tradeoffs compared to
the GAN-based approach, demonstrating superior perfor-
mance. Moreover, unlike PSCGAN, our method requires
only a single score network to handle varying measurements
and noise levels, offering greater flexibility. Additional ex-
perimental results on other distributions are provided in Ap-
pendix E.

4.2 FFHQ dataset

In this subsection, we evaluate our method on the FFHQ
256 x 256 dataset [9]. For different measurement scenarios,
including Gaussian blur and super-resolution, we use the
same pre-trained score-based model from [6], which was
trained from scratch using 49k training data for 1M steps.
We consider measurement scenarios with noise levels more
severe than those in [6, 28, 29]. Specifically, for Gaussian
blur, the images are blurred by a Gaussian blur kernel with
size 61 x 61 and a standard deviation of 3.0. For super-
resolution, the images are downsampled by a factor of 8.
We compare our method against two benchmarks: (1)
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Figure 5. DP tradeoff on pinwheel dataset traversed by our
variance-scaled reverse diffusion process and PSCGAN.

We compare the DP tradeoffs provided by our score-based
method and PSCGAN [15] on the Gaussian deblur task.
Note that PSCGAN is not designed for other measurement
scenarios and requires retraining for different noise levels.
(2) We evaluate the performance of DiffPIR [29] to see
where it falls within the tradeoff spectrum for different in-
verse problems. DiffPIR is a plug-and-play image restora-
tion method based on diffusion denoising implicit model
(DDIM) [18]. It has shown competitive performance on
many denoising problems with fewer diffusion steps.

4.2.1 Gaussian deblur task

Fig. 6 shows the DP tradeoff on the Gaussian deblur task.
We test our variance-scaled reverse diffusion process, PSC-
GAN [15], and DiffPIR [29] on two different additive noise
levels 0, = 0.3 and 0, = 0.5. Note that our sampling
method and DiffPIR rely on a pre-trained score network on
the FFHQ dataset. For PSCGAN, we use the model trained
on images with additive Gaussian noise of o,, = 0.3.

For noise level o,, = 0.3, PSCGAN shows suboptimal
and more limited tradeoffs compared to our method. To
obtain a reconstruction with similar MSE achieved in our
A = 0.9 case, PSCGAN requires averaging 64 sampled im-
ages. Its distortion degrades rapidly when fewer images
are averaged. Our variance-scaled reverse diffusion sam-
pling achieves both better fidelity and a broader range of
DP tradeoffs. Moreover, when the models are tested on the
higher noise level of g,, = 0.5, the overall tradeoff shifts to
the left. Our sampling method maintains effective tradeoff
traversal. PSCGAN’s performance (trained at o,, = 0.3)
deteriorates significantly, showing much larger MSE and
excessively high FID values.

Significant visual improvements can be observed in re-
constructed samples in Fig. 7. When A\ = 0, the restored
images maintain high fidelity and faithfully reconstruct the
original images, though appear relatively blurry. As A in-
creases, the images become progressively sharper, revealing
more fine details such as hair strands, eye corners, and back-
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ground elements. When A = 1, while the overall recon-
struction appears very natural, subtle details deviate from
the original images. In comparison, both PSCGAN and
DiffPIR have relatively good perceptual quality but compro-
mise fidelity on crucial details. Notable deviations appear in
features like eyes and mouth shapes, ultimately altering the
facial expression and overall style of faces. We also report
more metrics (PSNR and LPIPS) of Gaussian deblur task
with additive noise level o,, = 0.3 in Appendix E.

4.2.2 Super-resolution task

Similar phenomena are observed in the super-resolution
(SR) task. By adjusting different A\’s, we can traverse a wide
range of points on the DP plane, allowing flexible selection
of the most suitable point for specific application scenar-
ios. Fig. 8 shows the numerical results and reconstruc-
tion samples given by our sampling process and DiffPIR.
Note that DiffPIR performs close to our A = 1 case, and
achieves a better FID score but larger distortion than our
method. While DiffPIR demonstrates strong generative ca-
pabilities in both Gaussian deblur and super-resolution tasks
with fewer diffusion steps [29], we examine more challeng-
ing degradation scenarios (o, = 0.3 and 0.5 for deblur-
ring, and 8x downscaling for SR). Under these severe con-
ditions, DiffPIR’s reduced diffusion steps lead to fidelity is-
sues, with generated details less faithful compared to our
A = 1 case. Despite these differences, theoretical connec-
tions exist between DPS and DiffPIR [29]. We will consider
the exploration of DDIM-style sampling for faster tradeoff
traversal as future work.

In summary, using a single pre-trained score network,
the proposed sampling method can effectively traverse a
more complete DP tradeoff and achieve better MSE than
the benchmarks. Experimental details and more results are
included in Appendix E.

5 Conclusions

In this paper, we proposed a variance-scaled reverse diffu-
sion process to traverse the DP tradeoff for general inverse
problems using a single score-based model. By tuning a pa-
rameter that controls the scale of the reverse variance, we
can navigate from the MMSE point to the whole posterior
distribution, generating a complete DP curve. We proved
that the proposed reverse sampling process serves as an op-
timal solution to the conditional DP tradeoff for multivari-
ate Gaussian distribution. Meanwhile, we conducted exper-
iments on the mixture Gaussian example, two-dimensional
datasets, and the FFHQ dataset. Our results show that us-
ing a single pre-trained score network, we have achieved a
more complete empirical DP tradeoff than the GAN-based
method and other inverse problem solvers, demonstrating
the effectiveness and flexibility of the proposed framework.
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Figure 6. DP tradeoff on FFHQ dataset. Note that the PSCGAN model in this figure is trained on images contaminated with additive
Gaussian noise of o, = 0.3. It can be observed that when the noise level in inference time does match the trained model (e.g., when the
noise level becomes o, = 0.5 during the test time), PSCGAN fails to provide valid reconstructions. On the other hand, our variance-scaled
reverse diffusion process and DiffPIR method rely on a pre-trained score network on the FFHQ dataset, which is not dedicated to any noisy
measurement and is robust for different noise levels.
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Figure 7. Samples from our sampling process, PSCGAN, and DiffPIR for Gaussian deblur task with noise level o, = 0.3.
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Figure 8. Samples from our sampling process, PSCGAN, and DiffPIR for super-resolution task with downsampling scale x8.
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