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Abstract

Learning unnormalized models is an ubiquitous
problem in modern statistics and machine learning.
Noise contrastive estimation (NCE) takes a popular
approach based on solving a binary classification
problem: Unnormalized models are learned by dis-
criminating input data with artificially generated
noise data. This paper follows this approach, but
proposes a general framework based on the Breg-
man divergence. By selecting the convex function
in the divergence, our framework includes exist-
ing methods as special cases, and novel variants of
NCE can be also derived. Learning unnormalized
models in the proposed framework is performed
by estimating the posterior probability in the bin-
ary classification, i.e., the composition of the lo-
gistic function and the ratio of data and noise dis-
tributions. Due to the boundedness of the logistic
function, our framework is advantageous in outlier-
robustness. In fact, we theoretically prove that ro-
bust estimation is possible in our framework under
a variety of convex functions in the Bregman di-
vergence. Furthermore, the asymptotic efficiency
is also investigated, implying a trade-off between
efficiency and robustness in our framework. In-
spired by these results, we derive the optimal noise
distribution under some constraints for robustness.
Finally, we numerically demonstrate the robust-
ness of the novel variants of NCE and the derived
optimal noise distribution.

1 INTRODUCTION

It is the central problem to learn unnormalized parametric
models in modern statistics and machine learning. In con-
trast with the baseline methods (e.g., maximum likelihood
estimation (MLE)), learning unnormalized models does not

require them to be properly normalized, and thus offers
a wider range of practical applications. A well-known ap-
plication is generative models, e.g., generative adversarial
networks (GAN) [Goodfellow et al., 2014] and diffusion
models [Song and Ermon, 2019, Song et al., 2021]. Another
example is self-supervised learning [Liu et al., 2020], which
can be regarded as obtaining a useful representation of data
through estimation of unnormalized models. Other applica-
tions include large language models [Mnih and Teh, 2012,
Chen et al., 2024].

A number of practical methods for learning unnormalized
models have been proposed so far [Besag, 1975, Hinton,
2002, Hyvärinen, 2005, Gutmann and Hyvärinen, 2012,
Takenouchi and Kanamori, 2017, Uehara et al., 2020]. One
of the promising methods is noise contrastive estimation
(NCE) [Gutmann and Hyvärinen, 2012], which forms the
basis of GAN and self-supervised learning. NCE learns
unnormalized models by discriminating input data from ar-
tificially generated noise data through logistic regression,
and thus can be seen as solving a binary classification prob-
lem. As in MLE [Van der Vaart, 1998, Wasserman, 2004],
NCE has a good theoretical property called asymptotic effi-
ciency [Gutmann and Hyvärinen, 2012]. On the other hand,
this efficiency of NCE comes at the cost of robustness be-
cause logistic regression used in NCE is well-known to be
sensitive to the contamination of outliers [Feng et al., 2014].

The crucial point in NCE is how to make noise data samples
or choose the noise distribution because the practical per-
formance strongly depends on them. To cope with this
problem, Ceylan and Gutmann [2018] proposed to gen-
erate noise data by injecting a small amount of additive
noise into input data, and demonstrated that the proposed
approach works well for data with a lower-dimensional man-
ifold structure (e.g., ring). GAN takes an iterative approach
that updates noise samples (i.e., noise distribution) so that it
makes difficult or almost impossible to discriminate them
from input data samples Goodfellow et al. [2014]. A similar
iterative approach has been proposed based on normaliz-
ing flow [Gao et al., 2020] where the noise distribution is
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updated towards the data distribution. See a recent review
paper for NCE [Gutmann et al., 2022] and references therein.
Overall, a common belief behind these approaches would be
that the data or near-data distribution is an optimal choice
for the noise distribution. However, in spite of this belief, it
has recently been shown that the optimal noise distribution
could be different from the data distribution [Chehab et al.,
2022], meaning that there exists a clear gap between them.

This paper follows the same classification approach as NCE
yet proposes a general framework to learn unnormalized
models with the Bregman divergence [Bregman, 1967]. Pre-
viously, similar frameworks have been proposed based on
the Bregman divergence, which directly estimate the ratio
between data and noise distributions for learning unnormal-
ized models [Gutmann and Hirayama, 2011, Uehara et al.,
2020]. In contrast, the proposed framework estimates the
posterior probability in the classification problem, i.e., the
composition of the logistic function and ratio of the two
probability distributions, and thus not directly the ratio. This
subtle difference makes a great benefit in terms of robustness
against outliers. The posterior probability is always bounded
even if the ratio is unbounded due to the logistic function.
This boundedness is critical for robust estimation because
the ratio can be arbitrarily large when outliers move to tails
of the data or noise distribution. Previously, an outlier-robust
variant of NCE has been proposed [Sasaki and Takenouchi,
2024] but is also a special case of the proposed framework.

After proposing our framework, we perform detailed asymp-
totic analysis in robustness and efficiency. Our analysis
based on the influence function [Huber and Ronchetti, 2009]
guarantees the robustness of the proposed framework on
a variety of convex functions in the Bregman divergence,
while NCE is a rare exception, i.e., it is strongly hampered
by the contamination by outliers. The asymptotic efficiency
is achievable in the proposed framework as well with a par-
ticular choice of the noise distribution in contrast with NCE.
Overall, these theoretical results imply a trade-off between
efficiency and robustness in our framework.

Subsequently, we establish the optimal noise distribution in
the proposed framework. In stark contrast with Chehab et al.
[2022], we propose to impose novel constraints to optimize
the noise distribution. Interestingly, the optimal noise distri-
bution derived under one of the constraints is a combination
of the noise distribution in Chehab et al. [2022] and data
distribution, and thus might give an insight to bridge a gap
to the aforementioned common belief behind NCE. Fur-
thermore, inspired by the asymptotic analysis, we propose
other constraints for robustness, and derive the optimal noise
distributions under them with substantially different proofs
from that in Chehab et al. [2022]. Finally, we experimentally
show the robustness of the derived optimal noise distribution
and novel variants of NCE in the proposed framework.

This paper is organized as follows: Section 2 formulates the

problem in this paper and reviews noise contrastive estim-
ation and existing frameworks for learning unnormalized
models. Our framework based on the Bregman divergence
is proposed in Section 3. Section 4 performs asymptotic ana-
lysis in terms of efficiency and robustness, while Section 5
derives the optimal noise distribution in the proposed frame-
work. The novel variants of NCE in our framework and the
optimal noise distribution are experimentally investigated in
Section 6. Section 7 concludes this paper. A notation table
is given in Appendix A.

2 BACKGROUND

We first suppose that there exists a σ-finite reference meas-
ure space (Ω,B, µ), and the probability measure Pd for data
is absolutely continuous with respect to µ, i.e., it has the
density as pd = dPd

dµ . Then, we assume that n samples of
data vectors xi drawn from pd(x) are available as

X = {xi}ni=1
iid∼ pd(x).

Then, this paper considers the problem of estimating the
parameter vector θ in a parametric model,

pm(x;θ) =
qm(x;θ)

Z(θ)
,

from X where Z(θ) is the partition function, and qm(x;θ)
is some non-negative function with θ. This section reviews
noise contrastive estimation and an existing framework for
learning unnormalized models based on the Bregman diver-
gence.

2.1 NOISE CONTRASTIVE ESTIMATION

Noise contrastive estimation (NCE) learns a parametric
model by solving a binary classification problem where the
following dataset is supposed to be additionally available:

Y = {yi}
ny

i=1
iid∼ pn(y),

where yi and pn are called the noise samples and noise
distribution, respectively1. pn is fundamentally required to
have two properties: (i) the functional form of pn is known
and (ii) sampling from pn is possible. By regarding X and Y
as datasets from binary classes, the conditional distribution
of data u given class label C is defined as

p(u|C = 0) = pd(u) and p(u|C = 1) = pn(u).

1As in pd, we assume that the probability measure Pn for noise
data is absolutely continuous with respect to µ and has the density
as pn = dPn

dµ
.
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Then, the posterior probability is formulated as

p(C = 0|u) = pd(u)

pd(u) + νpn(u)
=

r(u)

r(u) + ν

p(C = 1|u) = νpn(u)

pd(u) + νpn(u)
=

ν

r(u) + ν
, (1)

where ν := p(C=1)
p(C=0) with the class probability p(C) and

r(u) := pd(u)/pn(u) is the ratio of two probability distri-
butions.

Learning in NCE is performed through the posterior estim-
ation. To this end, NCE expresses the partition function as
a single parameter c and defines an unnormalized model
p0m(u;α) as

log p0m(u;α) = log qm(u;θ)− c.

Then, all parameters α = (θ, c) are estimated by fitting the
following model to the true posterior probability:

f0(u;α) =
p0m(u;α)

p0m(u;α) + νpn(u)
=

rm(u;α)

rm(u;α) + ν

f1(u;α) =
νpn(u)

p0m(u;α) + νpn(u)
=

ν

rm(u;α) + ν
, (2)

where rm(x;α) := p0m(u;α)/pn(u). Then, the risk func-
tion of NCE is formulated through logistic regression as

Llr(α) = −Ed[log f0(X;α)]− νEn[log f1(Y ;α)],

where Ed and En denote the expectations over pd and pn,
respectively. In practice, the empirical version of Llr(α) is
minimized to estimate the parameter vector α.

2.2 DIRECT RATIO ESTIMATION WITH
BREGMAN DIVERGENCE

Learning unnormalized models is possible by estimating
the ratio rm(x;α) = p0m(x;α)/pn(x) if pn is known as
assumed in NCE. In fact, (2) indicates that NCE can be
regarded as estimating rm(x;α) through logistic regression.
Based on the ratio estimation, a general framework for learn-
ing unnormalized models has been proposed [Gutmann and
Hirayama, 2011, Uehara et al., 2020] with the (separable)
Bregman divergence, whose risk is defined by

− Ed [φ
′ (rm(X;α))]

+ En [{φ′ (rm(Y ;α)) rm(Y ;α)− φ (rm(Y ;α))] ,

where φ(·) is a strictly convex function on R+ and φ′(z) :=
d
dzφ(z). By selecting φ, a variety of risk functions can be
derived.

This line of work is similar to our approach, but there exists
a fundamental difference: We do not directly estimate the
ratio r(x), but the posterior probability in (1), i.e., the com-
position of the logistic function and ratio r(x). The notable

point is that the posterior probability is always bounded
due to the composition by the logistic function, while ra-
tio r(x) can be unbounded. This subtle point makes robust
learning possible when outliers lie on the tails of the data or
noise distribution. Indeed, it has been theoretically shown
that direct ratio estimation can be strongly hampered by
the contamination of outliers even when robust divergences
are employed [Kanamori and Sugiyama, 2014, Sasaki and
Takenouchi, 2024].

3 BREGMAN CONTRASTIVE
ESTIMATION

The main idea in our framework is to employ the Bregman
divergence between the posterior probability p(C|u) and its
model fC(u;α) for which the risk function is defined as∫

p(u)
∑

C∈{0,1}

[φ(p(C|u))− φ(fC(u;α))

−φ′(fC(u;α))(p(C|u)− fC(u;α))] du. (3)

Then, by expressing the marginal distribution as

p(u) =
∑

C∈{0,1}

p(u|C)p(C) ∝ pd(u) + νpn(u),

Appendix B shows that our risk function can be written by

LSB
φ (α) := −Ed [Φφ(X;α) + Ψφ(X;α)f1(X;α)]

− νEn [Φφ(Y ;α)−Ψφ(Y ;α)f0(Y ;α)] ,
(4)

where Φφ(u;α) := φ (f0(u;α)) + φ (f1(u;α)) and
Ψφ(u;α) := φ′ (f0(u;α)) − φ′ (f1(u;α)). In practice,
LSB
φ (α) is empirically approximated from data samples as

L̂SB
φ (α) := − 1

n

n∑
i=1

[Φφ(xi;α) + Ψφ(xi;α)f1(xi;α)]

− 1

n

ny∑
i=1

[Φφ(yi;α)−Ψφ(yi;α)f0(yi;α)] ,

where ν is substituted by ν̂ := ny/n. The parameter vector
α is estimated by minimizing L̂SB

φ (α) as

α̂ = argmin
α

L̂SB
φ (α) = (θ̂, ĉ).

We call this method as the Bregman contrastive estimation
(BCE).

Next, we show that BCE includes NCE and its robust variant
called the power NCE (PNCE) [Sasaki and Takenouchi,
2024] as special cases:

Example 1 (NCE). When φ(z) = z log z, LSB
φ (α) is re-

duced to Llr(α).
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Table 1: Examples of BCE under the choices of φ.

φ(z) risk reference
NCE z log z Llr(α) [Gutmann and Hyvärinen, 2012]

PNCE zβ+1

β(β+1) Lβ(α) [Sasaki and Takenouchi, 2024]
ρ-NCE − log(z + ρ) Lρ(α) This work
τ -NCE (z + τ) log z+τ

1+τ Lτ (α) This work

Example 2 (PNCE). When φ(z) = zβ+1/(β(β + 1)),
LSB
φ (α) is reduced to the following risk function proposed

in Sasaki and Takenouchi [2024]:

Lβ(α) = − 1

β

(
Ed[f0(X;α)β ] + νEn[f1(Y ;α)β ]

)
+

1

β + 1

1∑
c=0

(Ed[fc(X;α)β+1] + νEn[fc(X;α)β+1]).

Next, two novel variants of NCE are derived from BCE. The
first choice is φ(z) = − log(z+ ρ), which has been used in
boosting [Murata et al., 2004] and introduced to cope with
a mislabeling problem [Takenouchi and Eguchi, 2004]. The
second choice can be seen as a generalization of the first
one.

Example 3 (ρ-NCE). When φ(z) = − log(z + ρ) with a
parameter ρ > 0, LSB

φ (α) is reduced to

Lρ(α) = Ed

[
− log

(
f0(X;α)f1(X;α) + ρ2 + ρ

)
− f1(X;α){f0(X;α)− f1(X;α)}

f0(X;α)f1(X;α) + ρ2 + ρ

]
− νEn

[
− log

(
f0(Y ;α)f1(Y ;α) + ρ2 + ρ

)
− f0(Y ;α){f0(Y ;α)− f1(Y ;α)}

f0(Y ;α)f1(Y ;α) + ρ2 + ρ

]
.

We call the learning method based on Lρ(α) as ρ-NCE.

Example 4 (τ -NCE). When φ(z) = (z + τ) log z+τ
1+τ for

τ > 0, LSB
φ (α) is reduced to

Lτ (α) = −Ed [(1 + τ) log fτ
0 (X;α) + τ log fτ

1 (X;α)]

− νEn [(1 + τ) log fτ
1 (Y ;α) + τ log fτ

0 (Y ;α)] ,

where fτ
C(x;α) := fC(x;α)+τ

1+τ for C = 0, 1. We call the
learning method based on Lτ (α) as τ -NCE.

It is shown theoretically and empirically that τ -NCE and
ρ-NCE are robust against outliers. Table 1 summarizes how
each method corresponds to a particular choice of φ.

3.1 MODEL SELECTION IN BCE

The selection of the hyper-parameters (e.g., ρ and τ ) is
important in practice. Here, by following a simple heuristic

approach proposed in Minami and Eguchi [2003] and Sasaki
and Takenouchi [2024], a method for model selection based
on cross-validation is presented as follows: Taking τ -NCE
as an example,

1. Choose a fixed parameter τ0 called the anchor para-
meter and candidates of τ denoted by T .

2. Divide X = {xi}ni=1 into K disjoint subsets {Xk}Kk=1.

3. Obtain the estimator α̂(k)
τ for τ ∈ T from X without

Xk and reference data vectors yj which are generated
by keeping the same sample ratio ν̂.

4. Compute L̂τ0 with the anchor parameter τ0 from Xk

as CV(k, τ) := L̂τ0(α̂
(k)
τ ).

5. Choose the optimal value of τ on T that minimizes
1
K

∑K
k=1 CV(k, τ).

It seems to still matter the choice of the anchor parameter
in cross-validation, but our empirical results show that this
method reasonably works well on a range of the anchor
parameters.

4 ASYMPTOTIC ANALYSIS:
ROBUSTNESS AND EFFICIENCY

This section performs asymptotic analysis to BCE in terms
of robustness and efficiency. Throughout this section, let us
assume that for all θ,

D := supp(pm(·;θ)) ⊆ supp(pn), (5)

where supp(pm(·;θ)) := {x | pm(x;θ) ̸= 0} and
supp(pn) := {y | pn(y) ̸= 0}. This support assump-
tion is standard in the analysis of NCE [Gutmann and
Hyvärinen, 2012, Matsuda et al., 2021, Sasaki and Taken-
ouchi, 2024], and required to estimate pm(·;θ) over the
full support. Furthermore, we assume that p0m(x;α) is
differentiable with respect to α such that the gradient
gm(x;α) := ∇α log p0m(x;α) is properly computed.

4.1 ROBUSTNESS OF BCE

Here, the robustness of BCE is investigated based on the
influence function [Huber and Ronchetti, 2009, Hampel
et al., 2011, Maronna et al., 2019]. To this end, we start by
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modeling the contaminated probability distributions as

p̄d(x) = (1− ε)pd(x) + εδxo(x), (6)

where 0 ≤ ε < 1 is a constant, xo is an outlier, and δxo(·)
denotes the Dirac measure centered at xo and is sufficient
for the worse-case local analysis. As the contamination ratio
ε is increased, the dataset is contaminated by more outliers.
Based on the contaminated probability distribution (6), we
define the following estimators:

α⋆ = argmin
α

LSB
φ (α) and αε = argmin

α
L̄SB
φ (α), (7)

where by expressing the expectation over p̄d(·) as Ēd,

L̄SB
φ (α) := −Ēd [Φ(X;α) + Ψ(X;α)f1(X;α)]

− νEn [Φ(Y ;α)−Ψ(Y ;α)f0(Y ;α)] .

Based on these estimators, the influence function (IF) is
defined in the limit of ε → 0 as follows:

IF(xo) = lim
ε→0

αε −α⋆

ε
. (8)

IF(xo) helps us to understand how the asymptotic estim-
ator α⋆ is influenced by infinitesimal contamination of
outliers. A useful notion based on IF is B-robustness: If
supx∈D ∥IF(x)∥ < ∞, α⋆ is said to be B-robust. B-
robustness ensures that the influence from outliers xo is
limited even if they go far away from the center of data.

We first derive IF and show a condition for B-robustness in
the following proposition, and then discuss how mild the
condition is:

Proposition 1. Assume that the Hessian matrix Hφ =
∇2

αLSB
φ (α)|α=α⋆

is invertible. Then, the influence function
is given by

IF(xo) = H−1
φ {Ed[wφ(X;α⋆)f1(X;α⋆)gm(X;α⋆)]

−wφ(xo;α⋆)f1(xo;α⋆)gm(xo;α⋆)} , (9)

where with φ′′(z) := d2

dz2φ(z),

wφ(x;α)

:= {φ′′(f0(x;α)) + φ′′(f1(x;α))} f0(x;α)f1(x;α).
(10)

Furthermore, α⋆ is B-robust if the following inequality
holds:

sup
x∈D

wφ(x;α⋆)∥gm(x;α⋆)∥ < ∞. (11)

The proof is deferred to Appendix C. The first term on
the right-hand side of (9) is a constant bias and cannot be
eliminated but has no influence from outliers. The second
term is influenced by outlier xo, and thus α⋆ is guaranteed

to be B-robust if this term is finite, i.e., condition (11) is
fulfilled.

For NCE, it is very unlikely that condition (11) is satis-
fied because the choice of φ(z) = z log z in Example 1
yields a constant weight wφ(x;α⋆) = 1. Thus, the left-
hand side on (11) becomes supx∈D ∥gm(x;α⋆)∥, which
can be unbounded in general. Non-robustness of NCE has
been previously reported in Sasaki and Takenouchi [2024]
as well. Appendix D illustrates that weights wφ(x;α⋆) for
PNCE, τ -NCE and ρ-NCE are non-constant and approach
to zero if f0 → 0 or f1 → 1.

Next, we show when condition (11) is fulfilled. To enhance
the interpretability, we re-express condition (11) in terms of
the ratio model rm(x;α) = p0m(x;α)/pn(x;α) in the fol-
lowing corollary where Ck denotes the space of continuous
and k-times differentiable functions:

Corollary 1. Assume that wφ(x;α⋆) is not a constant func-
tion and φ belongs to C2. Then, (11) is equivalent to

sup
x∈D

νrm(x;α⋆)

(ν + rm(x;α⋆))2
∥gm(x;α⋆)∥ < ∞. (12)

The proof is a direct consequence from the finiteness of
φ′′ because φ is a C2 function and the domain of φ is
[0, 1]. It is useful to consider a common situation (e.g.,
Gaussian distributions) where ∥gm(x;α⋆)∥ diverges when
p0m(x;α⋆) → 0 as x goes to the boundary of D. In this situ-
ation, rm(x;α) approaches zero if pn(x) has a wider sup-
port and slower decay than p0m(x;α⋆) because the growth
speed of gm(x;α⋆) = ∇α log p0m(x;α)|α=α⋆ is logar-
ithmic. Thus, condition (12) seems very mild and could
be satisfied under a variety of strictly convex functions φ
because the fundamental condition is that φ is a C2 function.
Moreover, a large value of ν would also make condition (12)
more easily satisfied, and thus improve the robustness of
BCE.

4.2 EFFICIENCY OF BCE

Efficiency of statistical estimators is a classical yet important
notion. An estimator is said to be asymptotically efficient if
the asymptotic variance is equal to the Cramér-Rao lower
bound [Lehmann and Casella, 1998], which is the inverse
of the Fisher information matrix2 defined as

IF := Ed

[
gm(X;α⋆)gm(X;α⋆)

⊤] .
To investigate the efficiency, we first establish the asymptotic
normality of BCE and then show some differences to NCE.
The consistency of BCE is proved in Appendix E.

2More formally, the Fisher information matrix IF is defined
with the expectation over pm(·,θ). However, Assumptions (A3-4)
imply pm(·;θ⋆) = pd(·). Therefore, we defined IF in terms of the
expectation over pd(·).
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For asymptotic normality, we make the following regularity
assumptions:

(A1) The parameter space Θ of θ is compact.

(A2) For all θ, supp pm(·;θ) ⊂ supp pn.

(A3) pm(x;θ) is identifiable, i.e., pm(x;θ1) = pm(x;θ2)
implies θ1 = θ2.

(A4) pd(x) belongs to the same parametric family as
pm(x;θ), i.e., there exists a constant vector θ0 ∈
Int(Θ) (i.e., interior of Θ) such that pd(x) =
pm(x;θ0).

(A5) For all ϵ > 0, infα:∥α−α⋆∥≥ϵ LSB
φ (α) > LSB

φ (α⋆).

(A6) supα |LSB
φ (α)− L̂SB

φ (α)| → 0 in probability.

Assumptions (A1-4) are quite standard. Assumption (A5)
means that α⋆ is a well-separated point of minimum of
LSB
φ (α) [Van der Vaart, 1998], and Assumption (A6) is the

well-known uniform law of large numbers. By definition
of α⋆ and Assumption (A4), we have pd(x) = pm(x;θ⋆).
Therefore, the identifiability condition (A3) ensures that
θ0 = θ⋆, which enables us to express f1(u;α⋆) as

f⋆
1 (u) := f1(u;α⋆) =

νpn(u)

pd(u) + νpn(u)
. (13)

In addition, as in Gutmann and Hyvärinen [2012], Matsuda
et al. [2021], we suppose the asymptotics that ν̂ = ny/n →
ν as n → ∞ and ny → ∞.

We first establish the asymptotic normality of BCE in the
following theorem proved in Appendix F:

Theorem 1 (Asymptotic normality). Suppose that Assump-
tions (A1-6) hold. We further assume that there exists an
integrable function b(x) such that∣∣∂ijp0m(x;α)

∣∣ ≤ b(x) and
∣∣∂ijkp0m(x;α)

∣∣ ≤ b(x),

where ∂ij := ∂2

∂αi∂αj
and ∂ijk := ∂3

∂αi∂αj∂αk
. Then,

√
n(α̂−α⋆) converges to the following normal distribution:

√
n(α̂−α⋆)

D→ N(0,Λφ),

where Λφ := J−1
φ IφJ

−1
φ , and with gw

m(x;α) :=
wφ(x;α)gm(x;α),

Iφ = Ed

[
f⋆
1 (X)gw

m(X;α⋆)g
w
m(X;α⋆)

⊤]− (1 + 1

ν

)
× Ed [f

⋆
1 (X)gw

m(X;α⋆)]Ed [f
⋆
1 (X)gw

m(X;α⋆)]
⊤

(14)

Jφ = Ed

[
f⋆
1 (X)wφ(X;α⋆)gm(X;α⋆)gm(X;α⋆)

⊤] .
(15)

The asymptotic variance Λφ of BCE takes a complex form
and clearly depends on the strictly convex function φ. The
following theorem asserts that NCE is in fact the optimal
choice of φ in the sense that it is the closest to the Cramér-
Rao bound:

Theorem 2 (Optimality of NCE). For all strictly convex
functions φ, it holds

Λφ ⪰ ΛNCE, (16)

where Λφ ⪰ ΛNCE means that Λφ − ΛNCE is positive
semidefinite, and ΛNCE denotes the asymptotic variance of
NCE and is given by (33). Equality in (16) holds when wφ

is a constant function.

The proof is deferred in Appendix G. Theorem 2 indicates
the optimality of NCE with respect to the choice of φ. On
the other hand, as shown in Section 4.1, NCE is not robust
against outliers This may imply a trade-off in terms of the
choice of φ: An efficient choice of φ comes at a cost of
loosing outlier-robustness.

NCE has been shown to achieve the Cramér-Rao bound in
the limit of ν → ∞ regardless of the choice of the noise
distribution pn [Gutmann and Hyvärinen, 2012]. In contrast,
the following theorem indicates that the Cramér-Rao bound
is attained in BCE under a particular choice of pn in the
asymptotic regime as for ν:

Proposition 2 (Noise limit). Assume that φ belongs to C2.
Then, as ν → ∞,

Λφ = J̃−1ĨJ̃−1 +O(ν−2),

where

Ĩ = Ed

[(
pd(X)

pn(X)

)2

gm(X;α⋆)gm(X;α⋆)
⊤

]

− Ed

[
pd(X)

pn(X)
gm(X;α⋆)

]
Ed

[
pd(X)

pn(X)
gm(X;α⋆)

]⊤
J̃ = Ed

[
pd(X)

pn(X)
gm(X;α⋆)gm(X;α⋆)

⊤
]
.

The proof is given in Appendix H. In the limit of ν → ∞,
the striking features of Λφ are twofold: (i) Λφ does not
depend on the choice of φ, and (ii) unlike NCE, the noise
distribution pn still exists in Λφ. This possibly indicates
that parameter estimation by BCE is more dependent on the
choice of pn than φ in a large noise sample regime.

Proposition 2 shows that Λφ asymptotically equals to the in-
verse of IF, i.e., BCE achieves the Cramér-Rao bound when
pn = pd. However, this choice of pn makes the weight func-
tion wφ in (10) to be constant, and thus condition (11) for
B-robustness is never satisfied when ∥gm(x;α⋆)∥ diverges.
This again may reveal a trade-off between efficiency and
robustness, but this trade-off seems to be slightly different
from the aforementioned one after Theorem 2: The choice of
pn is more relevant in the asymptotic regime (i.e., ν → ∞),
while the choice of φ would matter in non-asymptotic re-
gime as implied in Theorem 2.
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5 THE OPTIMAL NOISE DISTRIBUTION
WITH ROBUSTNESS

A common criterion to measure the statistical performance is
mean-squared error (MSE) between θ̂ and θ⋆. As in Chehab
et al. [2022], we derive the optimal noise distribution based
on the following approximation of MSE:

MSE :=
Tr(Λφ)

n
. (17)

This approximation would be valid when n is large be-
cause the bias term in MSE often more quickly goes to
zero as n increases. In this section, we express gm(x) :=
∇θ log pm(x;θ)|θ=θ⋆

and suppose that pd(x) = pm(x;θ⋆)
as implied by the assumptions in Section 4.

It is too difficult to analytically derive the optimal noise
distribution in general. To alleviate this problem, we make
the following assumptions:

(B1) The noise distribution pn is contained in Pϵ0 defined as
follows: for sufficiently small positive constant ϵ0 ≪ 1,

Pϵ0 =
{
p : Ω → [0,∞)

∣∣ ∫
Ω

p(x) dµ(x) = 1,

∃h, ∃ϵ ∈ (0, ϵ0),
pd(x)

p(x)
= 1 + ϵh(x), ∥h∥∞ ≤ 1

}
.

(B2) φ belongs to C3.

(B3) pn(y) is normalized so that
∫
pn(y)dy = 1.

(B4) Fisher information matrix IF is positive definite.

Assumption (B1) is striking, and enables us to have a first-
order expression of MSE with respect to ϵ whose details are
given in Appendix I. The following theorem presents the
optimal noise distribution as the minimizer of the first-order
expression:

Theorem 3 (Optimal noise distribution). Under Assump-
tions (B1-4), the optimal noise distribution minimizing the
first-order approximation of MSE is given by

poptn (y) =
pd(y)∥I−1

F gm(y)∥
Zn

, (18)

where Zn := Ed[∥I−1
F gm(X)∥] is the normalizing con-

stant.

The proof is given in Appendix I. The optimal noise distri-
bution poptn is exactly the same as the one derived in Chehab
et al. [2022] and is clearly different from the data distribu-
tion pd. As depicted in Figure 1, it seems to emphasize the
region where pd strongly changes. Interestingly, poptn (y) is
optimal for any choice of convex functions φ.

It should be noted that there is a gap in the optimal noise
distributions between Proposition 2 and Theorem 3: The-
orem 3 shows that the optimal distribution is poptn , while

Proposition 2 indicates that the data distribution pd is op-
timal in the limit of ν → ∞. In order to bridge pd and poptn ,
we consider to take the following constraint into account in
the optimization problem:∫

(pd(x)− pn(x))
2

pn(x)
dx ≤ Cϵ, (19)

where Cϵ denotes a non-negative constant. The left-hand
side on (19) is the Pearson χ2-divergence, and thus (19)
means that pn is optimized in a neighborhood of pd more
explicitly than Theorem 3 as well as Chehab et al. [2022].
The optimal noise distribution is established under this con-
straint in the following theorem:

Theorem 4 (Optimal noise distribution in a neighborhood of
pd). Assume that (1+Cϵ)/Zn ≤

∫
pd(x)/∥I−1

F gm(x)∥dx
holds. Then, the optimal noise distribution minimizing the
first-order approximation of MSE under constraint (19) is
given as follows: For 0 < λ < ∞,

p̌optn (y;λ) ∝
√

poptn (y)2 + λpd(y)2, (20)

where λ is determined by Cϵ and satisfies (47). When λ =
∞, p̌optn (y;λ) = pd(y).

The proof provided in Appendix J is substantially different
from that of Chehab et al. [2022], where a novel lemma
is established. Interestingly, p̌optn (y;λ) is a combination of
poptn (y) and pd(y). If λ = 0, then p̌optn reduces to poptn ,
while it approaches pd as λ increases. This result might
give some insight to the gap between the noise distribution
in Chehab et al. [2022] and the common practical belief that
pd is the optimal noise distribution mentioned in Section 1.

Finally, we propose two constraints for robustness and de-
rive the optimal noise distributions under them. Theorem 3
and Figure 1 imply that poptn has a wider support than pd,
and thus distribution ratio rm(x;α⋆) = pd(x)/p

opt
n (x) ∝

∥I−1
F gm(x)∥−1 can approach zero when outliers xo go to

the tails of pd. Based on this implication, the condition (12)
for B-robustness can be simplified and generalized as fol-
lows: For all x,

pd(x)

pn(x)
∥gm(x)∥γ ≤ C ′, (21)

where C ′ > 0 and γ > 0 are a positive constant and a tun-
ing parameter, respectively. A larger exponent γ increases
the divergent speed. Therefore, if (21) holds even for larger
γ, BCE could be more robust. Motivated by this idea, we
propose to add (21) as a constraint in optimizing pn. Fur-
thermore, inspired by (21), we propose another constraint
of an integral form, which yields a smoother optimal noise
distribution, as follows:∫

pd(x)

pn(x)
∥gm(x)∥γdx ≤ C ′′, (22)
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(a) γ = 1 (b) γ = 3 (c) γ = 5

Figure 1: poptn (y), p̌optn (y;λ), p̂optn (y; γ) and p̄optn (y;λ, γ) in mean estimation of the Gaussian distribution (black dotted
line) when λ = 0.5.

where C ′′ is a positive constant. The following theorem 5
establishes the optimal noise distribution under each of the
robust constraints:

Theorem 5 (Optimal noise distribution with robustness).
Under an additional constraint (21), the optimal noise dis-
tribution is given

p̂optn (y; γ) = max(pd(y)∥gm(y)∥γ/C ′, λpoptn (y)), (23)

where λ is chosen so that
∫
p̂optn (y;λ, γ)dy = 1.

Next, we replace constraint (21) by (22) and assume that∫ √
pd(x)∥gm(x)∥γdx ≤

√
C ′′. Then, if 0 < λ < ∞, the

optimal noise distribution p̄optn is given by

p̄optn (x;λ, γ) ∝
√
poptn (y)2 + λpd(x)∥gm(x)∥γ , (24)

where λ is determined by C ′′ and satisfies (49). When λ =
∞, p̄optn (x; γ) ∝

√
pd(x)∥gm(x)∥γ/2.

The proof is given in Appendix K and includes another
lemma which has not been seen in Chehab et al. [2022].
Compared with the optimal noise distribution in Theorem 3,
p̂optn and p̄optn in (24) have a wider support that poptn . This
wide support is important in robust estimation because it
prevents the ratio pd(x)/pn(x) from diverging when out-
liers go to the tails of pd(x). Indeed, Figure 1 illustrates
p̂optn and p̄optn have a wider support than poptn in Gaussian
mean estimation.

6 NUMERICAL EXPERIMENTS

This section numerically investigates the robustness of τ -
NCE and ρ-NCE without model selection, and demonstrates
the performance of BCE with the optimal noise distribution
derived under a robustness constraint. The experimental
results with model selection based on cross-validation are
given in Appendix L.

6.1 ROBUSTNESS OF BCE

We first generated the contaminated data from

(1− ε)pd(x) + εδ̄(x), (25)

where δ̄(x) denotes a probability distribution of outliers. For
pd, we employed three kinds of distributions: Gaussian, log-
normal, and Poisson distributions. Distributions in the same
family were chosen for δ̄(x) and pn(x). With unnormalized
models, we estimated the ten-dimensional mean parameter
vector for Gaussian and log-normal distributions, and the
single parameter for Poisson distribution. The performance
measure is RMSE to the true parameters. The details of the
experiments are presented in Appendix L.

The results are presented in Fig. 2 when ε =
0, 0.01, 0.05, 0.1. For all data, both τ -NCE and ρ-NCE are
robust against outliers, and compare favorably with PNCE.
On the other hand, the estimation error of NCE quickly
increases as the contamination ratio ε increases. These res-
ults support our theoretical analysis for B-robustness in
Section 4.1 and possibly imply that BCE is robust under a
variety of convex functions φ. As implied in Corollary 1,
Figure 3 illustrates that the robustness is often improved as
ν increases.

6.2 OPTIMAL NOISE DISTRIBUTION

Next, we investigate whether the optimal noise distribution
p̄optn (x;λ, γ) in (23) produces robust parameter estimation.
To this end, we generated one-dimensional data by the con-
taminated model (25) where N(0, 1) and N(µo, 0.1

2) were
employed for pd and δ̄, respectively. The parameter µo in
N(µo, 0.1

2) can be interpreted as the center of outliers. For
comparison, pd and poptn were used as noise distribution
pn. Noise data samples were generated using the inverse
function method for poptn and slice sampling for p̄optn , re-
spectively. As in Section 6.1, we estimated the mean value
in the Gaussian distribution N(0, 1) by PNCE with β = 1.

Figure 4 shows estimation errors when the contamination
ratio ε is from 0.01 to 0.05. The optimal noise distribution
p̄optn (x;λ, γ) produces very robust estimates, while the es-
timation by pd and poptn is strongly hampered by the more
contamination of outliers. This robustness of p̄optn (x;λ, γ)
is more clearly emphasized when µo is located around the
heavier-tails of the data distribution pd (Figure 4(b)). Estim-
ation errors over the noise sample ratio ν̂ are also presented
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(a) Gaussian data (b) Log-normal data (c) Poisson data

Figure 2: Estimation errors over outlier ratio ε when (n, ny) = (1000, 1000). Each point indicates the averaged errors over
100 runs, and the vertical axis is plotted on a logarithm scale.

(a) Gaussian data (b) Log-normal data (c) Poisson data

Figure 3: Estimation errors over sample ratio ν̂ = ny/n when (n, ε) = (3000, 0.01).

(a) µo = 3 (b) µo = 10

Figure 4: Estimation errors over contamination ratio ε when
(n, ny) = (500, 2500). Each point is the average of estim-
ator errors over 100 runs. The shaded regions represent the
standard errors.

in Figure 5.

7 CONCLUSION

This paper proposed a general framework for learning un-
normalized models based on the Bregman divergence. Our
framework includes existing methods as special cases, and
enables us to derive novel variants of NCE. We performed
asymptotic analysis of our framework in terms of outlier-
robustness and efficiency. Our analysis indicates that robust
estimation is possible under a variety of convex functions
in the Bregman divergence. The proposed framework can

(a) ε = 0 (no outliers) (b) ε = 0.05

Figure 5: Estimation errors over sample ratio ν̂ when
(µo, n) = (3, 500).

achieve the Cramér-Rao bound when the noise distribution
is equal to the data one. Inspired by the asymptotic analysis,
the optimal noise distribution is also derived under novel
constraints for robustness. We numerically demonstrated
the robustness of the novel variants of NCE and our optimal
noise distribution.
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A NOTATION

Table 2: List of notations.

x, y Input and noise data
∥x∥ Euclidean norm of a vector x
∇α Gradient with respect to α
n, ny Numbers of input and noise data samples
pd(x) Data distribution
p̄d Contaminated distribution of pd
pn(y) Noise distribution
poptn (y), p̌optn (y;λ), p̂optn (y; γ),
p̄optn (y;λ, γ)

Optimal noise distributions

pm(x;θ) Statistical model with a parameter vector θ
p0m(x;α) Unnormalized statistical model with a parameter vector α = (θ, c)
D := supp(pm) Support of pm: {x | pm(x;α) ̸= 0}
gm(x;α) Gradient of log p0m(x;α) with respect to α: ∇α log p0m(x;α)
gm(x) Gradient of log pm(x;θ) with respect to θ at θ = θ⋆: ∇θ log pm(x;θ)|θ=θ⋆

r(x) Ratio of pd(x) to pn(x): pd(x)/pn(x)
rm(x;α) Ratio of p0m(x;α) to pn(x): p0m(x;α)/pn(x)
fC(x;α) (C = 0, 1) Model for the posterior probability
ν Ratio of class probabilities: p(C = 1)/p(C = 0)
ν̂ Sample ratio: ny/n
φ, φ′, φ′′ Strictly convex function in the Bregman divergence and its derivatives
xo Outlier
ε Contamination ratio of outliers
δxo Dirac delta function with the point mass xo

Ed, Ēd,En Expectations over pd, p̄d and pn
LSB
φ (α), L̄SB

φ (α) Risk function of BCE and its contaminated risk using p̄d
α⋆,αε Minimizers of LSB

φ (α) and L̄SB
φ (α)

Λφ,ΛNCE Asymptotic variances of BCE and NCE
IF Fisher information matrix
f⋆
C(u) Model with the optimal parameter: fC(x;α⋆)
Ck Space of continuous and k-times differentiable functions
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B DERIVATION OF (4)

Here, we first express p(u) = p0{pd(u) + νpn(u)} where p0 := p(C = 0). Then, (3) can be written as

−
∫

p(u)
∑

C∈{0,1}

[φ(fC(u;α))− φ′(fC(u;α))(p(C|u)− fC(u;α))] du

= p0

∫
(pd(u) + νpn(u))

∑
C∈{0,1}

[−φ(fC(u;α)) + φ′(fC(u;α))fC(u;α)]du

−
∑

C∈{0,1}

p(C)

∫
p(u|C)φ′(fC(u;α))du

= p0

(
Ed

[ ∑
C∈{0,1}

{−φ(fC(X;α)) + φ′(fC(X;α))fC(X;α)}
]

+ νEn

[ ∑
C∈{0,1}

{−φ(fC(Y ;α)) + φ′(fC(Y ;α))fC(Y ;α)}
]
− Ed[φ

′(f0(X;α))]− νEn[φ
′(f1(Y ;α))]

)
= p0

(
− Ed

[
φ(f0(X;α)) + φ(f1(X;α))− φ′(f0(X;α)){f0(X;α)− 1} − φ′(f1(X;α))f1(X;α)

]
− νEn

[
φ(f0(Y ;α)) + φ(f1(Y ;α))− φ′(f0(Y ;α))f0(Y ;α)− φ′(f1(Y ;α)){f1(Y ;α)− 1}

])
.

Since f0(u;α) + f1(u;α) = 1 for all u, we finally obtain

LSB
φ (α) = −Ed[φ(f0(X;α)) + φ(f1(X;α)) + {φ′(f0(X;α))− φ′(f1(X;α))}f1(X;α)]

− νEn[φ(f0(Y ;α)) + φ(f1(Y ;α))− {φ′(f0(Y ;α))− φ′(f1(Y ;α))}f0(Y ;α)].

C PROOF OF PROPOSITION 1

It follows from the definitions of α⋆ and αε that

∇αLSB
φ (α)

∣∣
α=α⋆

= 0 and ∇αL̄SB
φ (α)

∣∣
α=αε

= 0. (26)

A simple calculation shows that ∇αL̄SB
φ (α) satisfies

∇αL̄SB
φ (α) = ∇αLSB

φ (α)− ε {Ed[wφ(X;α)f1(X;α)gm(X;α)]− wφ(xo;α)f1(xo;α)gm(xo;α)} ,

where we employed the following formulae:

∇αf0(x;α) = f0(x;α)f1(x;α)gm(x;α) and ∇αf1(x;α) = −f0(x;α)f1(x;α)gm(x;α). (27)

Since the influence function is defined by a Gâteaux derivative of αε, differentiating the second equation in (26) with respect
to ε at ε = 0 yields

Hφ · IF(xo)− Ed[wφ(X;α⋆)f1(X;α⋆)gm(X;α⋆)] + wφ(xo;α⋆)f1(xo;α⋆)gm(xo;α⋆) = 0,

where Hφ := ∇2
αLSB

φ (α)
∣∣
α=α⋆

. The invertibility assumption of Hφ completes the proof.

D EXAMPLES OF THE WEIGHT FUNCTION wφ

This appendix gives examples of the weight function wφ and illustrates them in Figure 6.

• PNCE:

wφ(x;α) =
(
f0(x;α)β−1 + f1(x;α)β−1

)
f0(x;α)f1(x;α).
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Figure 6: Illustration for the weight function {φ′′(f) + φ′′(1− f)} f(1− f).

• τ -NCE:

wφ(x;α) =

(
1

f0(x;α) + τ
+

1

f1(x;α) + τ

)
f0(x;α)f1(x;α).

• ρ-NCE:

wφ(x;α) =

(
1

(f0(x;α) + ρ)2
+

1

(f1(x;α) + ρ)2

)
f0(x;α)f1(x;α).

E CONSISTENCY OF BCE

Proposition 3 (Consistency). Suppose that Assumptions (A1-6) hold. Then, α̂ converges to α⋆ in probability.

Proof. We essentially follow the consistency proof in Van der Vaart [1998]. By definition of α⋆ and Assumptions (A3-4),
we have θ0 = θ⋆. Thus, it suffices that α̂ converges α⋆ in probability.

From Assumption (A5), an event {∥α̂− α⋆∥ ≥ ϵ} for each ϵ > 0 implies another event {LSB
φ (α̂) > LSB

φ (α⋆) + δ} for
some δ > 0. Thus, we have the following inequality of these events:

P (∥α̂−α⋆∥ ≥ ϵ) ≤ P (LSB
φ (α̂)− LSB

φ (α⋆) > δ).

Since L̂SB
φ (α) > L̂SB

φ (α̂) holds for all α by definition of α̂,

LSB
φ (α̂)− LSB

φ (α⋆) = LSB
φ (α̂)− L̂SB

φ (α⋆) + L̂SB
φ (α⋆)− LSB

φ (α⋆)

≤ LSB
φ (α̂)− L̂SB

φ (α̂) + L̂SB
φ (α⋆)− LSB

φ (α⋆)

≤ 2 sup
α

|LSB
φ (α)− L̂SB

φ (α)|.

Therefore, Assumption (A6) ensures that LSB
φ (α̂)− LSB

φ (α⋆) converges to zero in probability, indicating the convergence
of α̂ to α⋆. The proof is completed.

F PROOF OF THEOREM 1

By definition of α̂, we have

∇αL̂SB
φ (α)

∣∣
α=α̂

= − 1

n

n∑
i=1

wφ(xi; α̂)f1(xi; α̂)gm(xi; α̂) +
ν̂

ny

ny∑
i=1

wφ(yi; α̂)f0(yi; α̂)gm(yi; α̂) = 0. (28)

The Taylor expansion of (28) around α⋆ yields

∇αLSB
φ (α)

∣∣
α=α⋆

+ Ĥφ(α̂−α⋆) +O
(
∥α̂−α⋆∥2

)
= 0, (29)
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where

Ĥφ := ∇2
αL̂SB

φ (α)|α=α⋆

= − 1

n

n∑
i=1

[
{∇αwφ(xi;α⋆)}f⋆

1 (xi)gm(xi;α⋆)
⊤ + wφ(xi;α⋆){∇αf

⋆
1 (xi)}gm(xi;α⋆)

⊤

+wφ(xi;α⋆)f
⋆
1 (xi)∇αgm(xi;α⋆)] +

ν̂

ny

ny∑
i=1

[
{∇αwφ(yi;α⋆)}f⋆

0 (yi)gm(yi;α⋆)
⊤

+wφ(yi;α⋆){∇αf
⋆
0 (yi)}gm(yi;α⋆)

⊤ + wφ(yi;α⋆)f
⋆
0 (yi)∇αgm(yi;α⋆)

]
,

(30)

where f⋆
0 (x) := 1− f⋆

1 (x) =
pd(x)

pd(x)+νpn(x)
and ∇αf

⋆
1 (x) := ∇αf1(x;α)|α=α⋆

. Since νpnf
⋆
0 = pdf

⋆
1 , the expectation

of Ĥφ over X and Y is computed as

EX×Y [Ĥφ] =

∫
wφ(x;α⋆)f

⋆
0 (x)f

⋆
1 (x)gm(x;α⋆)gm(x;α⋆)

⊤pd(x)dx

+

∫
wφ(y;α⋆)f

⋆
0 (y)f

⋆
1 (y)gm(y;α⋆)g

⊤
m(y;α⋆)ν̂pn(y)dy

=

∫ {
f⋆
0 (x) +

ν̂

ν
f⋆
1 (x)

}
wφ(x;α⋆)f

⋆
1 (x)gm(x;α⋆)gm(x;α⋆)

⊤pd(x)dx

= Ed

[{
f⋆
0 (X) +

ν̂

ν
f⋆
1 (X)

}
wφ(X;α⋆)f

⋆
1 (X)gm(X;α⋆)gm(X;α⋆)

⊤
]
.

Since ν̂ is assumed to converge to ν, f⋆
0 (x) +

ν̂
ν f

⋆
1 (x) → 1 as n → ∞ and ny → ∞. Therefore, the law of large numbers

guarantees that ∇αL̂SB
φ (α⋆) converges to Jφ = Ed

[
wφ(X;α⋆)f

⋆
1 (X)gm(X;α⋆)gm(X;α⋆)

⊤] in probability.

On the other hand, by definition of α⋆, the expectation of ∇αL̂SB
φ (α) at α = α⋆ satisfies

EX×Y [∇αL̂SB
φ (α⋆)] = 0, (31)

The variance of ∇αL̂SB
φ (α) at α = α⋆ can be computed as follows:

VarX×Y [∇αL̂SB
φ (α⋆)]

= EX×Y

[(
− 1

n

n∑
i=1

wφ(Xi;α⋆)f
⋆
1 (Xi)gm(Xi;α⋆) +

ν̂

ny

ny∑
i=1

wφ(Yi;α⋆)f
⋆
0 (Yi)gm(Yi;α⋆)

)
(
− 1

n

n∑
i=1

wφ(Xi;α⋆)f
⋆
1 (Xi)gm(Xi;α⋆) +

ν̂

ny

ny∑
i=1

wφ(Yi;α⋆)f
⋆
0 (Yi)gm(Yi;α⋆)

)⊤ ]

=
1

n2
EX

[(
n∑

i=1

wφ(Xi;α⋆)f
⋆
1 (Xi)gm(Xi;α⋆)

)(
n∑

i=1

wφ(Xi;α⋆)f
⋆
1 (Xi)gm(Xi;α⋆)

)⊤ ]

+
ν̂2

n2
y

EY

[(
ny∑
i=1

wφ(Yi;α⋆)f
⋆
0 (Yi)gm(Yi;α⋆)

)(
ny∑
i=1

wφ(Yi;α⋆)f
⋆
0 (Yi)gm(Yi;α⋆)

)⊤ ]
− 2ν̂Ed[wφ(X)f⋆

1 (X)gm(X;α⋆)]En[wφ(Y ;α⋆)f
⋆
0 (Y )gm(Y ;α⋆)]

⊤

=
1

n
Ed[wφ(X;α⋆)f

⋆
1 (X)gm(X;α⋆)gm(X;α⋆)

⊤]

− 1

n

(
1 +

1

ν̂

)
Ed[wφ(X;α⋆)f1(X)gm(X;α⋆)]Ed[wφ(X;α⋆)f1(X)gm(X;α⋆)]

⊤

Hence, it follows from the central limit theorem that
√
n∇αL̂SB

φ (α⋆) converges to a normal distribution as follows:

√
n∇αL̂SB

φ (α⋆)
D→ N(0, Iφ), (32)
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where

Iφ := Ed[wφ(X;α⋆)f
⋆
1 (X)gm(X;α⋆)gm(X;α⋆)

⊤]

−
(
1 +

1

ν

)
Ed[wφ(X;α⋆)f1(X)gm(X;α⋆)]Ed[wφ(X;α⋆)f1(X)gm(X;α⋆)]

⊤.

By the dominant convergence theorem and the consistency of α̂, higher-order terms in(29) can be ignored, which yields
√
n(α̂−α⋆) =

√
nH−1

φ ∇αL̂SB
φ (α⋆).

Thus, Slutsky’s theorem [Van der Vaart, 1998] and (32) ensures that
√
n
(
α̂− α⋆

)
converges to a normal distribution as

follows:
√
n
(
α̂−α⋆

) D→ N(0,J−1
φ IφJ

−1
φ ).

This completes the proof.

G PROOF OF THEOREM 2

As derived in Gutmann and Hyvärinen [2012], the asymptotic variance of NCE is given by

ΛNCE := I−1

(
I −

(
1 +

1

ν

)
mm⊤

)
I−1, (33)

where

I := Ed

[
f⋆
1 (X)gm(X;α⋆)gm(X;α⋆)

⊤] and m := Ed [f
⋆
1 (X)gm(X;α⋆)] .

By definition of gm(u;α), we have

gm(u;α) = ∇α log p0m(u;α) = (∇θ log pm(u;θ)
⊤,−1)⊤. (34)

Then, by letting a canonical vector be e1 := (0, ..., 0, 1), it holds gm(u;α⋆)
⊤e1 = −1, based on which the second term on

the right-hand side of Iφ in (14) can be computed as

Ed[f
⋆
1 (X)wφ(X;α⋆)gm(X;α⋆)]Ed[f

⋆
1 (X)wφ(X;α⋆)gm(X;α⋆)]

⊤

= Ed[f
⋆
1 (X)wφ(X;α⋆)gm(X;α⋆)gm(X;α⋆)

⊤e1]Ed[f
⋆
1 (X)wφ(X;α⋆)gm(X;α⋆)gm(X;α⋆)

⊤e1]
⊤

= Ed[f
⋆
1 (X)wφ(X;α⋆)gm(X;α⋆)gm(X;α⋆)

⊤]e1e
⊤
1 Ed[f

⋆
1 (X)wφ(X;α⋆)gm(X;α⋆)gm(X;α⋆)

⊤]

= Jφe1e
⊤
1 Jφ.

(35)

Eq.(35) enables us to express Λφ as

Λφ = J−1
φ IφJ

−1
φ = J−1

φ

(
Ed[f

⋆
1 (x)w

2
φ(X;α⋆)gm(X;α⋆)gm(X;α⋆)

⊤]
)
J−1
φ −

(
1 +

1

ν

)
e1e

⊤
1 . (36)

Applying a matrix version of the Cauchy-Schwarz inequality [Lavergne, 2008] to the first term in (36) gives

J−1
φ

(
Ed[f

⋆
1 (X)wφ(X;α⋆)

2gm(X;α⋆)gm(X;α⋆)
⊤]
)
J−1
φ ⪰ Ed

[
f⋆
1 (X)gm(X;α⋆)gm(X;α⋆)

⊤]−1
= I−1. (37)

On the other hand, the second term in (36) can be computed as

e1e
⊤
1 = I−1{I(e1e⊤1 )I}I−1 = I−1(mm⊤)I−1,

where we applied the following equation derived similarly as (35):

mm⊤ = Ed[f
⋆
1 (X)gm(X;α⋆)]Ed[f

⋆
1 (X)gm(X;α⋆)]

⊤ = Ie1e
⊤
1 I. (38)

Finally, by combining (36) with (37) and (38), we obtain

Λφ ⪰ I−1 −
(
1 +

1

ν

)
I−1(mm⊤)I−1 = I−1

{
I −

(
1 +

1

ν

)
mm⊤

}
I−1 = ΛNCE.

Equality holds if the following equation holds almost everywhere: For all u, there exist constant vectors a, b such that

wφ(x;α⋆)
√

f⋆
1 (x)a

⊤gm(x;α⋆) +
√
f⋆
1 (x)b

⊤gm(x;α⋆) = 0,

implying that wφ(u;α⋆) is constant by assuming that ∥gm(u;α⋆)∥ and
√

f⋆
1 (u) are positive.
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H PROOF OF PROPOSITION 2

It follows from the definition of α⋆ and Assumptions (A3-4) that pd(·) = p0m(·;α⋆) holds, giving

f⋆
0 (u) =

p0m(u;α⋆)

p0m(u;α⋆) + νpn(u)
=

pd(u)

pd(u) + νpn(u)
=

pd(u)

νpn(u)
+O(ν−2) (39)

f⋆
1 (u) =

νpn(u)

p0m(u;α⋆) + νpn(u)
=

νpn(u)

pd(u) + νpn(u)
= 1− pd(u)

νpn(u)
+O(ν−2), (40)

By assumption that φ is of class C2, φ′′ is bounded on [0, 1]. Thus, we can define the limit values as C0 = limz→0 φ
′′(z)

and C1 = limz→1 φ
′′(z). Then, the weight function wφ has the following order expression:

wφ(u;α⋆) =
(C0 + C1)pd(u)

νpn(u)
+O(ν−2). (41)

Substituting (40) and (41) into Jφ gives

Jφ = (C0 + C1)Ed

[
pd(X)

νpn(X)
gm(X;α⋆)gm(X;α⋆)

⊤
]
+O(ν−2) =

C0 + C1

ν
J̃ +O(ν−2). (42)

Similarly, regarding the first term in Iφ, we have

Ed[wφ(X;α⋆)
2f⋆

1 (X)gm(X;α⋆)gm(X;α⋆)
⊤] =

(C0 + C1)
2

ν2
Ed

[(
pd(X)

pn(X)

)2

gm(X;α⋆)gm(X;α⋆)
⊤

]
+O(ν−3),

while the second term is written as(
1 +

1

ν

)
Ed[wφ(X;α⋆)f

⋆
1 (X)gm(X;α⋆)]Ed[wφ(X;α⋆)f

⋆
1 (X)gm(X;α⋆)]

=
(C0 + C1)

2

ν2
Ed

[(
pd(X)

pn(X)

)
gm(X;α⋆)

]
Ed

[(
pd(X)

pn(X)

)
gm(X;α⋆)

]⊤
+O(ν−3).

By using these expressions in Iφ, we obtain

Iφ =
(C0 + C1)

2

ν2
Ĩ +O(ν−3). (43)

Since

J−1
φ =

{
C0 + C1

ν

}−1

J̃−1 +O(ν−2),

we have J−1
φ IφJ

−1
φ = J̃−1ĨJ̃−1 +O(ν−2), which completes the proof.

I PROOF OF THEOREM 3

Since pd(x) = pm(x;θ⋆), f⋆
1 (x) can be represented as in (13). Then, pd(x)

pn(x)
= 1 + ϵh(x) in Assumption (B1) gives the

following order expression:

f⋆
1 (x) =

νpn(x)

pd(x) + νpn(x)
=

1

1 + 1
ν + ϵh(x)

ν

=
ν

ν + 1
− ν

(ν + 1)2
ϵh(x) +O(ϵ2)

f⋆
0 (x) =

pd(x)

pd(x) + νpn(x)
=

1
ν + ϵh(x)ν

1 + 1
ν + ϵh(x)

ν

=
1

ν + 1
+

ν

(ν + 1)2
ϵh(x) +O(ϵ2).
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These order expressions enable us to represent wφ(x;α⋆) as

wφ(x;α⋆) = {φ′′(f⋆
0 (x)) + φ′′(f⋆

1 (x))}f⋆
0 (x)f

⋆
1 (x)

=

{
φ′′
(

1

ν + 1

)
+ φ′′′

(
1

ν + 1

)
ν

(ν + 1)2
ϵh(x) + φ′′

(
ν

ν + 1

)
− φ′′′

(
ν

ν + 1

)
ν

(ν + 1)2
ϵh(x) +O(ϵ2)

}
×
{

ν

(ν + 1)2
+

ν2 − ν

(ν + 1)3
ϵh(x) +O(ϵ2)

}
= C1 + C2ϵh(x) +O(ϵ2),

where

C1 :=

{
φ′′
(

ν

ν + 1

)
+ φ′′

(
1

ν + 1

)}
ν

(ν + 1)2

C2 :=

{
φ′′
(

ν

ν + 1

)
+ φ′′

(
1

ν + 1

)}
ν2 − ν

(ν + 1)3
+

{
φ′′′
(

1

ν + 1

)
− φ′′′

(
ν

ν + 1

)}
ν2

(ν + 1)4
.

In order to compute Iφ and Jφ, we substitute this expression of wφ(x;α⋆) into

wφ(x;α⋆)f
⋆
1 (x) =

{
C1 + C2ϵh(x) +O(ϵ2)

}{ ν

ν + 1
− ν

(ν + 1)2
ϵh(x) +O(ϵ2)

}
=

C1ν

ν + 1
+

{
C2ν

ν + 1
− C1ν

(ν + 1)2

}
ϵh(x) +O(ϵ2)

wφ(x;α⋆)
2f⋆

1 (x) =
{
C2

1 + 2C1C2ϵh(x) +O(ϵ2)
}{ ν

ν + 1
− ν

(ν + 1)2
ϵh(x) +O(ϵ2)

}
=

C2
1ν

ν + 1
+

{
2C1C2ν

ν + 1
− C2

1ν

(ν + 1)2

}
ϵh(x) +O(ϵ2).

Then, Iφ and Jφ are expressed as

Iφ = Ed[wφ(X;α⋆)
2f⋆

1 (X)gm(X)gm(X)⊤]

− Ed[wφ(X;α⋆)f
⋆
1 (X)gm(X)]Ed[wφ(X;α⋆)f

⋆
1 (X)gm(X)]⊤

= C2
1

ν

ν + 1
IF +

{
2C1C2ν

ν + 1
− C2

1ν

(ν + 1)2

}
A(ϵ) +O(ϵ2)

Jφ = Ed[wφ(X;α⋆)f
⋆
1 (X)gm(X)gm(X)⊤] = C1

ν

ν + 1
IF +

{
C2ν

ν + 1
− C1ν

(ν + 1)2

}
A(ϵ) +O(ϵ2),

where A(ϵ) := ϵEd[h(X)gm(X)gm(X)⊤] and we applied Ed[gm(X)] = 0. Since

J−1
φ =

{
C1

ν

ν + 1
IF +

{
C2ν

ν + 1
− C1ν

(ν + 1)2

}
A(ϵ) +O(ϵ2)

}−1

=
ν + 1

C1ν
I−1
F −

(
C2(ν + 1)

C2
1ν

− 1

C1ν

)
I−1
F A(ϵ)I−1

F +O(ϵ2),

we compute the asymptotic variance Λφ as follows:

Λφ = J−1
φ IφJ

−1
φ =

ν + 1

ν
I−1
F +

1

ν
I−1
F A(ϵ)I−1

F +O(ϵ2).

The first-order approximation of MSE = Tr(Λφ)/n is given by

MSE =
ν + 1

nν
Tr(I−1

F ) +
1

nν
Tr(I−1

F A(ϵ)I−1
F ) +O(ϵ2) (44)

=
ν + 1

nν
Tr(I−1

F ) +
ϵ

nν
Ed

[{
pd(X)

pn(X)
− 1

}
∥I−1

F gm(X)∥2
]
, (45)
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where since IF is symmetric and ϵh(x) = pd(x)
pn(x)

− 1, we computed the second term as

Tr(I−1
F A(ϵ)I−1

F ) = ϵEd

[
h(X)Tr

(
{I−1

F gm(X)}{gm(X)I−1
F }⊤

)]
= ϵEd

[{
pd(X)

pn(X)
− 1

}
∥I−1

F gm(X)∥2
]
.

Next, we derive the optimal noise distribution as the minimizer of the second term on the right-hand side of (45) with a
constraint

∫
pn(x)dx = 1. Hence, we optimize the following Lagrangian:

min
pn

[∫
pd(x)

2

pn(x)
∥I−1

F gm(x)∥2dx+ λ

∫
pn(x)dx

]
, (46)

where λ denotes the Lagrange multiplier. By computing the variational derivative and setting it to zero, we have

poptn (y) ∝ pd(y)∥I−1
F gm(y)∥,

which completes the proof.

J PROOF OF THEOREM 4

Our proof relies on the following Lemma whose proof is provided below:

Lemma 1. Let q(x) be a probability density and let u(x) ≥ 0 be an integrable function. Consider the optimization problem

min
p:p.d.f

∫
q(x)2

p(x)
dx such that

∫
u(x)2

p(x)
dx ≤ C,

where C is a positive constant. Then,

(a) If C <
(∫

u(x)dx
)2

, then the problem is infeasible.

(b) If
(∫

u(x)dx
)2 ≤ C <

∫ u(x)2

q(x) dx, then there exists λ0 ∈ (0,∞] such that(∫
u(x)2√

q(x)2 + λ0u(x)2
dx

)(∫ √
q(x)2 + λ0u(x)2dx

)
= C,

and the optimal solution is

popt(x) =

√
q(x)2 + λ0u(x)2∫ √
q(z)2 + λ0u(z)2dz

.

With the convention λ0 = ∞, which corresponds to C = (
∫
u(x)dx)2, we obtain

popt(x) =
u(x)∫
u(z)dz

(c) If C ≥
∫ u(x)2

q(x) dx, then popt(x) = q(x).

We first rewrite the Pearson χ2 divergence in (19) as∫
(pd(x)− pn(x))

2

pn(x)
dx =

∫
pd(x)

2

pn(x)
dx− 1.

Then, our optimization problem is formulated as

min
pn: p.d.f.

∫
pd(x)

2

pn(x)
∥I−1

F gm(x)∥2dx such that
∫

pd(x)
2

pn(x)
dx ≤ 1 + Cϵ.
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To apply Lemma 1, we next substitute q(x) = pd(x)∥I−1
F gm(x)∥/Zn and u(x) = pd(x). Since Cϵ is a non-negative

constant, it holds (
∫
u(x)dx)2 = 1 ≤ 1 + Cϵ and thus, Case (a) in Lemma 1 is excluded. On the other hand, the left-hand

side of the condition in Case (c) of Lemma 1 is given by∫
u(x)2

q(x)
dx = Zn

∫
pd(x)

∥I−1
F gm(x)∥

dx.

The assumption excludes Case (c). Hence, the optimal noise distribution is Case (b) and given by

p̄optn (x; γ, λ) ∝

{ √
pd(x)2∥I−1

F gm(x)∥2/Z2
n + λpd(x)2 0 < λ < ∞√

pd(x)∥gm(x)∥γ/2 λ = ∞,

where λ is chosen such that

1 + Cϵ =

∫ pd(x)
2√

pd(x)2∥I−1
F gm(x)∥2/Z2

n + λpd(x)2
dx

(∫ √pd(x)2∥I−1
F gm(x)∥2/Z2

n + λpd(x)2dx

)
. (47)

Proof of Lemma 1. (a) For any probability density p, by Cauchy-Schwarz inequality,(∫
u(x)dx

)2

=

(∫
u(x)√
p(x)

√
p(x)dx

)2

≤
(∫

u(x)2

p(x)
dx

)(∫
p(x)dx

)
=

∫
u(x)2

p(x)
dx.

Hence
∫
u(x)2/p(x)dx ≥ (

∫
u(x)dx)2, so the problem is infeasible when C < (

∫
u(x)dx)2.

(c) For any probability density p, ∫
q(x)2

p(x)
dx =

∫
(q(x)− p(x))2

p(x)
dx+ 1 ≥ 1,

with equality if and only if p = q a.e. If C ≥
∫
u(x)2/q(x)dx, then p = q is feasible and thus optimal.

(b) Define, for λ > 0,

h(λ) :=

(∫
u(x)2√

q(x)2 + λu(x)2
dx

)(∫ √
q(x)2 + λu(x)2dx

)
.

The dominated convergence theorem guarantees that h(λ) for 0 < λ < ∞ is continuous. Indeed, the inequalities

u(x)2√
q(x)2 + λu(x)2

≤ u(x)√
λ
,√

q(x)2 + λu(x)2 ≤ q(x) +
√
λu(x)

and the integrability of q and u lead to the continuity of h(λ). Since h(0) =
∫
u(x)2/q(x)dx and limλ→∞ h(λ) =

(
∫
u(x)dx)2, there exists λ0 ∈ (0,∞] such that h(λ0) = C under the assumption of (b).

Assume first that λ0 < ∞. Let p be any feasible probability density. Then,∫
q(x)2

p(x)
dx =

∫
q(x)2 + λ0u(x)

2

p(x)
dx− λ0

∫
u(x)2

p(x)
dx ≥

∫
q(x)2 + λ0u(x)

2

p(x)
dx− λ0C.

By Cauchy-Schwarz inequality,

∫
q(x)2 + λ0u(x)

2

p(x)
dx =

∫ (√
q(x)2 + λ0u(x)2

)2
p(x)

dx ≥

(∫ √
q(x)2 + λ0u(x)2dx

)2∫
p(x)dx

=

(∫ √
q(x)2 + λ0u(x)2dx

)2

.

Therefore, ∫
q(x)2

p(x)
dx ≥

(∫ √
q(x)2 + λ0u(x)2dx

)2

− λ0C. (48)
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Let popt(x) ∝
√
q(x)2 + λ0u(x)2 by which the equality holds in (48). Then, the Cauchy–Schwarz inequality is tight, and∫
u(x)2

popt(x)
dx =

(∫ √
q(x)2 + λ0u(x)2dx

)(∫
u(x)2√

q(x)2 + λ0u(x)2
dx

)
= h(λ0) = C,

so popt is feasible and attains the lower bound. Hence, it is optimal.

Finally, when λ0 = ∞, we have (
∫
u(x)dx)2 = C, which means that the constraint is∫

u(x)2

p(x)
dx =

(∫
u(x)dx

)2 ∫ ū(x)2

p(x)
dx =

(∫
u(x)dx

)2(∫ (ū(x)− p(x))2

p(x)
dx+ 1

)2
≤
(∫

u(x)dx
)2

for ū(x) = u(x)/
∫
u(z)dz. Thus, the only feasible solution is p = ū.

K PROOF OF THEOREM 5

K.1 ROBUST CONSTRAINT

Our optimization problem is formulated as

min
pn: p.d.f.

∫
pd(x)

2

pn(x)
∥I−1

F gm(x)∥2dx such that ∀x, pd(x)

pn(x)
∥gm(x)∥γ ≤ C ′.

The proof is completed by substituting q(x) = pd(x)∥I−1
F gm(x)∥/Ed[∥I−1

F gm(X)∥] and u(x) = pd(x)∥gm(x)∥γ/C ′ in
the following Lemma:

Lemma 2. Let q(x) be a probability density and u(x) a non-negative function. Consider the optimization problem

min
p: p.d.f.

∫
q(x)2

p(x)
dx such that ∀x, p(x) ≥ u(x).

Suppose that
∫
u(x)dx ≤ 1. Then the optimal solution is given by

popt(x) = max{u(x), c0q(x)},

where c0 ≥ 0 is a non-negative constant chosen so that
∫
popt(x)dx = 1. Moreover we have c0 ∈ [0, 1].

Proof of Lemma 2. Define the function

c 7→ η(c) :=

∫
max{u(x), cq(x)}dx.

The function η(c) is increasing and satisfies η(0) =
∫
u(x)dx ≤ 1 and η(1) =

∫
max{u(x), q(x)}dx ≥

∫
q(x)dx = 1.

Moreover, by the dominated convergence theorem, η(c) is continuous on [0, 1]. Hence, by the intermediate value theorem,
there exists c0 ∈ [0, 1] such that η(c0) = 1. If η(0) = 1, then p(x) = u(x) (with c0 = 0) is the unique feasible solution. In
the below, we assume c0 > 0.

For a probability density p(x), define the functional

F (p) :=

∫
q(x)2

p(x)
dx =

∫ (q(x)2
p(x)

+
p(x)

c20

)
dx− 1

c20
.

For any probability density p(x) satisfying p(x) ≥ u(x), we have

q(x)2

p(x)
+

p(x)

c20
≥ q(x)2

popt(x)
+

popt(x)

c20

for all x. Therefore, F (p) ≥ F (popt) for all feasible p, which completes the proof.
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K.2 ROBUST-INTEGRAL CONSTRAINT

The proof is based on Lemma 1 and is similar as Theorem 4. We first formulate our optimization problem as

min
pn: p.d.f.

∫
pd(x)

2

pn(x)
∥I−1

F gm(x)∥2dx such that
∫

pd(x)

pn(x)
∥gm(x)∥γdx ≤ C ′′.

To apply Lemma 1, we next substitute q(x) = pd(x)∥I−1
F gm(x)∥/Zn and u(x) =

√
pd(x)∥gm(x)∥γ . By assumption,

Case (a) in Lemma 1 is excluded. After the substitution, the left-hand side of the condition in Case (c) of Lemma 1 can be
expressed as ∫

u(x)2

q(x)
dx =

Zn

C ′′

∫
∥gm(x)∥γ

∥I−1
F gm(x)∥

dx ≥ Zn

C ′′κmax

∫
∥gm(x)∥γ−1dx,

where κmax denotes the maximum eigenvalue of IF. Since the right-hand side above diverges in general, Case (c) is also
excluded. Hence, the optimal noise distribution is Case (b) and given by

p̄optn (x; γ, λ) ∝

{ √
pd(x)2∥I−1

F gm(x)∥2/Z2
n + λpd(x)∥gm(x)∥γ 0 < λ < ∞√

pd(x)∥gm(x)∥γ/2 λ = ∞,

where λ is chosen such that

C ′′ =

∫ pd(x)∥gm(x)∥γ√
pd(x)2∥I−1

F gm(x)∥2/Z2
n + λpd(x)∥gm(x)∥γ

dx

(∫ √pd(x)2∥I−1
F gm(x)∥2/Z2

n + λpd(x)∥gm(x)∥γdx
)
.

(49)

L EXPERIMENTAL DETAILS AND RESULTS WITH CROSS-VALIDATION

For pd(x), δ̄(x) and pn(x), we employed the following probability distributions:

• Gaussian data (d = 10): The standard normal density N(0, Id) was used for pd(x), while N(3, 0.12Id) was for δ̄(x)
where N(m,C) denotes the Gaussian density with the mean vector m and covariance matrix C, and Id is the d by d
identity matrix. Then, we estimate the mean vector 0 in pd with the following unnormalized model:

log p0m(x;α) = −1

2

d∑
i=1

(xi − θi)
2 − c.

As done in NCE [Gutmann and Hyvärinen, 2010], we used the Gaussian density with the sample mean and sample
covariance for pn(x). Estimation errors were measured by ∥θ̂ − 0∥/

√
d where θ̂ denotes an estimate of (θ1, . . . , θd).

• Log-normal data (d = 10): The following log-normal density was used for pd(x) and δ̄(x):

d∏
i=1

1

xi

√
2πσ2

exp

(
− (log xi − µ)2

2σ2

)
, (50)

where xi > 0 (i = 1, . . . , d), and we used µ = 1 and µ = 3 for pd(x) and δ̄(x) respectively, and σ = 1 in both
distributions. An unnormalized model,

log p0m(x;α) = −
d∑

i=1

{
log xi +

1

2
(log xi − θi)

2

}
− c,

was adopted to estimate the parameter µ = 1 in pd(x), and estimation errors were measured by ∥θ̂ − 1∥/
√
d where

1 = (1, . . . , 1)⊤. For pn(y), the log-normal density was employed where the empirical estimates were substituted into
µ and σ in (50).
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• Poisson data (d = 1): We sampled one-dimensional data x by using Poisson distribution:

λxe−λ

x!
,

where λ is a positive parameter. For data generation, λ = 0.5 and λ = 5 were used for pd and δ̄(x), respectively. As
done in Sasaki and Takenouchi [2024], we employed Poisson distribution with the parameter value twice larger than
the empirical estimate of λ for pn. To estimate λ, our unnormalized model is formulated as

log p0m(x;α) = x log θ + log x!− c.

Estimation errors were measured by |θ̂ − 0.5|.

All parameters of unnormalized models were optimized by BFGS.

The same experiments as Section 6 were performed with cross-validation in Section 3.1. Figure 7 indicates that our
cross-validation method fairly works well on a range of the anchor parameters.
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(a) β0 = ρ0 = τ0 = 0.5

(b) β0 = ρ0 = τ0 = 1

(c) β0 = ρ0 = τ0 = 3

(d) β0 = ρ0 = τ0 = 5

Figure 7: Estimation errors of NCE, PNCE, ρ-NCE and τ -NCE when (n, ny, ϵ) = (1000, 1000, 0.05) and anchor parameters
(β0, ρ0 and τ0) are changed. The hyper-parameters of PNCE, ρ-NCE and τ -NCE are selected based on five-fold cross
validation.
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