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Abstract

Insights into complex, high-dimensional data can be obtained by discovering features of the data
that match or do not match a model of interest. To formalize this task, we introduce the “data
selection” problem: finding a lower-dimensional statistic — such as a subset of variables — that
is well fit by a given parametric model of interest. A fully Bayesian approach to data selection
would be to parametrically model the value of the statistic, nonparametrically model the remaining
“background” components of the data, and perform standard Bayesian model selection for the choice
of statistic. However, fitting a nonparametric model to high-dimensional data tends to be highly
inefficient, statistically and computationally. We propose a novel score for performing data selection,
the “Stein volume criterion (SVC)”, that does not require fitting a nonparametric model. The SVC
takes the form of a generalized marginal likelihood with a kernelized Stein discrepancy in place of the
Kullback—Leibler divergence. We prove that the SVC is consistent for data selection, and establish
consistency and asymptotic normality of the corresponding generalized posterior on parameters. We
apply the SVC to the analysis of single-cell RNA sequencing datasets using probabilistic principal
components analysis and a spin glass model of gene regulation.
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WEINSTEIN AND MILLER

1. Introduction

Scientists often seek to understand complex phenomena by developing working models for various
special cases and subsets. Thus, when faced with a large complex dataset, a natural question to ask
is where and when a given working model applies. We formalize this question statistically by saying
that given a high-dimensional dataset, we want to identify a lower-dimensional statistic—such as a
subset of variables—that follows a parametric model of interest (the working model). We refer to
this problem as “data selection”, in counterpoint to model selection, since it requires selecting the
aspect of the data to which a given model applies.

For example, early studies of single-cell RN A expression showed that the expression of individual
genes was often bistable, which suggests that the system of cellular gene expression might be
described with the theory of interacting bistable systems, or spin glasses, with each gene a separate
spin and each cell a separate observation. While it seems implausible that such a model would hold
in full generality, it is quite possible that there are subsets of genes for which the spin glass model
is a reasonable approximation to reality. Finding such subsets of genes is a data selection problem.
In general, a good data selection method would enable one to (a) discover interesting phenomena
in complex datasets, (b) identify precisely where naive application of the working model to the full
dataset goes wrong, and (c) evaluate the robustness of inferences made with the working model.

Perhaps the most natural Bayesian approach to data selection is to employ a semi-parametric
joint model, using the parametric model of interest for the low-dimensional statistic (the “fore-
ground”) and using a flexible nonparametric model to explain all other aspects of the data (the
“background”). Then, to infer where the foreground model applies, one would perform standard
Bayesian model selection across different choices of the foreground statistic. However, this is com-
putationally challenging due to the need to integrate over the nonparametric model for each choice
of foreground statistic, making this approach quite difficult in practice. A natural frequentist ap-
proach to data selection would be to perform a goodness-of-fit test for each choice of foreground
statistic. However, this still requires specifying an alternative hypothesis, even if the alternative is
nonparametric, and ensuring comparability between alternatives used for different choices of fore-
ground statistics is nontrivial. Moreover, developing goodness-of-fit tests for composite hypotheses
or hierarchical models is often difficult in practice.

In this article, we propose a new score—for both data selection and model selection—that is
similar to the marginal likelihood of a semi-parametric model but does not require one to specify a
background model, let alone integrate over it. The basic idea is to employ a generalized marginal
likelihood where we replace the foreground model likelihood by an exponentiated divergence with
nice properties, and replace the background model’s marginal likelihood with a simple volume cor-
rection factor. For the choice of divergence, we use a kernelized Stein discrepancy (KSD) since it
enables us to provide statistical guarantees and is easy to estimate compared to other divergences
— for instance, the Kullback—Leibler divergence involves a problematic entropy term that cannot
simply be dropped. The background model volume correction arises roughly as follows: if the back-
ground model is well-specified, then asymptotically, its divergence from the empirical distribution
converges to zero and all that remains of the background model’s contribution is the volume of its
effective parameter space. Consequently, it is not necessary to specify the background model, only
its effective dimension. To facilitate computation further, we develop a Laplace approximation for
the foreground model’s contribution to our proposed score.

This article makes a number of novel contributions. We introduce the data selection problem
in broad generality, and provide a thorough asymptotic analysis. We propose a novel model/data
selection score, which we refer to as the Stein volume criterion, that takes the form of a gener-
alized marginal likelihood using a KSD. We provide new theoretical results for this generalized
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marginal likelihood and its associated posterior, complementing and building upon recent work on
the frequentist properties of minimum KSD estimators (Barp et al., 2019). Finally, we provide first-
of-a-kind empirical data selection analyses with two models that are frequently used in single-cell
RNA sequencing analysis.

The article is organized as follows. In Section 2, we introduce the data selection problem
and our proposed method. In Section 3 we study the asymptotic properties of Bayesian data
selection methods and compare to model selection. Section 4 provides a review of related work and
Section 5 illustrates the method on a toy example. In Section 6, we prove (a) consistency results for
both data selection and model selection, (b) a Laplace approximation for the proposed score, and
(c) a Bernstein—von Mises theorem for the corresponding generalized posterior. In Section 7, we
apply our method to probabilistic principal components analysis (pPCA), assess its performance
in simulations, and demonstrate it on single-cell RNA sequencing (scRNAseq) data. In Section 8,
we apply our method to a spin glass model of gene expression, also demonstrated on an scRNAseq
dataset. Section 9 concludes with a brief discussion.

2. Method

Suppose the data XM, X(™) ¢ X are independent and identically distributed (i.i.d.), where
X C R? Suppose the true data-generating distribution Py has density po(z) with respect to
Lebesgue measure, and let {g(z]0) : § € O} be a parametric model of interest, where © C R™. We
are interested in evaluating this model when applied to a projection of the data onto a subspace,
Xr C X (the “foreground” space). Specifically, let Xz := VX be a linear projection of a
datapoint X € X onto Xz, where V is a matrix with orthonormal columns which defines the
foreground space. Let ¢(zx|f) denote the distribution of X when X ~ ¢(z|f), and likewise, let
po(zr) be the distribution of Xz when X ~ pg(xz). Even when the complete model g(x|0) is
misspecified with respect to po(x), it may be that g(xr|0) is well-specified with respect to po(xr);
see Figure 1 for a toy example. In such cases, the parametric model is only partially misspecified —
specifically, it is misspecified on the “background” space X, defined as the orthogonal complement
of Xr (that is, the set of all vectors that are orthogonal to every vector in Xr).

Our goal is to find subspaces Xr of the data space X for which the model ¢(z£|f) is correctly
specified. We are not seeking a subset of datapoints, but rather a projection of all the datapoints.

A natural Bayesian solution would be to replace the background component of the assumed
model, q(zp|lxr,d), with a more flexible component ¢(zp|xr, ¢p) that is guaranteed to be well-
specified with respect to po(zp|rr), such as a nonparametric model. The resulting joint model,
which we refer to as the “augmented model”, is then

0~m(0), XP[0~ qlzrl0),

. ‘ . (1)

¢5 ~75(08), X5 | XY 65 ~ das | XV, o5)
independently for i € {1,...,N}. In other words, the pairs (X](,_}),Xg)),...,(X;N),Xl(gN)) are
i.i.d. given 0 and ¢p, with the foreground projections X 5_3) drawn from the parametric model of
interest, and the background projections X g) drawn from the flexible background model. The
standard Bayesian approach to infer Xr would be to put a prior on the choice of foreground space
Xz, and compute the posterior over the choice of Xr. Computing this posterior boils down to
computing the Bayes factor (X N)|F)/G(XEN)|F') for any given pair of foregrounds F and
F', where ¢(X LN )]]: ) denotes the marginal likelihood of F under the augmented model, that is,
GXOMF) = [ [q(XFN10) G IXEN, op)m(0)ms(05)dddes.
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Figure 1: A simple example illustrating the data selection problem.

However, in general, it is difficult to find a background model that (a) is guaranteed to be well-
specified with respect to po(zp|zr) and (b) can be integrated over in a computationally tractable
way to obtain the posterior on the choice of F. Our proposed method, which we introduce next,
sidesteps these difficulties while still exhibiting similar guarantees.

2.1 Proposed score for data selection and model selection

In this section, we propose a model/data selection score that is simpler to compute than the
marginal likelihood of the augmented model and has similar theoretical guarantees. This score
takes the form of a generalized marginal likelihood with a normalized kernelized Stein discrepancy
(NKSD) estimate taking the place of the log likelihood. Specifically, our proposed model/data
selection score, termed the “Stein volume criterion” (SVC), is

K = (i@)m/ [ es( = ST la(a710) ) n(0)0 2)

where the “temperature” 7' > 0 is a hyperparameter and mg is the effective dimension of the
background model parameter space. NKSD(-||-) is an empirical estimate of the NksD (Equations 4
and 5), and measures the mismatch between the data and the model over the foreground subspace.

There are three key properties of NKSD that distinguish it from other estimators of other diver-
gences. First, it estimates the divergence directly, not just up to a data-dependent constant; this
is essential for data selection consistency (Section 3.1). For instance, putting the log likelihood in
place of %1@ in Equation 2 fails to provide data selection consistency since it implicitly involves
comparing the foreground entropy under Py. Second, NKSD converges at a O(1/N) convergence
rate when the model is correct; this is essential for nested data selection consistency (Section 3.2).
In contrast, even if the foreground entropy under Py is known exactly, using a Monte Carlo esti-
mate of the Kullback—Leibler divergence in place of %1@ fails since the convergence rate is only
O(1/v/N). Third, the NKSD exhibits subsystem independence (Section 6.1), which ensures that
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the SVC is comparable between foreground spaces of different dimension. We are unaware of any
other divergence estimator with all three of these key properties.

The integral in Equation 2 can be approximated using techniques discussed in Section 2.3. The
hyperparameter T can be calibrated by comparing the coverage of the standard Bayesian posterior
to the coverage of the NKSD generalized posterior (Section A.1). The (21/N)™8/2 factor penalizes
higher-complexity background models. In general, we allow mpg to grow with N, particularly when
the background model is nonparametric. Crucially, the likelihood of the background model does
not appear in our proposed score, sidestepping the need to fit or even specify the background model
— indeed, the only place that the background model enters into the SVC is through mg.

Thus, rather than specify a background model and then derive mg, one can simply specify
an appropriate value of mg. Reasonable choices of mp can be derived by considering the asymp-
totic behavior of a Pitman-Yor process mixture model, a common nonparametric model that is
a natural choice for a background model. A Pitman-Yor process mixture model with discount
parameter « € (0,1), concentration parameter v > —a, and D-dimensional component parameters
will asymptotically have expected effective dimension

F(v+1)

al'(v+ «) N® 3)

mp ~ D
under the prior, where ay ~ by means that ay/by — 1 as N — oo and I'(+) is the gamma
function (Pitman, 2002, §3.3). As a default, we recommend setting mp = cp rgV' N, where rj is
the dimension of Xz and cp is a constant chosen to match Equation 3 with o = 1/2. The VN
scaling is particularly nice in terms of asymptotic guarantees; see Section 3.2.

The SVC uses a novel, normalized version of the KSD between densities p(z) and ¢(x):

S — S T S — s
b (p(a) () = 222 la) Efc(fjj[k(()q(f?)] ATDHE D) 4)

where k(z,y) € R is an integrally strictly positive definite kernel, s,(z) := V;log ¢(x), and sp(z) :=
V. log p(z); see Section 6.1 for details. The numerator corresponds to the standard ksp (Liu et al.,
2016). The denominator, which is strictly positive and independent of g(x), is a normalization factor
that we have introduced to make the divergence comparable across spaces of different dimension.
See Section A.2 for kernel recommendations. Extending the technique of Liu et al. (2016), we
propose to estimate the normalized KSD using U-statistics:

Ei;ﬁj U(X(i)> X(j))

NKSD(p(z) lq(z)) = > k(XD X0))

()

where X ~ p(z) ii.d., the sums are over all 4,7 € {1,..., N} such that i # j, and
w(@,y) = sq(x) " sqW)k(, y) + sq(x) ' Vyk(z,y) + sq(y) ' Vak(z,y) + trace(V4V, k(z,y)).

Importantly, Equation 5 does not require knowledge of s,(x), which is unknown in practice.

2.2 Comparison with the standard marginal likelihood

It is instructive to compare our proposed model/data selection score, the Stein volume criterion, to
the standard marginal likelihood ¢(X (V)| F). In particular, we show that the SVC approximates a
generalized version of the marginal likelihood. To see this, first define H := — [ po(z) log po(z)dz,
the entropy of the complete data distribution, and note that if H were somehow known, then the
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Kullback-Leibler (KL) divergence between the augmented model and the data distribution could be
approximated as

N
— N 1 Dy~ v (@) (@
KL(po(@)llq(2710) 4laslar, é5)) = — 1 D log a(X}|0) 4(Xg | X}, 65) — H.
i=1

Since multiplying the marginal likelihoods by a fixed constant does not affect the Bayes factors, the
following expression could be used instead of the marginal likelihood §(X (V)| F) to decide among
foreground subspaces:

GXUME)

exp(—N H) //GXP< — N KL(po(x)|lq(zF|0) §(x5]xF, ¢B))>7r(9)775(¢3)d0dq55. (6)

Now, consider a generalized marginal likelihood where the NKSD replaces the KL:
_ 1 _— -
Rim [ [ exp( = N5 (o(o) la(wr ) dlolor, om) ) (O)ne(om)dbdos. (1)

We refer to K as the “NKSD marginal likelihood” of the augmented model. Intuitively, we expect
it to behave similarly to the standard marginal likelihood, except that it quantifies the divergence
between the model and data distributions using the NKSD instead of the KL.

However, a key advantage of the NKSD marginal likelihood is that it admits a simple ap-
proximation via the SVC when the background model is well-specified, unlike the standard
marginal likelihood. For instance, if the foreground and background are independent, that is,
po(x) = po(zr)po(zB) and §(zp|rr, ¢B) = ¢(vB|¢PnB), then the theory in Section 6 can be extended
to the full augmented model to show that

IOgK Po 1’ (8)
log K Noo

where K is the SVC (Equation 2). Thus, the SVC approximates the NKSD marginal likelihood of
the augmented model, suggesting that the SVC may be a convenient alternative to the standard
marginal likelihood. Formally, Section 3 shows that the SVC exhibits consistency properties similar
to the standard marginal likelihood, even when pg(x) # po(xr)po(z3).

2.3 Computation

Next, we discuss methods for computing the SVC including exact solutions, Laplace/BIC approx-
imation, variational approximation, and comparing many possible choices of F. An attractive
feature of the SVC is that, unlike the fully Bayesian augmented model, the computation time
required does not grow with the background dimension mg.

2.3.1 EXACT SOLUTION FOR EXPONENTIAL FAMILIES

When the foreground model is an exponential family, the SVC can be computed analytically.
Specifically, in Section A.3, we show if ¢(z|0) = A(zF) exp(8Tt(xx) — x()), then

NkSD(po(xr)||q(xF|0)) =0T A0+ BTO+C (9)

where A, B, and C depend on the data X (Y) but not on 8. Therefore, we can compute the SVC in
closed form by choosing a multivariate Gaussian for the prior 7(6) in Equation 2; see Section A.3.
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2.3.2 LAPLACE AND BIC APPROXIMATIONS

The Laplace approximation is a widely-used technique for computing marginal likelihoods. In
Theorem 9, we establish regularity conditions under which a Laplace approximation to the SVC is
justified by being asymptotically correct. The resulting approximation is

__ exp (—NKSD(po(wx) a(z|0x))) 7 (On) <27T> (mr-+ms) /2
| det V2 NKSD(po(a7)llg(zF|0n))[1/2 \ N

(10)

where 0 := argming NKSD(po(z7)||q(x5|0)) is the point at which the estimated NKSD is minimized,
the “minimum Stein discrepancy estimator” as defined by Barp et al. (2019). Here, 6y is simply
used to help compute the approximation and does not depend on 7(6), which can be any prior that
is continuous and positive at the limiting value of 6.

We can also make a rougher approximation, analogous to the Bayesian information criterion
(BIC), which does not require one to compute second derivatives of NKSD:

27‘(’) (mr+mp)/2

- (1)

N _—
K=~ exp( — ?NKSD(pg(.%'f)Hq((I}_FWN))) (
This approximation is easy to compute, given a minimum Stein discrepancy estimator 6. Like the
SVC, it satisfies all of our consistency desiderata (Section B). However, we expect it to perform worse
than the SVC when there is not yet enough data for the NKSD posterior to be highly concentrated,
that is, when a range of 6 values can plausibly explain the data.

2.3.3 COMPARING MANY FOREGROUNDS USING APPROXIMATE OPTIMA

Often, we would like to evaluate many possible subspaces Xr when performing data selection. Even
when using the Laplace or BIC approximation to the SVC, this can get computationally prohibitive
since we need to re-optimize to find 6y for every F under consideration. Here, we propose a way
to reduce this cost by making a fast linear approximation. Define ¢;(0) := NKSD(po(z £, )||q(x 7, |0))
for j € {1,2}. For w € [0, 1], we can linearly interpolate

On(w) = arg;ninﬁl(H) + w(l2(0) — £1(0)). (12)

Now, 0x(0) and €x(1) are the minimum Stein discrepancy estimators for F; and Fj, respectively.
Given 0y (0), we can approximate 6y (1) by applying the implicit function theorem and a first-order
Taylor expansion (Section A.4):

On(1) ~ Ox(0) — V36 (0n(0)) ' Vola(0n(0)). (13)

Note that the derivatives of ¢; are often easy to compute with automatic differentiation (Baydin
et al., 2018). Note also that when we are comparing one foreground subspace, such as Xr, = &,
to many other foreground subspaces Xr,, the inverse Hessian V3/1(0x(0))~! only needs to be
computed once. Thus, Equation 13 provides a fast approximate method for computing Laplace or
BIC approximations to the SVC for a large number of candidate foregrounds F. We apply this
technique in Section 7, where we find that it performs well in simulation studies and in practice.

2.3.4 VARIATIONAL APPROXIMATION

Variational inference is a method for approximating both the posterior distribution and the marginal
likelihood of a probabilistic model. Since the SVC takes the form of a generalized marginal like-
lihood, we can derive a variational approximation to the SVC. Let r¢(f) be an approximating
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distribution parameterized by (. By Jensen’s inequality, we have

log / exp((— 2oNRED(poler)la(516) ) (0)d6
e [P (—FNKsD(po(z7)llg(z£]0))) m(6)
= g/ r¢(0)

(D (YDl 10) 7(6)

o re(6) )]

__N

= =B [NKSD(po(zF)lla(2710))] + Er[log w(60)] — By [logr(6)].

re(0)do
(14)

Z ET(

Maximizing this lower bound with respect to the variational parameters ¢, and adding the back-
ground correction (mp/2)log(2n/N), provides an approximation to the log SVC. Note that this
variational approximation falls within the framework of generalized variational inference proposed
by Knoblauch et al. (2019).

This variational approximation to the SVC is particularly useful when we are aiming to find
the best subspace Xr among a very large number of candidates, since we can jointly optimize the
variational parameters ¢ and the choice of foreground subspace Xr. Here, we do not necessarily
need to evaluate the SVC for all foreground subspaces Xz under consideration, and can instead
rely on optimization methods to search for the best Xr from among a large set of possibilities
(see Section 8 for an example). Practically, we recommend using the local linear approximation in
Section 2.3.3 when the goal is to compare SVC values among many not-too-different foreground
subspaces Xr, and using the variational approximation when the goal is to find one best Xr from
among a large and diverse set.

3. Data selection and model selection consistency

This section presents our consistency results when comparing two different foreground subspaces
(data selection) or two different foreground models (model selection). The theory supporting these
results is in Sections 6 and B. We consider four distinct properties that a procedure would ideally
exhibit: data selection consistency, nested data selection consistency, model selection consistency,
and nested model selection consistency; see Section 6.4 for precise definitions. We consider six
possible model/data selection scores, and we establish which scores satisfy which properties; see
Table 1. The SVC and the full marginal likelihood are the only two of the six scores that satisfy
all four consistency properties.

The intuition behind Bayesian model selection is often explained in terms of Occam’s razor: a
theory should be as simple as possible but no simpler. Data selection and nested data selection
encapsulate a complementary intuition: a theory should explain as much of the data as possible
but no more. In other words, when choosing between foreground spaces, a consistent data selection
score will asymptotically prefer the highest-dimensional space on which the model is correctly
specified.

As in standard model selection, a practical concern in data selection is robustness. For instance,
if the foreground model is even slightly misspecified on Xz,, then the empty foreground Xr, = @
will be asymptotically preferred over Xz,. Since the SVC takes the form of a generalized marginal
likelihood, techniques for improving robustness with the standard marginal likelihood—such as
coarsened posteriors, power posteriors, and BayesBag—could potentially be extended to address
this issue (Miller and Dunson, 2019; Huggins and Miller, 2021). We leave exploration of such
approaches to future work.
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Consistency property
nested d.s. | m.s. | nested m.s.

Score d.
G(X TN F) full marginal likelihood

K® foreground marg lik, background volume
K®) foreground marg NKSD

K(© foreground marg KL, background volume
K@ foreground NKSD, background volume

K foreground marg NKSD, background volume

»

ANENENENENEN
AN ENESIENIEEN
AENENENENEN
AN EIENENENEN

Table 1: Consistency properties satisfied by various model/data selection scores. Only the Stein
volume criterion K and the full marginal likelihood G(X (3N)|F) satisfy all four desiderata. (d.s. =
data selection, m.s. = model selection, marg = marginal, lik = likelihood.)

3.1 Data selection consistency

First, consider comparisons between different choices of foreground, F; and F. When the model is
correctly specified over F; but not Fs, we refer to asymptotic concentration on F; as “data selection
consistency” (and vice versa if F» is correct but not Fi). For the standard marginal likelihood of
the augmented model, we have (see Section B.2)

~( Y (1:N)
i log q(Xx |71) Py

o8 LRy o KLmlen)la(an 05) — i) a0 05)

where 05 := argminKL(po(7 7, )|¢(x5;10)) for j € {1,2}, that is, 05} is the parameter value that
minimizes the KL divergence between the projected data distribution po(z ]:j) and the projected
model g(zz,|6). Thus, G(X N F;) asymptotically concentrates on the F; on which the projected
model can most closely match the data distribution in terms of KL.

In Theorem 17, we show that under mild regularity conditions, the Stein volume criterion

behaves precisely the same way but with the NKSD in place of the KL:

1 Ki p 1 1
o8 e <P Lksn(poezn)la(er 57 - Aksp(poteslater B5) (16

where 075°" := argmin NKSD(po(z 7, )[|q(z7,|0)) for j € {1,2}. Therefore, (XN F) and K both
yield data selection consistency. It is important here that the SVC uses a true divergence, rather
than a divergence up to a data-dependent constant. If we instead used

) mg/2 )
k0= () axt), (17)

which employs the foreground marginal likelihood q(X;-l:N)) = fq(X](,_-l:N)|0)7r(9)d9 and a back-
ground volume correction, we would get qualitatively different behavior (Section B.2):

1 ]C(a) P
N o8 o = KLmo(er) la(zr105%)) — xu(po(rr) la(z R 1052) + Hr, — Hr, (18)
]C2 N—oo
where Hz, := —fpo(a:;j)logpo(a:]:j)dxfj is the entropy of po(zr;) for j € {1,2}. In short, the

naive score K@ is a bad choice: it decides between data subspaces based not just on how well the
parametric foreground model performs, but also on the entropy of the data distribution in each
space. As a result, K(® does not exhibit data selection consistency.
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3.2 Nested data selection consistency

When Xz, C Xr,, we refer to the problem of deciding between subspaces F; and F» as nested data
selection, in counterpoint to nested model selection, where one model is a subset of another (Vuong,
1989). If the model ¢(z|0) is well-specified over Xz, then it is guaranteed to be well-specified over
any lower-dimensional sub-subspace Xz, C X'z,; in this case, we refer to asymptotic concentra-
tion on JF1 as “nested data selection consistency”. In this situation, KL(po(z£;)|lq(z;|0};)) and
NKSD(po(z7;), (x5, |075°")) are both zero for j € {1, 2}, making it necessary to look at higher-order
terms in Equations 15 and 16. In Section B.3, we show that if Xz, C X, ¢(x|6) is well-specified
over X'z, , the background models are well-specified, and their dimensions mp, and mp, are constant
with respect to IV, then

1 aXEVF) R 1

log NV %8 (XM F,) Nore 2\ + M2 =M —mi,) (19)

where mz; is the effective dimension of the parameter space of q(z;[0). In Theorem 17, we show
that under mild regularity conditions, the SVC behaves the same way:
1 ICI Py

1
log 2L T, - —mE —mg,). 2
og N og Ky Noos 2(m}-2 +mp, —mr, —mg,) (20)

Thus, so long as mg, + mp, > mzr, + mp, whenever Xr, C X'r,, the marginal likelihood and the
SVC asymptotically concentrate on the larger foreground Fi; hence, they both exhibit nested data
selection consistency. This is a natural assumption since the background model is generally more
flexible—on a per dimension basis—than the foreground model.

The volume correction (27/N)™8/2 in the definition of the SVC is important for nested data
selection consistency (Equation 20). An alternative score without that correction,

K0 = / exp((— 2SR (poer)la(e716) ) (0) b, (21)

exhibits data selection consistency (Equation 16 holds for K£®)), but not nested data selection
consistency; see Sections B.2 and B.3. More subtly, the asymptotics of the SVC in the case of
nested data selection also depend on the variance of U-statistics. To illustrate, consider a score
that is similar to the SVC but uses KL instead of NKSD:

o\ 5/ g
O <N> / exp( — NEL(poeF) la(x19)) ) w(6)do (22)
where KL(po(z5)||q(z£|0)) == — % SN log q(X;E)]H) — Hz and Hp is required to be known. The

score K(%) exhibits data selection consistency, but not nested data selection consistency. The reason
is that the error in estimating the KL is of order 1/v/N by the central limit theorem, and this
source of error dominates the log N term contributed by the volume correction; see Section B.3.
Meanwhile, the error in estimating the NKSD is of order 1/N when the model is well-specified, due
to the rapid convergence rate of the U-statistic estimator. Thus, in the SVC, this source of error is
dominated by the volume correction; see Theorem 12.

The nested data selection results we have described so far assume mpg does not depend on N,
or at least mp, — mp, does not depend on N (Theorem 17). However, in Section 2.1, we suggest
setting mp = cp reV'N where ¢z is a constant and rg is the dimension of Xz. With this choice,
the asymptotics of the SVC for nested data selection become (Theorem 17)

1 K1 Py

1
m 10g E m 508 (7’82 — 7"81). (23)

10
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Since rg, < rg, when Xz, C Xr, the SVC concentrates on the larger foreground Fi, yielding
nested data selection consistency. Going beyond the well-specified case, Theorem 17 shows that
Equation 23 holds when NKSD(po(z 7, )[lq(z7 [075")) = NKSD(po(z5,)|lq(z7,|055°")) # 0, that is,
when the models are misspecified by the same amount as measured by the NKSD. KEquation 23
holds regardless of whether mz, is equal to mz,.

3.3 Model selection and nested model selection consistency

Consider comparing different foreground models ¢;(xx|61) and ga2(x£|62) over the same subspace
Xz, while using the same background model. We say that a score exhibits “model selection con-
sistency” if it concentrates on the correct model, when one of the models is correctly specified and
the other is not. When the two models are nested and both are correct, a score exhibits “nested
model selection consistency” if it concentrates on the simpler model.

Like the standard marginal likelihood, the SVC exhibits both types of model selection consis-
tency. The standard marginal likelihood satisfies (Section B.4)

llo 51(X(1:N)|]:) Po
N % G(XEN|F) Now

KL(po(zF)lq2(7035)) — KL(po(z7)llq1 (7[07%)) (24)
where 07 := argmin KL(po(z7)||¢;(x #|0;)) for j € {1,2}. Analogously, by Theorem 17,

P 1 1 .
og I P (o) s (a7 0357) — NksD(poler) s (eABS)  (25)

where ¢35 := argmin NKSD(po(zr)||g;(z#]6;)) for j € {1,2}. Thus, for both scores, concentration
occurs on the model that comes closer to the data distribution in terms of the corresponding
divergence (KL or NKSD).

For nested model selection, suppose both foreground models are well-specified and mpg, = mg,.
Letting mr ; be the parameter dimension of ¢;(z#|6;), we have (Section B.5)

1 @(XEN|F) p 1
B - : 26
log N % (XN F) Novoo y(mr2—mz1) (26)

In Theorem 17, we show that the SVC behaves identically:

]. IC 1 PO ].

log — —— — — . 2
log N ©8 Ko N—oo Q(mf’2 m1) (27)

Here, a key role is played by the volume of the foreground parameter space, which quantifies the
foreground model complexity. The SVC accounts for this by integrating over foreground parameter
space. Meanwhile, a naive alternative that ignores the foreground volume,

K@ = (21 el eXp( X min@(po(xf)“ﬂﬂfﬂ@)) (28)
N T ¢ ’

exhibits model selection consistency (Equation 25 holds for £(@)) but not nested model selection
consistency (Section B.5). The Laplace and BIC approximations to the SVC (Equations 10 and

11) explicitly correct for the foreground parameter volume without integrating.

11
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4. Related work

Projection pursuit methods are closely related to data selection in that they attempt to identify
“interesting” subspaces of the data. However, projection pursuit uses certain pre-specified objec-
tive functions to optimize over projections, whereas our method allows one to specify a model of
interest (Huber, 1985).

Another related line of research is on Bayesian goodness-of-fit (GOF) tests, which compute
the posterior probability that the data comes from a given parametric model versus a flexible
alternative such as a nonparametric model. Our setup differs in that it aims to compare among
different semiparametric models. Nonetheless, in an effort to address the GOF problem, a number of
authors have developed nonparametric models with tractable marginals (Verdinelli and Wasserman,
1998; Berger and Guglielmi, 2001), and using these models as the background component in an
augmented model could in theory solve data selection problems. In practice, however, such models
can only be applied to one-dimensional or few-dimensional data spaces. In Section 7, we show that
naively extending the method of Berger and Guglielmi (2001) to the multi-dimensional setting has
fundamental limitations.

There is a sizeable frequentist literature on GOF testing using discrepancies (Gretton et al.,
2012; Barron, 1989; Gyorfi and Van Der Meulen, 1991). Our proposed method builds directly on
the KSD-based GOF test proposed by Liu et al. (2016) and Chwialkowski et al. (2016). However,
using these methods to draw comparisons between different foreground subspaces is non-trivial,
since the set of alternative models considered by the GOF test, though nonparametric, will be
different over data spaces with different dimensionality. Moreover, the Bayesian aspect of the SVC
makes it more straightforward to integrate prior information and employ hierarchical models.

In composite likelihood methods, instead of the standard likelihood, one uses the product of
the conditional likelihoods of selected statistics (Lindsay, 1988; Varin et al., 2011). Composite
likelihoods have seen widespread use, often for robustness or computational purposes. However,
in composite likelihood methods, the choice of statistics is fixed before performing inference. In
contrast, in data selection the choice of statistics is a central quantity to be inferred.

Relatedly, our work connects with the literature on robust Bayesian methods. Doksum and
Lo (1990) propose conditioning on the value of an insufficient statistic, rather than the complete
dataset, when performing inference; also see Lewis et al. (2021). However, making an appropriate
choice of statistic requires one to know which aspects of the model are correct; in contrast, our
procedure infers the choice of statistic. The NKSD posterior also falls within the general class of
Gibbs posteriors, which have been studied in the context of robustness, randomized estimators, and
generalized belief updating (Zhang, 2006a,b; Jiang and Tanner, 2008; Bissiri et al., 2016; Jewson
et al., 2018; Miller and Dunson, 2019).

Our theoretical results also contribute to the emerging literature on Stein discrepancies (Anas-
tasiou et al., 2021). Barp et al. (2019) recently proposed minimum kernelized Stein discrepancy
estimators and established their consistency and asymptotic normality. In Section 6, we establish
a Bayesian counterpart to these results, showing that the NKSD posterior is asymptotically normal
(in the sense of Bernstein—von Mises) and admits a Laplace approximation. To prove this result,
we rely on the recent work of Miller (2021) on the asymptotics of generalized posteriors. Since Barp
et al. (2019) show that the kernelized Stein discrepancy is related to the Hyvérinen divergence in
that both are Stein discrepancies, our work bears an interesting relationship to that of Shao et al.
(2018), who use a Bayesian version of the Hyvérinen divergence to perform model selection with
improper priors. They derive a consistency result analogous to Equation 16, however, their model
selection score takes the form of a prequential score, not a Gibbs marginal likelihood as in the SVC,
and cannot be used for data selection.

12
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In independent recent work, Matsubara et al. (2021) propose a Gibbs posterior based on the
KSD and derive a Bernstein-von Mises theorem similar to Theorem 9 using the results of Miller
(2021). Their method is not motivated by the Bayesian data selection problem but rather by
(1) inference for energy-based models with intractable normalizing constants and (2) robustness
to e-contamination. Their Bernstein-von Mises theorem differs from ours in that it applies to a
V-statistic estimator of the KSD rather than a U-statistic estimator of the NKSD.

Our linear approximation to the minimum Stein discrepancy estimator (Section 2.3.3) is in-
spired by previous work on empirical influence functions and the Swiss Army infinitesimal jack-
knife (Giordano et al., 2019; Koh and Liang, 2017). These previous methods similarly compute the
linear response of an extremum estimator with respect to perturbations of the dataset, but focus
on the effects of dropping datapoints rather than data subspaces.

5. Toy example

The purpose of this toy example is to illustrate the behavior of the Stein volume criterion, and
compare it to some of the defective alternatives listed in Table 1, in a simple setting where all
computations can be done analytically (Section A.3). In all of the following experiments, we
simulated data from a bivariate normal distribution: X ... XN iid. ~ N((0,0)T,%).

To set up the Stein volume criterion, we set T" = 5 and we choose a radial basis function kernel,
k(z,y) = exp(—3|lz — y[|3), which factors across dimensions. We considered both dataset size-
independent values of mg (in particular, mp = 5rp) and dataset size-dependent values of mp (in
particular, Equation 3 with « = 0.5, v = 1, and D = 0.2, where fractional values of D correspond
to shared parameters across components in the Pitman-Yor mixture model), obtaining very similar
results in each case (shown in Figures 2 and 10, respectively). These choices of mp ensure that,
except for at very small IV, the background model has more parameters per data dimension than
each of the foreground models considered below, which have just one. In particular, mg > 1rg for
all N (in the size-independent case) and for N > 5 (in the size-dependent case).

DATA SELECTION CONSISTENCY

First, we set ¥y to be a diagonal matrix with entries (1,1/2), that is, ¥¢ = diag(1,1/2), and for
x € R?, we consider the model

q(z]0) = N(x | 0,1)

7(0) = N(6](0,0)T,101) (29)

where I denotes the identity matrix. This parametric model is misspecified, owing to the incorrect
choice of covariance matrix. We consider two choices of foreground subspace: the first dimension
(defined by the projection matrix V7 = (1,0) ") or the second dimension (projection matrix Vz, =
(0,1)7). The model is only well-specified for F; (not J3), so a successful data selection procedure
would asymptotically select JF.

In Figure 2a, we see that the SVC correctly concentrates on F; as the number of datapoints N
increases, with the log SVC ratio growing linearly in N, as predicted by Equation 16. Meanwhile,
the naive alternative score K@ (Equation 17) fails since it depends on the foreground entropies,
while () (Equation 21) succeeds since the volume correction is negligible in this case; see Sec-
tion 3.1 and Table 1.
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Figure 2: Behavior of the Stein volume criterion K, the foreground marginal likelihood with a
background volume correction K@, and the foreground marginal Nksp K() on toy examples.
Here, we set mp = 5rg. The plots show the results for 5 randomly generated datasets (thin lines)
and the average over 100 random datasets (bold lines).

NESTED DATA SELECTION CONSISTENCY

Next, we examine the nested data selection case. We use the same model (Equation 29), but we
set X9 = I so that the model is well-specified even without being projected. We compare the
complete data space (XYr, = X, projection matrix Vz, = I) to the first dimension alone (projection
matrix Vz = (1,0)7). Nested data selection consistency demands that the higher-dimensional
data space Xz, be preferred asymptotically, since the model is well-specified for both Xz, and
Xr,. Figure 2b shows that this is indeed the case for the Stein volume criterion, with the log
SVC ratio growing at a log N rate when mp is independent of N, as predicted by Equation 20.
When mp depends on N via the Pitman-Yor expression, the log SVC ratio grows at a N*log N
rate (Figure 10b). Meanwhile, Figure 2b shows that K® and K£®) both fail to exhibit nested data
selection consistency, in accordance with our theory (Section 3.2 and Table 1).
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MODEL SELECTION CONSISTENCY (NESTED AND NON—NESTED)

Finally, we examine model selection and nested model selection consistency. We again set >g =
I. We first compare the (well-specified) model ¢(z|f) = N(x | 6,1) to the (misspecified) model
q(z]0) = N(z | 6,2I), using the prior 7(6) = N(0 | (0,0)7,10I) for both models. As shown
in Figure 2¢, the SVC correctly concentrates on the first model, with the log SVC ratio growing
linearly in N, as predicted by Equation 25. The same asymptotic behavior is exhibited by ®),
which is equivalent to the standard Bayesian marginal likelihood in this setting (Section 3.3).
Finally, to check nested model selection consistency, we compare two well-specified nested models:
q(z) = N(z | (0,0)7,1) and ¢(z|0) = N(x | 6,I). Figure 2d shows that the SVC correctly selects
the simpler model (that is, the model with smaller parameter dimension) and the log SVC ratio
grows as log N (Equation 27). This, too, matches the behavior of the standard Bayesian marginal
likelihood, seen in the plot of K@),

6. Theory
6.1 Properties of the NKSD

Suppose X ... X) are i.i.d. samples from a probability measure P on X C R? having density
p(z) with respect to the Lebesgue measure. Let L!(P) denote the set of measurable functions
[ such that [||f(z)|p(z)dz < oo where || - | is the Euclidean norm. We impose the following
regularity conditions to use the NKSD to compare P with another probability measure ) having
density g(x) with respect to the Lebesgue measure; these are similar to conditions used for the
standard KSD in previous work (Liu et al., 2016; Barp et al., 2019).

Condition 1 (Restrictions on p and q) Assume s,(x) := V logp(z) and sq(x) := V,logq(z)

exist and are continuous for aoll x € X, and assume X is connected and open. Further, assume
1

sp,sq € L*(P).

We refer to s, as the Stein score function of p. Note that existence of s,(x) implies p(z) > 0. Now,
consider a kernel k : X x X — R. The kernel k is said to be integrally strictly positive definite if
for any g : X — R such that 0 < [ |g(z)|dz < oo, we have [, [, g(x)k(z,y)g(y)dzdy > 0. The
kernel k is said to belong to the Stein class of P if [ V(k(x,y)p(x))dz =0 for all y € X.

Condition 2 (Restrictions on k) Assume the kernel k is symmetric, bounded, integrally strictly
positive definite, and belongs to the Stein class of P.

The following result shows that the NKSD can be written in a way that does not involve s,; this
is particularly useful for estimating the NKSD when P is unknown.

Proposition 3 If Conditions 1 and 2 hold, then the NKSD is finite and

s p(ote) = P

where
u(z,y) = sq(x)qu(y)k:(x, y) + sq(:p)TVyk:(x,y) + sq(y)Tka:(:c, y) + trace(VzVsz(x,y)). (31)

The proof is in Section C.1. Next, we show the NKSD satisfies the properties of a divergence.
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Proposition 4 If Conditions 1 and 2 hold, then
NKSD(p(x)]q(x)) = 0, (32)

with equality if and only if p(x) = q(z) almost everywhere.

The proof is in Section C.1. Unlike the standard KsD, but like the KL divergence, the NKSD exhibits
subsystem independence (Caticha, 2004, 2011; Rezende, 2018): if two distributions P and @ have
the same independence structure, then the total NKSD separates into a sum of individual NKSD
terms. This is formalized in Proposition 6.

Condition 5 (Shared independence structure) Let x = (x{,29)" be a decomposition of a

vector x € R? into two subvectors, x1 and xo. Assume p(x) and q(x) factor as p(z) = p(x1)p(xs)
and q(z) = q(z1)q(x2), and that the kernel k factors as k(x,y) = ki1(z1, y1)ka(x2,y2) where k1 and
ko both satisfy Condition 2.

Proposition 6 (Subsystem independence) If Conditions 1, 2, and 5 hold, then

NKsD(p(z)|l¢(x)) = NKsD(p(21)l[g(21)) + NKSD(p(22)[¢(22)) (33)

where the first term on the right-hand side uses kernel k1 and the second term uses ks.

See Section C.1 for the proof. Subsystem independence is powerful since it separates the problem
of evaluating the foreground model from that of evaluating the background model. A modified
version applies to the estimator NKSD(p|¢) (Equation 5); see Proposition 20.

6.2 Bernstein—von Mises theorem for the NKSD posterior

In this section, we establish asymptotic properties of the SVC and, more broadly, of its correspond-
ing generalized posterior, which we refer to as the NKSD posterior, defined as

v (6) o exp( — 2SI (po () la(a16)) ) (0). (34)

In particular, in Theorem 9, we show that the NKSD posterior concentrates and is asymptotically
normal, and we establish that the Laplace approximation to the SVC (Equation 10) is asymp-
totically correct. These results form a Bayesian counterpart to those of Barp et al. (2019), who
establish the consistency and asymptotic normality of minimum KSD estimators. Thus, in both the
frequentist and Bayesian contexts, we can replace the average log likelihood with the negative KSD
and obtain similar key properties. Our results in this section do not depend on whether or not we
are working with a foreground subspace, so we suppress the xr notation.

Let © C R™, and let {Qp : € O} be a family of probability measures on X C R? having
densities gg(z) with respect to Lebesgue measure. For notational convenience, we sometimes write
q(z]6) instead of gg(x). Suppose the data XM ..., XN) are i.i.d. samples from some probability
measure Py on X having density po(x) with respect to Lebesgue measure. To ensure the NKSD
satisfies the properties of a divergence for all gg, and that convergence of NKSD is uniform on
compact subsets of © (Proposition 21), we require the following.

Condition 7 Assume Conditions 1 and 2 hold for pg, k, and qy for all 6 € ©. Further, assume
that the kernel k has continuous and bounded partial derivatives up to and including second order,
and k(x,y) >0 for all z,y € X.

16



BAYESIAN DATA SELECTION

Now we can set up the generalized posterior. First define

12 i ug(XW, X))
CT Y kX0, X0)

v (6) i= D (po()la (1) (3)

where ug(x,y) is the u(z,y) function from Equation 5 with gy in place of ¢q. For the case of N =1,
we define f1(f) = 0 by convention. Note that —N fx () plays the role of the log likelihood. Also
define

7(8) = kS0 (po () a(216)). (36)

/@ exp(— N f(6))m(0)db,

ZN :

v (8) == — exp(— N fn(6))7(6),
ZN
where () is a prior density on ©. Note that 7 (6)df is the NKSD posterior and zy is the cor-
responding generalized marginal likelihood employed in the SVC. Denote the gradient and Hessian
of f by f'(0) = Vaf(0) and f"(0) = V2f(0), respectively. To ensure that the NKSD posterior is
well defined and has an isolated maximum, we assume the following condition.

Condition 8 Suppose © C R™ is a convexr set and (a) © is compact or (b) © is open and fn is
convex on © with probability 1 for all N. Assume zy < 00 a.s. for all N. Assume f has a unique
minimizer 0, € ©, f"(0,) is invertible, 7 is continuous at 0, and 7(6,) > 0.

By Proposition 4, f has a unique minimizer whenever {Qy : 8 € ©} is well-specified and identifiable,
that is, when @y = P, for some 6 and 6 — )y is injective.

In Theorem 9 below, we establish the following results: (1) the minimum NKSD converges
to the minimum NKSD; (2) 7y concentrates around the minimizer of the NKsD; (3) the Laplace
approximation to zy is asymptotically correct; and (4) 7y is asymptotically normal in the sense of
Bernstein—von Mises. The primary regularity conditions we need for this theorem are restraints on
the derivatives of sq4, with respect to 6 (Condition 10). Our proof of Theorem 9 relies on the theory
of generalized posteriors developed by Miller (2021). We use || - || for the Euclidean-Frobenius
norms: for vectors A € RP, ||A|| = (3, A2)!/2; for matrices A € RP*P || A|| = oy Azj)l/z; for

tensors A € RP*XPXD || A|| = (X ik Azj,k)l/Q; and so on.

Theorem 9 If Conditions 7, 8, and 10 hold, then there is a sequence O — 0, a.s. such that:

1. fn(On) — f(04), fy(On) =0 for all N sufficiently large, and fi(0n) — f"(6s) a.s.,

2. letting Be(0x) := {0 € R™ : ||0 — 0.|| < €}, we have

/ N (0)d0 —>— 1 for all € > 0, (37)
Be(64) N—o00

N exp(—N fn(0n))7(04) <27r>m/2
| det £7(6,)|1/2 N

almost surely, where ay ~ by means that ay /by — 1 as N — oo, and
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4. letting hy denote the density of \/N(@ — On) when 0 is sampled from 7y, we have that hy
converges to N'(0, f"(0,)~") in total variation, that is,
/ (@)~ N[0, £(0.)7)[d8 2 0. (39)
Rm N—oo
The proof is in Section C.2. We write Vgsqg to denote the tensor in R¥™*™ in which entry (i, 5, k)

is 0254, (2);/00;005. Likewise, V3s,, denotes the tensor in RE*™*m*m in which entry (i, j, k, £) is
D354, (1)i/00;00,,00,. We write N to denote the set of natural numbers.

Condition 10 (Stein score regularity) Assume sq,(x) has continuous third-order partial deriva-
tives with respect to the entries of 0 on ©. Suppose that for any compact, convexr subset C C O,
there exist continuous functions go.c, gi,c € LY (Py) such that for all € C, x € X,

1840 (@) < g0.0(),

IVosqe ()| < g1,0(). (40)

Further, assume there is an open, convex, bounded set E C © such that 0, € E, E C O, and the
sets

N
1 .
{2 IV3sa (XD : NeN,0 € B}, (41)
i=1
1Y ‘
(% 2 IVEs0, (X)) : N e N0 € B} (42)
=1

are bounded with probability 1.

Next, Theorem 11 shows that in the special case where gp(z) is an exponential family, many of the
conditions of Theorem 9 are automatically satisfied.

Theorem 11 Suppose {Qg : 6 € O} is an exponential family with densities of the form qop(x) =
Mz)exp(0Tt(z) — k(0)) for x € X C R Assume © = {# € R™ : |k(0)| < oo}, and assume O
is convex, open, and nonempty. Assume logA(z) and t(z) are continuously differentiable on X,
|V log AM(z)|| and ||Vt(z)|| are in L' (Py), and the rows of the Jacobian matriz V t(x) € R™*d
are linearly independent with positive probability under Py. Suppose Condition 7 holds, f has a
unique minimizer 0, € O, the prior m is continuous at 0, and 7(0,) > 0. Then the assumptions of
Theorem 9 are satisfied for all N sufficiently large.

The proof is in Section C.2.

6.3 Asymptotics of the Stein volume criterion

The Laplace approximation to the SVC uses the estimate NKSD and its minimizer 6y, rather than
the true NKSD and its minimizer .. To establish the consistency properties of the SVC, we need to
understand the relationship between the two. To do so, we adapt a standard approach to performing
such an analysis of the marginal likelihood, for instance, as in Theorem 1 of Dawid (2011).

Theorem 12 Assume the conditions of Theorem 9 hold, and assume sq, and v9‘9:e*3% are in
L?*(Py). Then as N — oo,
IN(ON) = fn(0s) = Op, (N 7). (43)
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Further, if NKSD(po(z)||q(x|0«)) > 0 then

fn(0.) — £(0,) = Op,(N~/?), (44)

whereas if NKSD(po(x)||q(z]0x)) = 0 then
fN(H*) - f(e*) = OPO(N_l)' (45)

The proof is in Section C.3. Remarkably, Equation 45 shows that fy(6.) converges to f(f.) more
rapidly when the model is well-specified, specifically, at a 1/N rate instead of 1/ V/N. This is
unusual and is crucial for our results in Section 6.4. The standard log likelihood does not exhibit
this rapid convergence; see Section B.1. This property of the NKSD derives from similar properties
exhibited by the standard Ksp (Liu et al., 2016, Theorem 4.1). Combined with Theorem 9 (part
3), Theorem 12 implies that when the model is misspecified, the leading order term of log zy is
—N f(04), whereas when the model is well-specified, the leading order term is —% mlog N.

6.4 Data and model selection consistency of the SVC

In this section, we establish the asymptotic consistency of the Stein volume criterion (SVC) when
used for data selection, nested data selection, model selection, and nested model selection; see
Theorem 17. This provides rigorous justification for the claims in Section 3. These results are all
in the context of pairwise comparisons between two models or two model projections, M1 and Mo.
Before proving the results, we formally define the consistency properties discussed in Section 3.
Each property is defined in terms of a pairwise score p(Mj, Ms), such as p(My, Ms) = log(K1/Ks).
For simplicity, we assume p(M;y, My) = —p(Ma, M7); this is satisfied for all of the cases we consider.
Let dim(-) denote the dimension of a real space.

Definition 13 (Data selection consistency) For j € {1,2}, consider foreground model pro-
jections M; = {q(z7;|0) : 0 € ©}. We say that p satisfies “data selection consistency” if
p(My, M) — oo as N — oo when M is well-specified with respect to po(xr,) and My is mis-
specified with respect to po(xr,).

Definition 14 (Nested data selection consistency) Forj € {1,2}, consider foreground model
projections M; := {q(z7;|0) : 0 € ©}. We say that p satisfies “nested data selection consistency”
if p(My, My) — 0o as N — oo when M, is well-specified with respect to po(zr,), Xr, C Xr, and
dim(X,) < dim(Xz,).

Definition 15 (Model selection consistency) For j € {1,2}, consider foreground models
M; :={q;j(zr|0;) : 0; € ©;}. We say that p satisfies “model selection consistency” if p(My, Ma) —
0o as N — oo when M is well-specified with respect to po(zx) and My is misspecified.

Definition 16 (Nested model selection consistency) For j € {1,2}, consider foreground
models M; = {qj(zF|0;) : 0; € ©O;}. We say that p satisfies “nested model selection consis-
tency” if p(My, Ma) — oo as N — oo when M is well-specified with respect to po(xr), M1 C Ma,
and dim(©) < dim(O2).

In each case, p may diverge almost surely (“strong consistency”) or in probability (“weak
consistency”). Note that in Definitions 13-14, the difference between M; and M, is the choice of
foreground data space F, whereas in Definitions 15-16, M7 and My are over the same foreground
space but employ different model spaces.
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In Theorem 17, we show that the SVC has the asymptotic properties outlined in Section 3.
In combination with the subsystem independence properties of the NKSD (Propositions 6 and
20), Theorem 17 also leads to the conclusion that the SVC approximates the NKSD marginal
likelihood of the augmented model (Equation 8). Our proof is similar in spirit to previous results
for model selection with the standard marginal likelihood, notably those of Hong and Preston
(2005) and Huggins and Miller (2021), but relies on the special properties of the NKSD marginal
likelihood in Theorem 12.

Theorem 17 For j € {1,2}, assume the conditions of Theorem 12 hold for model M; defined on
Xz, , with density q;(zx,;(0;) for 0; € ©; C R™759. Let Kj n be the Stein volume criterion for M,
with background model penalty mp; = mp;(N), and let 0;, := argming. NKSD(po(z 7, )||¢;(z5,|0;))-
Then:

1. If mp, = o(N/log N) for j € {1,2}, then

1 ’Cl N Py

1 1
N log ICQ:N m fNKSD(pO(@"J-‘z)H@(iUFQ‘92,*)) - TNKSD(p0($f1)||Q1(fUJ-'1‘91,*))-

2. If NKSD(po(z7,)|lg1(z 7, |01,+)) = NKSD(po(zr,)||q2(2x,1024)) = 0 and mp, — mp, does not
depend on N, then

1 Kivn mr 1

og IV %% Kow oo E(m}'z,? +mp, —mgF 1 —mpg,).

3. If Nksp(po(z7)|q1(x71014)) = NKSD(po(7,)|le2(27,102,)), ms, = c5, VN, and mp, =
cB, VN, where cg, and cp, are positive and constant in N, then

1 og ’Cl,N Py 1
VNlog N Kon N—oo 2

(032 - 031)'

The proof is in Section C.4. In particular, assuming the conditions of Theorem 12, we
obtain the following consistency results in terms of convergence in probability. Let D; :=

NKSD(po (27,14 (7, 10;.)) for j € {1,2}.

o If mp, = o(N/log N) then the SVC exhibits data selection consistency and model selection
consistency. This holds by Theorem 17 (part 1) since Dy > Dy = 0.

o If mp, = mp, then the SVC exhibits nested model selection consistency. This holds by
Theorem 17 (part 2) since D1 = Dy =0, mp, — mp, =0, and mz, 2 > mg, 1.

e Consider a nested data selection problem with Xz, C X7,. If (A) mp, —mp, does not depend
on N and mg,2 +mp, > mz 1+ mpg, or (B) mp, = CBJ.\/N and cg, > cp, > 0, then the
SVC exhibits nested data selection consistency. Cases A and B hold by Theorem 17 (parts 2
and 3, respectively) since D; = Dy = 0.

7. Application: Probabilistic PCA

Probabilistic principal components analysis (pPCA) is a commonly used tool for modeling and
visualization. The basic idea is to model the data as linear combinations of k latent factors plus
Gaussian noise. The inferred weights on the factors are frequently used to provide low-dimensional
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summaries of the data, while the factors themselves describe major axes of variation in the data.
In practice, pPCA is often applied in settings where it is likely to be misspecified — for instance,
the weights are often clearly non-Gaussian. In this section, we show how data selection can be used
to uncover sources of misspecification and to analyze how this misspecification affects downstream
inferences.

The generative model used in pPCA is

Z0 ~ N(0, 1),

o . 46
X920 ~ N(HZW vly), (46)

independently for ¢ = 1,..., N, where I is the k-dimensional identity matrix, Z () ¢ RF is the
weight vector for datapoint 7, H € R*¥ is the unknown matrix of latent factors, and v > 0 is the
variance of the noise. To form a Laplace approximation for the Stein volume criterion, we follow
the approach developed by Minka (2001) for the standard marginal likelihood. Specifically, we
parameterize H as

H =U(L - vl;)"/? (47)

where U is a d x k matrix with orthonormal columns (that is, it lies on the Stiefel manifold) and
L is a k x k diagonal matrix. We use the priors suggested by Minka (2001),
U ~ Uniform(U),
L;; ~ InverseGammal(a/2, a/2)

, (48)
v~ InverseGamma((a/2 +1)(d—k)—1, (a/2)(d — k)),

where U is the set of d X k matrices with orthonormal columns and L;; is the ith diagonal entry of
L. We set a = 0.1 in the following experiments, and we use pymanopt (Townsend et al., 2016) to
optimize U over the Stiefel manifold (Section D).

7.1 Simulations

In simulations, we evaluate the ability of the SVC to detect partial misspecification. We set d = 6,
draw the first four dimensions from a pPCA model with k£ = 2 and

1 0
-1 1
-1 -1

and generate dimensions 5 and 6 in such a way that pPCA is misspecified. We consider two
misspecified scenarios: scenario A (Figure 3a) is that

W ~ Bernoulli(0.5),

S (50)
XEE% ‘ W(l) ~ N(()? EW(i))a

where Xy, = (0.05)W(i)12. Scenario B (Figure 3d) is the same but with

1 (—=1)"“0.99
we ((—1)W( '0.99 1 (51

Scenario B is more challenging because the marginals of the misspecified dimensions are still Gaus-
sian, and thus, misspecification only comes from the dependence between X5 and Xg. As illustrated

21



WEINSTEIN AND MILLER

~ 4
c 1.0
S .
g >
£ 5] >0.9
© . E
° | . =]
= QoL Sos
9 2 4 . ©
o 9] : °
2 & o . 307
€4 -4 =-1 : £ . c
0 2 4 2 0 2 4 . 3 . ©
density —2] h s 0.6
25 3 T ' —= svc
g - —4— Polya Tree
8! 4 05
0 = 0 3 2 -4 -3 -2 -1 0 1 2 3 4 200 400 600 800 1000
misspecified dimension 1 latent z; number of samples

(a) Scenario A, misspecified dimen- (b) Scenario A, pPCA latent space. (c) Scenario A, accuracy in detect-

sions. ing misspecified dimensions.
~ 4 4 q 4
-5 3 N . 1.0
2 2 2 3 :
[
£ 1 1 2 0.9
g o 0 g
€ -1 -1 QL Sos
8 2 2 + © _+_ SvC
o - . S 0
92 -3 _3{ . 9 3 —4— Polya Tree
0 © o 0.7
€ 4l -4 = -1 c
0.00 0.25 -4 =2 0 2 4 o©
densi ©
ensity 2 Bo6
5,04
§ 02 -3
o] 0.5
© -4
00 —57)% 3 2 -4 -3-2-10 1 2 3 4 500 1000 1500 2000
misspecified dimension 1 latent z; number of samples

(d) Scenario B, misspecified dimen-  (e) Scenario B, pPCA latent space. (f) Scenario B, accuracy in detecting
sions. misspecified dimensions.

10| —+ SvC
—4— Polya Tree

fury
N
o

100
80
60
40

mean runtime (seconds)

20’/
0

500 1000 1500 2000
number of samples

(g) Mean runtime over 5 repeats.

Figure 3: Data selection in the probabilistic PCA model.

in Figures 3b and 3e, both kinds of misspecification are very hard to see in the lower-dimensional
latent representation of the data.

Our method can be used to both (i) detect misspecified subsets of dimensions, and (ii) conversely,
find a maximal subset of dimensions for which the pPCA model provides a reasonable fit to the data.
We set T'= 0.05 in the SVC, based on the calibration procedure in Section A.1 (Section D.3). We
use the Pitman-Yor mixture model expression for the background model dimension (Equation 3),
with @« = 0.5, v = 1, and D = 0.2. This value of D ensures that the number of background
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model parameters per data dimension is greater than the number of foreground model parameters
per data dimension except for at very small N, since there are two foreground parameters for
each additional data dimension in the pPCA model, and mg > 2rg for N > 20. We performed
leave-one-out data selection, comparing the foreground space Xz, = &X' to foreground spaces Xz,
for j € {1,...,d}, which exclude the jth dimension of the data. We computed the log SVC ratio
log(K;/Ko) = log Kj — log Ky using the BIC approximation to the SVC (Section 2.3.2) and the
approximate optima technique (Section 2.3.3). We quantify the performance of the method in
detecting misspecified dimensions in terms of the balanced accuracy, defined as (TTN/N +TP/P)/2
where T'N is the number of true negatives (dimension by dimension), N is the number of negatives,
TP is the number of true positives, and P is the number of positives. Experiments were repeated
independently five times. Figures 3c and 3f show that as the sample size increases, the SVC correctly
infers that dimensions 1 through 4 should be included and dimensions 5 and 6 should be excluded.

7.2 Comparison with a nonparametric background model

To benchmark our method, we compare with an alternative approach that uses an explicit aug-
mented model. The Polya tree is a nonparametric model with a closed-form marginal likelihood
that is tractable for one-dimensional data (Lavine, 1992). We define a flexible background model
by sampling each dimension j of the background space independently as

X; ~ PolyaTree(F, F,n), (52)

with the Pélya tree constructed as by Berger and Guglielmi (2001) (Section D.4). We set F' =
N(0,10), F = N(0,10), and 5 = 1000 so that the model is weighted only very weakly towards the
base distribution.

We performed data selection using the marginal likelihood of the Pélya tree augmented model,
computing the marginal of the pPCA foreground model using the approximation of Minka (2001).
The accuracy results for data selection are in Figures 3¢ and 3f. On scenario A (Equation 50),
the Pdélya tree augmented model requires significantly more data to detect which dimensions are
misspecified. On scenario B (Equation 51) the Pélya tree augmented model fails entirely, preferring
the full data space Xz, = X which includes all dimensions (Figure 3f). The reason is that the
background model is misspecified due to the assumption of independent dimensions, and thus, the
asymptotic data selection results (Equations 15 and 19) do not hold. This could be resolved by using
a richer background model that allows for dependence between dimensions, however, computing
the marginal likelihood under such a model would be computationally challenging. Even with the
independence assumption, the Pdélya tree approach is already substantially slower than the SVC
(Figure 3g).

7.3 Application to pPCA for single-cell RN A sequencing

Single-cell RNA sequencing (scRNAseq) has emerged as a powerful technology for high-
throughput characterization of individual cells. It provides a snapshot of the transcriptional state
of each cell by measuring the number of RNA transcripts from each gene. PCA is widely used
to study scRNAseq datasets, both as a method for visualizing different cell types in the dataset
and as a pre-processing technique, where the latent embedding is used for downstream tasks like
clustering and lineage reconstruction (Qiu et al., 2017; van Dijk et al., 2018). We applied data
selection to answer two practical questions in the application of probabilistic PCA to scRNAseq
data: (1) Where is the pPCA model misspecified? (2) How does partial misspecification of the
pPCA model affect downstream inferences?
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MODEL CRITICISM

Our first goal was to verify that the SVC provides reasonable inferences of partial model misspec-
ification in practice. We examined two different scRNAseq datasets, focusing for illustration on
a dataset from human peripheral blood mononuclear cells taken from a healthy donor, and pre-
processed the data following standard procedures in the field (Section D.5). We subsampled each
dataset to 200 genes (selected randomly from among the 2000 most highly expressed) and 2000
cells (selected randomly) for computational tractability, then mean-subtracted and standardized
the variance of each gene, again following standard practice in the field. The number of latent
components k was set to 3, based on the procedure of Minka (2000). We performed leave-one-out
data selection, comparing the foreground space Xz, := X to foreground spaces X, that exclude the
jth gene. We computed the log SVC ratio log K; —log K¢ using the BIC approximation to the SVC
(Section 2.3.2) and the approximate optima technique (Section 2.3.3). We used the same setting of
T and of mp as was used in simulation, resulting in a background model complexity of mg = 20rg
for datasets of this size. Based on the SVC criterion, 162 out of 200 genes should be excluded from
the foreground pPCA model, suggesting widespread partial misspecification. Figure 4 compares
the histogram of individual genes to their estimated density under the pPCA model inferred for
Xr, = X. Those genes most favored to be excluded (namely, UBE2V2 and IRF8) show extreme
violations of normality, in stark contrast to those genes most favored to be included (MT-CO1 and
RPLG).

Next, we compared the results of our data selection approach to a more conventional strategy for
model criticism. Criticism of partially misspecified models can be challenging in practice because
misspecification of the model over some dimensions of the data can lead to substantial model-data
mismatch in dimensions for which the model is indeed well-specified (Jacob et al., 2017). The
standard approach to model criticism—first fit a model, then identify aspects of the data that the
model poorly explains—can therefore be misleading if our aim is to determine how the model might
be improved (e.g., in the context of “Box’s loop”, Blei, 2014). In particular, standard approaches
such as posterior predictive checks will be expected to overstate problems with components of
the model that are well-specified and understate problems with components of the model that
are misspecified. Bayesian data selection circumvents this issue by evaluating augmented models,
which replace potentially misspecified components of the model by well-specified components. To
illustrate the difference between these approaches in practice, we compared the SVC to a closely
analogous measurement of error for the full foreground model (inferred from Xz, = X),

N/\ N/\
log & —log & := — = NKSD(po(27,) [a(; |60,5)) + 7 NKSD(po(2)]lg(2(b0,n)) (53)

where 6y := argmin NKSD(po(z)|¢(x|0)) is the minimum NKSD estimator for the foreground model
when including all dimensions. This model criticism score evaluates the amount of model-data
mismatch contributed by the subspace A, when modeling all data dimensions with the foreground
model. For comparison, the BIC approximation to the log SVC ratio is

N — N —
log £; —log Ko ~ —?NKSD(pO(x;j)Hq(a;]:j|0j,N) + ?NKSD(po(a:)Hq(a:wo,N))

mp; +mr; — Mg, 2
1 27
+ 5 og (N

(54)

where 6; xy := argmin @(pg(x;j)]\q(x]:jw» is the minimum NKSD estimator for the projected
foreground model applied to the restricted dataset, which we approximate as 6y y plus the implicit
function correction derived in Section 2.3.3. Figure 5 illustrates the differences between the con-
ventional criticism approach (log&; —log&y) and the log SVC ratio on an scRNAseq dataset. To
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Figure 4: (a,b) Histograms of gene expression (after pre-processing), i.e., X]( ), e X](' ), for genes

Jj selected to be included in the foreground space based on the log SVC ratio log K; — log Ko. The
estimated density under the pPCA model is shown in blue. (c,d) Histograms of example genes
selected to be excluded. Higher ranks (in each title) correspond to larger log SVC ratios.

enable direct comparison of the two methods, we focus on the lower order terms of Equation 54,
that is, we set mp, = mz, — myz,. We see that the amount of error contributed by Xj;, as judged
by the SVC, is often substantially higher than the amount indicated by the conventional criticism
approach, implying that the conventional criticism approach understates the problems caused by
individual genes and, conversely, overstates the problems with the rest of the model.

Using the SVC instead of a standard criticism approach can also help clarify trends in where the
proposed model fails. A prominent concern in scRNAseq data analysis is the common occurrence of
cells that show exactly zero expression of a certain gene (Pierson and Yau, 2015; Hicks et al., 2018).
We found a Spearman correlation of p = 0.89 between the conventional criticism log £; —log & for
a gene j and the fraction of cells with zero expression of that gene j, suggesting that this is an
important source of model-data mismatch in this scRNAseq dataset, but not necessarily the only
source (Figure 6a). However, the log SVC ratio yields a Spearman correlation of p = 0.98, suggesting
instead that the amount of model-data mismatch can be entirely explained by the fraction of cells
with zero expression (Figure 6b). These observations are repeatable across different scRNAseq
datasets (Figure 6¢, 6d).
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Figure 5: Scatterplot comparison and projected marginals of the leave-one-out log SVC ratio,
log ICj — log Ko (with mp; =mzx, —mg,), and the conventional full model criticism score, log &; —
log &y, for each gene.

EVALUATING ROBUSTNESS

Data selection can also be used to evaluate the robustness of the foreground model to partial model
misspecification. This is particularly relevant for pPCA on scRNAseq data, since the inferred
latent embeddings of each cell are often used for downstream tasks such as clustering, lineage
reconstruction, and so on. Misspecification may produce spurious conclusions, or alternatively,
misspecification may be due to structure in the data that is scientifically interesting. To understand
how partial misspecification of the pPCA model affects the latent representation of cells (and
thus, downstream inferences), we performed data selection with a sequence of background model
complexities cg, where mg = cgrp (Figure 7a). We inferred the pPCA parameters based only
on genes that the SVC selects to include in the foreground subspace. Figures 7e-7b visualize
how the latent representation changes as cg grows and fewer genes are selected. We can observe
the representation morphing into a standard normal distribution, as we would expect in the case
where the pPCA model is well-specified. However, the relative spatial organization of cells in the
latent space remains fairly stable, suggesting that this aspect of the latent embedding is robust to
partial misspecification. We can conclude that, at least in this example, misspecification strongly
contributes to the non-Gaussian shape of the latent representation of the dataset, but not to the
distinction between subpopulations.

8. Application: Glass model of gene regulation

A central goal in the study of gene expression is to discover how individual genes regulate one
another other’s expression. Early studies of single cell gene expression noted the prevalence of
genes that were bistable in their expression level (Shalek et al., 2013; Singer et al., 2014). This
suggests a simple physical analogy: if individual gene expression is a two-state system, we might
study gene regulation with the theory of interacting two-state systems, namely spin glasses. We
can consider for instance a standard model of this type in which each cell 7 is described by a vector
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Figure 6: (a) Comparison of the conventional criticism score, for each gene j, and the fraction of
cells that show zero expression of that gene j in the raw data. Spearman p = 0.89, p < 0.01.
(b) Same as (a) but with the log SVC ratio. Spearman p = 0.98, p < 0.01. In orange are genes
that would be included when using a background model with c¢g = 20 and in blue are genes that
would be excluded. (c) Same as (a) for a dataset taken from a MALT lymphoma (Section D.5).
Spearman p = 0.81, p < 0.01. (d) Same as (b) for the MALT lymphoma dataset. Spearman
p=0.99, p<0.01.

., %q) | drawn from an Ising model, specifying whether each gene j € {1,...,d}
is “on” or “off”. In reality, gene expression lies on a continuum, so we use a continuous relaxation
of the Ising model and parameterize each spin using a logistic function, setting z;;1(xij, pu, 7) =
1/(1+exp(—7(xij —p))) and zgjo(xij, 1, 7) = 1 — 2351 (245, p, 7). Here, x;5 is the observed expression
level of gene j in cell 4, the unknown parameter p controls the threshold for whether the expression
of a gene is “on” (such that z; ~ (1,0)7) or “off” (such that z; ~ (0,1)"), and the unknown
parameter 7 > 0 controls the sharpness of the threshold. The complete model is then given by

of spins z; = (%1, . .

) 1
XO ~ play|H, J, p, 7) - 76XP(ZH]~T%(£U,T, )+ Z Zg(fﬁijm )iz (@i, T, M))
J

oz
H7J7M7T j/>]

where Zp j, - is the unknown normalizing constant of the model, and the vectors H; € R? and
matrices Jj; € R2%2 are unknown parameters. This model is motivated by experimental obser-
vations and is closely related to RNAseq analysis methods that have been successfully applied in
the past (Friedman et al., 2000; Friedman, 2004; Ding and Peng, 2005; Chen et al., 2015; Banerjee
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Figure 7: (a) Histogram of log SVC ratios log C;j — log Ky for all 200 genes in the dataset (with
mg, = mx, — m]:j). Dotted lines show the value of the volume correction term in the SVC for
different choices of background model complexity cg; for each choice, genes with log KC; — log Kg
values above the dotted line would be excluded from the foreground subspace based on the SVC.
(b) Posterior mean of the first two latent variables (z; and z2), with the pPCA model applied
to the genes selected with a background model complexity of cg = 10 (keeping 23 genes in the
foreground). (c-e) Same as (b), but with c¢g = 20 (keeping 38 genes), cg = 40 (keeping 87 genes)
and ¢g = 60 (keeping all 200 genes). In (a)-(d), the points are colored using the z; value when
cp = 60.

et al., 2008; Duvenaud et al., 2008; Liu et al., 2009; Huynh-Thu et al., 2010; Moignard et al., 2015;
Matsumoto et al., 2017). However, from a biological perspective we can expect that serious prob-
lems may occur when applying the model naively to an scRNAseq dataset. Genes need not exhibit
bistable expression: it is straightforward in theory to write down models of gene regulation that
do not have just one or two steady states—gene expression may fall on a continuum, or oscillate,
or have three stable states—and many alternative patterns have been well-documented empiri-
cally (Alon, 2019). Interactions between genes may also be more complex than the model assumes,
involving for instance three-way dependencies between genes. All of these biological concerns can
potentially produce severe violations of the proposed two-state glass model’s assumptions. Data
selection provides a method for discovering where the proposed model applies.

Applying standard Bayesian inference to the glass model is intractable, since the normalizing
constant is unknown (it is an energy-based model). However, the normalizing constant does not

28



BAYESIAN DATA SELECTION

affect the SVC, so we can still perform data selection. We used the variational approximation to
the SVC in Section 2.3.4. We placed a Gaussian prior on H and a Laplace prior on each entry
of J to encourage sparsity in the pairwise gene interactions; we also used Gaussian priors for p
and 7 after applying an appropriate transform to remove constraints (Section E.1). Following
the logic of stochastic variational inference, we optimized the SVC variational approximation using
minibatches of the data and a reparameterization gradient estimator (Hoffman et al., 2013; Kingma
and Welling, 2014; Kucukelbir et al., 2017). We also simultaneously stochastically optimized the set
of genes included in the foreground subspace, using Leave-One-Out REINFORCE (Kool et al., 2019;
Dimitriev and Zhou, 2021) to estimate log-odds gradients. We implemented the model and inference
strategy within the probabilistic programming language Pyro by defining a new distribution with log
probability given by the negative NKSD (Bingham et al., 2019). Pyro provides automated, GPU-
accelerated stochastic variational inference, requiring less than an hour for inference on datasets
with thousands of cells. See Section E.1 for more details on these inference procedures.

We examined three scRNAseq datasets, taken from (i) peripheral blood monocytes (PBMCs)
from a healthy donor (2,428 cells), (ii) a MALT lymphoma (7,570 cells), and (iii) mouse neurons
(10,658 cells) (Section E.2). We preprocessed the data following standard protocols and focused on
200 high expression, high variability genes in each dataset, based on the metric of Gigante et al.
(2020). We set T'= 0.05 as in Section 7, and used the Pitman-Yor expression for mg (Equation 3)
with « = 0.5, v =1 and D = 100. This value of D ensures that the number of background model
parameters per data dimension is larger than the number of foreground model parameters per data
dimension except for at very small NV; in particular, there are 798 foreground model parameter
dimensions associated with each data dimension (from the 199 interactions .J;; that each gene
has with each other gene, plus the contribution of Hj), and mpg > 798rp for N > 13. Our data
selection procedure selects 65 genes (32.5%) in the PBMC dataset, 0 genes in the neuron dataset,
and 187 genes (93.5%) in the MALT dataset; note that for a lower value of mp, in particular using
D = 10, no genes are selected in the MALT dataset. These results suggest substantial partial
misspecification in the PBMC and neuron datasets, and more moderate partial misspecification in
the MALT dataset.

We investigated the biological information captured by the foreground model on the MALT
dataset. In particular, we looked at the approximate NKSD posterior for the selected 187 genes,
and compared it to the approximate NKSD posterior for the model when applied to all 200 genes.
(Note that, since the glass model lacks a tractable normalizing constant, we cannot compare stan-
dard Bayesian posteriors.) Figure 8 shows, for a subset of selected genes, the posterior mean of the
interaction energy AE;; 1= Jjjo1 + Jjjr12 — Jjjra2 — Jjjr11, that is, the total difference in energy be-
tween two genes being in the same state versus in opposite states. We focused on strong interactions
with |AEj;| > 1, corresponding to just 5% of all possible gene-gene interactions (Figure 12).

One foreground gene with especially large loading onto the top principal component of the
AFE matrix is CD37 (Figure 8). In B-cell lymphomas, of which MALT lymphoma is an exam-
ple, CD37 loss is known to be associated with decreased patient survival (Xu-Monette et al.,
2016). Further, previous studies have observed that CD37 loss leads to high NF-xB pathway ac-
tivation (Xu-Monette et al., 2016). Consistent with this observation, the estimated interaction
energies in our model suggest that decreasing CD37 will lead to higher expression of REL, an
NF-£B transcription factor (AEcps7 rEL = 2.5), decreased expression of NKFBIA, an NF-xB in-
hibitor (AEcp37 NkFBiA = —3.6), and higher expression of BCL2A1, a downstream target of the
NF-kB pathway (AEcps7Bcr2a1 = 2.1). Separately, a knockout study of Cd37 in B-cell lym-
phoma in mice does not show IgM expression (de Winde et al., 2016), consistent with our model
(AEcp37igam = —8.2). The same study does show MHC-II expression, and our model predicts
the same result, for HLA-DQ in particular (AEQD377HLA_DQA1 = 5.0, AECD37.,HLA-DQB1 = 3.7).
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Figure 8: Posterior mean interaction energies AE;; := Jjja1 + Jjjr12 — Jjjr02 — Jjjr11 for a subset of
the selected genes. For visualization purposes, weak interactions (JAE;j;| < 1) are set to zero, and
genes with less than 10 total strong connections are not shown. Genes are sorted based on their
(signed) projection onto the top principal component of the AE matrix.

These results suggest that the data selection procedure can successfully find systems of interacting
genes that can plausibly be modeled as a spin glass, and which, in this case, are relevant for cancer.

To investigate whether data selection provided a benefit in this analysis, we compare with the
results obtained by applying the foreground model to the full dataset of all 200 genes. All but one
of the interactions listed above have |AE| < 1 in the full foreground model, and three have opposite
signs (AEcps7 NrrBIA = +0.7, AEcps7icam = +0.0, AEcp37 ura-pge1 = —0.6); see Figure 13.
Across all 187 selected genes, we find only a moderate correlation between the interaction energies
estimated when using the full foreground model compared with the data selection-based model
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Figure 9: Comparison of posterior mean interaction energies AFE};; for a model applied to all 200
genes (pre-data selection) to those learned from a model applied to the selected foreground subspace
(post-data selection). Each point corresponds to a pairwise interaction between two of the selected
187 genes.

(Spearman’s rho = 0.30, p < 0.01; Figure 9). These results show that using data selection can
lead to substantially different, and arguably more biologically plausible, downstream conclusions
as compared to naive application of the foreground model to the full dataset.

As a simple alternative, one might wonder whether genes that are poorly fit by the model
could be identified simply by looking their posterior uncertainty under the full foreground model.
This simple approach does not work well, however, since it is possible for parameters to have low
uncertainty even when the model poorly describes the data. Indeed, we found that examining
uncertainty in the glass model does not lead to the same conclusions as performing data selection:
the genes excluded by our data selection procedure are not the ones with the highest uncertainty
in their interactions (as measured by the mean posterior standard deviation of AE;; under the
NKSD posterior), though they do have above average uncertainty (Figure 14a). Instead, the genes
excluded by our data selection procedure are the ones with the highest fraction of cells with zero
expression, violating the assumptions of the foreground model (Figure 14b). These results show how
data selection provides a sound, computationally tractable approach to criticizing and evaluating
complex Bayesian models.

9. Discussion

Statistical modeling is often described as an iterative process, where we design models, infer hidden
parameters, critique model performance, and then use what we have learned from the critique to
design new models and repeat the process (Gelman et al., 2013). This process has been called
“Box’s loop” (Blei, 2014). From one perspective, data selection offers a new criticism approach. It
goes beyond posterior predictive checks and related methods by changing the model itself, replacing
potentially misspecified components with a flexible background model. This has important practical
consequences: since misspecification can distort estimates of model parameters in unpredictable
ways, predictive checks are likely to indicate mismatch between the model and the data across
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the entire space X even when the proposed parametric model is only partially misspecified. Our
method, by contrast, reveals precisely those subspaces of X where model-data mismatch occurs.

From another perspective, data selection is outside the design-infer-critique loop. An underly-
ing assumption of Box’s loop is that scientists want to model the entire dataset. As datasets get
larger, and measurements get more extensive, this desire has led to more and more complex (and
often difficult to interpret) models. In experimental science, however, scientists have often followed
the opposite trajectory: faced with a complicated natural phenomenon, they attempt to isolate a
simpler example of the phenomenon for close study. Data selection offers one approach to formal-
izing this intuitive idea in the context of statistical analysis: we can propose a simple parametric
model and then isolate a piece of the whole dataset—a subspace Xr—to which this model applies.
When working with large, complicated datasets, this provides a method of searching for simpler
phenomena that are hypothesized to exist.

There are several directions for future work and improvement upon our proposed data selection
approach. First, we have focused in our applied examples on discovering subsets of data dimensions.
However, our theoretical results show that one can perform data selection on linear subspaces in
general; for instance, in the context of scRNAseq, we might find that a model can describe a certain
set of linear gene expression programs. Even more generally, one might be interested in discovering
nonlinear features of the data that the model can explain—such as a set of nonlinear gene expression
programs—and this would require extending our approach, perhaps by (1) applying a nonlinear
volume-preserving map to the data, and then (2) performing standard linear data selection.

Second, we have focused on choosing one best Xr from among a finite set of possibilities.
A future direction is to provide rigorous asymptotic guarantees when there are infinitely many
possible choices of Xz, such as the set of all linear subspaces of X'. Another future direction is to
provide uncertainty quantification of Xz, rather than just point estimation. Here, it is important
to consider the uncertainty due to having finite data as well as non-identifiability, since there may
exist multiple optimal values of Xr; for instance, this can occur if the model is well specified over
marginals of the data but not over the joint distribution of the data.

Third, in many applications, researchers will be interested in inferring the parameters 8 of the
foreground model when applied to the selected subspace Xz. On finite data, it is conceivable that
foreground subspaces Xr that are more likely to be selected are also more likely to have certain
values of 0, which could create a “post- data selection bias” in conclusions about 6, analogous to
the bias that occurs in post-selection inference (Yekutieli, 2012). The data selection problem does
not fit neatly in the framework of post-selection inference, however, so further investigation will be
required to understand if, when, and to what extent such bias occurs.

Finally, in comparison to the augmented model marginal likelihood, the SVC makes different
judgments as to what types of model-data mismatch are important. The NKSD and the KL di-
vergence are quite different and do not, in general, coincide or tightly bound one another, so a
model-data mismatch that looks big to one divergence may not look big to the other, and vice
versa (Matsubara et al., 2021). The preference of the NKSD for certain types of errors is not es-
sential to achieving consistent data selection and nested data selection, but is very relevant to
the practical use and interpretation of the SVC. One could use another divergence instead of the
NKSD in the definition of the SVC, and this would typically be expected to yield consistent model
selection and nested model selection (Appendix B.1 and Miller, 2021), however, consistent data
selection and nested data selection are more challenging, and depend on a combination of special
properties that our NKSD estimator possesses (Section 3). Developing data selection approaches
with different model-data mismatch preferences, therefore, remains an open challenge. In summary,
Bayesian data selection is a rich area for future work.
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Appendix A. Methods details
A.1 Calibrating T

The SVC contains a hyperparameter 7" > 0. To choose an appropriate value of T, we aim, roughly,
to match the coverage of the generalized posterior

TR (0)d8 = ——exp( — - STD(po())a(18) ) n(6)do

to the coverage of the standard Bayesian posterior

N
exp< 3 log (X |9))7r(0)d9

1
T5E(0)dO = p
=1

when the model is well-specified.

Let 6, be the true parameter value, such that po(x) = ¢(x|0.) almost everywhere. Let
G¥(0) := V2Ex o[~ log ¢(X|0)] and let 5} := argmax 3"~ | log ¢(X?|9) be the maximum likeli-
hood estimator. Let hly be the density of VN (6 — 0%) when 6 ~ 77 Under regularity conditions
(Miller, 2021), according to the Bernstein—von Mises theorem, h%; converges to a normal distribu-
tion in total variation,

According to Theorem 9, the generalized posterior associated with the SVC has analogous behavior.
Let G3V¢(0) := VZ&NKsD(po(z)|lq(z]0)) and let 63C := argmin NKSD(po(z)||g(z]0)). Let h%C be
the density of VN (0 — O%¢) when 0 ~ 7}y°. Then by Theorem 9, h%/® converges to a normal
distribution in total variation,

J.

For the uncertainty in each posterior to be roughly the same order of magnitude, we want

hy (z) — N (z | 0, GKL(G*)_l)’d:U 2% 0.

N—oo

YO (z) — N (2 | 0,G5C(0,) ) ‘dm =2 0.
— 00
det G**(0,) ~ det G®V°(0,),

or equivalently,

~
~

1
det [V2,_, NKSD(po(2)[lg(16))] \ /"
det [V3],_g, Expo [~ log q(X10)]] '

To choose a single T value, we simulate true parameters from the prior, generate data from
each simulated true parameter, and take the median of the estimated 1" values. That is, we use the
median T across samples drawn as

0. ~ m(0)

;) iid
X0 8 g (216,)

— 1/m
o ( | det [V3],_,, NKSD(po(x)[lg(x]6))] | ) /
[ det [V3],_p, & ity —logg(XD[0)]]

(55)

In practice, we find that the order of magnitude of T is stable across samples 6, from m(#). See
Section D.3 for an example.
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A.2 Kernel recommendations

To obtain subsystem independence (Proposition 6), we suggest using a kernel that factors across
subspaces, such that k(X,Y) = kr(Xr,Yr)kp(Xg,Ys) where kr and kg are integrally strictly
positive definite kernels. In the applications in Sections 7 and 8, we use the following kernel.

Definition 18 The factored inverse multiquadric (IMQ) kernel is defined as

d

k(a,y) = [T (2 + (@ - w)?) "

i=1
for x,y € RY, where 3 € [~1/2,0) and ¢ > 0.

Note that this kernel factors across any subset of dimensions, that is, if S C {1,...,d} and S¢ =
{1,...,d}\ S, then we can write k(z,y) = ks(zs,ys)ksc(xge, yse). Thus, if the foreground subspace
Xr is the span of a subset of the standard basis, such that 27 = V' 'z = xg for some S C {1,...,d},
then it follows that k factors as k(z,y) = kr(xr,yr)ks(xp,yg). Along with this observation, the
next result shows that the factored IMQ satisfies the conditions of Theorem 9 that pertain to k
alone.

Proposition 19 The factored IM(Q) kernel is symmetric, positive, bounded, integrally strictly pos-
itive definite, and has continuous and bounded partial derivatives up to order 2.

Proof It is clear that k(z,y) = k(y,z) and k(z,y) > 0. Next, we show that k£ has continuous and
bounded partial derivatives up to order 2. Note that we can write k(x,y) = Hle Y(x; — y;) where
Y(r) = (2 +r?)P/4 for r € R. Differentiating, we have

2
V() = 552
" 62 B 2 2 5 2
vi(r) = (ﬁ B E) <02 —:TZ) () + dc?+ 12 ().

Since 12 > 0 and 8 < 0, |1(r)| < 2%/ for all » € R. Further, it is straightforward to verify that
|¢/(r)] and |[¢"(r)| are bounded on R by using the fact that |r|/(c? + r2) < 1/(2¢). By the chain
rule, it follows that for all 4, j, the functions k(z,y), |0k/dz;|, and |8%k/0x;0y;| are bounded. Thus,
we conclude that k, |[Vk||, and ||V2k| are bounded.

Finally, we show that k is integrally strictly positive definite. First, for any d, for z,y € RY,
the function (x,y) — (2 + ||z — y||3)?/? is an integrally strictly positive definite kernel (see, for
example, Section 3.1 of Sriperumbudur et al., 2010); we refer to this as the standard IMQ kernel.
Since the factored IMQ is a product of one-dimensional standard IMQ kernels, it defines a kernel
on R? (Lemma 4.6 of Steinwart and Christmann, 2008) and is positive definite (Theorem 4.16
of Steinwart and Christmann, 2008). By Bochner’s theorem (Theorem 3 of Sriperumbudur et al.,
2010), a continuous positive definite kernel can be expressed in terms of the Fourier transform of a
finite nonnegative Borel measure. In particular, applying Bochner’s theorem to 1 (r), we have

d

d
ko) = Bla =) = [T oo =) =[] [ exp(= v=TGa - pws)an®w)
1

=1 1=

= /Rd exp(— vV-1(z — y)'w)dA(w)

38



BAYESIAN DATA SELECTION

by Fubini’s theorem, where A° is the finite nonnegative Borel measure on R associated with (r)
and A = A x --- x AY is the resulting product measure on R?. Applying Bochner’s theorem in
the other direction, we see that ¥ is a positive definite function. Moreover, since the standard
IMQ kernel is characteristic (Theorem 7 of Sriperumbudur et al., 2010), it follows that the support
of A% is R (Theorem 9 of Sriperumbudur et al., 2010), and thus the support of A is R This
implies that the factored IMQ kernel k is characteristic (Theorem 9 of Sriperumbudur et al., 2010)
and, since k is also translation invariant, k¥ must be integrally strictly positive definite (Section 3.4
of Sriperumbudur et al., 2011). [ |

Our choice of the factored IMQ kernel is motivated by the analysis of Gorham and Mackey
(2017), which suggests that the standard IMQ is a good default choice for the kernelized Stein
discrepancy, particularly when working with distributions that are (roughly speaking) very spread
out. In particular, it is straightforward to show that the factored IMQ kernel, like the standard
IMQ kernel, meets the conditions of Theorem 3.2 of Huggins and Mackey (2018). However, we do
not pursue further the question of whether the NkKSD with the factored IMQ detects convergence
and non-convergence since our statistical setting is different from that of Gorham and Mackey
(2017), and we are assuming the data consists of i.i.d. samples from some underlying distribution
rather than correlated samples from an MCMC chain which may or may not converge.

A.3 Exact solution for exponential families

Here, we show that when ¢(x|0) is an exponential family, the estimated NKSD has the form
NKSD(po(x)||q(z]0) =0T A0+ B0+ C (56)

where A, B, and C depend on the data but not on 6. Since gg(z) = q(z]0) = A(z) exp(0 " t(x)—k(0)),
we have s, () = Vlog \(z) + (Vt(x)) "0 where (V,t(z))ij = Ot;/0x;. Thus, we can write

up (T, y) 1= 5q5 (%) " 5q5 (VK (T, ) + 54, () TV, y) + 54, () " Vak(2,y) + trace(VoV, k(z,y))
= 0T [(Vot(2))(Vyt(y) " k(z, )]0
+ (Ve log M) (Vyt () Tk(z, y) + (Vylog A()) T (Vat(2)) Tk(2,y)
+ (Vak(z, ) (Vyt(y) " + (Vyk(z, )" (Vat(x) 110
+ [(Valog A(z) T (V, logA(y) k(x,y) + (Vylog A(y)) T (Vak(z,y))
(leogx\(x)) (Vyk(z,y)) + trace(V, V k(x,y))]. (57)

\_,\/
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Then the estimated NKSD takes the form in Equation 56 if we choose

1 A . . .

A= = Vot(X D)V t(X D) Th(x O, x 1))

L R(X®. X6 ’
Z’L;ﬁj k(X 7XJ ) Z;ﬁ]

B! = Z#j k(;(i),X(j)) ZZJ: [(Vx log )\(X(i)))Tvmt(X(]'))Tk(X(i)7X(j))
+ (Ve log \X DN TV, (X D) Tr(x D, x0))
+ (ka(X(i)7X(j)))Tvxt(X(j))T i (vyk(X(i)’X(j)))Tvxt(X(i))T]
C .= 1 Z [(Vm log )\(X(i)))T<v$ IOgA(X(j)))k(X(i)’X(j))

S HX©, X0))

i#]
+ (Vo log A(XU) TV, k(X ), X10))
+ (Vo log (X)) T k(X D, X)) 4 trace(V, V) k(X@, X0)))].

If the prior on 6 is N(u, 3o), then the SVC is

o\ "B/
K= <N> (2m) "™ /2 (det £o) /2

X /exp( . %[9149 + BT+ C]) exp( - %(9 — ) S50 - u))d@
N

1 /2N N N 1
x /exp< - §9T<TA + 251)0 n ( - BT+ ngl)e _Zo- MTEglp,)dH

mp/2
=(5) o ()

X exp@( - %BT + ;ﬁzgl)T (gA + 251)_1( - %BT + ,ngl) N 1NT251M>.

mp/2
=<2”> (2m) /2 (det )12

-1/2

Meanwhile, if q(z|0) = N(0,X) where X is a fixed covariance matrix, then we have V,log A\(z) =
~Y !z and V, t(zx) = XL
A.4 Comparing many foregrounds using approximate optima
Here, we justify the technique described in Section 2.3.3. As in Section 2.3.3, define ¢;(0) =
NKSD(po(27,)|lq(x7,10)) for j € {1,2}, and let Oy (w) = argming £(w, ) where

L’(w, 9) = 61(9) + w(EQ(Q) — 51(9))

for w € [0,1]. We assume that the conditions of Theorem 9 are met, over both Xz, and Xz,. Since
(0L£/90;)(w,On(w)) = 0, we have

2 2

or equivalently, in matrix/vector notation,

0 = Vo (VoL(w, On(w))) = VoVuL(w,Ox) + VL w, On) V(O (w)).
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Rearranging, we have
Vol (w) = —(V3L(w,08)) " VoV L(w, ).
At w = 0 we find, plugging back in the definition of L,
Vuly(0) = = V5 (0x(0) 7 (Vola(0n (0)) = Vola (0x(0)))
= —Vl1(0n(0)) " Vola(6n/(0)).
Applying a first-order Taylor series expansion gives us Ox(1) =~ Onx(0) + V,0xn(0), which yields
Equation 13.

Appendix B. Asymptotics of the alternative selection criteria

Theorem 17 shows that the SVC exhibits all four types of consistency: data selection, nested data
selection, model selection, and nested model selection. In this section, we establish the consistency
properties of the alternative criteria considered in Section 3.

B.1 Setup

We first review the asymptotics of the standard marginal likelihood, discussed in depth by Dawid
(2011) and Hong and Preston (2005), for example. Define

N
1 ; .
NV (0) =~ D loga(X ), 08 = argmin f(0),
=1
FE(0) := —Ex~po[log g(X|0)], 05" = argmin F54(0).

Let m be the dimension of the parameter space. Under suitable regularity conditions (Miller, 2021),
the Laplace approximation to the marginal likelihood is

exp (= N fRH(OR)) m(65") (%)mﬂ
| det V2 fru (0|2

g(XAM) = / G(XUN)[0)(0)df ~ (58)

N

almost surely, where ay ~ by indicates that ay /by — 1 as N — oco. We can rewrite this as

log (X)) + N(fiH(08) — SN (65))
+ NN (057) = F505) + N f(0.7)

(59)
KL m/2
+ m log N — log m(0.7)(2n) 3 22 5 0.
2 ‘ det vngL (GEL)’ N—oo

As shown by Dawid (2011) and Hong and Preston (2005), under regularity conditions,

N(fN(O8) — fN'(657)) = Oy (1)
N(fN(O5) = [<(65)) = Op (VN)

N f*(65") = Op,(N) )
7['(«95]“)(27-[-)771/2
lo 0 |
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Figure 10: Behavior of the Stein volume criterion K, the foreground marginal likelihood with a
background volume correction K@, and the foreground marginal Nksp () on toy examples. The
plots show the results for 5 randomly generated datasets (thin lines) and the average over 100
random datasets (bold lines). Here, unlike Figure 2, the Pitman-Yor expression for mpg is used
(Equation 3), with &« = 0.5, v =1, and D = 0.2.

The NKSD marginal likelihood has a similar decomposition. Following Section 6, define

NoP(g) = %@(po(:v)ﬂq(x]@), ON©P := argmin fNP(6),
0
1
FESP(9) = fNKSD(pO(x)Hq(x]H)), 07" .= argmin fN*°°(0).
0

As shown in Theorem 9,

_ N £NKSD (NKSD NKSD m/2
oN = /exp(—Nf}\\}KSD(H))W(G)dH SN ON >)”(f}k2 ) <27T)
‘ det vngKSD(QEKSD)‘ N
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almost surely as N — 0o. As above, we can rewrite this as
log ZN + N( NKSD(HNKSD) _ ]D\I[KSD( EKSD))
+ N( NKSD(H)I;IKSD) _ fNKSD(efKSD)) + NfNKSD(HfKSD)
‘ (61)
r(6P) (2m) " ) g
’ det ngNKSD (%S ’ 1/2 ] Nooo

—l—gllogN—log(

By Theorem 12, we have
NS (OP) = NP (0Y0) = Oy (1),
N(fNSP(O0) = P (077)) = Opy (VIN),
NN fNKSD (NKSDY Op,(N), (62)
NKSD m/2
og [ FEEED N
} det vngKSD (05KSD)| /

and further, when the model is well-specified, such that NKSD(po(z)||q(x|0¥*P)) = 0,
NP (B10) - 2 (63550) = Op (1) (63)

For ease of reference, here are the various scores that we consider for model/data selection.
Marginal likelihood of the augmented model (foreground+background):

dONF) = [ [ aC 10 G0 XY, gm0y ) v

Foreground marginal NKSD, background volume correction (a.k.a. the SVC):

K = (%)mm [ e = T D) ate o) m(0)as.

Foreground marginal likelihood, background volume correction:

mpg/2
]C(a) = (?z;) Q(X_g_-lN))

Foreground marginal NKSD:

o) . / exp <_]j\fﬁ<§3(po(xf)\q<x;ye))> (0)db.

Foreground marginal KL, background volume correction:

7\ "/ —
O (3\7) / exp (~NRL(po(z7) |q(z516))) 7(6)do.

Foreground NKSD, background volume correction:

o\ 8/2 N
KW= <N> exp(—T min NKSD(pO(x]:)]q(a;]:W))) .

Foreground NKSD, foreground and background volume correction (a.k.a. BIC for SVC)

o\ (mzt+ms)/2 N
BIC ._ ( 2T — —_ min NKST
Ko = <N> exp( T melnNKSD(po(x;)Hq(x]:W))).
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B.2 Data selection
Assume mp; = o(N/log N) for j € {1,2}. By Equations 59 and 60,
(64)

1 /C(a) P
1 ﬁEXNPO [—1og (X 7,105")] — Exnpy[—log ¢(X 7 [67%)]

N log IC(a)
2
= KL(po(25,)9(x5,105%)) + Hr, — KL(po(zr, ) |q(x 5 [07%)) — Hr,

so K@ does not satisfy data selection consistency. The SVC satisfies data selection consistency by
Theorem 17 (part 1). We show that the other scores also satisfy data selection consistency. Since

K®) = (27 /N)~™8/2K where K is the SVC, by Theorem 17 (part 1),

1. kP g1 ‘ 1
3108 7 T TSP la(am O557) = pkspontom e ). ()
By Equation 64 and the fact that K(©) = exp(NH. ;)K(a), we have
1 K§C) Po KL KL
¥ 108 5 S Kol a(o 1952)) — KLpolan) oo 052)) (66)
2
Since K@) = (27 /N)"8/2 exp(— N fNSP(O3KP)), then by Equation 62,
1 }ng) PO 1 NKSD ]' NKSD
310 o KSR emIOE)) = pksoontez e 5. (6

1. KBC p o1 1
— log @ ﬁ TNKSD(PO(C%)H(J(a?leegfff”)) — pNKSD(po (27 )llg(w 7, 075°7)). (68)
These methods therefore satisfy data selection consistency. For the marginal likelihood of the
augmented model, suppose mp, and mpg, do not depend on N. Then by Equation 59,

(69)

1. gxXEMFE) p 3
X ) A g loga(Xr 055)] + Exopol— logd(Xs, | Xr 655)]

—1
N % G(XTN)|Fy) Noeo
- EXJ-‘l ~Ppo [_ log q(X]:l ’011(,];)] - EXNPO [_ log qN(XBl ’X}—l’ Qb}fﬁk)]]

We can rewrite this in terms of the KL divergence. First note the decomposition,

- [ oot ogm(az )daz, ~ [ o) ogm(a o, )iz

1=~ [ ola)logp(w)ds =
for j € {1,2}. Adding and subtracting the entropy H in Equation 69, and using the fact that the

background model is well-specified,

L xR )
AN ) B () a(@ml052)) + Ku(o(zmlerm) | d(es,|em, 55))

N GXTN|Fy) Nooo
— KL(po(zr)lla(z7 |075)) — KL(po (s, |27 13(xs, |27, 61%))

— KL(po(z7,)lla(z7 |05))-

(70)

= KL(po(z7,)¢(7,105%))
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B.3 Nested data selection

In nested data selection, we are concerned with situations in which Xz, C Xz, and the model is
well-specified over both Xz, and Xr,. Assume further that mp, — mp, does not depend on N.
First, consider K9 and CPIC. Since KXY = (27/N)™5/2 exp(—N fN<°(6355P)) and by Theorem 12,
INEP(ONSP) = Op,(1/N), we have

1 IC(d) P mpg, — Mg
1 1 0 2 1 71
log N o8 ;ng) N—oo 2 (71)
Likewise, since KPIC = (27 /N)"7/2KC(D) it follows that
1 log KBIC Py MF, +Mmp, —MF, — Mg, (72)
log N ]CBIC N—so00 2 '

As in Section 6.4, it is natural to assume mp, > mpg, and mzr, + mp, > mzx, + mp,, in which case
these criteria satisfy nested data selection consistency.

None of £@, £®) and £(©) are guaranteed to satisfy nested data selection consistency, because
the contribution of background model complexity is negligible or nonexistent. To see this, note that
assuming mp; = o(N/log N), by Equation 64 we have

1 nga) P
N IOg ,Cga) m H]'-2 - H]:l' (73)
Meanwhile, since K(P) = (27/N)~™8/2KC then by Theorem 17 (part 2),
b
1 1o IC( ) Py mr, —Mmr (74)
log N o) Nooe 2

Since Xr, C Xr,, we have mz, < mz, except perhaps in highly contrived scenarios. If mz, < mz,
then Equation 74 shows that 10g(lC§b)/IC§b)) o, 50, On the other hand, if mz, = mz,, then by
Equations 61 and 62, log(ngb)/ngb)) = Op,(1), so it is not possible to have log(ngb)/ngb)) RN
Therefore, K(P) does not satisfy nested data selection consistency.

Since KC(©) = NHFLC(@) — eNHf(ZW/N)mB/2 (X(1 N)) then by Equations 59 and 60,

1 IC(C) po(XF) —1/2
\/Nlog ICg ( ;1 ) E(long(X}_Q)>> + Op, (N~ /“log N). (75)

If 02 := Vp,(logpo(X7,)/po(XF,)) is positive and finite, then by the central limit theorem and
Slutsky’s theorem, N~1/2 log(ngc)//Cgc)) 2, N(0,0%). Thus, K© randomly selects F; or Fy with
equal probability, and therefore, it does not satisfy nested data selection consistency.

For the marginal likelihood of the augmented model, suppose mp, and mpg, do not depend on N.
The marginal likelihood achieves nested data selection consistency because the augmented models
are both well-specified and describe the complete data space X’; this guarantees that the Opo(\/> )
terms in the marginal likelihood decomposition cancel. Specifically, po(x) = q(z | 0 fk, oL F;) for
j € {1,2}, and thus, by Equations 59 and 60 applied to the augmented model,

1 og (j( (1:N) ’}—1) Py MF, +mp, —Mr, — Mg,
log N ( (1:N) ]]:2) N—oo 2 '

Nested data selection consistency follows assuming mz, + mp, > mz, + mp, as before. This can

be contrasted with Equation 75, where although both foreground models are well-specified, they
describe different data (X%N) versus X (1: )) so the Op,(vV/N) terms remain.

(76)
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B.4 Model selection

All of the criteria we consider satisfy model selection consistency. To see this, we apply the same
asymptotic analysis as used for data selection in Section B.2, under the same conditions on mgp,
obtaining

108 L ) Pl e ) — Kol O, ()
1 ’Cga) P KL KL
N 108 iy vo o KL(po(zr) a2 (27102)) — KL(po(F)llr (27101 k)), (78)
]CQ N—o0
L1 Km0 1 oem) s e rl8SR)) — Enksp(po(er)la @A), (79)
N 0g lCéb) Noow T PolZF)||q2(TF|U2 « T bol\xF)| i \TF )
1 ]Cgc) Py KL KL
o T 0 k(o) laa (L)) — KL (po () an (£165%)), (80)
IC2 N—oo
1 1 lcgd) Py 1 NKSD 1 NKSD
N 1O8 e D)l 93— gwsp(polan) (#1078
Lo K0 P, L on(oo(ar) s (@ I55)) — Sxkspimo(er)la@rBi).  (82)
N P°KPIC No' T T

Note that in contrast to the data selection case, K satisfies model selection consistency since the
entropy terms Hz; cancel due to the fact that F is fixed. We can think of this as a consequence of the
KL divergence’s subsystem independence; if we are just interested in modeling a fixed foreground
space, there is no problem considering the foreground marginal likelihood alone (Caticha, 2004,
2011; Rezende, 2018).

B.5 Nested model selection

In nested model selection, since both models are well-specified, we have q;(x#|05}) = po(zr) =

qj(zF|075°) for j € {1,2}. Thus, the estimated divergences cancel:

NKSD(pO(:c;)qu(x;] 1) = NKSD(po(x]:)||q2(a:]_-‘9NK5D))7

Zlogql X( Zloqu )

KL(po(:vf)qu(wfl 1)) = KL(po(xf)Hq2(wf!92f;))-

Using this along with Equations 59-63, under the same conditions on mpg as in Section B.2,

L 1og DEONE) py | mra —ma (83)
log N 7 Go(X(EN)|F) Nooo 2 ’

1 Y mrs—mza

log =1~ —— —= : 84

log N o8 ]Cga) N—o0 2 ’ (84)
1 kg mra2—Mmr1

log — - : : 85

log N % P Moo 2 (85)
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1
log N ©8 IC%C) N—so00 2 ’ (86)
@
log % = OPo(l)a (87)
K@
2
1 ICBIC o
log i fo, A2 7L (88)
log N lC2 N—o0 2

where we are using the assumption that the background model is the same in the two augmented
models ¢; and g2 and so mp; = mp2. Only K@D fails to satisfy nested model selection consistency.

Appendix C. Proofs
C.1 Proofs of NKSD properties

Proof of Proposition 3 By assumption, the kernel is bounded, say |k(z,y)| < B, and sp, s, €
LY(P). Thus, by the Cauchy-Schwarz inequality,

[ i) = )00 = syt ot
X Jx

< B( fyllsg(a) — sp(a) Ip(a)dz) < oo.

Since the kernel is integrally strictly positive definite and |k(x,y)| < B,

0< [ [ Mapaptudady < B < . (39)

Thus, the NKSD is finite. Equation 30 follows from Theorem 3.6 of Liu et al. (2016). |

Proof of Proposition 4 The denominator of the NKSD is positive since k is integrally strictly
positive definite. Defining é(x) = s4(z) — sp(x), the numerator of the NKSD is

d
T = (2)0; x, x xdy.
/X /X 5() 8 )p(a o)y = 3 /X /X 5:(2)6: () k(s y)p(@)p(y)dedy.  (90)

If 0;(z)p(x) = 0 almost everywhere with respect to Lebesgue measure on X', then the ith term
on the right-hand side is zero. Meanwhile, if §;(x)p(z) is not a.e. zero, then [, [0;(x)|p(x)dx > 0,
and hence, the ith term is positive since k is integrally strictly positive definite and &; € L'(P) by
assumption. Hence, the NKSD is nonnegative, and equals zero if and only if §(z)p(z) = 0 almost
everywhere.

Suppose 0(x)p(x) = 0 almost everywhere. Since p(z) > 0 on X by assumption, this implies
sp(x) = sq(x) a.e., and in fact, sp(x) = sq(x) for all z € X by continuity. Since & is open and
connected, then by the gradient theorem (that is, the fundamental theorem of calculus for line in-
tegrals), p(z) o« g(z), and hence, p(z) = q(z) on X. Conversely, if p(z) = g(z) almost everywhere,
then 0(z)p(z) = 0 almost everywhere. [ |

Proof of Proposition 6 Define

51(131) = me log Q(x) - Vxl logp(z) = vm log Q(l'l) - vfm logp(xl)
52(532) = v:m lOg Q(x) - vm 10gp($) = vmz 1Og Q(mZ) - vazz logp(xg).
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Let X,Y ~ p(z) independently. Note that E[k;(X1,Y1)] > 0 and E[k2(X2, Y2)] > 0 since k; and ks
are integrally strictly positive definite by assumption. Therefore,

0 —V,lo (V1o ~ V., lo ’
(o)) = 2B e BRI R DRI T o CIRCE T
E[61(X1) 61 (Y1) k1 (X1, V1)|E[k2(Xa, Y2)]  E[62(X2) T02(Y2)ka (X2, Ya)|E[ky (X1, Y7)]
Elk1 (X1, Y1)]E[k2 (X2, Y2)] E[k1 (X1, Y1)|E[k2(Xo, Y2)]

_EDu(X)Ta (V)R (X1, Y1) | E[02(X2) T6a(Ya)ka(Xa, Y2)]
a Elk; (X1, Y1)] Elk2(X2,Y2)]

1
= NKSD(p(1)||q(x1)) + NKSD(p(x2)]|q(x2)).

~— |~ ~— | —~

The following modified version applies to the estimator NKSD(p||q) (Equation 5).

Proposition 20

NKSD(p(2)||q(z)) = NKSD(p(z1)||g(21)) + NKSD(p(a2)||q(2))

where
Sigy (X7, X7 ks (X7, X57)
S k(X (),ij))kQ(Xéi),XQ(j))
w1 (z1,y1) ¢:8q($1) sq(y1)k1 (w1, y1) + Sq(wl)TmGl(xla y1) + Sq(yl)TVﬂclkl(f’:hyl)
+ tlrace(VmVTl ki(x1,y1))
sq(21) ==V, log (1),

NKSD(p(r1)llg(71)) ==

and vice versa for NKSD(p(x2)||q(x2)) with the roles of 1 and 2 swapped.

Proof Recall the definition of N

NKSD(p ( )|lg(x)) in Equation 5. Note that V, k(z,y) =
ka(22,y2) Ve, k1 (21, y1) and Vg, logg(z) =

V., logq(x1). Examining u(x,y) term-by-term,

Vo logg(z) ' Vylogq(y)k(z,y) =[Va, logq(z1) "V, log q(y1)k1(z1, y1)] ko (22, y2)
+ [V, log q(z2) "V, log q(y2) ko (22, y2)] k1 (21, 1),

(
Vo logq(z) " Vyk(z,y) =[Ve, log q(a1) " Vy, k1 (21, y1)]ka(22, 12)
+ [Va, log q(22) T Vy, ko (22, y2) k1 (21, 31),
Vok(z,y) ' Vylog q(y) =V, ki(21, 1) " Vy, log q(y1)]ka (22, y2),
+ [Vayka(22,52) " Vy, log q(y2) k1 (21, 31)
trace(VxVJk(x, Y)) = trace(vmvz;r1 ki(x1,y1))ke(z2, y2),
+ trace(Vg, VJQ ka(za,y2))k1(z1, y1)-

Thus, defining u; and us as in Proposition 20, we have

u(x,y) = ui(r1, y1)k2(r2, y2) + ua(x2, y2) k1 (21, Y1),
k(z,y) = ki(z1,y1)k2(x2, y2).
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The result follows. [ |

To interpret Proposition 20, note that

Ex,y~plu1 (X1, Y1)ka(X2,Y2)]  Ex, vimp(en[u1(X1, Y1
Exyeplkt (X1, Y1)k2(X2,Y2)]  Ex, v, p(ey)[k1(X1, 1

1 = sk ate),
so NKSD(p(z1)|lg(x1)) is an estimator of NKSD(p(z1)||¢(z1)), and likewise for NKSD(p(x2)l|q(x2)).

C.2 Proof of Theorems 9 and 11

Our proofs in this section build on the proof of Theorem 3 of Barp et al. (2019).

Proposition 21 Under the assumptions of Theorem 9, for any compact convexr C' C O,
sup | fv(60) — f(6)] == 0. (92)
oeC

Proof First, we establish almost sure convergence for the denominator of fx(6). Since k is assumed
to be bounded and to have bounded derivatives up to order two, we can choose B < oo such that
B > |k| + IV.k| + V.V, k|. In particular, the expected value of the kernel is finite:

/ / k()| Po(de) Po(dy) < B < oo, (93)
X JX

By the strong law of large numbers for U-statistics (Theorem 5.4A of Serfling, 2009),

1 .
- ), X))
NV =T ;# kX, X0) 22 / / k(x,y) Po(dx) Po(dy). (94)

Note that the limit is positive since k(z,y) > 0 for all x,y € X. For the numerator, we establish
bounds on ug and Vgug. Let C' C © be compact and convex. By Equation 5, for all § € C and all
T,y € X,
Jug (2, y)| < [5q(2) "5y (U)K, )| + 54 (2) " V(. )|
+ 1540 (1) " Vak(z, y)| + | trace(Va Vy k(z,y))|

< |[sg5 ()| 565 ()| B + 1544 (2) | B + ||5g5 (9) | B + Bd (95)

< go,c()g0,c(y)B + go,c(x) B + go,c(y) B + Bd

= hO,C(m7 y)

Similarly, for all 6 € C' and all z,y € X,

IV oua(, y)l| < [Vo(sqe (@) "sq5 (), 9) || + Vo (sg, () Vyk(z, )|
+ I Vo(sgs(y) " Vak(,y)) || + | Vg trace(V.V,) k(z,y))]|
< 90,0(®)g1,0(W)B + 90,0 (W)91,c(%)B + g1,0(2) B+ g1,c(y) B
= hic(z,9).

(96)

Note that hgc and h; ¢ are continuous and belong to LY (Py x Ry).
Let S; € S2 C --- C X be a sequence of compact sets such that U3;_; Sy = &. Note
that this implies US;_;Sy X Sy = & x X. Suppose for the moment that, for each M, the
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following collections of functions are equicontinuous on C: (A) (6 — wp(x,y) : x,y € Syr) and (B)
(0 — [ug(z,y)Po(dy) : @ € Sy). Assuming this, Theorem 1 of Yeo and Johnson (2001) shows
that

sup
oeC

N =Ty 2 X, XY / / ug(x, y) Po(dz) Po(dy)| —22— 0, (97)

N—oo
#J

and that 6 — [, [, ug(z,y)Po(dx)Po(dy) is continuous. (Note that although Yeo and Johnson
(2001) assume X = R, their proof goes through without further modification for any nonempty
X C R%) Combining Equations 94 and 97, we have

SUWpec | vy L UH(X @, — [ [ uo(x,y) Po(dz) Po(dy)|
(@) X(J)) N—oo

N(N i) Zl;ﬁ (

Thus, it follows that supgec | fn(0) — f(6)] — 0 a.s. by Equations 94 and 95. To complete the proof,
we must show that (A) and (B) are equicontinuous on C.

(A) Since 6 — wuy(x,y) is differentiable on C, then by the mean value theorem, we have that
for all 01,05 € C and all z,y € Sy,

lug, (7, y) — ug,y (7, y)| < [[Volg_gue(z, y)|l|6h — 62
< hio(x,y)]|61 — 02

< ( sw hic(,y)18 -0 < 0
z,yESN

where 6 = v6; + (1 — )6 for some ~y € [0,1]. Here, the second inequality holds since 6 € C by the
convexity of C', and the supremum is finite because a continuous function on a compact set attains
its maximum. Therefore, (6 — ug(x,y) : x,y € Snr) is equicontinuous on C.

(B) To see that (0 — [wug(x,y)Po(dy) : & € Spr) is equicontinuous on C, first note that

/‘UQ(:L‘ay”PO(dy) < /hO,C(ﬂf,y)Po(dy) < 00.

Further, due to Equations 95 and 96, we can apply the Leibniz integral rule (Folland, 1999, Theorem
2.27) and find that Vg [ug(z,y)Po(dy) exists and is equal to [ Voug(z,y)Po(dy). Now we apply
the mean value theorem and the same reasoning as before to find that for all 61,65 € C and all
reS M,

’fwl (z,y) Po(dy) — f%(ar,y)Po(dy)‘ < || Volg_g Sua(z,y)Po(dy)| 161 — b2
< 162 = 6ell [ 190lg wa(e )| Po(ay)

< ||61 — 62| sup /h1c z,y)Po(dy) <

rESN
where 6 = v0; + (1 — 7)fy for some 7 € [0, 1]. The supremum is finite since x +— [ hy c(z,y)Po(dy)
is continuous, which can easily be seen by plugging in the definition of hy . Therefore, (9 —
[ug(z,y)Po(dy) : © € Spr) is equicontinuous on C. [ |

Proposition 22 Under the assumptions of Theorem 9, (fy/ : N € N) is uniformly bounded on E.
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Proof First, for any z,y € X, if we define g(0) = sy, (z) and h(0) = sq,(y) then ug = (g h)k +
9" (Vyk) + h' (V.k) + trace(V,V, k). By differentiating, applying Minkowski’s inequality to the
resulting sum of tensors, and applying the Cauchy—Schwarz inequality to each term, we have

IVeus(z, y)ll < [VgllIRllk + 31V2gll[IVhlk + 3V gl V2hllk + gl V2R
+ V2l Vykll + V2RVl

Using the symmetry of the kernel to combine like terms, this yields that

| o viuax @, x|
i#]

< > (298500 (XD llsq0 (X1 B + 611354 (X D) [ Vag, (X1 B + 21| Vs, (X )| B)
i#j

0 when N =1 by definition,

where B < oo such that B > k| 4 ||V.k| + || V.V, k||. Since fy(0) =
L+ _1) < 2/N. Since each

we can assume without loss of generality that N > 2, so ﬁ =N
term is non-negative, we can add in the ¢ = j terms,

HN(Nl—l) Z Viug(XW, X(j))H
i#j

2B

< 25 2 (29350 (XD 10y (XD + 613 (X D) Vo (XD | + 2V, (X D))

Z

= 4B(5; 2 Vi, (X ) (5 Zusqgw ) (98)
+12B( 5 3 Vs, (X)) )( Zuvesqg X))

1 i
+4B( 5 D V550, (X))
By assumption, {+ 3. [|V2s,, (X®)| : N € N,# € E} is bounded with probability 1, and sim-
1lar1y for {N i I V3sg, (X @) : N € N0 ¢ E} We show the same for %ZZ que(X(i))H and
£ 37 Vo34, (XD)||. By Equation 40, we have

[ suplsa@1Polde) < [ g0 5(0)Po(da) < o

(<D

Hence, by Theorem 1.3.3 of Ghosh and Ramamoorthi (2003), & >, [|s¢, (X @) converges uniformly
on E, almost surely. In particular, 3 >, [|sq, (X @) || is uniformly bounded on E, almost surely. The
same argument holds for % 7, | Vs, (X )| using 91 (7). Therefore, by Equation 98, it follows
that || m Dt Viug(X @, X())| is uniformly bounded on E. Since k is positive by assumption,
m Zi# k(X®, X0)) > 0for all N > 2 and by Equations 93 and 94, N(N NN=T) Z#j E(X®, x0))
converges a.s. to a finite quantity greater than 0. We conclude that almost surely,

H //l( )H — l ||m Zz;ﬁg ve’u,e( (’L)’X(]))H
T oy iy (X @, X))

o1



WEINSTEIN AND MILLER

is uniformly bounded on E, for N € {2,3,...}. Recall that for N = 1, fx(6) = 0 by definition.
Therefore, almost surely, (f3' : N € N) is uniformly bounded on E. [ |

Proof of Theorem 9 We show that the conditions of Theorem 3.2 of Miller (2021) are met, from
which the conclusions of this theorem follow immediately.

By Condition 10 and Equation 35, fy has continuous third-order partial derivatives on ©. Let
E be the set from Condition 10. With probability 1, fy — f uniformly on E (by Proposition 21
with C' = E) and (f¥/) is uniformly bounded on E (by Proposition 22). Note that f is finite on © by
Proposition 3. Thus, by Theorem 3.4 of Miller (2021), f” and f” exist on E and f3, — f” uniformly
on E with probability 1. Since 6, is a minimizer of f and 0, € E, we know that f’(6,) = 0 and
1"(6,) is positive semidefinite; thus, f”(6.) is positive definite since it is invertible by assumption.

Case (a): Now, consider the case where © is compact. Then almost surely, fy — f uniformly
on © by Proposition 21 with C' = ©. Since 6, is a unique minimizer of f, we have f(0) > f(6.)
for all @ € ©\ {6.}. Let H C E be an open set such that §, € H and H C E. We show that
liminfy infoee\ g fN(6) > f(6i). Since © \ H is compact,

inf _ f(0) — f(0,) =:€>0.
9cO\H

By uniform convergence, with probability 1, there exists N such that for all N’ > N,
supgeo |fn(0) — f(0)] < €/2, and thus,

L S(0) 2 int ) = e/2 = [(0.) /2

Hence, liminfy infyeq\ 7 fn(0) > f(0s) almost surely. Applying Theorem 3.2 of Miller (2021), the
conclusion of the theorem follows. Note that fx(0n) — f”(6s) a.s. since Oy — 6, and fy, — f”
uniformly on F.

Case (b): Alternatively, consider the case where © is open and fy is convex on ©. For all
0 € ©, with probability 1, fx(6) — f(0) (by Proposition 21 with C' = {#}). However, we need to
show that with probability 1, for all 8 € O, fx(0) — f(6). We follow the argument in the proof
of Theorem 6.3 of Miller (2021). Let W be a countable dense subset of ©. Since W is countable,
with probability 1, for all 8 € W, fny(0) — f(6). Since fy is convex, then with probability 1,
for all # € O, the limit f(0) := limy fn(0) exists and is finite, and f is convex (Theorem 10.8
of Rockafellar, 1970). Since fy is convex and f(#) is finite, f(#) is also convex. Since f and f
are convex, they are also continuous (Theorem 10.1 of Rockafellar, 1970). Continuous functions
that agree on a dense subset of points must be equal. Thus, with probability 1, for all 8 € ©,
fn(6) — f(0). Applying Theorem 3.2 of Miller (2021), the conclusion of the theorem follows. M

Proof of Theorem 11 Our proof builds on Appendix D.3 of Barp et al. (2019), which establishes
a central limit theorem for the KSD when the model is an exponential family. The outline of the
proof is as follows. First, we establish bounds on sg4, and its derivatives, using the assumed bounds
on Vg t(x) and V,log A(z). Second, we establish that f”(6) is positive definite and independent of
6, and that f () converges to it almost surely; from this, we conclude that f”(6,) is invertible and
fn(60) is convex. These results rely on the convergence properties of U-statistics and on Sylvester’s
criterion.
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The assumption that log A(x) is continuously differentiable on X" implies that A(z) > 0 for
xr € X. Since go(x) = \(z) exp(0 " t(z) — k(0)), we have
540(2) = Vi log \(z) + (Vt(z)) "0

Vosge(x) = (Vat(z)) T € RTX™

V254 () = 0 € RIXM*m
where (Vt(z));; = 0t;/0x;. Thus, s¢(x) has continuous third-order partial derivatives with
respect to 6, and Equations 41 and 42 are trivially satisfied. Equation 40 holds for all compact
C C O since ||V, log A(z)|| and |V 4t()|| are continuous functions in L'(P,) and

Isgo (2)1l = [V log Az) + (Vat(2)) "0l < [V log A@)l| + [ Vat(2) [ 16]],
IVosgy ()| = IVt (2)]]

Hence, Condition 10 holds. By Equation 36 and Proposition 3,

16) = gswsolm(e)latelf) = 7z [ [ vt Pt Pua) (99)

where K := [ [ k(z,y)Po(dz)Py(dy). By Equation 57,
ug(,y) = 0" Ba(z,y)0 + Bi(z,y) ' + Bo(,y) (100)

where

Bs(x,y) = (Vat(2))(Vyt(y) "k(z,y),
Bi(z,y) = (Vyt(y)) (Ve log A(@))k(2, y) + (Vat (2))(Vy log A(y)) k2, y)
+ (Vyt () (Vek(z,y)) + (Vat (2)) (Vyk(2, ),
Bo(w,y) = (Valog A(2)) " (Vy log A(y))k(x, y) + (Vy log A() " (Vak(z, )
+ (Velog A(z)) " (Vyk(z,y)) + trace(VxV;k(:n,y)).
By Condition 7, |k(z,y)|, [|Vzk(x,y)|, and ||V, VTk(x y)|| are bounded by a constant, say, B < oo.
Thus, it is straightforward to check that By, Bi, and By belong to L'(Py x Py) since ||V t(z)||

and HV log A(z)|| are in L(Py). Further, 0 < K < oo since 0 < k(z,y) < B < 0o by assumption.
Thus,

£6) = i [ [ 07 Balie.s)6+ Ba(w. )70 + Bola,) Pld) Po(dy) € R

Since k is symmetric, Ba(z,y)" = Ba(y,z). Hence, Vg (0" Ba(z,y)0) = (B2(z,y) + Ba(y,x))0, so
by Fubini’s theorem,

1
1O = 1 | [ 2Bao.n)6+ Bilo.y) oldo)Po(ay) € R
2
£0) = o [ [ Bata)Palao)Potay) €
TK
Here, differentiating under the integral sign is justified simply by linearity of the expectation.
Note that f”(6) is a symmetric matrix since By (z,y)" = Ba(y, x). Next, to show f”() is positive

definite, let v € R™\ {0}. By assumption, the rows of V ¢(x) are linearly independent with positive
probability under Py. Thus, there is a set £ C X such that Py(F) > 0 and (V,t(z)) v # 0 for
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all z € E. Define g(z) = (Vt(z)) "vpo(z) € R% Then [, |gi(z)|dz > 0 for at least one 4, and
Sy lgi(@)|dz < ||[v]| [ IVat(2)][po(x)da < oo for all i. Thus,

T _
v TK// k(x,y)dxdy = Kz://gZ x)gi(y)k(x,y)dxdy > 0

since k is integrally strictly positive definite. Therefore, f”(6) is positive definite. In particular,
1"(6y) is invertible.

Finally, we show that with probability 1, for all N sufficiently large, fn(6) is convex. By
Equations 35 and 100,

1 Zi# [GTBQ(X(i),X(j))H + B (X®, x0UNTe + BO(X(Z')?X(J'))]

fN(e) = T Zi;ﬁj k‘(X(i),X(j))

Thus,

gzi# Bo(X® x ()
T 3 k(XO, X))

By the strong law of large numbers for U-statistics (Theorem 5.4A of Serfling, 2009), we have

() — f"(0) almost surely, since [, [ || B2(z,y)||Po(dz)Py(dy) < co and 0 < K < co. For a
symmetric matrix A, let A,(A) denote the smallest eigenvalue. Since A\ (A) is a continuous function
of the entries of A, we have A\ (f3(0)) = A(f"(0)) a.s. as N — oo. Thus, with probability 1, for
all N sufficiently large, f3(6) is positive definite, and hence, fy is convex. Further, for such N,
since fy is a quadratic function with positive definite Hessian, we have My := infgcg fn(0) > —o0
and zy = [ exp(—Nfn(0))m(0)df < exp(—NMy) < oo. [ |

(6) =

C.3 Proof of Theorem 12

To establish Theorem 12, we use the properties of U-statistics described in Chapter 5.5 of Serfling
(2009). When the data distribution matches the model distribution, NKSD converges more quickly
than when it does not match; this same property was used by Liu et al. (2016) to develop a
goodness-of-fit test based on the KSD.

Proof We first study the asymptotics of fj (). Denoting v("e:e* ug by Voug, for brevity,

Fi(6y) = 1 V=) iz Vol (x @), x0)
N\Yx) — ) A
T mzz@q E(X®, X))

The denominator converges a.s. to a finite positive constant, as in the proof of Proposition 21. It
is straightforward to verify that Ex y.~p,[[|Voue, (X,Y)|?] < oo since sq, and ve‘e:@ 54, are in

L?(P,) by assumption. By Theorems 5.5.1A and 5.5.2 of Serfling (2009),

1

m Z Voug, (X(i)7X(J‘)) —Exy~p,[Voug, (X,Y)] = OPO<N_1/2).

i#]
Further, by the Leibniz integral rule (Folland, 1999, Theorem 2.27),

Ex y~p[Vous. (X, Y)] = Vo|o_p Ex yr[ug(X,Y)] = TEx y~p[F(X,Y)]f'(6:) = 0,
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using the fact that f/(6,) = 0 since 6, is a minimizer of f. Thus,
i (0.) = Op (N7'/2). (101)

Next, we examine the convergence of Oy to 0,. For all N sufficiently large, fy(6n) = 0 by
Theorem 9 (part 1), and thus, by Taylor’s theorem,

0= fy(On) = fn(0:) + [ (0%) (0N — 6.),

where 9;{, is on the line between 6y and 6. As in the proof of Theorem 9, f{; — f” uniformly on
the set E defined in Condition 10. Thus, since f}; is continuous on E and 9;{, — 0,

B3 2 1 (0) (102)

In particular, f4(07%) is invertible for all N sufficiently large, since f”(6,) is invertible by assump-
tion. Hence,

Oy — 0. = I (07) " T (0.), (103)
and therefore, by Equation 101,
10 = 0cll < £ O T LA ()] = Ory (NT1/2). (104)

This result matches Theorem 4 in Barp et al. (2019). By Taylor’s theorem,

F(0.) — I (On) = Fi(O3) (B — 0x) + 3 (0. — ) FL(057) (6. — O)
_ %(0* — o) TS50 (0, — O)

for all N sufficiently large, where 9;{,+ is on the line between 6y and 6,. Therefore, using the same
reasoning as for Equations 102 and 104,

1 _
[Fn(02) = Fv (0m)] < SR ORI — Ol = Opy (N7). (105)
This proves the first part of the theorem (Equation 43). Next, consider fx(60«) — f(6.). Recall that

1 by S 0. (X0, X0)

T oy i M(X@, X @)

fN(e*)

It is straightforward to verify that Ex y~p,[|ug, (X, Y)|?] < oo since sg,_is in L*(Fy). By Theorems
5.5.1A and 5.5.2 of Serfling (2009),

1

N(N —1) Zue* (X0 XY —Exyoplug, (X,Y)] = Op,(N"Y/?).

i#j
Similarly, since k is bounded,

1 ; . )
N(N—l);k(X( ), X)) — By yop [k(X,Y)] = Op, (N1/2).

It is straightforward to check that the second part of the theorem (Equation 44) follows.
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For the third part, our argument follows that of the proof of Theorem 4.1 of Liu et al. (2016).
Suppose NKSD(po(z)||q(z|0x)) = 0, and note that Py(xz) = Qp,(x) by Proposition 4. Given a
differentiable function g : RY — R9, define V] g(z) := Zle 0gi(z)/0z;. Then

B0, (X)) = 50)T [ ((Fumm(o)h(e.0) + o) V(. 0))do
| ((Vao(a)) TV, blasy) + @) (VI V(e )) da
X
:spo(y)T/ Vx(po(a:)k(:c,y))dx—i-/ V1V, (po(2)k(z,y))dz. (106)
X X

The first term on the right-hand side of Equation 106 is zero since, by assumption, k is in the
Stein class of Py (Condition 2). The second term is also zero since, by the Leibniz integral rule
(Folland, 1999, Theorem 2.27), fVJVx(po(sc)k(x,y))dm = V; J Va(po(x)k(z,y))dz, which again
equals zero because k is in the Stein class of Py. Therefore, Ex..p,[ug, (X,y)] = 0 for all y € X,
and in particular, the variance of this expression is also zero: Vy p [Ex~p,[us, (X,Y)]] = 0. By
Theorem 5.5.2 of Serfling (2009), it follows that

_1 > uo. (XD, X)) = Op (N7 (107)
z#ﬂ

since Ex y~p,[ug, (X,Y)] = 0. Although Serfling (2009) requires Vx y~p,[ug, (X,Y)] > 0, Equa-
tion 107 holds trivially if Vx y.p,[ug, (X,Y)] = 0. As before, since the denominator of fi(6s)
converges a.s. to a finite positive constant, we have that fi(6.) = Op,(N~1). Equation 45 follows
since f(6s) = 0 when NKSD(po(x)||q(z|0«)) = 0. [ |

C.4 Proof of Theorem 17

Proof Applying Theorem 9 (part 3) to each foreground model j € {1,2}, we have

1
log zj,n + N fjn(0;,n) — log m(6;,4) + log | det £} (6;,)["/* — 54 log(2m/N) 22 50.

N—oo

Since K,y = (27/N)™5 /zzj’N, this implies

1 a.s.
s (mz, ; +mp;)log(2m/N) + C; =0

log Cjn + Nfin(On) — 5

where C} is a constant that does not depend on N. Hence,

1 Kin
0g

e (fin(O1,n) = fon(O2,N))
2N

1 a.s.
— 5( Fi, 1 Fmp, —mr, 2 — mg,)log(2n/N) + C1 — Cy m 0. (108)

By Theorem 12, f; n(6;~) To, fj(0j.+), and therefore,

1 Kin Py
Nl g Kon (O1,4) — f2(02,5) o 0.
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Plugging in the definition of f; (Equation 36), this proves part 1 of the theorem.
For part 2, suppose f1(601+) = f2(62,«) = 0 and mp, — mp, does not depend on N. Then by
Theorem 12, f; n(0j.n) = Op,(N~1). Using this in Equation 108, we have

1 ICl N 1 Py
1 Y+ (m - —mg,) —— 0. 1
logN 8 ICQ’N + 2( F1.1 + "B, MF2.2 82) N—o0 0 ( 09)

For part 3, suppose f1(01,«) = f2(f2+) and mp, = cg, V/N. Then by Theorem 12, [in(Oin) =
fi(0j4) + Op,(N~1/2). Using this in Equation 108, we have

1 ]ClN 1 Po
lo — 4+ —(cp, — ¢ — 0. 110
\/ﬁlogN g/CQ,N 2( b1 62) N—o0 ( )
[ |

Appendix D. Additional probabilistic PCA details

D.1 Optimizing the NKSD

Computing the Laplace or BIC approximation to the SVC requires finding the minimizer of
NKSD(po(x)||q(z]0)) with respect to 6. In this section, we describe how components of the NKSD
can be pre-computed to speed up this optimization process. The generative model used for pPCA
can be rewritten using the properties of multivariate normal distributions as

X ~N(O,HH" +vl). (111)
The Stein score function for the pPCA model is then
840(2) = Vi logg(z|H,v) = —(HH' +vly) 'a.

Define the matrices

where [(E) is the indicator function, which equals 1 when F is true and is 0 otherwise. Define the
scalars

i,j=1
TR R Pk ) y0)
Ro= I(i # X0 x0)y.
”z::wz_; (i # J) axbayb( , XY

Letting X € RV*? be the data matrix, the NKSD can be written as

1
[trace(X "KX(HH' +vly) "(HH" +vly)™)

NKSD (po(z)|q(z|H, v)) = =

— 2 trace(X "K(HH " +vI;)™") + K],
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where we have used the fact that the kernel is symmetric. The terms X 'K X and X 'K are the
only ones that include sums over the entire dataset; these can be pre-computed, before optimizing
the parameters H and v.

To compute the matrix inversion (HH T + vI;)~! we follow the strategy of Minka (2001),

(HH" +vl) ' —v Uy = (HH" +0l) Y1y —v Y (HH" +vly))
—(HH" +ol)*HH v}
= (UL —vl)U" +0l)'U(L —vl,)U v L.
Thus, applying the Woodbury matrix identity and using I,U = U = UL I, = UL,U 'U,
(HH +vly) " —v gy = —[o " g — o 2U((L = vl) ' 4+ 0™ ) UT UL — ol) U 0!

= U ' —v2((L—v) o )y (L —vl)UTv™?
= UL YL —vl)U v}
=UL ' —v U’

Therefore,
(HH" +0l) ' =U@L ' ot )U " + 07,
Computing L~! is trivial since the matrix is diagonal. Returning to the NKSD we have
NKSD(po(z)||q(z|U, L, v))

g
[trace (XTKX[UL™ =o' L)*UT + 207 UL =o' ) U T +0721,))

xwv

— 2 trace (X "K[U(L™' —v ' I)U " + 071 1y]) + K]

N\H

[traee(UTXTKXU(L_ v L))
+trace (U 20 ' X TKX - 2X "K]U(L™' —v'I}))

+ v~ ! trace (v_lXTKX — 2XTK) + K] .

We optimized U, L and v using the trust region method implemented in pymanopt (Townsend
et al., 2016).

D.2 Data selection with the SVC

We used the approximate optimum technique in Section 2.3.3 to estimate the SVC for different
foreground subspaces. Following Section A.2, we used the factored IMQ kernel with 8 = —0.5 and
c=1.

We focused on foreground subspaces that correspond to subsets of the data dimensions. More
specifically, recall that X7 = V' X; then, we impose the restriction that each column of V is a
standard basis vector e(® € R%, where el()b) =1 and elg,b) = 0 for b’ # b. A subspace Xz is then
characterized by the set of included dimensions S C {1,...,d}. The marginal distribution of the
model q(zx|H,v) is now straightforward to compute based on Equation 111 and the properties of
multivariate normals:

X]: ~ ./\/’(O,I{S]E]{;vrJE + UI\S.FO
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Figure 11: Estimated T for increasing number of data sqtmples, for 10 independent parameter
samples from the prior. The median value at N = 2000 is 7' = 0.052.

where Hg, is the submatrix consisting of rows of H indexed by Sz, and |Sz| is the size of the set
Sr.

In the projected model, some of the parameters are nuisance variables with no contribution to
the likelihood. Since the dimension of a d x k matrix on the Stiefel manifold is dk — k(k+1)/2, the
total dimension of the foreground model (including contributions from parameters U, L and v) is
mr = |Sr|lk —k(k+1)/2+ k + 1, assuming |Sr| > k.

Code is available at https://github.com/EWeinstein/data-selection.

D.3 Calibration

The T hyperparameter was calibrated as in Section A.1. In detail, we sampled 10 independent true
parameter values from the prior, with o = 1 and d = 6. (We used a slightly less disperse prior than
during inference, where we set o = 0.1, to avoid numerical instabilities in the T estimate.) Then,
for each of the true parameter values, we simulated N = 2000 datapoints. For each simulated
true parameter value, we tracked the trend in the T estimator (Equation 55) with increasing N
(Figure 11). The median estimated T value at N = 2000 was 0.052 across the 10 runs.

D.4 Poélya tree model

In this section, we describe the Pélya tree model (Ferguson, 1974; Mauldin et al., 1992; Lavine,
1992) following the construction of Berger and Guglielmi (2001). Let €, := (€1,...,€,) denote a
vector of length n, where each €; € {0,1}. Each ¢, vector indexes an interval in R, given by

Be, o= (P (S5 6/2), P (S /20 +1/27)

where F~1 is the inverse c.d.f. of some probability distribution. For all n € {0,1,2,...} and all
en €{0,1}", let

}/:677. ~ Beta(f§n07 ggnl)v
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where the ¢’s are hyperparameters. We say that a random variable X € R is distributed according
to a Pélya tree model if

n
P(X € B,,) = H Lo )E=0 1y, e,

where [(E) is the indicator function, which equals 1 when E is true and is 0 otherwise. We follow
Berger and Guglielmi (2001) and use

W(Be,) = F(E (X7 ¢5/2 +1/2)) = F(F7H () ¢/27)),
1 FFTH T 6/27 + 1/2m )\ 2
plen) := 77( : u(Be,) ) ’

L #(Be,0)
en0 = p(en) M(Bgnl)’

N(Bgnl)
et =N (B0

where F' and f are the c.d.f. and p.d.f. respectively of some probability distribution, and 1 > 0 is
a scale hyperparameter. We denote this complete model as X ~ PolyaTree(F, F,n).

D.5 Datasets and preprocessing

We downloaded two publicly available datasets. The first dataset was from human periph-
eral blood mononuclear cells (PBMCs), available at: https://support.10xgenomics.com/
single-cell-gene-expression/datasets/1.1.0/pbmc3k. This is a standard dataset used
in the tutorials for Seurat (Stuart et al., 2019) and Scanpy (Wolf et al., 2018), for exam-
ple. The second was taken from a dissociated extranodal marginal zone B-cell tumor, specifi-
cally a mucosa-associated lymphoid tissue (MALT) tumor: https://support.10xgenomics.com/
single-cell-gene-expression/datasets/3.0.0/malt_10k_protein_v3.

We pre-processed the data using Scprep (Gigante et al., 2020), following its example: we nor-
malized the total expression of each cell to match the median total expression in the dataset, to
account for variability in library size, and then square-root transformed the resulting normalized
counts.

Appendix E. Additional glass model details

E.1 Glass model inference

We place a standard normal prior on each entry of H; and a Laplace prior on each entry of J;;» with
scale 0.1 to encourage sparsity. To enforce that u > 0 (since scRNAseq counts are nonnegative)
and 7 > 0, we place priors on a transformed version of these parameters, as follows:

i~ N(0,1)

p = log(1 + exp(f1))

7o N(0,1)

7 =log(1l + exp(7)) + 1.
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Figure 12: Posterior mean interaction energies AFE;; for all selected genes, sorted. Dotted lines
show the thresholds for strong interactions (set by visual inspection).

For posterior inference, we employ a mean-field variational approximation: independent normal
distributions for the entries of H;, normal distributions for f and 7, and Laplace distributions for
each entry of J;;. We use the factored IMQ kernel for the NKSD, with = —0.5 and ¢ = 1.

To optimize the variational approximation (Equation 14), we construct stochastic estimates of
its gradient. At each optimization step, the expectation E,, [@(po(x]:)Hq(m}-]H))] is estimated
using a minibatch of 200 randomly selected datapoints and a single sample from the variational ap-
proximation r¢. The rest of the variational inference algorithm follows standard practice in stochas-
tic variational inference, as implemented in Pyro: automatic differentiation to compute gradients,
reparameterization estimators for Monte Carlo expectations over the variational distribution, and
the Adam optimizer (Kingma and Ba, 2015; Bingham et al., 2019).

We also used stochastic optimization to perform data selection, as follows. Let I = (I,... ,Id)T
be an indicator variable that specifies for each gene j whether it is included in the foreground
subspace (I; = 1) or not (I; = 0). We place a distribution on I such that I; ~ Bernoulli(1/(1 +
exp(—¢;))) for j =1,...,d independently. Then, to perform data selection over all possible subsets
of genes, we optimize

argmax, E(K(1) | ¢) (112)

where the expectation is taken with respect to I, where IC(7) is the (estimated) SVC when genes with
I; = 1 are included in the foreground space, and ¢ = (¢1,. .. ,¢q)" € R%is a vector of log-odds. This
stochastic approach to discrete optimization has been used extensively in reinforcement learning
and related fields. We use the Leave-One-Out REINFORCE (LOORF) estimator as described in
Section 2.1 of Dimitriev and Zhou (2021) to estimate gradients of ¢, using 8 samples per step.

We interleave updates to the variational approximation and to ¢, using the Adam optimizer
with step size 0.01 for each. We ran the procedure with 4 random initial seeds, taking the result
with the largest final estimated SVC. We halt optimization using the stopping rule proposed in
Grathwohl et al. (2020), stopping when the estimated mean minus the estimated variance of the
SVC begins to decrease, based on the average over 2000 steps.

Code is available at https://github.com/EWeinstein/data-selection.
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Figure 13: Posterior mean interaction energies AE;; for the glass model applied to all 200 genes
in the MALT dataset (rather than the selected 187). Genes shown are the same as in Figure 8, for
visual comparison.

E.2 Datasets and preprocessing

In addition to the two datasets in D.5, we also explored a dataset of K18 mouse neurons: https://

support.10xgenomics.com/single-cell-gene-expression/datasets/3.0.0/neuron_10k_v3.

We preprocessed each dataset using Scprep (Gigante et al., 2020) in the same way as in Sec-
tion D.5. After preprocessing, we used the top 200 most highly expressed genes from among the top
500 most variable genes, according to the Scprep variability score. We log transform the counts,
that is we define x;; = log(1 + ¢;;) where ¢;; is the expression count for gene j in cell i.
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Figure 14: Comparison of the 187 selected genes and 13 excluded genes using data selection. (a)
Violin plot of &; over all excluded and selected genes j, respectively, when applying the model to
all 200 genes, where ¢; is the mean posterior standard deviation of the interaction energies AE;
for gene j, that is, 5; := 74¢ > jr2;Std(AE;j; | data). (b) Violin plot of f; over all excluded and
selected genes j, respectively, where f; is the fraction of cells with count equal to zero for gene j.
The data selection procedure excluded all genes with more than 85% zeros and selected all genes
with fewer than 85% zeros.
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