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Abstract

In this paper, we introduce a data-augmented nonparametric noise contrastive estimation
method to density estimation using deep neural networks. By leveraging the idea of con-
trastive learning, our density estimator exhibits efficiency with a one-step and simulation-
free evaluation process, imposes no constraints on the neural network, and is shown to
be consistent and asymptotically automatically normalized. A novel data augmentation
procedure allows us to mitigate the influence of the choice of reference distribution on our
method. Non-asymptotic upper bounds for the expected Lo-risk and the expected total
variation distance have been established, which achieve minimax optimal rates. Moreover,
our new method exhibits inherent adaptivity to low-dimensional structures of data with
a faster convergence rate under a compositional structure assumption. Numerical exper-
iments show the competitiveness of our new method compared with the state-of-the-art
nonparametric density estimation methods.

Keywords: Contrastive learning, data augmentation, deep neural network, non-asymptotic
error bound, nonparametric density estimation

1. Introduction

In a variety of modern statistical and machine learning problems, learning the underlying
data distribution is one of the fundamental issues. Many problems can be formulated as
learning some characteristics of the data distribution. Thus, a good distribution/density
estimator enables a wide range of tasks to be performed, including classification (Schmah
et al., 2008), denoising (Ballé et al., 2016), missing value imputation (Dinh et al., 2015),
data synthesis (Theis and Bethge, 2015), and many others.

There are mainly two kinds of distribution learning methods: density estimation and
generative modeling. Neural networks-based generative models include generative adver-
sarial networks (Goodfellow et al., 2014), variational autoencoders (Kingma and Welling,
2022, 2019), normalizing flows (Rezende and Mohamed, 2015; Kobyzev et al., 2020), and
diffusion models (Song and Ermon, 2019; Ho et al., 2020; Song et al., 2021). There have
been growing evidence and examples indicating the success of generative models in various
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applications, such as the utilization of diffusion models in conditional sample generation,
black-box optimization, control, and reinforcement learning (Chen et al., 2024). As a class
of implicit distribution learning approaches, generative models generally do not provide an
explicit form of the estimated distribution. However, an accurate density estimator with
explicit form could be essential in many statistical inference and prediction tasks, such as
anomaly /outlier detection and universal likelihood ratio test (Wasserman et al., 2020).

In this paper, we consider the task of nonparametric density estimation based on ob-
served data. It is well-known that estimating the density function of high-dimensional data
is a challenging problem. Traditional density estimation methods such as histogram (Scott,
1979; Lugosi and Nobel, 1996) and kernel density estimation (Rosenblatt, 1956; Parzen,
1962) enjoy nice theoretical properties. But they are typically inapplicable in high dimen-
sion due to the deteriorating performance as the dimensionality increases. To overcome
the difficulties associated with high dimensionality, extensive investigations have been con-
ducted to harness the capacity of deep neural networks in approximating high-dimensional
functions. Under autoregressive models, Germain et al. (2015), Uria et al. (2016) and Papa-
makarios et al. (2017) decompose the target density into a product of conditional densities
based on the probability chain rule, where each conditional density can be parameterized
by neural networks. Normalizing flows-based methods in Ballé et al. (2016), Dinh et al.
(2017), and Grover et al. (2018) recover data with an invertible transformation of some
latent variable with known density, where the transformation has a compositional structure
and can be learnt by neural networks.

Recently, significant advancements have been made in nonparametric density estima-
tion. Roundtrip (Liu et al., 2021) is a density estimation method based on two generative
adversarial networks to learn the transformation from the target distribution to some known
distribution as well as its inverse. Roundtrip is capable of both density estimation and sam-
ple generation in high-dimensional problems, a unique feature compared to other existing
density estimation methods. Bos and Schmidt-Hieber (2024) introduces a novel two-stage
density estimation method, which casts the unsupervised density estimation problem into
a supervised regression problem. To be exact, they first compute a kernel density estima-
tor based on a subsample for pseudo labeling. Then a density estimator is obtained by
nonparametric regression technique.

Noise contrastive estimation (Gutmann and Hyvarinen, 2012), also known as contrastive
learning, is an intriguing approach for learning unnormalized probabilistic models. The
key idea is to transform the unsupervised learning problem of density estimation into a
supervised classification between data and artificially generated noise (reference data). The
connection between density estimation and classification has been discussed earlier in Hastie
et al. (2009, Section 14.2.4), which offers valuable insights into extending this strategy
to other unsupervised learning problems. A comprehensive review of the applications of
contrastive learning can be found in Jaiswal et al. (2021).

In recent years, several stimulating contrastive learning-based density estimation meth-
ods have been proposed. Flow contrastive estimation (Gao et al., 2020) enhances noise
contrastive estimation by employing an adaptive reference distribution defined by a train-
able normalizing flow. Telescoping density-ratio estimation (Rhodes et al., 2020) estimates
the density ratio between the data and noise by applying noise contrastive estimation to a
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sequence of intermediate distributions. Then, a density estimator can be obtained through
multiplying the estimated density ratio by the known reference density.

In this paper, we propose a data-augmented contrastive learning approach to nonpara-
metric density estimation. Compared with the state-of-the-art such as Roundtrip (Liu et al.,
2021), kernel-based two-stage estimator (Bos and Schmidt-Hieber, 2024), flow contrastive
estimation (Gao et al., 2020), and telescoping density-ratio estimation (Rhodes et al., 2020),
our method has advantages in the following aspects.

First, our method is methodologically and computationally appealing. It inherits the
advantages of noise contrastive estimation, such as automatic normalization and consis-
tency. Instead of estimating the target density directly, we advocate a data augmentation
procedure and estimate a mixture density, thus it is less sensitive to the choice of the refer-
ence distribution in comparison to the vanilla noise contrastive estimation (Gutmann and
Hyvéarinen, 2012). We minimize a well-defined objective function without any constraint,
and the resulting density estimator is asymptotically automatically normalized. In this
way, we avoid the estimation of the normalizing constant, which involves computationally
expensive or even intractable integration of a high-dimensional function. Computationally,
our method is easy to implement and numerically stable.

Second, our method is theoretical appealing. We derive non-asymptotic upper bounds
for the expected Lo-risk and total variation distance under the assumption that the target
density function belongs to some Holder class. Our results allow for flexibility in network
architectures and no constraints (e.g., sparsity and weight-norm constraints) on the network
class. Under mild conditions on the reference distribution, it can be easily checked that the
mixture density is always bounded away from zero and infinity, automatically satisfying
the so-called strong density assumption (see, e.g., Definition 2.2 of Audibert and Tsybakov
(2007)) commonly used in statistics. Moreover, when the target density function has a com-
positional structure, we show that our method can circumvent the curse of dimensionality
and automatically adapt to the latent structure.

To summarize, our main contributions are as follows:

(i) We propose a data-augmented nonparametric noise contrastive estimation method to
density estimation, which is applicable to a wide range of problems. By employing a
data augmentation procedure, we can mitigate the influence of the choice of reference
distribution on density estimation, and the mixture density to be estimated automat-
ically satisfies the strong density assumption under mild conditions on the reference
density.

(ii) We establish non-asymptotic error bounds under the expected Lo-risk and the ex-
pected total variation distance. The error bounds are explicitly determined by the
architecture parameters of the neural network. With specific choices of network ar-
chitectures, our error bounds can attain the nonparametric minimax optimal rate
(Stone, 1982). In addition, the resulting density estimator is shown to be asymp-
totically automatically normalized, thus the problematic integration one constraint is
avoided.

(iii) Under a compositional structure assumption of the target density, we show that our
estimator can alleviate the curse of dimensionality with a faster rate of convergence
depending on the intrinsic dimension, rather than the nominal dimension.
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The remainder of the paper is organized as follows. In Section 2, we introduce our pro-
posed data-augmented nonparametric noise constrastive estimation and the ReLLU-activated
feedforward neural network. Section 3 presents the error analysis and non-asymptotic error
bounds for our estimator. In Section 4, we show that our method can circumvent the curse
of dimensionality when the target density has a latent compositional structure. In Section
5, we compare our method with several state-of-the-art nonparametric density estimation
methods using both simulated and real data. A few concluding remarks are given in Section
6. All proofs are deferred to Appendix A.

2. Data-augmented nonparametric noise contrastive estimation

In this section, we first describe the problem setup and the proposed data-augmented non-
parametric noise constrastive estimation. After that, we briefly review the structure of deep
neural networks, and introduce the network class used for density estimation.

2.1 Methodology

Let X1,...,X, be n independent and identically distributed random vectors from an un-
known distribution with probability density function fy on © C R?. The task is to estimate
fo nonparametrically based on the observed data {X;}! ;.

Our proposed data-augmented nonparametric noise contrastive density estimation is to
first convert the unsupervised density estimation problem into a supervised task of classifi-
cation, building on the ideas from Hastie et al. (2009) and Gutmann and Hyvarinen (2012).
The key difference is that we estimate a mixture density faq by classification, instead of
estimating the target density fy directly. To achieve this, we need to introduce external
data points sampled from some known density fr. Specifically, our proposed procedure
consists of three main steps:

Step 1. Data augmentation.

Let fr be a known density function on €2, termed as the reference density. We generate
a random sample {Zl, ceey an} from the reference density fr, independent of the observed
data {X;}!' |, where p is a positive constant such that pn € Z, and Z, denotes the set of
positive integers. Given the observed data {X;}7_, ~ fo and the reference data {Z;}5", ~
fr, we term {Y;}' P o (X3P, U{Z;}P", as the augmented data.

We assign a binary label C; to each Y; according to whether it is the observed data.
That is, we assign C; = 1if ¥ € {X;}5-; and C; =0ifY; € {Zj};’il. Then, the conditional
densities of Y are

fylC=1=foly), fly|C=0)=fry)
Note that the probability mass of label C' is Pr(C = 1) = 1/(1 + p) and Pr(C = 0) =
p/(1+ p). Then, the marginal density of the augmented data Y is
fy)=fly| C=1)Pr(C=1)+ f(y| C=0)Pr(C =0)

o)+ 1 Jr) = faal). 0
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Here fuq is referred to as the mixture density. It can be easily derived from (1) that
fo =1+ p)fm — pfr. We can obtain an estimator for fy once the estimator for the
mixture density faq is available.

Step 2. Estimating the mizture density fag with a noise contrastive estimation.

We generate an additional set of reference data {Z;}/] (+0m) from fr independent of
{Z; }™,, termed as the contrastive noise. Here v is the ratlo of sample sizes between the
contrastive noise and the augmented data. We let v € Z_ for convenience. Henceforth, we
write the union of the augmented data and the contrastive noise as S = {Y1,..., Y, m,

215y Zy(ntpn) }»> the sample used for density estimation.

Similar to Step 1, we rewrite S as {U; }tHV (n+om) and assign a binary label C; to each Uy

according to whether it is the augmented data. That is, we assign C; = 1 if U; € {Y;}17",
and C; = 0if Uy € {Z;}.2 n+p ", Then, the conditional densities of U are:

flu|C=1)=fmu), [flu]C=0)= fru)

The prior marginal probability mass of label C' in the combined data S is Pr(C = 1) =
1/(14v) and Pr(C = 0) = v/(14v). Then, by the Bayes’ formula, the posterior probabilities
for the labels are

l/fR(’U,)
fr(u) +vfr(u)

fa(u)
frm(u) +vfr(u)’

Then, the log-likelihood of f for the sample S is

Pr(C=1]|u)=

Pr(C=0|u)=

(1+v)(n+pn)
(f;8) = > {CilogPr(C,=1|Uys; f)+ (1—Ci)logPr(C, =0|Uy; f)}
t=1
n+pn v(n+pn)
ZlogPr i =11V )+ Y. logPr(Ci=0] Z; f),

=1

where Pr(C' =1 | u; f) = f(u)/{f(v) + vfr(u)} and Pr(C' =0 | u; f) = vir(u)/{f(u) +
vfr(u)}. Intuitively, an estimator for faq can be obtained by maximizing the log-likelihood
function ¢(f; S) over f € F,, a prespecified function class. Equivalently, we minimize

) (14+p)n v(1+p)n
Rs(f) 1+p —{ §_j log Pr(C; = 1| Yis f) + Z: log Pr(C; = 0| Zi; /) |
Z (2)

(14+p)n v(1+p)n

_ Y:) VfR( i)
= { ; log VfR —1— Z log 7 + vin(Z )},

which equals to —£(f;S)/{(1 + p)n}. We refer to Rs(f) as the empirical noise contrastive
risk given sample S, which is also written as R( f) to suppress its dependence on sample S
when there is no confusion.

As a result, we define the estimator for the mixture density as the empirical risk mini-

mizer:

fam € argmin R(f). (3)
fe€Fn
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Step 3. Deriving the estimator for the target density fo.
In view of (1) and the estimator fuq defined in (3), our proposed estimator for fy is
given by
fo= (4 p)fm = pfr, (4)

which is referred to as data-augmented nonparametric noise contrastive estimation.

Remark 1 For any f € F,, the population-level noise contrastive risk corresponding to (2)
18
R(f) = —{Ey s, log P(C=1|Y;f)+vEzp; log Pr(C=0|Z; f)}
fY) vfr(Z)
=—<Eyr,lo .
S e ETy I+ i)

The weak law of large numbers shows that R(f) converges in probability to R(f) as n — co.
Moreover, following Theorem 1 in Gutmann and Hyvdrinen (2012), it can be shown that
fm is the unique minimizer of R(f) given any positive reference density fr. This provides
theoretical support for our approach to density estimation.

+ VEzt, log

Remark 2 A critical issue in the vanilla contrastive learning (Gutmann and Hyvdrinen,
2012) is the choice of the reference distribution fr. Intuitively, a good candidate for fr is
a distribution close to the target fo. If fr differs a lot from fy, then the classification task
might be too easy and would not require the network to learn much about the structure of
data. Nonetheless, it could be hard to choose a proper reference distribution in practice. Our
proposed data augmentation method in Step 1 offers an effective way to address the problem
by providing a density estimator that is less sensitive to the choice of reference distribution.
In comparison with fy, the reference density fr is closer to the mixture density faq. In
such a way, our method can estimate faq and thus fo satisfactorily in accordance with the
insights in Gutmann and Hyvdrinen (2012).

2.2 Deep neural networks

We now introduce the class of neural networks used for density function approximation. In
recent years, advancements on the approximation theory of the feedforward neural networks
with Rectified Linear Unit (ReLU) activation function are reported by Yarotsky (2017),
Chen et al. (2019), Shen et al. (2020), Farrell et al. (2021), and Lu et al. (2021). In
this paper, we consider multi-layer perceptron, an important and widely-used subclass of
feedforward neural networks. The following expression characterizes the architecture of
multi-layer perceptron:

fo(x) =LpoooLlp_j000---0Lyo0oo0Ly(x), x € RP,

where o is the component-wise version of ReLU activation function o(z) = max{0,z}, and
Li(x) = Wiz+b;,i = 0,...,D are linear transformations with weight matrices W; € RPi+1*P:
and bias vectors b; € RPi+1. Here, D is the depth of the neural network, that is, the
number of hidden layers. The (D + 2)-tuple (po, ..., pp+1) denotes the number of neurons
in each layer, and specifically, pg = d, pp+1 = 1. The width of the network is defined as
W = max{pi,...,pp}. The total number of parameters S = ZiD:O pit1(pi + 1) is referred
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to as the size of the network. We denote the collection of networks fy described above
as NN(D,W,S). Note that the architecture parameters of the network class satisfies
max{W,D} < S <W(d+1)+ W2 +W)(D—-1)+W+1=0W?D).

We take F,, to be the following class of neural networks:

FDOW,8,7.T) = {fo e NN(D,W,8) : v < fy < T},

for some positive constants v,I". Note that the architecture parameters D, VW, and S can
depend on n, and we suppress the subscript n for simplicity. Furthermore, the output range
constraint v < fp < I' can be satisfied by adding an additional layer ¢(z) = o(z—v)—o(z—
I') + v at the end of the network. Then, the network depth will increase by 1 accordingly.
Such adjustment will only affect the constant prefactors in our non-asymptotic error bounds
and will not affect the convergence rate, and thus the details are omitted for simplicity.

3. Theoretical analysis

In this section, we provide a theoretical analysis of the proposed data-augmented nonpara-
metric noise contrastive estimator. We will study the convergence properties of the mixture
density estimator f ‘M, which can imply the convergence properties of fn7 the estimator for
the target density fo.

3.1 Error decomposition

To evaluate the quality of an estimator f for a target function f., we use the expected
Lo-risk E|| f — f H%Q (7.)> Where the expectation is taken with respect to training sample and

1 = FullZ = Exep F(X) - / (@) = fo(@) 2 (2)de

The main procedure for the error analysis is to decompose the expected Lo-risk of f ‘M into
stochastic error and approximation error, and bound them separately. Thereafter, an upper
bound of Egl|f, — fOH%z(fo) can be established based on that of Eg|| fas — fM”%Q(fM)'

We first present some conditions imposed on the target density fo and reference density
fr. We take the domain Q of fy and fr to be the d-dimensional hypercube [0,1]¢ for
simplicity. Extension to accommodate density with unbounded domain will be discussed in
Section 3.5.

Assumption 3 The reference density fr is positive and continuous on [0, 1]d, and there
exists a positive constant Ly such that fo < Lyg.

Assumption 3 necessitates mild conditions on both the reference density and the target
density. According to Remark 1, a reference distribution fg that is positive on [0, 1]¢ suffices
to guarantee the uniqueness of the noise contrastive risk minimizer. For the target density
fo, we only require it to be upper bounded, thanks to the proposed data augmentation
technique. Specifically, the estimation problem of fj is converted into the estimation of a
mixture density, making the strong density assumption [, < f. < L, automatically satisfied
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under mild conditions on the reference density. The strong density assumption is a common
assumption in the literature of density estimation; see Section 3.4 for more details.

The following lemma bounds the expected Lo-risk of fn for estimating fy by the expected
Lo-risk of fM for estimating fa4, with the proof provided in Appendix A.1. We will then
focus on studying the convergence properties of f M-

Lemma 4 For any 2 C R?, the data-augmented nonparametric noise contrastive estimator
fn defined in (4) satisfies

Esll fo = foll o) < L+ 0)*Esll fad — i pre)s

where S is the training sample.

With faq being the unique minimizer of the population-level noise contrastive risk, the
excess risk is R(f) — R(fam). We next present an inequality concerning the relation between
the excess risk and the Ly distance ||f — fMH%Q(fM)'

Lemma 5 (Calibration) Under Assumption 3, there exist positive constants ¢ and ca
such that, for all f € F,,

eillf = Fmlaa < RO = R(fm) < eall f = FallZa g ®)

Moreover, c1 and co only depend on v, p, Lg,v,T', and fr.

The proof of Lemma 5 is given in Appendix A.2. The relationship in (5) is known as the
calibration condition or the curvature condition around fa, satisfied by many loss func-
tions in various statistical problems, including least squares regression, logistic regression,
multinomial logistic regression, and Poisson regression, among others (Farrell et al., 2021).
The calibration condition can lead to the following upper bound for the expected Lo-risk,
with the proof provided in Appendix A.3.

Lemma 6 (Error decomposition) Under Assumption 3, we have

: 1 c oy a G
sl fan = Sl g < BsIRUn) = ROFa)]+ 2 if If = g ()

where c1,co are the same constants as in Lemma 5.

The first term of the right-hand side of (6) is the stochastic error, and the second
term is the approzimation error. The stochastic error quantifies the expected disparity
between the risk and empirical risk evaluated at the estimator fM, and can be upper
bounded with respect to the complexity of the function space J,, using empirical process
theory (Anthony and Bartlett, 1999; Bartlett et al., 2019; van der Vaart and Wellner, 2023).
The approximation error measures how well the function fas can be approximated using
Fn with respect to Lo distance, and can be properly bounded using the state-of-the-art
approximation theory of deep neural networks.
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3.2 Stochastic error and approximation error

The stochastic error of the density estimator fM will be controlled by the complexity
measures of the neural network class F,,. The definitions of uniform covering number and
pseudo-dimension are given in Appendix B.

Lemma 7 (Stochastic error) Let F,, = F(D,W,S,v,T) be the class of feedforward neu-
ral networks activated by continuous piecewise linear activation function with finitely many
inflection points. Let fM € argmingcr, R(f) be the empirical risk minimizer over F,.
Suppose that Assumption 3 holds. Then for n > Pdim(F,)/{(1+v)(1+ p)},

Es[R(fa) — R(fum)] < csSDlog S8

n )
where c3 1s a constant depending only on v, p, Lg,v, T, and fr.

The proof of Lemma 7 is given in Appendix A.4. To establish Lemma 7, the stochastic
error Eg[R(f,) — R(f,)] is initially bounded by a term determined by log(Nug(¢/1, Fr,n +
vn)), the metric entropy of F,, with the radius of covering being 1/n multiplied by some
constant. And the metric entropy of F,, can be further bounded by the pseudo dimension
using Theorem 12.2 in Anthony and Bartlett (1999). Based on the VC-dimension bounds
(Theorem 7) in Bartlett et al. (2019), the pseudo dimension of the class of neural networks
activated by piecewise linear activation function with finitely many inflection points can be
controlled by its architecture parameters D and S, that is, Pdim(F,) = O(SDlogS). While
we use ReLLU activated neural networks in this paper, the result in Bartlett et al. (2019)
enables us to extend our stochastic error bound in Lemma 7 to piecewise linear function-
activated neural networks. The proof of Lemma 7 provides the constant cs explicitly, which
exhibits merely logarithmic growth in Lg, 1/7, and T".

To analyze the expected Lo-risk, Bos and Schmidt-Hieber (2024) showed an oracle in-
equality that bounds the risk by the sum of stochastic error, approximation error, and op-
timization error. Their stochastic error incorporates a similar metric entropy log(Nz(9)),
where Nz(d) is the d-covering number of function class F with respect to the supremum
norm. The metric entropy log(Nz(d)) is further bounded with respect to network archi-
tecture parameters, that is, O(S.Dlog(S,Dd/d)) where S, is the sparsity defined by the
number of nonzero network parameters. Their bound is similar to ours, yet network size is
replaced by sparsity and there are additional logarithmic factors concerning network depth
D and dimension d. While typically the sparsity S, can be significantly smaller than the size
S, the constraints they impose on sparsity and weight norm may restrict the expressiveness
of neural network. Balancing stochastic errors and approximation errors in respective set-
tings through proper choices of network architectures, our network size S and the sparsity
S, in Bos and Schmidt-Hieber (2024) are of the same order. As a result, the stochastic er-
rors bounds (as well as the overall error bounds) of our work and Bos and Schmidt-Hieber
(2024) are comparable with distinct constant prefactors and logarithmic terms. Further
details can be found in Section 4.

To bound the approximation error inf re 7, || f — fa H%Q( o) W€ impose some smoothness
conditions on the target density fo and the reference density fr. In this paper, we assume
that both fy and fgr belong to some Holder class (Definition 28, Appendix B).
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Assumption 8 (Holder smoothness) The densities fo, fr € HP([0,1]%, By) for a given
B > 0 and some finite constant By > 0.

The assumption on fr in Assumption 8 is not restrictive, as many popular distributions
satisfy this assumption, such as the uniform distribution on [0, 1]%. Notably, Assumption 8
implies that the mixture density fas € HA([0, 1], By).

Applying Theorem 3.3 in Jiao et al. (2023), we can derive an approximation error bound
with respect to the Lo distance; see Lemma 19 in Appendix A.5.

3.3 Non-asymptotic error bound

The following corollary establishes the consistency of our data-augmented nonparametric
noise contrastive estimation.

Corollary 9 (Consistency) Let F,, = F(D,W,S,v,I') be the class of feedforward neural
networks activated by continuous piecewise linear activation function with finitely many
inflection points. Suppose that Assumption 3 holds, fo is continuous on [0,1]¢, and

1
S —>o00 and SDlogSM%O as n — oo.
n

Then the data-augmented nonparametric noise contrastive estimation fn defined in (4) is
consistent in the sense that

ESan - f0||%2(f0) —0 asn— oo.

Corollary 9 is a direct consequence of Lemmas 4, 6, and 7 and the approximation results
of continuous function by piecewise linear neural networks in Yarotsky (2017) and Yarotsky
(2018). In other words, the consistency result in Corollary 9 not only holds for ReLU-
activated neural networks, but also for a broader neural network class with piecewise linear
activation function.

Next, we present the non-asymptotic error bound of our proposed estimator, with the
proof provided in Appendix A.6.

Theorem 10 (Non-asymptotic error bound) Suppose that Assumptions 3 and 8 hold,
and v < pl/(1 + p), ' > Lo V L where I, L are positive constants such that | < fr < L.
Then, for any P,Q € Z., the function class of ReL U-activated multi-layer perceptrons Fp, =
F(D,W,S,~,T) with width W = 38(|8] + 1)2d%)T1 Plog,(8P)] and depth D = 21(|3] +
1)2Q[logs(8Q)], for n > Pdim(F,)/{(1 + p)(1 4+ v)}, the data-augmented nonparametric
noise contrastive estimation fn defined in (4) satisfies

- logn
Es | fn = foll7, ) < caSDlog 3% +esB2(| 8] + 1)Ad2 B+ (p@)—4P/d,

where cqg and c5 are constants only depending on v, p, Lg,7v,T', and fr. Furthermore, if we

set
W = 114(| 8] + 1)%alPI*,

D = 21(| 8] + 1)?[n¥/12(@+28)} 1og,, (8 @/ 12(dH+28)})7
S = O((1B] + 1)°d? P12 [nd/ (@2 10g, n]),

10
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then for n > Pdim(F,)/{(1 + p)(1 +v)}, fu satisfies

~ __28
sl fn = foll7, (o) < c6(Bo v 1)*(|8) +1)°d*PIH0V3n ™05 (logy n)*, (7)
where cg s a constant only depending on v, p, Lg,v, T, and fr.

In Theorem 10, the expected Lo-risk is upper bounded by the sum of the stochastic
error term ¢;SDlogSlogn/n and the approximation error term csB3(|3] + 1)*@?lPl+6V1
(PQ)*M/ ¢ This error bound is distinguished by two merits. On one hand, it is non-
asymptotic and explicit in the sense that no obscurely-defined constant is involved. On
the other hand, the error bound is a general result which holds for a variety of network
architectures. The approximation rate (PQ) /¢ corresponds to the width W = 38(| 5] +
1)2dP1+1 Pllog,(8P)] and depth D = 21(|3] + 1)2Q[log,(8Q)] of the neural network,
instead of merely the network size §. The approximation error deceases with a larger
network size, while the stochastic error increases as the network complexity increases. To
achieve the best error rate (7), we balance the stochastic error and the approximation error
using a network architecture of fixed width and proper depth, though different network
architectures can also be employed.

Our error bound (7) attains the minimax rate n~2%/(4+20) in standard nonparametric
regression (Stone, 1982) up to a logarithmic factor. It is worth noting that the prefactor
in the error bound depends on the dimension of data d merely polynomially. Based on
Bartlett et al. (2019), the pseudo dimension of network class F,, can be bounded explicitly
as Pdim(F;,) = O(SDlogS) = O((s+1)%d?+3n4/(4+28) (1og, n)3). So n > ng suffices for the
prerequisite n > Pdim(F,)/{(1+p)(1+v)}, where ng is a constant only depending on d and
8. As a result, our error bound with specific choice of network structure is non-asymptotic,
in the sense that the result holds for all n greater than some constant depending on d and

3.

Remark 11 In estimating the mixture density faq, the constant p plays its part in sample
size and is preferred to be large; but Lemma 4 implies that increasing p could deteriorate
the upper bound of fn To select a proper p, we propose to minimize the constant prefactors
of the error bound in Theorem 10 with respect to p. According to the proofs in Appendices
A.2 - A./4, the prefactors of stochastic error and approximation error are respectively

1 4 1 6
P e ) O s 7 i

p p?

)

where the dependencies on logarithmic terms of p and other quantities are ignored. Since
argmin _o(1+p)*/p = 1/3, argmin - o(1+p)°/p® = 1, the minima of the overall error bound
with respect to p approximately lies within the range of [1/3,1], which gives us a guideline
for selecting p in practice. Based on the simulation results in Section 5.2, we would suggest
setting a relatively large value for p (e.g., p = 1) in high-dimensional cases or when the
reference distribution is likely to differ significantly from the target data distribution.

Remark 12 Many existing works on noise contrastive estimation assume that the data do-
main is the entire Euclidean space RY (see, for example, Gutmann and Hyvéirinen (2012)).
In this scenario, the error of noise contrastive estimation can increase exponentially with

11



L1 AND LIN

dimension, due to mismatches between the tails of the data and reference distributions (Lee
et al., 2025; Chehab et al., 2023). An intuitive explanation is that noise contrastive esti-
mation can be regarded as a variant of importance sampling (Pihlaja et al., 2010), which is
known to be sensitive to the tails of distributions (Liu et al., 2015). More discussions can
be found in Section 3.5.

In this section, we assume that the data domain is the d-dimensional hypercube |0, 1}‘[.
In this case, there is no issue concerning tail behavior, allowing us to derive an error bound
that depends polynomially on the dimension. In Section 3.5, we will extend our method to
handle the unbounded case.

3.4 Error bound in total variation distance

In this subsection, we establish non-asymptotic error bounds for our proposed density es-
timator under the total variation distance. Specifically, we consider the expected total
variation distance EgTV(f,, fo) between our proposed estimator f, and the target density
fo, where

V(L) = /|f 2)ld.

The following theorem establishes non-asymptotic error bounds in total variation dis-
tance.

Theorem 13 (Non-asymptotic error bound in total variation distance) Suppose

that Assumptions 3 and 8 hold, and v < pl/(1 + p), ' > LoV L where I, L are posi-
tive constants such that | < fr < L. Then, for any P,Q € Zy, the function class of
ReL U-activated multi-layer perceptrons F,, = F(D,W,S,~,T') with width W = 38(|3] +
1)2dP1+1 Pllogy(8P)] and depth D = 21(|3] + 1)2Q[log,(8Q)], for n > Pdim(F,)/{(1 +
p)(1 +v)}, the data-augmented nonparametric noise contrastive estimation fn defined in

(4) satisfies
logn

1/2
Es TV(fn, fo) < ¢ (SD log S ) + cgBo(| 8] + 1)2dPIHBVD/2(p)=28/d

where c7 and cg are constants only depending on v, p, Lo,v,T, and fr. Furthermore, if we

set
W = 114(| 8] + 1)%alP 1,

D = 21(| 8] + 1)?[n¥/2d+28) 1og, (8n/{2(d+26)})]
§ = O(([B] + 172 2025 1o, ),

then for n > Pdim(F,)/{(1+ p)(1 + 1)}, fn satisfies
Es TV(f, fo) < co( By V 1)(|B] + 1)*/2dl8) Y92 735 (log, n)?, (8)

where cg 1s a constant only depending on v, p, Lg,v, T, and fr.

The proof of Theorem 13 is given in Appendix A.7. The rate of convergence in (8) is
minimax optimal (Stone, 1982) up to a logarithmic factor.

Similar to Corollary 9, we can show that the data-augmented nonparametric noise con-
trastive estimation is consistent with respect to the total variation distance. This further

12
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implies that our density estimator fn is asymptotically automatically normalized as stated
in the next corollary.

Corollary 14 (Asymptotic automatic normalization) Let F,, = F(D,W,S,v,T") be
the class of feedforward meural networks activated by continuous piecewise linear activa-
tion function with finitely many inflection points. Suppose that Assumption § holds, fq is
continuous on [0,1]¢, and

logn

S—00 and SDlogS =0 asn— oo.

n

Then the data-augmented nonparametric noise contrastive estimation fn defined in (4) is
consistent with respect to total variation distance:

ESTV(fn,fO) —0 asn— oo,

and asymptotically normalized in the sense that
Eg [/ fn(x)d:n} —1 asn— oo.
[0,1)¢

We conclude this subsection by underscoring a theoretical merit of our method. Under
Assumption 3, it holds that | < fr < L for some positive constants [ and L. Then, the
mixture density faq satisfies that

1 P p pl
Im= 1+pfo-i- 1+pf7z2 1+pf722 i,
That is, faq is lower bounded even though the target density fo is not. The proofs of The-
orem 13 and Lemmas 5 and 7 rely on the fact that fa is lower bounded. By employing our
proposed data augmentation method, we convert the estimation task of fy to the estimation
of faq, and the latter satisfies the strong density assumption under mild conditions on the
reference density.

3.5 Estimating densities with unbounded supports

In this subsection, we extend our method to handle densities with unbounded supports.
Specifically, we let the target density fo and the reference density fr be functions on
Q = RY, the entire d-dimensional Euclidean space. To tackle the challenges associated with
unbounded support, we consider a truncated version of noise contrastive risk.

We define the truncated domain €; as a d-dimensional hypercube [—t, t]d, where £ is a
positive constant (the truncation level) and can depend on the sample size n. Then, the
truncated noise contrastive risk is defined as

Ri(f) = —{EY~fM [log V) JI};}R(Y)]IW (Y)] +VEzfr {log f(ZI)jﬁzii)g(Z)]th(Z)] },

where 1 4 denotes the indicator function on a set A, i.e 1 4 is equal to 1 on A and 0 outside A.
Given the training sample S = {Y1,..., Y, Z1,. .., Zl,(nern)}, the truncated empirical
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risk is defined by replacing the expectations in R; by sample averages:

(I+p)n v(1+p)n
YU f(Y3) 4 vIr(Z:) ‘
M= | & T e 0 L O Ry ez

We define the estimator for the mixture density fiq as the minimizer of the truncated
empirical risk, that is, foq € argminscz Ri(f). Then, similar to (4), the resulting estimator
for the target density fy is given by

fo= 1+ p)fr = pfr- (9)

Remark 15 The truncation level t can depend on the sample size n, making it possible to
approximate the mizture density on the truncated domain € as n increases. Theoretically,
Theorem 16 below indicates that optimal convergence rate of our estimator can be achieved
by setting t = klogn, with the constant k depending on the tail behavior of the target
distribution. In practice, determining the constant k is typically infeasible, so we suggest
setting it as the maximum value of the data. In this case, the truncated empirical risk equals
its untruncated counterpart defined in (2).

In the error analysis for the refined estimator in (9), we assume that the target distri-
bution is sub-exponential (Assumption 20 in Appendix A.8), which encompasses numerous
distributions such as mixtures of Gaussian distributions, log-concave distributions (Bagnoli
and Bergstrom, 2005; Lovasz and Vempala, 2007), and distributions with bounded supports.

By Lemma 22 in Appendix A.8, the expected Lo-risk of f,, can be decomposed into
the error on the truncated domain and the error due to truncation, and the former can
be further decomposed into stochastic and approximation errors. We bound these errors
in Lemmas 23, 25, and 26, respectively. With these results and a proper selection of the
truncation level ¢, we can establish the following non-asymptotic error bound.

Theorem 16 (Non-asymptotic error bound) Suppose that Assumptions 20 and 21 hold,
t =allogn, v < plr/(1+p), and T > LoV Lg. Then, for any P,Q € Zy, the func-

tion class of ReLU-activated multi-layer perceptrons F, = F(D,W,S,~,I') with width

W = 38(|8] + 1)2dP1+ Pllogy(8P)] and depth D = 21(|3] + 1)?Q[logy(8Q)] + 1, for

n > [Pdim(F,)/{(1+ p)(1+v)}] Vexp(a/2), the data-augmented nonparametric noise con-

trastive estimator f, defined in (9) satisfies

logn

Esllfn — fO”%Q(fO) < 016773%357) log S
+ ey IR (2/a)?P (18] + 1) d? PV (PQ) 44 log n) P
+ C18dn71,

where c16, c17, and ci1g are constants only depending on v, p, C, Lo, I', Lgr, and By.
Furthermore, if we set

W = 114(| 8] + 1)2alP+1,
D = 21(|B] + 1)*[n P20 ogy (8p Y/ 12201 )] 41,
S = O((1B] + 1)°d? P2 [nd/ 22D 10g, n]),
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then for n > [Pdim(F,)/{(1 + p)(1 +v)}] V exp(a/2), f. satisfies

_ s
Es|| fn— follZ, s < c197 Y LH{(2/a) V1Y (8] +1)° 1BV T (log, n)22), (10)
where c19 is a constant only depending on v, p, C, Ly, I', Ly, and By.

The proof of Theorem 16 can be found in Appendix A.8. For estimating densities with
unbounded domain R?, the refined estimator in (9) attains the minimax rate of nonpara-
metric regression, n—2B/(d+25) (Stone, 1982), up to a logarithmic factor. Note that the term
7_3l7_z3 in (10) will result in prefactors depending on the dimension d exponentially. More
detailed discussions are given in Appendix A.8, subsequent to Assumption 20.

Under parametric distributional assumptions, Lee et al. (2023, Theorem 4) demonstrated
that the mean square error of the noise contrastive estimator increases at least exponentially
fast in the dimension. Chehab et al. (2023, Theorem 2) established a similar lower bound
for noise contrastive estimation in estimating the normalizing constant (partition function)
of an unnormalized density model. Our error bound in (10) involves prefactors that exhibit
exponential growth in d, similar to those in Chehab et al. (2023), Lee et al. (2023) and
many other works in the literature. The exponential growth of the prefactors may be
attributed to the mismatches between the shapes, regions of high probability mass, or tail
behaviors, of the data and reference distributions, as there could be many possible shapes
for a distribution in high dimensions.

4. Circumventing curse of dimensionality

In many statistical and machine learning problems, the dimension d of data can be large,
which leads to an extremely slow convergence rate even when the sample size is large. This
phenomenon is commonly referred to as the curse of dimensionality. Promising ways to mit-
igate the curse of dimensionality are to impose structural assumptions on the target function
(Bauer and Kohler, 2019; Schmidt-Hieber, 2020; Kohler et al., 2022), or low-dimensional
support assumption on the data distribution (Schmidt-Hieber, 2019; Nakada and Imaizumi,
2020; Shen et al., 2020; Chen et al., 2022; Jiao et al., 2023).

Under these assumptions, it has been shown that the rate of convergence can be im-
proved as it depends on the intrinsic dimension d, < d of the target function (e.g., under
hierarchical and compositional structure assumptions), or the intrinsic dimension of the
support of the data (e.g., under low-dimensional manifolds and low Minkowski dimension
sets assumptions), rather than the nominal or ambient dimensionality d. In statistics, there
are plenty of density models that possess a compositional structure, including graphical
models, Bayesian networks, copulas, and mixture models, among others (Bos and Schmidt-
Hieber, 2024). In this subsection, we will impose a compositional structure assumption on
the target density function under which the rate of convergence can be improved, thus we
can alleviate the curse of dimensionality.

For a given positive integer ¢ and vectors 1 = (lo,...,ly), d = (d1,...,dy), and B =
(Bi1,...,B¢),1et CS(q,1,d, B, By) be the collection of functions f admitting the compositional
structure

f= g(q) ° g(qfl) 6---0 g(l)

)
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where g : Rli-t - R (i =1,...,q) is defined by ¢\ (x) = ( @(Wli)m), e ,gl(:)(VVl(f)a:))T

with Wj(i) € R%*li-1 being a matrix and gj@ : R% — R being a function. Moreover,

gj@ € HP([a;,b;]%, By) for some 3; > 0. Without loss of generality, each Wj(i) is assumed
to have full row rank, and [a;, b;]% can be taken as [0, 1]%.

Assumption 17 (Compositional structure) The target density fo € CS(q,1,d,3, By)
for some q, 1, d, and 3.

As fy is a density function on Q = [0, 1]%, it follows that lo = d, [, = 1. Let d; denote
the maximal number of variables (linear combinations of the inputs to ¢(?) on which each
gj(-l) can depend. Thus, each component of ¢ is a d;-variate function. It always holds
that d; < [;_1, and across various models, d; can be significantly smaller than [;_;. An
interesting regime considered in Schmidt-Hieber (2020) is d; < min{ly,...,l;—1} for all 4,
which means that no dimensions are added on deeper abstraction levels in the composition
of functions. In particular, it implies that d; < [y = d.

The following theorem establishes non-asymptotic error bounds for data-augmented
nonparametric noise contrastive estimation under Assumption 17. The proof is given in
Appendix A.9.

Theorem 18 Suppose that Assumptions 3, 8, and 17 hold, fr € CS(q,1,d, 3, By), v <
pl/(1+p) and T" > LoV L where I, L are positive constants such that | < fr < L. Then
for any P,QQ € Z,, the function class of ReLU-activated multi-layer perceptrons F, =

F(D,W,S,~,T) with width W = 76(|8) + 1)? max;{;3%d" ™} P[log,(8P)] and depth
D = 21(qg+1)(1B8]+1)*Q[logy(8Q)]+2 320 di+3q+2, for n > Pdim(Fy) /{(1+p)(1+v)},

the data-augmented nonparametric noise contrastive estimation f,, defined in (4) satisfies
~ logn —48* /d;
Eg| frn — fO”%Q(fO) < 108D logST + (18] + 1)4dzLﬂJ+,Bv1 mzaX(PQ) 487 /di

where d, = max; d;, 37 = f; gziﬂ(ﬁj/\l) (1<i<q-1), B; =By, aAb:— min{a,b}, and

c10, €11 are constants only depending onv, p, Lo, v, I, q, By, {li}g;l, and fr. Furthermore,
if we set

W = 228(|8] + 1)? In?x{li?)didim“},

q
D = 21(q + 1)(|8] + 1)?[n%o/ 2 B0 t25) 10g, (8ntio/ P20 )) 4 23" d; + 3¢ + 2,
i=1

where ig € argmin, {8 /d;}, then f, satisfies
ES’an - fOH%Q(fO) < Clz(LﬂJ + 1)9d3L5J+5\/59d*¢n(log2 n)4’ (11)

where 1¢n = max; n~ 2% /(di+287) and ¢9 is a constant only depending on v, p, Lo, ~,T', q, B,
{li}g;l, and fR
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The B’s in Theorem 18 are referred to as the effective smoothness indices for com-
positional functions in CS(q,1,d,3,bp). Observe that any function f € CS(q,1,d,3, By)
has smoothness at least 5, = min; 5f. The condition fr € CS(q,1,d, B, By) in Theorem
18 implies that the reference distribution fr also admits a compositional structure, whose
complexity is constrained not to exceed that concerning fy. In particular, it implies that the
intrinsic dimension of fr does not surpass that of fy, and the effective smoothness indices
of fr are at least as large as those of fy. Such a condition can be satisfied by setting fr as
the uniform distribution on [0, 1)%.

It is possible that the target density function fy can be expressed as a composition of
functions in various ways, which could lead to different convergence rates. Theorem 18 is
applicable to any representation of compositional structure fo = ¢(@ 0 gl@Vo...0¢M and
as a result, our estimator can achieve the fastest convergence rate concerning all possible
representations of target density. Since d; should be consistently much smaller than d, the
intrinsic dimension d, = max; d; represents a significant improvement in mitigating the
curse of dimensionality. To see this, note that ¢, < n 2P/ (dut2B2)

To derive the error bound in Theorem 18, we use an approximation result for composi-
tional structure functions (Lemma C.2 in Wu et al. (2024) or Lemma 30 in Appendix B).
The approximation result is with respect to the Lo, norm on [0, 1]d, at the price that the
network width should incorporate a factor roughly 3%. In the regime d; < min{ly,...,l;_1}
for all 4, the convergence rate in (11) is, up to a logarithmic factor, the same as the minimax
rate in the nonparametric regression model under the compositional structure assumption
on regression function (Schmidt-Hieber, 2020). Bos and Schmidt-Hieber (2024) derived a
similar error bound Cy¢,(logn)® for their kernel-based two-stage density estimator, which
is novel. But the prefactor Cy in their error bound depends on d exponentially; in con-
trast, our result depends exponentially on the intrinsic dimension d,, which could be much
smaller than d. Furthermore, Bos and Schmidt-Hieber (2024) requires the network param-
eters (weights and biases) to be bounded by 1 and satisfy a sparsity constraint, and we do
not make such network assumptions for our method.

5. Numerical studies

In the numerical studies, we compare the performance of our method with the state-of-
the-art density estimation methods, namely Roundtrip (Liu et al., 2021), kernel-based
two-stage estimation (Bos and Schmidt-Hieber, 2024), flow contrastive estimation (Gao
et al., 2020), and telescoping density-ratio estimation (Rhodes et al., 2020), using both
simulated and real data. We present the models and results of the simulation studies in
Sections 5.1 and 5.2, respectively. The detailed simulation setups are deferred to Appendix
C. The real data studies are presented in Section 5.3. The source code is available at
https://github.com/Li-Chenghao/DANNCE.

5.1 Simulation models

In the simulations, we consider the following three models of 2-D distributions studied in
Liu et al. (2021). Let Ng(m, X) be the d-dimensional Gaussian distribution with mean m
and covariance matrix X; specifically, we denote it as N(m,0?) when d = 1.
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1. Independent Gaussian mixture model: x = (x1,z2) with z; ~ (1/3)(N(—1,0.1%) +
N(0,0.1%) + N(1,0.1%)), i = 1, 2.

2. Eight-octagon Gaussian mixture model: x ~ (1/8) Z?:l Ny(m;, 3;), where m; =
(3cos(mi/4), 3sin(mi/4)) and

> cos?(ZL) + 0.162‘Sin2(%‘.) (1-0.16%) sin(Z) cos(%)
f (1 -0.16%) sin(7) cos(7) SiHQ(%) +0.162 COSQ(WZ)

fori=1,2,...,8.

3. Involute model: x = (1, x2) with x1 ~ N(rsin(2r),0.4%) and x5 ~ —N (7 cos(2r), 0.42),
where r ~ Uniform(0, 27).

Model 1 and Model 2 are Gaussian mixture models with multiple components. Model 1
involves two independent dimensions, each of which comprises a mixture of three Gaussian
distributions with equal weights. In contrast, the two dimensions of Model 2 are conjuncted
by covariance matrices that vary across components, resulting in a complicated covariance
structure. Model 3 comprises an infinite mixture of Gaussian distributions that concentrate
around an involute of a circle, exhibiting a highly nonlinear structure. While inherently
unimodal, this distribution would manifest multimodality when conditioned on either of
its dimensions. The intricate characteristics of these models typically cannot be effectively
captured by traditional methods. Note that the distributions in all three models are sup-
ported on R?, aligned with our theoretical results in Section 3.5. The simulation studies
empirically validate the effectiveness of our method for density estimation with unbounded
support.

To evaluate the performance of data-augmented nonparametric noise contrastive esti-
mation in higher-dimensional scenarios, we also consider Model 1 with different dimen-
sion d, that is, x = (z1,...,24) and x; ~ (1/3)(N(-1,0.1%) + N(0,0.1%) + N(1,0.12)) for
i=1,...,d, which is a Gaussian mixture model with 3¢ components.

5.2 Simulation results

To compare the performance in 2-D density estimation of different methods, we calculate
numerically some discrepancy measures of distributions, between the true density fy and
the estimated density f , including the Lo distance, Kullback-Leibler (KL) divergence, and
Jensen-Shannon divergence. Since the KL divergence is asymmetric, we calculate both
KL(fo|lf) and KL(f] fo). In addition, we compare the first and second moments of the true
and estimated densities. A good density estimation shall give similar moments to the true
ones.

The configurations for our data-augmented nonparametric noise contrastive estimation
method and neural network training are detailed in Appendix C. For each model, a sam-
ple of size 20,000 is generated. After their corresponding network training processes, the
density estimators of Roundtrip, kernel-based two-stage estimation, flow contrastive esti-
mation, telescoping density-ratio estimation, and our data-augmented nonparametric noise
contrastive estimation are assessed via discrepancy measures and moments. We visualize
the true and estimated densities of the three models in Figure 1, and present the means
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and standard deviations of assessment quantities based on 20 repetitions of experiments in
Tables 1 and 2.

Real Density DANNCE NNCE Roundtrip Two-stage FCE TRE
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Figure 1: True density and density estimations visualized on 2-D bounded regions. Each
row gives results of a model, and the first column shows corresponding true densi-
ties. DANNCE, NNCE, Two-stage, FCE, and TRE refer to our data-augmented
nonparametric noise contrastive estimation, the nonparametric noise contrastive
estimation (our method without data augmentation (p = 0)), kernel-based two-
stage estimation, flow contrastive estimation, and telescoping density-ratio esti-
mation, respectively. Each color bar indicates the scaling of true and estimated
densities in a model.

As displayed by Fig. 1, our method, Roundtrip, and telescoping density-ratio esti-
mation effectively learn the data distributions of all three models. Moreover, our method
demonstrates higher accuracy in Model 3, especially in a neighborhood of the mode. In com-
parison, kernel-based two-stage estimator struggles to accurately identify the components
of Model 1. For Models 2 and 3, the two-stage estimator fails to capture the underlying
structure of data distribution, leading to nearly uniform estimations between components.
These results can be attributed to the fact that the performance of the two-stage estimator
is highly dependent on that of kernel density estimation.

In terms of moments and discrepancy measures, our method generally outperforms
Roundtrip, kernel-based two-stage estimator, and flow contrastive estimation across the
three models under consideration. The performance of our method and telescoping density-
ratio estimation is comparable: our method gives better results in terms of discrepancy
measures, while telescoping density-ratio estimation is more effective in moment estima-
tion. In this 2-D case, the nonparametric noise contrastive estimator (our method with-
out data augmentation) performs comparably to our data-augmented estimator; but for
higher-dimensional experiments presented later, our data-augmented estimator significantly
outperforms the estimator without data-augmentation. We also observe that the KL diver-
gences K L(pg||pm) for Roundtrip are negative across the three models, while the inverse
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KL divergences K L(pq||pm) are very high. This suggests that Roundtrip is possibly unnor-
malized and over-estimate density at certain low-density region.
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Table 2: Simulation Results of Discrepancy Measures

22

Model Method Lo Distance K L(pal|pm) K L(pml|pa) JS(pallpm)
Roundtrip | .3865 £.0255 —2.131 x 1072 +£1.032 x 107> 812.9+£37.93  406.4 & 18.97
Two-stage | .6781 £ .2707 4.167 + 7.964 4.445 +4.275  4.306 £ 3.789

1 FCE 3954 £+ .0801 1385 £+ .0962 1.950 £.7429  1.044 £ .3952
TRE 4182 £ .1110 4076 £ .1455 2128 £ 3781 .3102 £ .2478
DANNCE | .2129 £+ .0210 0373 £ .0556 1468 £ .0557  .0920 £+ .0231
NNCE 2228 +.0404 0387 £ .0708 0933 £ .0788 .0661 + .0625
Roundtrip | .1353 +£.0110 —2.896 x 1073 £1.634 x 10~*  81.63 +£5.508  40.81 £ 2.754
Two-stage | .3323 £ .0908 2.486 £ 7.424 27.35+16.32  14.924+7.074

9 FCE 1537 £.0061 4621 £+ .0780 4.722 £ 7917  2.592 £ 3774
TRE .0469 £ .0080 —.0317 = .0364 0774 £.0384  .0228 £ .0052
DANNCE | .0471 4 .0045 .0492 £ .0493 1251 £.0516  .0871 £ .0359
NNCE .0415 £+ .0081 0032 £+ .0327 .0419 + .0814 .0219 £ .0069
Roundtrip | 5.312 £.2948 —1.936 x 1073 £6.437 x 107>  53.12 £2.259  26.56 & 1.129
Two-stage | 10.64 + 1.285 2.769 £ 6.090 3.094 £1.394  2.932 £2.446

3 FCE 4.182 + 4854 0774 £ .0486 2678 £.0872  .1736 £ .0306
TRE 2.651 £ .4691 0193 + .0274 0326 +£.0282  .0259 £+ .0231
DANNCE | 2.463 4+ .1960 0679 £ .0274 .0467 £.0260  .0573 £ .0063
NNCE 2.442 + 2687 .0193 £ .0282 .0218 £.0247 .0206 + .0047

Notes: Discrepancy measures between the target density and the estimated densities. DANNCE,
NNCE, Two-stage, FCE, and TRE refer to our data-augmented nonparametric noise contrastive
estimation, the nonparametric noise contrastive estimation (our method without data augmentation
(p = 0)), kernel-based two-stage estimation, flow contrastive estimation, and telescoping density-ratio

estimation, respectively.
distances for Model 3 are in 1072.

except for K L(pa||pm)-

Each entry is the mean 4 standard deviation from 20 replicas. The Lo

The best performance among all methods are shown in bold,
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For higher-dimensional cases, we evaluate the performance of a density estimator by
calculating the Spearman rank correlation between the true density and the estimated
density on a test set. A density estimation with a Spearman rank correlation close to 1
would be preferred. For each dimension d = 3,4,...,10, we sample a training set of size
10000-d3 and a test set of size 100,000 from the data distribution. Following model training,
the Spearman rank correlations are computed and displayed in Table 3. For our method and
the telescoping density-ratio estimation, we present the mean and maximum of Spearman
rank correlations based on 5 repetitions of experiments. For Roundtrip, kernel-based two-
stage estimator, and flow contrastive estimation, we report their best results from 5 replicas,
due to the instability exhibited by these methods in this simulation study.

Table 3 demonstrates that our method outperforms Roundtrip and nonparametric noise
contrastive estimation almost consistently across this experiment. Moreover, our method
outperforms telescoping density-ratio estimation when d < 7, while the latter exhibits
superior accuracy when d > 8.

The Spearman rank correlations calculated from kernel-based two-stage estimation are
0.991,0.979, and 0.897 for d = 3,4, and 5, respectively. The performance of the two-stage
estimator is impressive at d = 3 and 4, but shows a sharp decline as d increases to 5. When
the dimension d > 6, the two-stage estimator cannot produce valid results for the data
distribution model being considered. Flow contrastive estimation yields Spearman rank
correlations of 0.831 and 0.762 for d = 3 and 4 respectively, while it performs poorly when
d > 5 for the model under consideration.

Table 3: Simulation Results of Higher Dimensions

Dimension d 3 4 5 6 7 8 9 10
Roundtrip | 0.959 0.957 0.950 0.935 0.923 0.813 0.791 0.789
TRE 0.977 0.963 0.949 0.933 0.927 0.918 0.934 0.942
DANNCE | 0976 0972 0.964 0.952 0.920 0.914 0.898 0.882
NNCE 0.977 0974 0.958 0.939 0.916 0.891 0.872 0.841
TRE 0.954 0.936 0.910 0.924 0.912 0.913 0.924 0.929
mean DANNCE | 0.973 0.969 0.959 0.941 0.918 0.908 0.892 0.875
NNCE 0.969 0.968 0.955 0.933 0.911 0.884 0.865 0.821

Notes: Spearman rank correlations between true density and density estimations of
different methods in higher dimensions, with the best performance shown in bold.
DANNCE, NNCE, and TRE refer to our data-augmented nonparametric noise con-
trastive estimation, the nonparametric noise contrastive estimation (our method with-
out data augmentation (p = 0)), and telescoping density-ratio estimation, respec-
tively. In DANNCE, p is set to 0.3 for d < 8 and to 1 for d = 9 and 10. Max and
mean denote the maximum and average values based on 5 replicas.

max

We also conduct experiments to illustrate the influence of the hyperparameter p on the
performance of our method. Figure 2 visualizes the Lo distances (2-D case) and Spear-
man rank correlations (higher-dimensional cases) between the true and estimated densities
with different values of p. The means and 95% confidence intervals of these assessment
quantities are presented, based on 50 repeated trials for the 2-D case and 20 trials for the
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higher-dimensional cases. In the 2-D case, increasing p cannot lead to a better estima-
tion. However, the performance exhibits a significant increase as p varies from 0 to 5, in
the higher-dimensional cases with d > 5. For dimensions of 3 and 4, similar results are
obtained across different values of p. Relatively high Spearman rank correlations can be
achieved with p = 1, which supports our theoretical optima range of [1/3,1] in Section 3.3.
Balancing estimation accuracy and computational efficiency, such a range remains effective.
We can employ values of p around 1/3 in low-dimensional cases and values around 1 in
higher-dimensional cases.

(a) 2-D case (b) Higher dimensional cases
0.98 1
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Figure 2: The performance of our method as p changes. We use a sequence of p values, 0,
0.1, 0.2, 0.3, 0.5, 1, 2, and 5. The lines denote the means of the assessment quan-
tities, and the shaded bands indicate the corresponding 95% confidence intervals
from repeated trials. (a) The Lo distance between true and estimated densities
in the 2-D case. All values have been multiplied by 100. Results are based on
50 replicas. (b) The Spearman rank correlation between true and estimated den-
sities, for d = 3, 4, 5, 6, and 7. A higher Spearman rank correlation indicates
better performance. Results are based on 20 replicas.

5.3 Real data studies: Shuttle and Mammography datasets

We apply our method to two real-world datasets, Shuttle (Feng et al., 1993) and Mammog-
raphy (Woods et al., 1993), both of which are available from the ODDS database (Rayana,
2016). We conduct anomaly/outlier detection task on these datasets, a practical applica-
tion of density estimation. Specifically, a data point with a significantly low density value
is considered likely to be an anomaly.

The Shuttle dataset contains 49, 097 samples from seven classes. Each sample consists of
an 8-dimensional feature vector and a class label. For the outlier detection task, the largest
class (Class 1) is regarded as the inlier set, the second-largest class (Class 4) is discarded, and
all other classes are combined to form the outlier set. Consequently, approximately 7% of
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the samples (3,511 instances) are considered outliers. The Mammography dataset contains
11,183 samples collected for detecting microcalcifications in mammogram images. Each
sample consists of 6 features extracted from mammograms, and a binary label indicating
whether the instance is normal (inlier) or abnormal (outlier). Among these samples, 260
instances (approximately 2.32%) are outliers. For each dataset, we first combine the inlier
and outlier samples and then randomly split the data, with 90% of the samples used for
training and 10% for testing.

For our data-augmented nonparametric noise contrastive estimation method, we set
the hyperparameters v = 5 and p = 1. The Gaussian distribution Ny(m, o?I) is used as
the reference distribution, where m is the sample mean and o2 is the maximum sample
variance across all data dimensions, calculated from the training set. We compare our
data-augmented nonparametric noise contrastive estimation with Roundtrip and telescoping
density-ratio estimation. The methods are evaluated using precision at k, which measures
the proportion of true outliers among the top-k points identified as outliers by the detector;
in our case, they correspond to the top-k points with the lowest estimated density. We set
k as the number of true outliers in the test set, and a precision closer to 1 indicates better
performance.

The analysis results are reported in Table 4, which presents the average precision based
on three repeated trials. From Table 4, one can see that our method exhibits superior
performance on the Shuttle dataset compared with Roundtrip and telescoping density-ratio
estimation. For the Mammography dataset, the precision of our method is comparable
to Roundtrip and is higher than that of telescoping density-ratio estimation. The anomaly
percentage of the Mammography dataset is relatively low (2.32%), and our method performs
competitively and stably. The nonparametric noise contrastive estimation (our method
without data augmentation) does not perform well on the two datasets, and thus its results
are not reported.

Table 4: Anomaly detection results on the Shuttle
and Mammography datasets

Roundtrip TRE DANNCE
Shuttle 0.959 0.914 0.970
Mammography 0.482 0.432 0.481

Notes: The precision at k of different methods
on two ODDS datasets, with the best perfor-
mance shown in bold. DANNCE and TRE re-
fer to our data-augmented nonparametric noise
contrastive estimation and telescoping density-
ratio estimation, respectively. Each entry is the
average value from three replicas. The results
of Roundtrip are from Liu et al. (2021).
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6. Conclusions

In this paper, we propose a data-augmented nonparametric contrastive learning approach
to density estimation, which leverages the power of deep neural networks in approximating
high-dimensional functions. Our density estimator is simple and easy-to-implement. The
proposed data augmentation technique addresses the selection of reference distribution to
some extent and improves performance in some practical applications. It also enjoys some
theoretical merits, for example, the lower-bounded density assumption can be avoided. Un-
der relative mild conditions, we establish non-asymptotic error bounds for our estimator
and provide theoretical guarantees for our method. With certain choice of network param-
eters, we show that our error bound can achieve the minimax optimal rate n=28/(d+25) of
standard nonparametric regression. Under a compositional structural assumption on the
target density, we have shown that our estimator can circumvent the curse of dimensionality
with a faster convergence rate max; n=2%/(@+257) which depends merely on the intrinsic
dimension of the target density, and attains the minimax optimal rate under compositional
structure assumption.
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Appendix A. Proofs of lemmas and theorems

In this section of the Appendix, we include the proofs for the lemmas and theorems stated
in Sections 3 - 4.

A.1 Proof of Lemma 4
Proof Notice that fo = (1+p)fm —pfr < (14 p)fa and fn = (1 +p)fM — pfr, we have

1= foll sy = [ 1Fal@) = fo@)fofa)da
— (14 )’ /Q Fuale) — faa(@) fola)de
< (140 /Q Fa(@) = Fra(@)Pfan(z)de

= lfm = Pl

given any training sample S. Taking expectation with respect to S gives the desired in-
equality. |

A.2 Proof of Lemma 5

Proof We first prove a somewhat more general result than Lemma 5. Suppose that there
exist positive constants [, L, l., Ly, v and I" such that | < fr < L, I, < f. < L,, and
v < f <Tforall fe€ Fon|01]¢ we show that c||f — f*H%2(f*) < R(f) — R(f) <
callf — fill? 1,(f.) for some positive constants ¢1 and c.

In this case there exist positive constants m and M such that

(12)
mfr < f<Mfr, VfeF.
Specifically, we can choose m = (Ix Avy)/L and M = (L. Vv T)/L
According to the definition, we can rewrite the noise contrastive risk as
f ( ) vfr(u)
/f* log o fal du+ V/fR ) log mdu}
Therefore,
_ f(u) + vfr(u) fe(u)
RO = R() = [ [(0)+ vi()log LOTIRE 4 f ) 1og Tl au. (13)

We denote the integrand in (13) as W(f, f«, fr)(u). Consider the function

e’ +vc e’ +ve
ga(b) = log +a—b.

e e 4+ ve
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We have )
“+ve e e +ve ve

' (b) = € 1 "0p) — b
9a(b) i dre b 9 (1 v

and that g,(a) = 0, g/ (a) = 0. For any a,b such that mc < e* < Mec,me < e® < Me, we
have

€,

1 w
>
ga(b) = 7‘{(7‘[ I/)

Hence,
my

alb) 2 57
9a(%) 2 Spr T 1)
While a,b < log(Ls V T'), it holds that |e® — e?| < (L. VT)|b— a| and

(b—a)?

9a(b) 2 2M (M +v) (L, VT)? (e” — M),

Taking a = log f.(u),b = log f(u) and ¢ = fr(u), we obtain

W(f, fx, u mv
(f;i(uJ;R)( ) > ST (T vr)2{f(u) — fe(u)}? (14)

Now consider the function

a+ve b+ rvc a
a - 1 1 —.
ha(b) " oga+yc+ ogb

Likewise, when b > v, it holds that h,(b) < (b—a)?/(27?). Taking a = f.(u), b = f(u) and
¢ = fr(u), we have

W (f, fs; fr)(w)

fe(u)

Multiplying by f.(u) and taking integrals in (14) and (15), we have c1||f — f*|]%2(f*) <

R(f)—R(f«) < callf — f*||%2(f*), where ¢; = mv/{2M (M +v)(L, VI)?} and ca = 1/(2+?).

Under Assumption 3, there exist positive constants I, L, and Lg such that [ < fr < L,

fo < Lo. Thus, pl/(1+p) < fam < LV Ly. By definition of F,, v < f < T holds for

all f € F,. Therefore, c1||f — fMH%z(fM) < R(f) = R(fm) < el f — fMH%Q(fM) holds for

any f € JF,, where ¢; and ¢y are constants only depending on v, p, Lg,v,[', and fr. This

concludes the proof of Lemma 5. |

1 2
< W{f(U) — fe(w)}” (15)

A.3 Proof of Lemma 6
Proof By Lemma 5, there exists positive constants c¢; and ¢y such that
crllfm = il gy < BUM) = R(fm) < e2llfm = fmllTy )

Taking expectation with respect to sample S, we have

A~

Esll fat = fatlda(rp < —EsR(frr) = RUM.
C1
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For any € > 0, there exists f. € F, such that || f.— fMHL2 (o) S inffer, Ilf— fMHL2 (a0 TE
Since fa( minimizes R(f), we have R(fM) < R(fe), and that

EsR(fm) < EsR(fe) = R(fe).

Therefore,

Esllfat = Fatlidy ) < —EsIR(F) — R(fa)]

¢
— “Eg[R(fw0) ~ R(E) + B — R(fa)
< BslR(a) - R(Fan)) + - R() = R(a)
1 .
< EES[R(fM) — R(fm)] + Cije — ImlZ (00
1 .
< CEs[R(fan) ~ RO+ 2 0001 = g + o
Letting ¢ — 0, we get the desired result. |
A.4 Proof of Lemma 7
Proof By definition, we have
R(fm) — R(fm)
Fam(u) vir(u)
= — log — log — d
[ {mtnos e vt os
e fa) 1 QR vfr(2)

—_ log — lo
FT o &t g T X ) osn)

Partition the sample S = {Y1,. .., Yiypn; 21, - - - s Zy(ntpn) } into contrastive sequences | J;_; S;.
Each contrastive sequence S; is composed of an augmented data point and v contrastive
noise data points, i.e. S; = (Yi, Z,(—1)41,--+5Zvi) for i = 1,...,(1 4+ p)n. Let S’ be an
independent copy of S. Define

9(f, (y,z1,...,2,)) :— log

fy) +vir(y) = f(zj) + vfr(z)
for any f € F, and sequence (y, 21, ..., 2,). With these notations, we can rewrite R(fM) —
R(fm) as
(14+p)n
. L 1 .,
R(fan) = R(Fm) = 7 ym Z {9(fm. i) — Esrg(far, S} (16)
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To provide an upper bound for Eg[R(fa() — R(fa)], we leverage expression (16). By
Assumption 3 and (12), for any f € F,, we have

/() +VfR +Zlg (25) + v fr(2))

—9(f, (21, ) = log ==————= vir(z)

M
< log (14—%) + vlog (1—{—7).

And it is straightforward to see that g(f,-) < 0. Therefore, for all f € F,,g9(f,-) € [-K,0]
where K =log(1 4+ v/m) + vlog(l + M/v). It follows from Lemma 29 in Appendix B that
(set o =t and € = 1/2 therein), for any ¢ > 0,

1 (1+p)n )
( 1+ p)n ; {9(fm. Si) = Esrg(faes S7)} > t)
l—I—p
< Pr(ﬂf € ]'—na Z {9(f,S;) —Egg(f, Sz,)} > t)

H1 + 3t(1+p)n
S 4]EN1 <(10p)7 g7 Sl:(1+P)n> eXp ( N (].60[?)>,

where G = {g(f,-) : f € Fn}. Since

t(l+ t(1+p)n t

BN ("D G5 in) <M (2 G 1 n) < Mo (.61 o)),
10 10 10

our next step is to bound N (t/10,G, (1 + p)n) by Noo(€, Fpn, (1 + v)(n + pn)) for some

€>0.

By the definition of uniform covering number, for any U1:(140)(ntpn)> there exists
Flict iy mspmy R (+n) with cardinality |]: ]ul (14 (ntom) ‘ < Noole, Foy, (1 +v)(n +
pn)), such that for all f € F,, there exists vector f € fn|u1);<1+,,)(n+pn> satisfying
MaX] << (14v)(ntpn) | (i) — fil < €. Note that for any u, v < f(u) < I', we can assume
without loss of generality that v < f; <T forall 1 <i < (1+v)(n+ pn).

For1 <i<(l+pmn,let ; ={1+pn+vi-—1)+1,....,(1+pn+vi} and s; =
(wisur) = (Ui U4 pyntw(i=1)+1s - - - » U(14p)nwi)- For any g(f,-) € G with corresponding
feFnand fe fn’gel):(wu)(n-wn)’ define g = (g1,...,gn) € RUFA™ by

+Dlon pE 1si< Ut

g =lo fJ+VfR(UJ)

gfz"‘”fR

Let G : RH+¥)(ntpn) _ RO+2)7 e the function mapping f to § as above. The collection of
vectors g can be written as

g|81 (1+p)n {g = (f) f 6 ”F ‘ul (1+u)(n+pn)}
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We have ‘Q\gi):(lﬂ)n‘ | P |u1 (140)( |. Moreover, for all 1 <i < (1+ p)n,

n+pn)

N S (ui) B fi A i + vir(u))
l9(f.5:) — 5il < | 1og T I A rn R o Lk o e e
VfR(“z) Vm Xi1 ) — f
< Flunfs 0TI Gy ) il

(e

So maxy<i<(14p)n |9(f; 8i) — Gi| < ke, where & = v/(m~y) 4+ 1/1. That is, the set Q[Sl (o C
R™is a ke-cover of G5, ., . With respect to the ||-[|oo norm. This 1mphesj\f (K€, G, S1:(14p)n)

< \g]sl spyn] S Noo(€, Fn,y (L+v)(n+ pn)). By taking all sy.14,), (i-e. all i1yt pn))
into account, we have

Noo(ke€,G, (14 p)n) < Noo(€, Fn, (1 +v)(n + pn)),

and Noo(t/10,G, (1 + p)n) < Noo(t/(10K), Fp, (1 + v)(n + pn)) follows directly.
Given the tail probability bound

(I4+p)n

( Z {9(fr: Si) —Esrg(far, S} > t

)
§4EN1((IFOM .G, 8. 1+p)n> exp( 375116;;[? n)

< AN, (13 ]-"n,(l—i—y)(n-i—pn)) eXp(— W)’

we can bound the expectation as below:

st o

(1+p)n

Z {9(fm, Si) —Esrg(fam, S@{)}}

+p)n
1+p N

< ap +/ ( Z {9(fm,Si) —Esrg(fam, S))} > t)dt

o . 3t(1+ p)n
<ap+ / W”(W’fm (1+v)(n+ P”)) exp (g )

" o, 3t(1+ p)n
< an +/an W"‘?(mvfm(l F )+ pm)) exp ( - W>dt

3an(1+ p)ny 160K

< ap + 4N < s Fn, (1 +v)(n+ p”)> “xp < T 160K >3(1 +p)n’

Take a, = log(4Noo(K/{k(1 + p)n}, Fn, (1 + v)(n + pn))) - 160K/{3(1 4+ p)n}. Note that
an/(10K) > K/{k(14+p)n}, and Noo (K /{(14+p)n}, Fn, (14v)(n+pn)) > N (an,/(10k), Fp,
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(1+v)(n+ pn)). Then,

tpn R
{9(fm: ) — Esig(fu, S}
=1
160K log (Noo (st Frs (L) (0 + pn))) +1

~3(1+p) n

(
1
Es [(1 +p)n

In view of (16), we have

. . log (Wm(m,fn,(l+u)(n+pn)))
Es(R(fu) - R(fa) < K D

, (17)

for some universal constant C.
Our final step is to bound the uniform covering number. It follows from Theorem 12.2
in Anthony and Bartlett (1999) that, for n > Pdim(F,)/{(1 +v)(1+p)},

e(l+v)(1+ p)2n2mP>Pdim(fn)

I (H(len (1+v)(n+ pn)) = ( KPdim(F,)

+p)n

Furthermore, by Theorem 7 in Bartlett et al. (2019), the pseudo-dimension of the class of
networks is bounded by its architecture parameters:

Pdim(F,) < C'SDlog S,

where C’ is a universal constant. Combining the upper bounds of uniform covering number
and pseudo-dimension in (17), we have

Bs[R(fum) — R(fum)] < sSDlog 57,

where c3 = CoK (1 + p)~tlog((1 + v)(1 + p)2kT'/K), for some universal constant C. This
concludes the proof of Lemma, 7. [ ]

A.5 Approximation error bound

Lemma 19 (Approximation error) Suppose that Assumptions 3 and 8 hold, and v <
pl/(1+p), I' > LoV L where l, L are positive constants such that | < fr < L. Then
for any P,Q € Z,, there exists a function f. € F, = F(D,W,S,~,T") with width W =
38(| 3] + 1)2dPIH1 Plog, (8P)] and depth D = 21(| 8] + 1)2Q[logy(8Q)] such that

Ifs = Fall3y g0 < 324B3(1B] + 1) 2P0V (PQ) =19/,

Proof For J € Z, and 6 € (0,1/.J), define a region Q([0,1]%,.J,6) C [0,1]? as

([0, 1)¢, J,8) = LdJ {x: (@1, ... ]z € jU_ll (%4%)}

=1
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By Theorem 3.3 in Jiao et al. (2023), there exists a function f. € F, = F(D,W,S,~,T")
with width W = 38(s + 1)2d**! P[log,(8P)] and depth D = 21(s + 1)?Q[log,(8Q)], such
that

£+ (x) — faa()] < 18Bo(s + 1)2dsTBVD/2(pQ)=20/d,

for any = € [0,1]4\ Q([0,1]%, J,6) where J = [(PQ)%*%] and ¢ is an arbitrary number in
(0,1/(3J)]. Note that the Lebesgue measure of ([0, 1]¢, .J,4) is no more than d.JJ, which
can be arbitrarily small if ¢ is arbitrarily small. By absolute continuity of the distribution
corresponding to faq with respect to Lebesgue measure, we have

| fs — fM||%2(fM) < 1823(2)(5 + 1)4d2s+ﬂv1(PQ)—4ﬁ/d'

Thus we complete the proof of Lemma 19. [ |

A.6 Proof of Theorem 10

Proof Due to Lemma 6, the expected Lo-risk for estimating faq can be decomposed into
the sum of stochastic error and approximation error:

1 A .

N ~ C .
sl = a0 S EslRUn) = ROFA + 2 inf 1f = fualiyrpge (19)

By Lemma 7, we bound the stochastic error by

Es[R(fa) — R(fu)] < esSDlog S ", (19)

By Lemma 19 in Appendix A.5, we bound the approximation error by

A F = faall L a < B24BS(L8) + D PP, (20)

Combining (18), (19), and (20), we have

1
R 4 B8] + ) P (P (a1

Es|| fa — Frll, a0 < €4SDIogS -

Since ¢, ¢z and ¢z only depend on v, p, Lg,v,T', and fr, it is clear that ¢/, ¢} are constants
only depending on v, p, Lg,7,I’, and fr. Finally, Lemma 4 implies that

- logn
Es | fn = foll7, ) < caSD log S22 | ¢s B2(| 8] + 1)4a?81+AVI(py=48/d,

n

where ¢y = (14 p)3c} and c5 = (14 p)3ch. Setting P = 1 and Q = [n¥/{2(@+20)}]  we obtain
the error bound (7) in Theorem 10. This concludes the proof of Theorem 10. |
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A.7 Proof of Theorem 13

Proof Suppose that fg > [, then faq > pl/(1+ p). It follows from the definition of total
variation distance that

EsTV(fat, fat) = LEs / Fu) — Fa()ldy

< 5B [ 1) = Faalo)l faale) Ly
1 R

= L BBy g fan(Y) = ()]

< S ESBy gl i (¥) = SV}
1+ ;

= 5,1 {Bslliv— ul )

where the penultimate line follows from the Jensen’s inequality. By inequality (21) in
Appendix A.6,

R logn _
ES”fM — fMHQLQ(fM) < CZLSD log S% + C%Bg(LBJ + 1)4d2|_/3J+5\/1(PQ) 45/d,

where ¢ and ¢ are constants only depending on v, p, Lo, v, " and, fr. Therefore,

R 14 R
ESTV(fu, fad) < =5 FAEslln — follh 0}

< 1+p
- 2pl

/
_ s p)\/a@mogslogn)l/?
2pl n

1/2

1
{cs8D 108 5 4 esBR(15) + 1)1+ (PQ) 19/

+ WBOM +1)2alIHEVD2 (P20,

Note that TV(fy, fo) = (1 + p)TV(far, fr). Letting ez = (14 p)%/c}/(201), cs = (1 +
p)%\/cs/(2pl), we have

logn

- 1/2
EsTV(fn, fo)gc7(sp1og3 ) + cgBo(| 8] + 1)2dLBI+BVD/2(p)=28/d

n

and ¢, ¢g only depend on v, p, Ly, v, T, and fr. Setting P = 1 and Q = [n¥/{2(d+20)}]  we
obtain the error bound (8) in Theorem 13. This concludes the proof of Theorem 13. |

A.8 Error analysis for the unbounded-support case

In this subsection, we present an error analysis of our estimator for estimating densities with
unbounded support, with a focus on the differences between the theoretical analysis in this
setting and the bounded case. First, a positive and continuous reference density supported
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on a compact domain is lower bounded, while this property does not hold for unbounded
domains. Second, conventional neural network approximation theory for approximating
function with compact domain and is not directly applicable to the unbounded support
case. To address the complications associated with unbounded support, we will leverage
the truncation technique and assume that the target distribution has a sub-exponentially
decaying tail.

In the following, we denote the target distribution (probability measure) as po; that is,
wo(dz) = fo(x)dz. We make the following assumptions on the target density fp and the
reference density fr:

Assumption 20 The target distribution pg is sub-exponential in the sense that
po(RN\ [—z, 2]%) < Cdexp(—ax), ¥ z > 0, (22)

for some positive constants a and C. Furthermore, there exist positive constants Lo and
Ly such that fo < Lo and 0 < fr < Lgr on R?. In addition, there exists a positive number
Ir that depends on t and d, such that fr > lr on .

Assumption 21 (Ho6lder smoothness) The densities fo, fr € HP(R?, By) for a given
B > 0 and some finite constant By > 0.

In Assumption 20, we require the reference distribution to satisfy fr > Iz on ;. Since
the integral of fr over  is upper bounded by 1, it follows that Iz < (2t)~?. Therefore, Iz
depends on both t and d. We also select the lower bound of the neural network, v, to be
a function of ¢ and d. In our theoretical results, we establish the dependence of the error
bounds on Iz and v explicitly.

When the truncation level ¢ is a function of the sample size n, it follows that the reference
distribution also depends on n. Assumption 20 is satisfied when the reference distribution
is Ng(0,0°T), Gaussian distribution with mean 0 and covariance matrix oI, where o is a
function of n. Further details will be provided subsequently, following the proof of Theorem
16.

Next, we decompose the expected Lo-risk of f,, into the error on the truncated domain
and the error due to truncation. Before proceeding, similar to the definition of || f — f, H%Q( £y
we let

19117, s.5a) = Exeor. [l9(X)PLa(X)] = /A lg(2) | fu () dae
for any probability density f. on R? function g : R — R, and subset A C R

Lemma 22 (Error decomposition) Given any t > 1/2, suppose that Assumption 20
holds, and v < 1. Then, the expected Lao-risk of the data-augmented nonparametric noise
contrastive estimator f, defined in (9) satisfies

Esl| fo = foll o) < 137 R Es[Re(fan) = Re(fan)] + cray %15 fienji 1F = im0

+ cisEsl[ fam — fMIl%Q(fO;Qg),
(23)
where c13 and c14 are constants only depending on v, p, Lo, I', and Lg, and c15 is a constant
only depending on p.
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Proof According to the proof of Lemma 4, we have

1 = foll gy = L+ p)? /Rd |[fa(x) = fa (@) fo()da (24)

given any training sample S. Furthermore, it follows from fo = (14+p)fim—pfr < (14p) fm
that

[ Vsa) = faa(o)P e
=, |fa(@) = faa()? folx)de

+ [ 1) = @) ol
of (25)

< (1+p) ; |[fa(@) = faa(@) P faa () d

+ /Q (o) — @) o)

= (L+p)lfra = Fmll o gy + 1M = fM||i2(f0;Qg)~

In the following, we intend to show a calibration condition in terms of || f — f*||%2( £
and R (f) — R(f«), an inequality similar to (5) in Lemma 5. Suppose that f, < L, and
v < f <Tforal feFonRY and there exist positive constants m and M that may
depend on t such that

M
(26)
myfr < f < KfR7 VfeF

on ;. Then, according to the proof of Lemma 5, we have

1
VR If = Fell (i) < Be(f) = Re(f2) < 5511 = FellZopusnys (27)
2y

where cq = mv/{2M (M + v)(L, vV T)?}. To show this, we only need to replace the domain
with €;; specifically, we only consider the values of functions f, fi, and fr and the integrals
on ;.

Under Assumption 20, there exist positive constants Ly and Ly, as well as a positive
number Iz, such that fy < Lo and Ig < fr < Lr on ;. Thus, foq < LoV Lgr. By the
definition of F,,, v < f < T for all f € F,. Therefore, (26) holds for f, = foq and F = F,
by setting m = (1/Lg) A{p/(1 + p)} and M = max{Lo, Lg,T'}. It follows that (27) holds
for fi = fpm and f € F,,, with constant ¢y depending solely on v, p, Lo, I', and Lg.

It can be shown along similar lines as in the proof of Lemma 6 that

< < I 1
ESHfM - fMH%Q(fM;Qt) < CO;%ES[Rt(fM) - Rt(fM)} + mfien}f_n Hf - fMHLQ(fM;Qt).
(28)
Taking expectations on both sides of (24) and (25), and combining with (28), we obtain the
desired inequality. |
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The three terms on the right-hand side of (23) are the stochastic error, the approximation
error and the truncation error, respectively. In the following, we establish upper bounds for
these error terms in Lemmas 23, 25, and 26 respectively.

Lemma 23 (Stochastic error) Let F,, = F(D,W,S,~,T") be the class of feedforward
neural networks activated by continuous piecewise linear activation function with finitely
many inflection points, and let v < 1. Given anyt > 1/2, let foq € arg min ez, Rt(f) be a
minimizer of the truncated empirical risk over F,, and suppose that Assumption 20 holds.
Then, for n > Pdim(F,)/{(1+v)(1+ p)},

= A o logn
Es[Ri(fam) = Re(Fa)] < ¢y 25 SDlog S,
where ¢} is a constant depending only on v, p, Lo, T', and Lg.

Proof According to the proof of Lemma 22, we have
M
myfr < fm = R
R
M
myfr < f < Efn, VfeF,

on 4, where m = (1/Lg) A {p/(1 + p)} and M = max{Lg, Lg,I'}. We can show along
similar lines as in the proof of Lemma 7 that

. A . o logn

Es[Ri(far) = Re(fa0)] < 712! SDlog S,
where ¢, = CK(1+ p)~tlog(e(1l +v)(1 + p)?sT'/K), K = log(1 + v/m) + vilog(l + M/v),
k=1+v/m, and C is a universal constant. This completes the proof of Lemma 23. |

Lemma 24 (Clipping functions) Given K > 0, we define ng : R — [-K, K] by

-K, zé€(—o0,—K),
nk(z) = z, z€l|-K, K],
K, ze (K, +o0).

There exists a clipping function Cx : RY — [—K, K] at level K implemented by a ReLU
neural network with depth 1 and width 2d such that for any x = [x1, 2, . .. ,ZL‘d]T € RY,

Cx(z) = [nk (x1), K (x2), - - ., 0K (2a)] -
Proof It is clear that Cx(x) = o(x + K1) — o(x — K1;) — K14, where 1,4 denotes the
d-dimensional vector with all elements equal to 1. This expression implies that the clipping
function Cx can be implemented by a ReLU neural network with depth 1 and width 2d.
Thus, we conclude the proof of Lemma 24. |
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Lemma 25 (Approximation error) Given anyt > 0, suppose that Assumptions 20 and
21 hold, v < plr/(1 + p), and T' > Ly V Lr. Then for any P,Q € Z., there exists a
function f. € Fn = F(D,W,S,~,T) with width W = 38(| ] 4+ 1)2dP!+1 P[log,(8P)] and
depth D = 21(| 3] + 1)2Q[logy(8Q)] + 1 such that

e = FaalF s < 324(26)% B3 (s + 1)*d> TV (PQ)~4/4.

Proof We construct an approximation f, of the mixture density fi on the truncated
domain €, and bound the Lo(faq; ;) approximation error.

First of all, we use the clipping function Cx defined in Lemma 24 (set K = ¢ therein)
to clip the unbounded domain. That is, for any 2 € R?, we have C;(z) € ;. We only need
to consider the approximation of fas on the truncated domain €.

Then, we employ the mapping & = T (x) = (x + t14)/(2t) to transform the domain €2
into the domain [0, 1]%. Notice that the mapping 7 is linear and invertible. We denote its
inverse as = 7 (). We further define a new target function f° by f°(%) = fm(T (%))
for any & € R?. Clearly, foq(z) = fO(T (x)) for any 2 € R%. Under Assumption 21, the new
function f° belongs to the Holder class H? (R, (2t)” By).

For J € Z, and 6 € (0,1/J), we define Q([0,1]%,J,8) C [0,1]? as the same region pre-
sented in the proof of Lemma 19. By Theorem 3.3 in Jiao et al. (2023), there exists a function
fT implemented by a deep ReL U neural network with width 38(s+1)2d**! P[log,(8P)] and
depth 21(s + 1)%2Q[log,(8Q)] such that

1FH(@) = £o(&)] < 18(2t)P By(s + 1)2d5TBVD/2(pQ)—2h/d,

for any # € [0,1]%\ Q([0, 1], J, ) where J = [(PQ)%¢] and § is an arbitrary number in
(0,1/(3.J)]. Note that the Lebesgue measure of Q([0,1]%,.J,6) is no more than d.J§, which
can be arbitrarily small if § is arbitrarily small. Moreover, (2t)¢f° is a probability density
function on RY. By the absolute continuity of the distribution corresponding to (2t)9f°
with respect to Lebesgue measure, we have

1FT = £213, oy ooy < 1822607 B (s + 1) > TV (PQ)~44/1. (29)

Let f.(x) = f1(T o Ci(z)). We claim that f, is a good approximation of the original
target function faq on the truncated domain €2;, and can be implemented by a deep ReLU
neural network. According to the error bound (29), the approximation error of f, on € is

15 = Pt gaeon = [ V@) = Faa@) Ll
= [ 1T o) = TP (T @)
= [ VT = T @RS (T @)
- /[o,qd F1(@) — £2@) Pt (@) dz

= HfJr — f0||%2((2t)df0;[071]d)
< 324(2t)% B2(s + 1)4d>+0V1(pQ)—48/d,
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Finally, it remains to calculate the complexity of the ReLLU neural network implement-
ing f.. By Lemma 24, C; can be implemented by a ReLLU neural network with depth 1 and
width 2d. Notice that 7 is linear and the ReLU neural network implementing f! has width
38(s + 1)2d**1 P[log,(8P)] and depth 21(s + 1)2Q[log,(8Q)]. It follows that fi. can be
implemented by a ReLU neural network with width 38(s + 1)2d**! P[log,(8P)] and depth
21(s + 1)2Q[log,(8Q)] + 1. This concludes the proof of Lemma 25. [ |

Lemma 26 (Truncation error) Given any t > 0, suppose that Assumption 20 holds.
Then, the truncation error satisfies

Es||fm — fMH 2 (f0:08) < ¢4Cdexp(—at),
where ¢y is a constant only depending on Lo, I', and Lg.

Proof Given any training sample S,
1t = 101, gy = [ 1Fra(@) = Faa() ol
t

<+ Lovia) [ fe)ds

= (T + Lo V Lg)?uo (92F)
< (T'+ Ly V Lg)*Cd exp(—at),

where the last inequality follows from (22) in Assumption 20. This concludes the proof of
Lemma 26. |

According to Lemmas 23, 25, and 26, there exists a trade-off between these error terms.
As the truncation level ¢ rises, the approximation error increases, whereas the truncation
error decreases. Moreover, the stochastic error bound depends on ¢ only through Iz and ~.
With a proper selection of ¢, we can establish the non-asymptotic error bounds in Theorem
16.

Proof of Theorem 16 By Lemma 22, the expected Lo-risk of f,, can be decomposed into
the sum of stochastic error, approximation error, and truncation error:

Es|| fo = foll7, ) < 137 R Es[Re(fad) — Re(fa)] + cray 15 fien; 1 = Fall s pacscrn)

+ cisEs|| faa — faall? 2 (foi28)°
(30)
By Lemma 23, we bound the stochastic error by

logn

Es[Ri(far) — Bi(fam)] < v 215 SDlog (31)
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By Lemma 25, we bound the approximation error by
Aot f - PMIT (a0 < 324(26) 7 B (s + 1)'d> 0V (PQ) /1. (32)
By Lemma 26, we bound the truncation error by
Esllfa = Sl gy .q0) < 2Cdexp(—at) = c;Cdn™". (33)
Combining (30), (31), (32) and (33), we have

- 3. logn _a._ B _
Es fn = foll (s < c167 Iz SDlog S% + ey 3152 (2028 (s + 1) AV (PQ) 48/

+ Clgdnfl
logn

= 0167*3@38@ log S
+ ey S1R2(2/a)%P (s 4+ 1) 4> VL (PQ) 4P/ (1og n) 2P

+ Clgdn_l.

Notice that ¢13, c14, and ¢ are constants only depending on v, p, Ly, I', and Lg, ¢15 only
depends on p, and ¢, only depends on Lo, I', and Lg. Then, it is clear that

e ci6 is a constant only depending on v, p, Lg, I', and Lg;
e c17 is a constant only depending on v, p, Lg, I', L, and By;
e cjg is a constant only depending on p, C, Lo, I'; L.
Setting P = 1 and Q = [n%/{2(@+28)}7]  we obtain the error bound (10) in Theorem 16. This

concludes the proof of Theorem 16. [ |

Lastly, we demonstrate that Assumption 20 is satisfied when the reference distribution
is Ny4(0,0°I), based on which we can derive a refined error bound. Specifically, the choice
o = a'logn leads to a lower bound fr > Ig :— (2me)~%?(a"'logn)~? on the truncated
domain €. Then, by setting v = plr /(1 + p), we can establish the following error bound:

sl fn = JollZ(s)
< 020(7re/2)3d{(2/a) V. 1}2B+6d(L5J + 1>9d2LﬁJ+3(ﬁvl)n—%(log2 n)2(,8v2)+6d,

where coq is a constant only depending on v, p, C, Lo, I'; L, and By.
A.9 Proof of Theorem 18
Proof By Assumption 17 and fgr € CS(q,1,d, 3, By),

@Do... o

fo=9g@og - ogW,
fr=hDopldVo...opM),
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with ¢® and A (i =1,...,¢q) defined by
gD (@) = (gt W), g (W)
(@) = (b (1), hD (1),
We can show that fuq is also a composition of functions by placing the compositional

structures ¢g(@ o gl o ... 0 g and D o b=V o ... 0 BV in parallel. Specifically, the
functions ¢(¥ and h() at each level of composition are concatenated as follows:

g9 (@) = (@ W), g (W), h (V) 0 (0 02))T, (34)
where g« RY — R, WiV = wi, vl = vV 1 <j <n), g % o R
(1<i<ygq),and

Wj(l) - [W](l) Odini—1:| ) ‘7](2) - |:0di><li—l VJ(Z)] y 1<i<q, 1<5< ls.

Then, we have

g( ) (q 1) N og(l) = (fO?fR)T'

°g
In addition, we define gt (z) = g§q+1)(W(q+1) ), with g§q+1)($) = (LoV L)z and Wl(q+1) =
(LoV L)~ (1/(1 + p), p/(1 + p)). As a result,
§(4+1)

1
@o...0q1 = 1+pf0+1ipr=fM-

°g

By (34), g (2) = (g’ (W), g (W) with g1 = ¢ (1 <j < 1;) and g =
h;zzli (I; +1 < j < 2l;). Hence, g](-z) € HP(]0,1]%, By) for all 1 S 1<qg+1,1<7j<I;. Note
that dy11 = 1 and (441 can be arbitrarily large.

Therefore, faq € CS(q+1,(d, 20y, ...,2l4-1,2,1),(d, 1), (B, Bg+1), Bo). By Lemma 30,

for any P,Q € Z, there exists a function faq, : R? — R implemented by a ReLU network
with width W = 76(|8] +1)? max; {1;3%d." "1} Pllogy(8P)] and depth D = 21(g+1)(5] +
1)2Q[log,(8Q)] + 2 >4, di + 3q + 2 such that

£ol@) = faa(@)] < da(Bo v 1)T(8) + 12O max(PQ) 21/,
for all € [0,1]? and some ¢ depending on {li}g:_ll . Consequently,
| fae@) = Faa@)F 7, < (€00 (Bo v 1?28 + 1) 2T max(PQ) =47/,
By Lemmas 4, 6, and 7, we have
Esl|fn = foll, ) < c108Dlog Sloﬂ +en([8) + )iz m?X(PQ)_w;/di,

where c¢1g is a constant only depending on v, p, Lo, v, T, and fr, and ¢1; = (14p)3cac; (¢ q)?
(Bo V 1)29%2 with ¢; and cp being the same constants as in Lemma 5. Lastly, we obtain

the error bound (11) in Theorem 18 by setting P = 1 and @ = [ndio/{Q(diOHB%)}], where
ip € argmin; 5 /d;. This concludes the proof of Theorem 18. [
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Appendix B. Supporting definitions and lemmas

This section contains the supporting definitions and lemmas needed in the proofs of theo-
retical results.

Definition 27 Suppose that G is a class of functions from X to R, given a sequence x1.p, :—
(z1,...,2) € XK, let Njy(€, G, x1.1) be the e-covering number of Gz, — {(g9(z1),...,9(zk)) :
g € G} C R with respect to the || - ||, (1 < p < o0) norm. The uniform covering number
Np(€, G, k) is defined as the mazimum of Ny(e, G, x1.) over all z1. € Xk e

Ny(e,G, k) = max{Ny(e, G, z1) : 21 € X*).

The pseudo-dimension Pdim(G) is the largest interger k for which there exists (z1,. .., xg,
Uiy uk) € XF X RF such that, for any (ay,...,ax) € {0,1} there exists g € G such that
g(zi) >y < a; =1 for alli.

The pseudo-dimension is closely related with VC-dimension in the sense that Pdim(F) =
VCdim(F) if F is a class of functions generated by a neural network with fixed architecture
and fixed activation function (Theorem 14.1 in Anthony and Bartlett (1999)).

Definition 28 (Holder class) Let = s+r > 0 with s = || € N and r € (0, 1], where
| B] denotes the largest integer strictly less than B and N is the set of nonnegative integers.
For a finite By > 0, the Hélder class HP(RY, By) is defined as

Hﬁ(RdaBO)
o -0
= {f:RY >R, max |0%flloc < Bo, max sup‘ /(@) Tf(y” < By},
ol < lodi=s oy llz—ylly
where o = (aq,...,0q) € N, 9% = 9%1...9% and ||l = Z?:l a;. For any subset

X CRY, we denote HP(X,By) = {f: X = R, f € H*(R?, By)}.

Lemma 29 (Theorem 11.6 in Gyorfi et al. (2002)) Let B > 1 and let G be a set of
functions g : R — [0,B]. Let Z,Zy,...,Zy be i.i.d. R?-valued random variables. Assume
a>0,0<e<l1,andn >1. Then,

Pr( =i 9(Zi) — Eg(Z) >€>

o+ IS 9(Z) —Eg(2)

aEen 3e2an
< 4 ( Z n) ( — )
< 4EN; G, Z1.n ) €xp 105

Lemma 29 follows directly from Theorem 11.6 in Gyorfi et al. (2002), wherein the definition
of complexity is slightly different from that in Definition 27.

Lemma 30 (Lemma C.2 in Wu et al. (2024)) Assume that f € H?([0,1]¢, By) N
CS(q,1,d,B, By). Forany P,Q € Z4, there exists a function po implemented by a ReL U net-
work with width W = 38(| 8] +1)? maxl{li?)didZwJH}P[logQ(SPﬂ and depth D = 21q(| 8] +
1)2Q[logo(8Q)] +2>°%  d; + 3(q — 1) such that

(@) = o(@)| < ¢a(Bo v DI(LB) + 1P D2 max(P@) 5/,

for all x € [0,1]%, where d. = max; d;, B; = Bi = H—l(ﬁj/\l) (1§z§q—1), By = By, and
¢ =191 Is.
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Appendix C. Simulation details

This section provides the detailed density estimation and neural network training setups in
our simulation studies.

In our data-augmented nonparametric noise contrastive estimation method, we set the
hyperparameters v = 5 and p = 0.3, unless otherwise specified. We use the isotropic
Gaussian distribution N4(0,02I) as the reference distribution, where 0 and I denote the
zero vector and identity matrix of proper dimension, respectively. For Models 1 - 3, the
variance o2 in the reference distribution is set to be 0.52,22,2.52, respectively. For the
sake of practical considerations and computational tractability, the small values of density
estimations by our method are truncated at level 10715, We also consider a special case of
our method, p = 0. That is, we don’t perform data augmentation on the observed data and
the target density is estimated directly. Under this setting, there is no need for truncating
the density estimation.

The neural networks utilized in our method are implemented with PyTorch (Paszke
et al., 2019). In the 2-D experiments, the networks are configured with a depth of 4, a
width of 16, and the leaky ReLU activation function &(x) = max{0.1z,z}. Additionally, a
scaled sigmoid function is incorporated after the final layer to truncate the output of network
to a bounded interval. An Adam optimizer (Kingma and Ba, 2017) with a learning rate of
0.0002 is used for backpropagation and updating network parameters. The network training
is stopped after 2, 500 epochs, as beyond this point, there is no significant improvement in
loss function.
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