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ABSTRACT

We introduce the Information-Estimation Metric (IEM), a novel form of distance
function derived from an underlying continuous probability density over a domain
of signals. The IEM is rooted in a fundamental relationship between information
theory and estimation theory, which links the log-probability of a signal with the
errors of an optimal denoiser, applied to noisy observations of the signal. In partic-
ular, the IEM between a pair of signals is obtained by comparing their denoising
error vectors over a range of noise amplitudes. Geometrically, this amounts to
comparing the score vector fields of the blurred density around the signals over a
range of blur levels. We prove that the IEM is a valid global distance metric and
derive a closed-form expression for its local second-order approximation, which
yields a Riemannian metric. For Gaussian-distributed signals, the IEM coincides
with the Mahalanobis distance. But for more complex distributions, it adapts, both
locally and globally, to the geometry of the distribution. In practice, the IEM can
be computed using a learned denoiser (analogous to generative diffusion models)
and solving a one-dimensional integral. To demonstrate the value of our frame-
work, we learn an IEM on the ImageNet database. Experiments show that this
IEM is competitive with or outperforms state-of-the-art supervised image quality
metrics in predicting human perceptual judgments.

1 INTRODUCTION

Distance functions are central to many scientific and engineering enterprises, enabling systematic
comparison, organization, and interpretation of data. In some cases, a meaningful notion of dis-
tance arises from the structure or distribution of the data (e.g., geodesics in Riemannian manifolds,
z-scores for Gaussian distributions), or from the requirements of the task (e.g., Hamming distance
in error-correcting codes, edit distance in text processing). However, this is often not the case.
For instance, algorithms that process natural signals (e.g., compression engines) should ideally be
evaluated in terms of human perception, for which no precise mathematical definition is available.
Numerous algorithms aiming to mimic human perception have been proposed (Wang et al., 2004;
Heusel et al., 2017; Zhang et al., 2018; Ding et al., 2022; Chen et al., 2024), with the most successful
approaches to date being those trained (supervised) on databases of human perceptual judgments.
Nevertheless, this reliance on human-labeled data is problematic, as data annotation is a highly
costly and noisy procedure. More importantly, supervised approaches are difficult to interpret math-
ematically, making it harder to explain the principles that underlie our perceptual judgments of
similarity between natural signals (Barlow, 1989). Deriving a perceptual metric solely based on
unlabeled data remains a fundamental open problem of both scientific and practical importance.

A natural opportunity for developing such a metric arises from the concept of coding efficiency.
Biological sensory systems are believed to decompose incoming signals in a manner that maxi-
mizes the transmission of information about those signals, subject to biological constraints (e.g.,
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noise, metabolic cost) (Attneave, 1954; Barlow, 1961; Laughlin, 1981; van Hateren, 1992; Atick
& Redlich, 1992; Olshausen & Field, 1996; Barlow, 2001; Simoncelli & Olshausen, 2001). Put
differently, sensory pathways function as communication channels optimized for natural signals,
implying that our ability to discriminate between natural signals depends on their statistical prop-
erties. Indeed, for one-dimensional sensory attributes, previous work has shown that perceptual
sensitivity to small signal perturbations increases with the probability of the signal (Laughlin, 1981;
Ganguli & Simoncelli, 2014; Wei & Stocker, 2017). However, in the multivariate setting, such as
color discrimination (i.e., detecting changes in hue or saturation), humans exhibit complex patterns
of sensitivity that vary with thedirectionof the signal's perturbation (MacAdam, 1942). This leaves
us with a conundrum: how can a probability density, which is a scalar function, induce a Riemannian
metric, let alone a global distance function between any pair of signals in the domain?

In an attempt to construct a distance function from a probability density, it is natural to resort to
principles from information theory. Unfortunately, information-theoretic quantities are agnostic to
thegeometryof the probability distribution. For example, the mutual information between random
variables is invariant to bijective (even discontinuous) transformations of the variables. In con-
trast, estimation quantities such as denoising error are explicitly tied to the geometry of the density
through an assumed observation model (e.g., additive Gaussian noise) and loss function (e.g., square
error). Despite this salient difference, a line of work (Guo et al., 2005; 2013) rooted in information
theory (Stam, 1959) and empirical Bayesian methods (Robbins, 1956) has revealed an extensive cor-
respondence between these seemingly unrelated quantities. It takes the form of a set of relationships
that express information quantities in terms of estimation quantities, thereby linking probability (in-
formation) with geometry (the shape of the “data support”). In particular,scalarprobability values
can be decomposed into denoising errorvectors, which provide a natural way to characterize the
geometry of the signal density. Indeed, denoising errors are proportional to thescore(gradient of
the log) of the signal densityblurred through convolution with a Gaussian density. This relationship
between denoising errors and scores, known as the Tweedie–Miyasawa formula (Robbins, 1956;
Miyasawa, 1961), is the foundation of generative diffusion models (Sohl-Dickstein et al., 2015; Ho
et al., 2020; Song et al., 2020).

Building on these information–estimation relationships, we introduce a novel form of distance func-
tion which is derived from the geometry of a given probability density. Our distance, coined the
Information-Estimation Metric (IEM), compares the score vector �elds of the blurred density in the
vicinity of two given signals. More speci�cally, it is de�ned as the mean square error (MSE) between
these score vector �elds, integrated over a range of blur levels (i.e., Gaussian noise magnitudes). We
prove that the IEM is a valid distance metric (in the mathematical sense), and show that it coin-
cides with the Mahalanobis distance (Mahalanobis, 1936) when the prior density is Gaussian. For
more complex priors, however, the IEM re�ects the structure of the “data support”—adapting to the
global geometryof the density. Furthermore, we analyze the local behavior of the IEM by deriving
the second-order expansion of the distance between a signal and its perturbed version, which yields
a Riemannian metric. We show that this Riemannian metric is most sensitive (1) in regions where
the curvature of the log-density is highest, and (2) to perturbations that induce the largest changes
in the signal's probability. This implies that the IEM behaves like alocally adaptiveMahalanobis
distance—conforming to thelocal geometryof the density. Importantly, the IEM can be ef�ciently
learned from samples by training a denoiser (i.e., a diffusion model). We train such a denoiser on
ImageNet (Deng et al., 2009) and use it to compute the IEM. Although the IEM is learned unsuper-
vised from unlabeled image data, we �nd that it is competitive with supervised perceptual distance
measures in terms of predicting human judgments of image similarity.

2 THE INFORMATION-ESTIMATION METRIC

We aim to construct a distance function that is induced by the geometry of a given probability
density. In information theory, it is natural to compare two signalsx 1 and x 2 using their log-
probability ratio, which may be turned into a “distance” by taking its square value. However, this is
a poor choice, as it depends solely on the (scalar) values of the density at the two points. Instead, we
would like a distance measure that is associated with thegeometryof the density (e.g., the curvature
of the density around the two signals). To this end, we build upon a fundamental equation that
decomposesthe log-probability of a signal in terms of the geometry of the probability density in the
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vicinity of the signal. We then apply this decomposition to the log-probabilityratio of two signals,
yielding a distance metric that adapts to the density's geometry.

Observation channel. Let px denote the probability density function of a random vectorx taking
values inRd (i.e., the signal). To decomposepx , we introduce an observation processy 
 such that
py 
 gradually “zooms” intopx as the signal-to-noise ratio (SNR)
 is increased, analogously to how
diffusion models generate samples. Speci�cally, we de�ney 
 as a Gaussian channel

y 
 = 
 x + w 
 ; (1)

wherew 
 � N (0; 
 I ) is a standard Wiener process which is independent ofx. Since the noisew 

is statistically independent ofx, the distributionpy 
 is obtained byblurring px through convolution
with the Gaussian densitypw 
 . Viewing logpy 
 (y 
 ) as a stochastic process that evolves with
 , we
can decomposelogpx (x) in terms of theincrementsof this process. By combining two fundamental
relations from previous work, we show next that these increments characterize the geometry of
logpx in the vicinity of x.

Pointwise I-MMSE. Venkat & Weissman (2012) proved thatlogpy � (y � ) for any �xed � > 0 can
be expressed in terms of the denoising error vectors of the minimum mean square error (MMSE)
estimator ofx from y 
 , E[x j y 
 ], integrated across all SNR levels
 2 [0; �] . Formally,

� logpy � (y � ) =
Z �

0
(x � E[x j y 
 ]) � dw 
 +

1
2

Z �

0
kx � E[x j y 
 ]k2d
 � logpw � (w � ); (2)

where this equality holds with probability one (almost surely),i.e., it holds pointwisefor almost
every realization of the signalx = x and of the Wiener process trajectoryf w 
 = w 
 g�


 =0 . Equa-
tion (2), which we refer to as the pointwise I-MMSE formula, is a generalization of the I-MMSE
formula (Guo et al., 2005), whose roots date back to de Bruijn's identity from the 1950s (Stam,
1959, see App. A.2 for more detailed background). When� ! 1 , Eq. (2) expresses the log-density
of the original signal,logpx (x), in terms of the denoising errors at all
 2 [0; 1 ).

Geometric interpretation. Denoising errors are related to thegradientsof logpy 
 , i.e., the scores
of the blurred densitypy 
 , via the Tweedie–Miyasawa formula (Robbins, 1956; Miyasawa, 1961):

x � E[x j y 
 ] = �
1



w 
 � r logpy 
 (y 
 ); (3)

where the gradient on the right-hand side is taken w.r.t.y 
 . Substituting this formula into Eq. (2), we
now see thatlogpx (x) (ascalar) can be decomposed in terms of the local geometry oflogpy 
 (y 
 ),
particularly thegradientsr logpy 
 (y 
 ), at all SNR levels
 . We refer to this decomposition as the
information-estimation geometryof the densitypx .

De�nition of the Information-Estimation Metric (IEM). The relationships above suggest a
natural way to compare two arbitrary pointsx 1 and x 2, by tracking the increments of their
log-probability ratio under the blurred density,log (py 
 (
 x 1 + w 
 )=py 
 (
 x 2 + w 
 )) . Doing so
amounts to comparing the local geometry oflogpx aroundx 1 and x 2, as illustrated in Fig. 1.
Speci�cally, by combining Eqs. (2) and (3), we obtain

log
�

py � (� x 1 + w � )
py � (� x 2 + w � )

�
=

Z �

0

�
r logpy 
 (
 x 1 + w 
 ) � r logpy 
 (
 x 2 + w 
 )

�
� dw 


�
1
2

Z �

0

� 


 r logpy 
 (
 x 1 + w 
 ) + w 
 =





 2

�



 r logpy 
 (
 x 2 + w 
 ) + w 
 =





 2

�
d
: (4)

Since Eq. (4) is an It̂o process, it is natural to quantify the sum of its squared increments by taking
the expectedquadratic variationof the process, which is simply the second moment of the diffusion
coef�cient integrated over the range
 2 [0; �] . This leads to our proposed distance function.
De�nition 1. TheInformation-Estimation Metric (IEM)induced by the densitypx is de�ned as

IEM(x 1; x 2; �) :=

 Z �

0
E

h


 r logpy 
 (
 x 1 + w 
 ) � r logpy 
 (
 x 2 + w 
 )




 2

i
d


! 1
2

where the expectations are taken overpw 
 for each
 .
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Figure 1:The information-estimation geometry around two points.We show a Gaussian mixture
log-density and its gradient vector �elds around the points
 x 1 and
 x 2 for three different SNR
levels
 . The space is rescaled by
 and the distribution collapses to a point at
 = 0 . When blurring
the density (small
 ), the two modes merge, and the gradients around
 x 1 point toward either of
the modes. When the two modes are far enough apart (large
 ), most gradient vectors point toward
their closest mode. Thus, the local gradients around a given point can capture different geometrical
features of the distribution, depending on the SNR
 . The Information-Estimation Metric (IEM,
Def. 1) between the two pointsx 1 and x 2 is the square error between the local gradient �elds
around them, weighted by a Gaussian window (illustrated by the opacity of the gradients' arrows)
and integrated over all levels of SNR
 2 [0; �] .

For ease of notation, we write IEM(x 1; x 2) := IEM(x 1; x 2; 1 ). Although our construction does
not make it obvious, the IEM is a proper distance metric (see proof in App. C.1):

Theorem 1. For every� > 0, theIEM is a proper distance metric: it is symmetric, non-negative,
equal to zero if and only ifx 1 = x 2, and it satis�es the triangle inequality.

In App. B, we discuss an intriguing relationship between the IEM and the Kullback–Leibler (KL)
divergence between distributions. Speci�cally, we interpret the IEM as a local decomposition of
the KL divergence between two translated copies ofpx , centered atx 1 andx 2. We also de�ne a
mismatchedIEM, generalizing the IEM to the case wherex 1 andx 2 are assumed to come from
differentdistributions.

2.1 LOCAL GEOMETRY

To gain insight into the properties of the IEM, we study its local behavior, namely the dis-
tance between a given signalx and its perturbationx + � for small � . As for any distance,
� = 0 is a global minimum, and we can express the quadratic expansion of the IEM in� as
IEM2(x ; x + � ; �) = � > G(x ; �) � + o(k� k2). The positive-de�nite matrixG(x ; �) then acts as
a local metric (in the Riemannian sense), but note that its relationship with the IEM is one-way:
the IEM is not equivalent to the geodesic distance that corresponds toG(x ; �) . The local metric
G(x ; �) is characterized in the following theorem (see proof in App. C.2):

Theorem 2. The local Riemannian metric derived from the second-order Taylor expansion of the
squaredIEM is given by

G(x ; �) =
Z �

0

 2E

h�
r 2 logpy 
 (
 x + w 
 )

� 2
i
d
 (5)

=
Z �

0
E

h
(I � 
 Cov[x j y 
 = 
 x + w 
 ])2

i
d
; (6)

where the expectations are taken overpw 
 for each
 . Moreover, for� = 1 we have

E[G(x)] = E
�
�r 2 logpx (x)

�
= E

�
r logpx (x)r logpx (x)> �

; (7)

where we denoteG(x ) := G(x ; 1 ) and the expectations are taken overpx .

Theorem 2 gives two equivalent expressions for the local metric induced by the IEM. In particu-
lar, Eq. (5) shows how this local metric,G(x ; �) , is tied to the local curvature oflogpx around
the point x . Indeed, the Hessianr 2 logpy 
 (
 x + w 
 ), which is a (nonlinear) smoothing of
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r 2 logpx (x ), describes the local curvature at blur level
 . In fact, the relationship betweenG(x ; �)
andr 2 logpx (x ) becomes clearer when taking� ! 1 and averaging overpx , as expressed by
Eq. (7). Qualitatively, this demonstrates that, locally around the signalx , the IEM is more sensitive
to perturbations� that change the log-probability ofx the most. Note that it is not true in gen-
eral thatG(x ) = �r 2 logpx (x ) pointwise, as the Hessian of the log-density may not be negative
semi-de�nite, whereasG(x ) � 0 by construction. The local metricG(x ) thus acts as a positive
semi-de�nite smoothing of�r 2 logpx (x ).

Furthermore, Eq. (6) relates the local metricG(x ; �) to the covariance ofx jy 
 = 
 x + w 
 , which
is compared toI =
 —the covariance of rescaled observation noise:x + w 
 =
 � N (x ; I =
 ). Equa-
tion (6) therefore provides additional intuition about the behavior ofG(x ; �) . First, when the noisy
observations
 x + w 
 can be effectively denoised across many SNR levels
 , the posterior covari-
ance for such values of
 is substantially smaller than that of the noise, which results in (relatively)
high sensitivity to small perturbations ofx . A simple practical example of this scenario is whenx is
a “smooth” signal (e.g., an image of a clear blue sky). Second, perturbations� that can be effectively
denoised also lead to large local distance values. For instance, if the densitypx is supported on a
low-dimensional manifold, then the local metricG(x ; �) is more sensitive around pointsx that are
near the manifold, and in directions� that are orthogonal to the local tangent subspace.

2.2 ILLUSTRATIVE EXAMPLES

Gaussian prior. The IEM depends on the distribution of the datapx . When this distribution
is Gaussian,px = N (� ; � ), and� = 1 , the IEM coincides with the well-known Mahalanobis
distance (see App. C.3 for proof):

IEM(x 1; x 2) =
q

(x 1 � x 2)> � � 1(x 1 � x 2): (8)

In other words, the IEM is the Euclidean distance after whitening the data:x 7! � � 1
2 (x � � ).

Displacements in directions of small variance of the data are thus ampli�ed and contribute more to
the �nal distance, as visualized in the center column of Fig. 2.

This closed-form expression of the Gaussian IEM comes from the linearity of the corresponding
optimal denoisers. While more complicated distributionspx have non-linear optimal denoisers,
they are oftenlocally linear (Milanfar, 2013; Mohan et al., 2020), so that the corresponding IEM
behaves like a Mahalanobis distancelocally, adapting to the “local covariance” of the data. This is
in agreement with our observations above about the local behavior of the IEM for general priors.
Together, they paint a picture of how the IEM adapts to the geometry of the data distribution.

Since the IEM coincides with the Mahalanobis distance whenpx is Gaussian, it is important to
examine the behavior of the IEM whenpx is no longer Gaussian.

Gaussian mixture prior. First, consider a two-dimensional, two-mode Gaussian mixture model.
To compute the IEM and the local metricG(x ; �) , we numerically solve the integrals in Def. 1
and Eq. (5), using closed-form expressions forlogpy 
 and related quantities (see details
in App. E.4). To illustrate the global behavior of the IEM, we choose a reference pointx ref., and
evaluate its distance from each of a uniform grid of pointsx . We then plot the resulting equidistant
contours (Fig. 2, top row) , and compare with a unimodal Gaussian density to illustrate how the IEM
adapts to the prior. The IEM clearly adapts to the density's global geometry: the equidistant contours
resemble the shape of the log-density contours. Interestingly, the regions delimited by equidistant
contours can be disconnected: points belonging to one mode are closer to points belonging to the
other mode than they are to points lying in between the modes. This is because the local curvature of
the log-density can be similar in the vicinity of two points, even if their Euclidean distance is large.

Furthermore, we eigendecomposeG(x ; �) � 1
2 at each pointx on the grid, and draw an ellipse cen-

tered atx , whose axes and radii are the resulting eigenvectors and the corresponding eigenvalues,
respectively. These ellipses represent thediscrimination thresholdsof the metric across space, which
are inversely proportional to its local sensitivities. In other words, the ellipses illustrate the direc-
tions that require larger perturbations to induce the same change in distance. Figure 2 shows that the
discrimination thresholds align with the direction of the local covariance,i.e., the metricG(x ; �) be-
haves like alocally adaptiveMahalanobis metric. We also note thatG(x ; �) is more sensitive in the
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Figure 2: Illustrating the global and local geometry of the Information-Estimation Metric
(IEM) on three different prior densities. Top row: Equidistant IEM contours relative to an ex-
ample reference point (white star). Whenpx is Gaussian (middle column), the IEM coincides with
the well-known Mahalanobis distance. For a separable Laplacian prior (left column), the equidistant
contours cluster and curve around the axes, following the high-probability ridges. For a Gaussian
mixture prior (right column), the contours re�ect the shapes of the modes. These examples illustrate
how the IEM adapts to the global geometry of the given prior density.Bottom row:Ellipses repre-
senting the local discrimination thresholds of the local Riemannian metricG(x ; �) (Eq. (5)). Larger
ellipse radii correspond to higher discrimination thresholds,i.e., lower sensitivity to local perturba-
tions. For the Gaussian prior, the local metric is constant across the entire domain (identical to the
Mahalanobis metric). For the Laplace (heavy-tailed) prior, the discrimination thresholds are smaller
in high-probability regions—consistent with human perception and predictions of ef�cient coding
theories. Moreover, the orientations of the ellipses align with the equiprobable log-density contours,
implying thatG(x ; �) is more sensitive to perturbations that yield a larger change in the probabil-
ity of x . For the Gaussian mixture density, the discrimination thresholds are smaller between the
modes, and the major axes of the ellipses align with the direction of larger local variance. Overall,
these examples illustrate thatG(x ; �) is more sensitive in regions of higher log-density curvature
and to perturbations that induce larger local changes in probability.

local minima of probability in between the modes, as illustrated by the ellipses with smaller radii
(smaller discrimination thresholds). This is consistent with Thm. 2, as the signals lying between
modes incur large denoising errors due to the uncertainty about the mode they belong to.

Laplace prior. To further illustrate the in�uence of the density's curvature on the IEM, we now
consider the case wherepx is a two-dimensional Laplace distribution, formed by taking the prod-
uct of one-dimensional Laplace densities. As shown in Fig. 2, this prior density induces dis-
crimination thresholds that increase as they move away from the high-probability ridges that lie
along the axes. From the point of view of Thm. 2, this re�ects the fact that the Hessian matrices
r 2 logpy 
 (
 x + w 
 ) (speci�cally, their negative eigenvalues) decrease in magnitude away from
the axes. For this sparse and heavy-tailed distribution, curvature is correlated with probability, so
that discrimination thresholds are larger in low-probability regions, consistent with predictions from
prior work on ef�cient coding (Ganguli & Simoncelli, 2014). From the global behavior of the dis-
tance, we also see that the equidistant contour lines tend to cluster around the axes: under a sparse
prior such as the Laplace density, �ipping the sign of one or several coordinates ofx (landing on the
other side of the high-probability ridge) incurs a large cost as measured by the IEM.

Additional illustrative examples on one-dimensional prior densities are provided in App. E.4.

2.3 GENERALIZED INFORMATION-ESTIMATION METRIC

The IEM is de�ned as the expected quadratic variation of the Itô process

z
 (x 1; x 2) := log
�

py 
 (
 x 1 + w 
 )
py 
 (
 x 2 + w 
 )

�
: (9)

Note that the quadratic variation ofz
 is unaffected by additiveshiftsof the process (the drift co-
ef�cient is ignored). Namely,z
 may have small or large average values while yielding the same
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quadratic variation. It is therefore interesting to take such shifts into account by quantifying the de-
viation of z
 from zero. A natural way to achieve this is to measure the quadratic variation of some
scalar functionf (z
 ; 
 ) that increases withjz
 j, thereby generalizing the IEM. Whenf is twice
differentiable, It̂o's lemma shows that the diffusion coef�cient of the processf (z
 ; 
 ) equals that of
z
 multiplied byf 0(z
 ; 
 )—the derivative off (�; 
 ) w.r.t. the �rst argument. We thus de�ne:

De�nition 2. For any twice differentiable scalar functionf , the generalizedIEM is de�ned as

IEMf (x 1; x 2; �) :=

 Z �

0
E

h
f 0(z
 ; 
 )2



 r logpy 
 (
 x 1 + w 
 ) � r logpy 
 (
 x 2 + w 
 )



 2

i
d


! 1
2

where the expectations are taken overpw 
 for each
 .

For f (z
 ; 
 ) = z
 , IEMf recovers the IEM from Def. 1. Moreover, whenf (z
 ; 
 ) satis�es
f 0(z
 ; 
 ) = 0 if and only if z
 = 0 , we have IEMf (x 1; x 2) = 0 if and only if x 1 = x 2 (positive
de�niteness). Unlike the IEM, however, the IEMf is generally not a proper metric, as it may violate
the symmetry or the triangle inequality axioms. This may or may not be considered a limitation,
depending on the intended application of the distance. De�nition 2 can be extended to anynon-
anticipativefunctional f (f z
 0g



 0=0 ; 
 ) whose input is the entire history of the processz
 0 up to
SNR
 . In this case,f 0 is a Dupire derivative (Dupire, 2009; Cont & Fournie, 2010).

In App. C.4, we establish two important properties of the processz
 , which are inherited by the
family of IEMs. Speci�cally, we show thatz
 is invariant under Euclidean isometries,i.e., it is
invariant to the choice of orthonormal coordinate system. Moreover,z
 is invariant to suf�cient
statistics ofy 
 , a property that the IEMs share with the Fisher information metric (Chentsov, 1981).

3 EXPERIMENTS

We assess how well our proposed distances predict human judgments of similarity between pho-
tographic images. Speci�cally, we evaluate the IEMs on pairs of images taken from databases of
psychophysical experiments, and compare the predicted distances with human similarity ratings.
Computing the IEMs requires access to the score functionr logpy 
 , or equivalently to an MMSE
estimatorE[x j y 
 ], at each SNR level
 . We approximate this estimator with a learned neural
denoiserD � (y 
 ; 
 ), which is trained to predictx from (y 
 ; 
 ) by minimizing MSE (similarly to
unconditionaldiffusion models). To evaluate our distance functions, we plug the trained denoiser
into Defs. 1 and 2 and solve the integral numerically (see App. E.1 for more details).

3.1 IMPLEMENTATION

Neural denoiser architecture. We use the Hourglass Diffusion Transformer (HDiT) (Crowson
et al., 2024) as our denoiser model because it can be trained ef�ciently and scales linearly with
image resolution. We train a denoiser model from scratch on the ImageNet-1k (Deng et al., 2009)
dataset, cropping the images to size256 � 256. We follow most of the implementation choices
of Crowson et al. (2024), but use signi�cantly smaller models and a log-uniform schedule for the
noise level. Additional training details and hyperparameters are disclosed in App. E.2.

Choosingf . The generalized IEMf (Def. 2) depends on the choice of the scalar functionf , so we
examine three options: (1)Identity function:Settingf (z
 ; 
 ) = z
 corresponds to our �rst IEM
distance (Def. 1). (2)Quadratic function:We takef (z
 ; 
 ) = z2


 and denote by IEMsq. the resulting
distance. We �nd this simple choice suf�cient to demonstrate that IEMf can adapt to different types
of human data by selecting an appropriate functionf , without supervision. (3)Learned function:
We consider learning a parameterized functionf 0

! from labeled data. The purpose of this choice is to
assess whether our proposed family of distances can match human perception across several kinds
of psychophysical experiments simultaneously. This is a challenging problem, since the distance
must adapt to both “local” distortions near the visual sensitivity threshold (e.g., small additive noise)
and “global” distortions (e.g., images containing similar-looking textures). Moreover, this choice
provides a fairer comparison with competing methods, all of which are supervised algorithms. We
implementf 0

! as a simplecausal(non-anticipative) fully-connected network, where the output at
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Figure 3: Illustrating the disagreement between different types of perceptual distance mea-
sures.We ranked the distorted images associated with each reference image in the LIVE and CSIQ
databases (middle row), according to the IEM and several other metrics. Each column displays the
distorted images with the largest positive (bottom row) or negative (top row) rank differences be-
tween the IEM and the compared metric (denoted in the title of the column).

Figure 4:Spearman's rank correlation coef�cient (SRCC) results on full-reference image sim-
ilarity benchmarks. On TID2013, LIVE, and CSIQ, the IEM performs competitively with previ-
ous state-of-the-art supervised methods, but struggles on TQD (texture similarity data), as do most
methods. In contrast, the unsupervised IEMsq. performs surprisingly well on TQD. Our supervised
variant, which only learnsf ! , achieves strong results on both types of databases simultaneously.

SNR 
 depends on all previous samplesfj z
 0jg


 0=0 . In all experiments,f 0

! is trained on data
disjoint from the evaluation data. See App. E.3 for more details about learning this function.

3.2 PREDICTING MEAN OPINION SCORES

We evaluate our solutions using several full-reference image quality assessment databases containing
mean opinion scores (MOS). In App. D.1 we report additional experiments on BAPPS (Zhang et al.,
2018)—a different type of database consisting of two-alternative forced choice (2AFC) rankings.

Common benchmarks. We consider several standard full-reference image quality assessment
benchmarks, including TID2013 (Ponomarenko et al., 2015), CSIQ (Larson & Chandler, 2010), and
LIVE (Sheikh et al., 2006). Since the learned denoiser model is suited for images of size256� 256,
we adjust the resolution of the images in the considered databases by �rst center-cropping each
image to the length of its shorter edge, and then resizing it to256 � 256. We compare against
PSNR, SSIM (Wang et al., 2004), VIF (Sheikh & Bovik, 2006), MAD (Larson & Chandler, 2010),
FSIM (Zhang et al., 2011), GMSD (Xue et al., 2014), NLPD (Laparra et al., 2016), PieAPP (Prash-
nani et al., 2018), LPIPS (Zhang et al., 2018), DISTS (Ding et al., 2022), and TOPIQ (Chen et al.,
2024). We �nd that the IEM with� = 1 =4 yields surprisingly strong results, even though it is
computed solely based on denoising errors and is not exposed to human labels. Indeed, as shown
in Fig. 4, this same choice of� produces a strikingly high Spearman's rank correlation coef�cient
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