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Abstract

Sum-Product networks (SPNs) are generative prob-
abilistic models that use a deep architecture com-
prised of alternating layers of sum and product
nodes to compactly represent a high-dimensional
joint probability distribution. In this paper, we con-
sider the problem of learning robust SPNs from the
lens of distributionally robust optimization (DRO)
under the Wasserstein metric. We show that SPNs
learned by maximizing likelihood exhibit poor per-
formance when data is subject to noise/corruptions.
To address this issue, we construct probabilistic un-
certainty sets and leverage the tractability of SPNs
to efficiently learn distributionally robust SPNs.
We show our proposed approach’s efficacy on a
collection of benchmark datasets.

1 INTRODUCTION

Tractable probabilistic models (TPMs) that offer guarantees
on efficient computation of probabilistic inference queries
encompasses representations like Sum-Product Networks
(SPNs) [12], Arithmetic circuits (ACS), Cutset Networks
(CNets) [l14], Probabilistic Sentential Decision Diagrams
(PSDDs) [6]. The robustness of TPMs to corruptions in-
duced by measurement errors, adversaries, or noise is an
under-explored area. This paper explores approaches for ro-
bust learning of Sum-Product Networks (SPNs) when data
is subject to corruptions/distribution shifts from the lens of
distributionally robust optimization(DRO). DRO approach
assumes the true data generating distribution is unknown
and lies in an uncertainty set of probability distributions
constructed based on the observed empirical distribution.
In this approach, we hedge against the uncertainty in the
observed data distribution by taking a worst-case approach.

Contributions. We note that estimating the worst-case dis-
tribution exactly in an uncertainty set constructed based on

the optimal transport discrepancy measure is computation-
ally infeasible. We propose two approaches to efficiently
approximate worst-case distribution and learn distribution-
ally robust SPNs. Empirically, we evaluate the proposed
approaches on benchmark Twenty datasets for density esti-
mation task on SPNs.

e In our first approach, we propose constructing a
restricted uncertainty set by randomly sampling
K —distributions from the original uncertainty set. Our
experiments observed that the robustness of learned
models increased initially with the uncertainty set’s
size but plateaued after a point.

* Our second approach proposes a fast gradient-based
method to approximate the worst-case distribution in
the uncertainty set.

2 BACKGROUND

Notation We use upper case letters (X)) for datasets, lower
case letters (x) for individual samples and upper case cal-
ligraphic letters (P) for distributions. We consider dataset
X as an ensemble of n individual samples x; € 2. In
this paper, we concentrate on binary datasets for the sake
of simplicity but our methods can be easily extended to
discrete datasets. The space 2~ consists of d-dimensional
0/1 vectors i,e 2° = {0,1}%. We denote probability mass
function parameterized by 6 at z using fy(x). We denote
corruptions of individual samples z; using Ax; where Az;
is a d-dimensional 0/1 vector (or mask), 1 indicates that
the particular dimension is corrupted and 0 indicates that
it is not. Given a dataset X, we denote an ensemble of cor-
ruptions/distribution shifts (or masks) by A X, where each
x; € X is associated with a mask Az; € AX, namely
AX = [Awzy, Az, ..., Az,]T. We denote an XOR opera-
tion over two binary vectors using . We denote the cor-
rupted dataset by X @ AX = |1 B Axzy,..., 7, S Ax,]T.

Note that in the remainder of the paper, unless explicitly
stated, whenever we denote a distribution by Q x we imply
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that Qx = L 3% | 6,, where X = [z1,22,...,2,]7.

Sum-Product Networks [12] are rooted directed acyclic
graphs with variables as terminal nodes, weighted sums
(convex combinations) and products of probability distribu-
tions as non-terminal nodes. SPNs use a deep architecture
comprised of alternating layers of sum and product nodes
and can be roughly described as deep mixture models [9].
They compactly represent high dimensional joint probabil-
ity distributions while ensuring numerous inference queries
can be answered in time and space that scales polynomially
with the model’s size. Precisely, SPNs admit linear time
computation of exact likelihood and marginal probability
distributions over a small subset of variables given evidence.
We can learn the parameters 6 of a given SPN generatively
by maximizing the log-likelihood function or equivalently
minimizing the cross-entropy H (Px, fo(z)) where Px de-
notes the empirical distribution.

g Y log () = mjn (B, Tlog fo(o)]) 1)

i=1 X

For SPNs, the objective in Eq. is non-convex, and we
reach a local minimum when iterative algorithms such as
gradient descent or their stochastic versions are employed.
In SPNs, gradient of each parameter §; can be computed in
polynomial time (cf. [9], [3]]).

Distributionally Robust Optimization (DRO) as a learn-
ing paradigm has recently received significant traction due
to its connections with regularization, generalization and ro-
bustness. DRO treats data uncertainty in a probabilistic way
and finds the optimal solution for a learning problem under
a probabilistic uncertainty set constructed from the observed
data and characterized by the distributional knowledge about
the true data-generating distribution. Uncertainty sets used
in the DRO literature can be broadly categorized into two
types; moment-based and discrepancy-based [13]. Moment-
based uncertainty sets encompass distributions that satisfy
specific properties on moments and discrepancy based uncer-
tainty sets encompass distributions close to a nominal distri-
bution under some discrepancy measure. Typical choices for
discrepancy measures include optimal transport discrepancy,
¢—divergences and total variation distance.

Related work on DRO [[17] showed that distributionally
robust adversaries are stronger than point-wise adversaries
and proposed an approach based on block coordinate de-
scent to estimate worst-case distribution. [15] proposed Prin-
cipled Adversarial Training to combat adversarial exam-
ples in deep learning using DRO. [4]] proposed Adversarial
Graphical Models for structured prediction problems using
DRO under Moment Matching constraints. [Sl] proposed
Distributionally Robust Bayesian Optimization under Max-
imum Mean Discrepancy based uncertainty sets to study

robustness to distribution shifts. For many simpler tasks
such as linear regression, [1]], performing DRO is equiva-
lent to Empirical Risk Minimization (ERM) with a specific
regularization term.

Robust Maximum Likelihood Estimators [8] proposed
a systematic approach to learn robust estimators under the
assumption that we observe corrupted samples 29 and the
true samples z"® generated from true data generating distri-
bution Pxwe remain unobserved. They estimate parameters
0 by maximizing the log-likelihood function of true samples
xiMe (see eq or equivalently minimizing the cross entropy

H(Pxwe, fo(z))
Ineiﬂ <_ e N]ijlrue UOg fe (xtme)]) (2)

3 PROBLEM FORMULATION
3.1 DISTRIBUTIONALLY ROBUST ESTIMATORS

We seek to estimate parameters 6 in the presence of a
stronger adversary that is not limited to corrupting individ-
ual samples but can corrupt the data distribution by moving
it within an uncertainty set % . In a real-world setting, we
are oblivious to these corruptions and assume that the true
unobserved distribution Pxwe lies in an uncertainty set %
constructed based on the observed distribution P .. There-
fore, we estimate parameters # by minimizing the cross-
entropy between fy(x) and the worst-case distribution in
the uncertainty set %/ . Formally, the robust parameter esti-
mation task under the assumption that the structure of the
SPN is fixed and provided as an input is given by

0 Qe z~Q

min max (— E [log fg(x)]) 3)

Construction of uncertainty set %/ In the above opti-
mization problem, the choice of uncertainty set describes our
knowledge about the corruptions/distribution shifts. Thus
we learn estimators hedging against distributions encom-
passed by the uncertainty set. So learning DRO estimators
using an uncertainty set %/ constructed based on the ob-
served distribution Px.s not only hedges against adversar-
ially corrupted distributions but also aim toward general-
ization. This paper focuses on uncertainty sets constructed
using the Optimal Transport discrepancy measure.

Remark 1. Standard maximum likelihood estimation is a
special case of DRO where the uncertainty set is a singleton
with only observed distribution Pxas as its element.



Optimal Transport Discrepancy Measure Let Px =
S Dibs, Qv = Z?=1 ¢i0y, be two discrete proba-
bility distributions where 3" p; = >37_,¢; = 1 and
Yij xi,y; € Z . Then, optimal transport distance or
t—Wasserstein distance [[16] between Px, Qy using a non-
negative cost metric ¢ : 2° x 2 — R is given by

OT(Px, Qy,c) = [Wi.o(Px, Qy)]’

IninﬂeRmm ZU i X Ct(xi; y])

- s.t Zimj:quje{l,...,n} @)
B Zjﬁij:ini€{17...7m}
mij > 0Vi,j

Here, m;; denotes probability mass moved from z; to y;.
We use L, distance as our cost metric i,e c¢(z;,y;) =
|lzs — y;|l, and 1-Wasserstein distance W, (Px, Qy ) in all
our formulations present in subsequent sections.

3.2 WASSERSTEIN DISTRIBUTIONALLY
ROBUST ESTIMATORS

The robust parameter estimation task under the assumption
that the true distribution Pxwe lies in the wasserstein uncer-
tainty set %/ constructed based on the observed distribution
Pxovs can be expressed as

min max [ [—log fo(x)]

st% ={Q: W.(Q,Pxw) < €} )

In[5] the inner maximization problem requires estimation
of the worst-case distribution Q* € % . Without any further
knowledge about the worst-case distribution or additional as-
sumptions on the wasserstein uncertainty set the inner maxi-
mization problem remains a 2¢— dimensional constrained
optimization problem. In an attempt to make the inner max-
imization problem computationally tractable we impose
constraints on the uncertainty set %/ thereby restricting the
number of distributions contained in % . Specifically, we
construct a restricted uncertainty set %;. that encapsulates
all the distributions Q x which satisfy W.(Qx, Pxos) < €
where X = X° @ AX. We note that as the size of the
X increases, %, — % . The transformed objective after
using the restricted uncertainty set % can be compactly
expressed as

min max E [—1lo T
; Qxe%mng[ g fo(2)]

X = X @ AX and |AX], < p,
Ox | Qx = Qxwgax = %Z? 595‘;"5@&”’
We(Qx, Pxan) < €

U, =

(6

In other words, for every perturbed dataset X obtained by
jointly perturbing the observed dataset X°* with AX un-
der a budget constraint given by ||AX]||; < p, we include
the distribution Q x in the uncertainty set %;.. For min-max
problems such as (6), [2] has shown that we always reach lo-
cal optimal solutions when the inner maximization problem
is solved optimally. Formally, we can show that:

Proposition 1. [2]] Let h(x) = —log fo(x) and

Q% (0) =argmax E [h(x)]
Ox €U r~Qx

then

Vo max E

h =
Qx €Ur rNQx[ @] Vo

0=06, 0=0,

(N

To put it in perspective, if we can find a solution Q% (6;)
to the inner maximization problem, then the gradient of the
objective at 8 = 6, equals the gradient of the cross-entropy
H(Q%(6,), fo(x)). In SPNs, this gradient can be computed
efficiently in time that scales linearly with the size of the
model [9].

4 APPROACH

Efficient estimation of robust estimators depends on the ef-
ficiency and practicality of the algorithm used to find the
solution to the inner maximization problem. Considering
X a d—dimensional binary dataset of size n i,e | X| = n,
the size of the uncertainty set %, remains exponential with
O(27*4) distributions contained in it. We propose two ap-
proaches for efficient estimation of the inner maximization
problem; sampling-based and gradient-based.

Lemma 4.1. Let X be any dataset of size n obtained by
jointly perturbing X% with AX where |AX||; <n x €
then Wo(Qx, Pxos) < €

4.1 SAMPLING METHOD

In this approach, we construct a new uncertainty set % by
randomly sampling K probability distributions from the un-
certainty set %;.. Since every distribution in the uncertainty
set %, is determined by a perturbed dataset X, randomly
sampling K distributions is equivalent to randomly sam-
pling K perturbed datasets {X1,...,X,..., Xk} from
{X: X = X @ AX and |[AX]|| < n x €}. The un-
certainty set %, thus constructed as described contains K
distributions given by {Qx,,...,Qx,,--., Qx, | and by
lemma . T|every distribution Qx, € %,.

The description above results in an algorithm (see Alg[2]in
Appendix) where we iteratively solve the inner maximiza-
tion problem to obtain Q% € %, and use the distribution
Q% to update parameters of the model.



Table 1: Generative performance: Test set log-likelihood scores of models having latent variables. € € {1, 2, 3}: wasserstein
distance thresholds. SPN: SPN trained original training data, SPN—k: SPN trained using sampling based DRO, SPN—g:
SPN trained using fast gradient method. 7: original test data, 7,: adversarially perturbed 7 by SPN, 7,.: randomly perturbed

T by SPN.
DATASET | e T Ta Tr
SPN SPN—k SPN—g SPN SPN—k SPN—g SPN SPN—k SPN—g
1 -15.98 -1549 | -21.51 -20.33 21953 | 2126 | -20.12 | -19.48
plants 3| -1494 [ -16.67 <1669 | -33.84 | -26.82 | -26.14 | -2836 | -2445 2432
5 -1689 | -1835 | -4448 | 3269 | -31.05 | -3425 | -2837 28.04
Avg. -14.94 -16.51 -16.84 | 3328 | -26.61 2557 | 2796 | -24.31 -23.95
1 -57.55 -57.74 -61.0 -60.33 55975 | -60.44 | -59.96 | -59.62
netflix 3| -57.61 57.53 3837 | -6649 | -64.69 -63.0 6173 | -60.93 -60.84
5 5759 | -58.84 | -70.84 | -6845 -65.6 6269 | -61.94 | -61.78
Avg. -57.61 25756 | -5832 | -66.11 6449 | 6278 | -61.62 | -60.94 | -60.75
1 -98.91 -98.52 | -101.21 | -100.55 | -100.08 | -101.15 | -100.54 | -100.04
dna 3| -99.51 -99.58 9959 | -1045 | -1045 | -103.63 | -102.28 | -102.36 | -102.08
5 29935 299.63 | -107.56 | -107.08 | -106.15 | -103.5 | -103.18 | -103.13
Avg. -99.51 -99.28 29925 | -104.42 | -104.04 | -103.29 | -102.31 | -102.03 | -101.75
1 5712 | -57.08 | -64.55 | -62.81 6275 | -64.46 | -62.93 -62.75
each-movie | 3 | -58.03 [ -57.25 5656 | <7743 | -12.83 7205 | -73.04 | -70.64 | -69.81
5 -59.45 3874 | -90.04 | -84.57 8245 | -81.85 -80.2 788
Avg. -58.03 5794 | 5746 | -71.34 734 7242 | 7312 | 7126 | -7045
1 27511 | -275.15 | 27859 | -278.37 | -27834 | -278.52 | -278.36 | -278.34
bbe 3| -275.22 [ 26957 | -275.33 | -285.25 | -279.78 | -284.45 | -283.06 | -277.57 | -282.776
5 | -275.28 | -270.66 | -291.84 | -291.17 | -286.29 | -287.63 | -287.07 | -282.89
Avg. 27522 | -27332 | -273.71 | -285.23 | -283.11 | -283.03 | -283.07 | -281.0 | -281.33

4.2 FAST GRADIENT METHOD

Inspired by the work of [18]], we compute gradients with
respect to inputs by back-propagating through the learning
phase of the SPN and approximately estimate the maximizer
Q% € %,. Specifically, we find perturbed dataset X =
X° ¢ AX* by estimating the joint perturbation AX*
using the gradient information.

Consider X° as a d—dimensional binary dataset of size
n represented as n X d matrix. At iteration ¢, for ev-
ery index (u,v) in X°%, we estimate gradient of the ob-

jective with respect to the entry x°% given by Gy =

V’;?ﬁ (Ez~oy[—log fo(x)]) and define a score function
S:nxd— Rgivenby S(u,v) = G x (=2 x5 +1).
The score function can be understood as a tool to flip the
sign of the gradient because whenever an entry x,, = 1 we
shall have a gradient for a change in the negative direction
(i,e changing entry z,, from a 1 to 0). After we estimate
the score function, we greedily pick n X ¢ indices (u,v)
with highest scores one at a time maintaining the number of
indices picked in each row of the dataset < 5. We construct
AX* an x dmatrix with 1 at all the entries picked above
and 0 otherwise and obtain X = X°* & AX*

The above discussion yields an algorithm (see Alg [3|in
Appendix) where we iteratively estimate approximate min-
imizer Q% € %, and use the distribution Q% to update
parameters.

S EXPERIMENTS

In this section, we evaluated the impact of our proposed pa-
rameter estimation method on both the generative[l|and pre-
dictive performance of SPNs [[12] as well as their robustness
to adversarial attacks and random noise. Our experiments
on SPNs were performed using two open-source implemen-
tations: EINETS [11]] and RAT-SPNs [[10]. For each dataset,
we learned three types of SPNs : 1) SPN learned by min-
imizing cross entropy with the empirical distribution, 2)
SPN—k learned by sampling-based DRO approach and fi-
nally 3) SPN—g learned by gradient-based DRO approach.
Note that the structure of all SPNs is learned from the origi-
nal training data. The three SPNs differ from each other in
how the parameters are learned; in other words, the struc-
ture is constant across all models. We evaluated our method
on 20 benchmark datasets that have been used in several
experimental evaluations of SPNs [7].
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A  PROOF OF LEMMA

Proof: Any feasible 7 and optimal 7* in |4 satisfy

> mheli,g) <Y mieli, ) ®)
ij 7

To prove W.(Qx, Pxws) < € it suffices to show that there
exists a feasible 7 that satisfies

Z’]TijC(i,j) S €
j

Given, X, X obs gre two d—dimensional datasets of size n
and we obtain X by jointly perturbing X°® with AX such
that |[AX|; <nxe

1
Tij = 6’

Define 7 s.t
1=7
otherwise

then

n

LS elii) = - (1AX],)

i=1

Z Wijc(ivj) =
j

©))

A
\
S
X
N
|
)

From|[8 and [0l we have
E mc(i, j) < g mijc(i,7) <e (10)
ij ij

Thus we can say W.(Qx, Pxos) < €
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B SAMPLING METHOD

Algorithm 1: Sampling a random distribution

Input: d— dimensional binary dataset X°* of size n,
Wasserstein threshold ¢
Output: A distribution Q x
1 begin
// Maximum number of flips
2 M=exn
// Indices to be flipped
3 Pick M random indices (u,v) in X°° such that
number of chosen indices in each row u is < 5
. AX,, = 1 (uv) G~ picked indices
0 otherwise
5| X=X"pAX
6 return Qx
end

2

Algorithm 2: K — Samples DRO

Input: d— dimensional binary dataset X obs of size n,
an SPN structure having parameters 6,
Wasserstein threshold ¢, Size of the uncertainty
set %, given by K
QOutput: An assignment to 6
1 begin
2 Randomly initialize all 6; € 0
3 repeat
4 Randomly sample K distributions in
e—wasserstein ball (see Alg. [T)

// Solve Inner Maximization

5 For SPN defined by current parameters 6, find
the distribution Q% in the uncertainty set %5
that has maximum cross entropy score

// Outer Minimization

6 for m steps do

Use one step of stochastic gradient descent

to update parameters 6 using Q%

8 end

9 until convergence;
10 return 0
11 end

1

wm s W N
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C FAST GRADIENT METHOD

Algorithm 3: Gradient based DRO

Input: d— dimensional binary dataset X°% of size n,
an SPN structure having parameters 6,
Wasserstein threshold e

Output: An assignment to

begin

Randomly initialize all 6; € 6

Ox = Qxobs

t=1

repeat

// Gradient of the objective

with respect to inputs

Gy = Vigan (Byeo [~ log fo(2)])

// Score of the inputs

S =Gl (2 X +1)

// Maximum perturbations

M=nxe

// Indices to be perturbed

Greedily pick M indices (u,v) in S with

maximum score S, such that for each row u
the number of chosen indices is < 5

1 (u,v) € picked indices

*
Ao = 0 otherwise
X = Xobs &) AX*
// Outer Minimization
for k steps do
Use one step of stochastic gradient descent
to update parameters 6 using Q x

end

t=t+1
until convergence;
return ¢

end

D EXPERIMENTAL DETAILS

For RAT-SPNs, we used the following structural parameters
for all datasets: depth D = 3, number of replicas R = 50,
number of sum nodes C' = 10, number of input distributions
I = 10. We used stochastic gradient descent a learning rate
of le-2 in estimation of parameters that minimize the cross
entropy. All our experiments for SPNs were performed on
machine equipped with a NVIDIA A40 GPU.

We experimented with three values, {1, 3, 5}, for the
wasserstein-ball of radius €. Models of types (2) and (3)
were learnt on uncertainty sets U5, U, respectively with
varying size of the e—ball. These sets govern the number of
distributions we hedge against.

For each dataset and each €, we generated two additional test



sets. The first test set, which we call fully adversarial test
set, denoted by 7, was generated by a point-wise adversary
from 7 as follows. We begin with an empty 7,. Then, for
each test example in T, we use greedy local search to find a
neighbor of the example that is at most e hamming distance
away and has the largest negative log-likelihood score w.r.t.
either the SPN or CN and add it to 7,. The second test
set which we call randomly perturbed test set, denoted by
T, was generated from 7 as follows. We begin with an
empty 7,. Then, for each test example in 7, we select a
neighbor from 100 randomly generated neighbors such that
each neighbor is at most e hamming distance away from the
example and the selected neighbor has the largest negative
log-likelihood score w.r.t. either the SPN, and add it to 7.

We evaluate both the generative and predictive performances
of all three types of models under various corruption scenar-
ios as described above.

D.1 ROBUST GENERATIVE PERFORMANCE

To evaluate the generative performance and robustness of the
learned models, we compare their log-likelihood scores on
three different test sets described above (7,7,.,7,) for e =
{1,3,5}. Scores on the set T indicate the model’s goodness-
of-fit to the empirical distribution and larger scores imply a
better fit. On the other hand, scores on the sets 7, and 7,
are representative of a model’s robustness to adversarial and
random perturbations. Higher scores imply that the model
is resilient to small perturbations to the samples in 7.

We observe that although SPNs have slightly higher scores
on 7 as compared to their robust counterparts { SPN—Xk,
SPN—g }’s, they have significantly lower scores on the
corrupted sets 7, and 7,.. SPNs trained using our proposed
approaches consistently exhibit superior robust test-set log-
likelihood scores as compared with standard SPNs.

Impact of increasing e: We observe that as we increase
€, the performance of both SPN—k and SPN—g degrades
on the original test set 7. On the adversarial and random
test sets, namely on 7, and 7. respectively, we observe that
increasing e significantly degrades the performance of SPNs
which are trained on the original training set. For instance,
there is several orders of magnitude difference between
the log-likelihood scores on 7, (and 7,) for h = 5 and
h = 1. On the other hand, as compared with SPNs, the rate
of decrease in log-likelihoods (as we increase €) is much
smaller for SPN—k and SPN—g.

D.2 ROBUST PREDICTIVE PERFORMANCE

We used conditional log-likelihood (CLL) scores to eval-
uate the predictive performance. Given query variables g
and evidence variables e, the CLL score of a data point
equals log f(x%|z¢). We compare the average CLL scores

of all models on 7, 7, and 7,. We randomly selected differ-
ent percentages of variables as query variables and set the
remaining variables as evidence variables.

We observe a similar trend: { SPN—k, SPN—g } have better
CLL scores compared to SPN respectively on 7, and 7.
These results demonstrate that our proposed method yields
robust predictions.



Table 2: Generative performance: Test set log-likelihood scores of SPN trained using € € {1,2,3}: SPN: SPN trained using
maximum likelihood estimation on original training data, SPN—k: SPN trained using sampling-based DRO, SPN—g: SPN
trained using DRO with fast gradient method. 7 original test data, 7,: adversarially perturbed 7 by SPN, 7,.: randomly
perturbed 7 by SPN.

DATASET | ¢ T Ta 7,
SPN  SPN—k SPN—g | SPN SPN—k SPN—g | SPN SPN—k SPN—g
1 647 | 647 99 922 | 876 | 988 | -908 | -8.72
nltcs 3] -629 [ 703 | 754 | -15.77 | -12.12 | -11.37 | -12.59 | -1045 | -10.27
5 7701 8§29 | -18.78 | -13.62 | -1221 | -144 | -11.49 | -10.78
Ave. 6.29 684 | 743 | -1482 | -11.65 | -10.78 | -1229 | -1034 | -9.92
] 668 | -696 | -11.84 | 966 | -889 | -1132 | 943 | -8.86
msnbe [ 3] -6.15 7.0 761 | -1943 | -12.61 | -11.25 | -1452 | -10.66 | -10.2
5 693 | 834 | 2128 | -145 | -1245 | -1642 | -11.67 | -10.96
Ave. 615 687 | 764 | -1752 | -12.26 | -10.86 | -14.09 | -10.59 | -10.01
1 2.63 25 93 704 | -6.84 92 702 | 683
kdd2k [3| 217 [ 360 | 331 | -23.13 | -140 | -13.78 | -18.74 | -13.16 | -13.2
5 39 423 | 33901 | 2042 | -1937 | 2533 | -18.55 | -18.09
Ave. 217 341 335 | 2211 | -13.82 | -1333 | -17.76 | -12.01 | -12.71
1 1598 | -1549 | 2151 | 2033 | -19.53 | 2126 | -20.12 | -19.48
plants | 3| -14.94 [ -16.67 | -16.69 | -33.84 | 2682 | 26.14 | 2836 | 2445 | 24.32
5 1689 | -18.35 | 4448 | 32.60 | -31.05 | 3425 | 2837 | -28.04

Avg. -14.94 -16.51 -16.84 | -33.28 | -26.61 -25.57 | -27.96 | -24.31 -23.95
-40.65 -40.67 | -44.47 | -43.99 -43.38 | -44.07 | -43.774 | -43.31
-40.58 | -40.69 -41.11 -50.98 | -49.32 | -47.89 | -47.01 -46.28 -45.9
-40.77 -41.45 | -56.21 -53.93 -51.75 | -49.85 -48.8 -48.24
Avg. -40.58 -40.7 -41.08 | -50.55 | -49.08 -47.67 | -46.98 | -46.27 -45.82
-53.31 -53.49 -56.0 -55.76 -55.54 | -55.73 | -55.53 -55.42
-53.3 -53.31 -53.6 -60.64 | -59.74 | -59.07 | -57.25 | -56.94 | -56.75
-53.3 -53.74 -64.6 -63.24 -62.2 -58.69 | -58.21 -58.14
Avg. -53.3 -53.31 -53.61 -60.41 -59.58 -5894 | -57.22 | -56.89 -56.77
-57.55 -57.74 -61.0 -60.33 -59.75 | -60.44 | -59.96 | -59.62
-57.61 -57.53 -58.37 | -66.49 | -64.69 -63.0 -61.73 | -60.93 -60.84
-57.59 -58.84 | -70.84 | -68.45 -65.6 -62.69 | -61.94 | -61.78
Avg. -57.61 -57.56 -58.32 | -66.11 -64.49 -62.78 | -61.62 | -60.94 | -60.75
-41.43 -43.47 | -47.68 | -45.95 -46.51 -47.44 | -45.34 -46.4
-42.93 | -41.66 -43.4 -56.58 | -52.97 -50.22 -50.4 -47.97 -48.28
-41.5 -44.45 | -64.31 -58.87 -55.88 -53.5 -50.71 -51.74
Avg. -42.93 -41.53 -43.77 | -56.19 -52.6 -50.87 | -50.45 | -48.01 -48.81
-11.57 -11.56 | -16.24 | -15.93 -15.73 | -16.23 | -1591 -15.75
-11.43 -12.1 -12.01 -25.85 | -23.59 -23.22 | -24.26 | -22.55 -22.55
-12.24 -12.64 | -3543 | -30.91 -29.67 | -32.09 | -28.86 | -28.36
Avg. -11.43 -11.97 -12.07 | -25.84 | -23.48 -22.87 | -24.19 | -22.44 | -22.22
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1 4132 | -4035 | 4759 | -4535 | -45.01 | -47.52 | -4541 | -45.05
pumsb-star | 3 | -42.16 | -42.35 | -43.05 -58.3 -52.97 | -53.78 | -33.11 -50.8 -51.02
5 415 4415 | -6887 | -61.23 | -39.71 | -3852 | -55.31 | -35.43

Avg. -42.16 -41.72 -42.52 | -58.25 | -53.18 -52.83 | -53.05 | -50.51 -50.5

-98.91 -98.52 | -101.21 | -100.55 | -100.08 | -101.15 | -100.54 | -100.04
-99.51 -99.58 -99.59 | -1045 | -1045 | -103.63 | -102.28 | -102.36 | -102.08
-99.35 -99.63 | -107.56 | -107.08 | -106.15 | -103.5 | -103.18 | -103.13
Avg. -99.51 -99.28 -99.25 | -104.42 | -104.04 | -103.29 | -102.31 | -102.03 | -101.75
-11.59 -11.67 | -17.54 -17.0 -16.77 | -17.49 -16.9 -16.75
-11.4 -12.33 -12.43 | -29.58 | -25.62 -25.3 -27.28 | 2456 | -24.48
-12.49 -13.02 | -41.06 | -34.05 -33.02 | -36.23 | -31.85 -31.35
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Avg. -11.4 -12.14 -12.37 -29.39 -25.56 -25.03 -27.0 -24.44 -24.19

-11.73 -11.74 -18.9 -17.7 -17.34 | -18.86 | -17.64 | -17.35

1
msweb | 3 | -11.39 | -12.54 -12.5 -33.84 | -27.63 -27.03 -30.68 | -26.39 -26.3
5 -12.74 -13.32 | -48.76 | -37.08 -35.36 | -42.21 -34.76 -34.18

Avg. -11.39 -12.34 -12.52 | -33.83 | -27.47 -26.58 | -30.58 | -26.26 | -25.94

-35.61 -35.8 -41.12 -40.7 -40.44 -40.96 | -40.69 -40.45

1
book 3 -35.7 -36.06 -36.01 -51.57 | -50.29 -49.26 | -49.73 -48.95 -48.59
5] -36.09 -36.46 -61.8 -59.48 -57.52 | -5832 | -56.84 -56.2

Avg. -35.7 -35.92 -36.09 -51.5 -50.16 -49.07 -49.67 -48.83 -48.41

-57.12 -57.08 | -64.55 | -62.81 -62.75 | -64.46 | -62.93 -62.75

1
each-movie | 3 | -58.03 | -57.25 -56.56 | -77.43 | -72.83 -72.05 | -73.04 | -70.64 | -69.81

5 -59.45 -58.74 | -90.04 | -84.57 | -82.45 | -81.85 -80.2 -78.8

Avg. -58.03 -57.94 -57.46 | -77.34 -73.4 -72.42 | -73.12 | -71.26 -70.45

-163.85 | -162.38 | -167.09 | -168.14 | -166.74 | -166.67 | -168.19 | -166.74

web-kb 3| -161.51 | -165.41 | -162.64 | -177.82 | -176.9 | -17491 | -172.73 | -174.84 | -172.54

5 -162.82 | -162.0 | -188.17 | -186.55 | -181.69 | -178.55 | -179.07 | -177.37

Avg. -161.51 | -164.03 | -162.34 | -177.69 | -177.2 | -174.45 | -172.65 | -174.03 | -172.22

-96.04 -97.09 | -104.28 | -102.27 | -102.34 | -103.72 | -101.91 | -102.27

1
reuters-52 | 3 | -97.75 [ -96.56 | -97.73 | -116.63 | -113.68 | -112.16 | -111.44 | -109.88 | -110.15
5 9735 | -96.63 | -128.42 | -12491 | -119.87 | -118.98 | -118.02 | -116.1

Avg. -97.75 -96.65 -97.15 | -116.44 | -113.62 | -111.46 | -111.38 | -109.94 | -109.51

-155.8 | -155.64 | -162.03 | -161.12 | -160.09 | -161.64 | -160.96 | -160.03

1
20ng | 3| -156.86 | -156.06 | -156.25 | -171.86 | -171.01 | -168.65 | -167.81 | -167.2 | -166.45
5 -156.37 | -156.4 | -181.37 | -180.11 | -176.32 | -173.81 | -173.2 | -172.53

Avg. -156.86 | -156.08 | -156.1 | -171.75 | -170.75 | -168.35 | -167.75 | -167.12 | -166.34

1 -275.11 | -275.15 | -278.59 | -278.37 | -278.34 | -278.52 | -278.36 | -278.34

bbc 3| -275.22 | -269.57 | -275.33 | -285.25 | -279.78 | -284.45 | -283.06 | -277.57 | -282.76

5] -275.28 | -270.66 | -291.84 | -291.17 | -286.29 | -287.63 | -287.07 | -282.89

Avg. -275.22 | -273.32 | -273.71 | -285.23 | -283.11 | -283.03 | -283.07 | -281.0 | -281.33

1 -64.17 -63.96 | -69.59 | -69.51 -69.12 -69.5 -69.52 | -69.16

ad 3| -6397 | -64.31 -64.38 -80.8 -80.92 -79.41 -7894 | -79.27 -78.87
5] -64.41 -64.68 | -91.93 -91.5 -89.23 | -88.86 | -88.55 -88.1

Avg. -63.97 -64.3 -64.34 | -80.77 | -80.64 | -79.25 -79.1 -79.11 -78.71
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Table 3: Predictive performance: Conditional log-likelihood scores given 20% evidence for models having latent variables
(SPNs).e € {1,2,3}: SPN: SPN trained using maximum likelihood estimation on original training data, SPN—k: SPN
trained using sampling-based DRO, SPN—g: SPN trained using DRO with fast gradient method. 7: original test data, 7,:
adversarially perturbed 7 by SPN, 7,.: randomly perturbed 7 by SPN.

DATASET | ¢ T Ta 7,
SPN  SPN—k SPN—g | SPN SPN—k SPN—g | SPN SPN—k SPN—g
1 521 523 | 858 | 793 | 744 | 858 | 176 | 142
nltcs 3] 507 | 568 | -6.15 | -13.61 | -1044 | 954 | -1053 | 878 | 841
5 564 | 675 | -1553 | -10.96 | 993 | -12.16 | 954 | -8.85
Ave. 5.07 551 | -604 | -1257 | 978 | -897 | -1042 | -869 | -8.23
1 491 5.18 | -10.07 | -7.89 | -7.11 | 955 | -7.66 | -7.08
msnbe [ 3| 439 | 522 | 583 | -17.67 | -10.83 | 947 | -12.62 | -8.76 83
5| 514 | 653 | -1951 | -127 | -10.65 | -144 | 971 | -8.99
Ave. 439 509 | -585 | -15.75 | -1047 | -9.08 | -12.19 | -8.71 812
1 24 226 | 228 | 245 | 229 | 257 | 296 | -2.68
kdd-2k [3] -2.04 | 324 | 287 | -1001 | 395 | 3.4 | -IL.11 | 874 | 8536
5 34 36 | 2047 | -1045 | -743 | -1658 | -13.49 | -12.98
Ave. 204 | -3.01 291 | -1092 | 562 | 429 | -10.09 | -84 8.07
1 1185 | -1134 | -14.1 | -13.67 | -13.14 | -15.61 | -1532 | -14.13
plants | 3| -10.87 [ -12.43 | -12.41 | -23.34 | -18.49 | -18.04 | 21.1 | -1871 | -18.73
5 1263 | -13.92 | 31.88 | 22.86 | -21.93 | 2659 | 21.99 | 21.57

Avg. -10.87 -12.3 -12.56 | -23.11 -18.34 -17.7 -21.1 -18.67 -18.14
-32.01 -32.03 | -35.56 | -35.12 -34.49 | -35.17 | -34.776 | -34.33
-31.95 | -32.04 -32.42 | -41.14 | -39.73 -38.24 | -37.44 | -36.83 -36.43
-32.1 -32.71 -45.67 | -43.57 -41.5 -39.86 -38.9 -38.47
Avg. -31.95 -32.05 -32.39 | -40.79 | -39.47 -38.08 | -37.49 | -36.83 -36.41
-40.96 -41.14 | -43.35 | -43.08 -42.95 | -43.22 | -43.02 -42.9
-40.94 | -40.95 -41.24 | 4785 | -46.94 | -4636 | -44.55 | -44.26 | -44.13
-40.95 -41.38 -51.6 -50.22 -49.3 -45.88 | -45.42 | -45.38
Avg. -40.94 -40.95 -41.25 -47.6 -46.75 -46.2 -44.55 | -44.23 -44.14
-45.07 -45.25 | -48.41 -47.74 | -47.16 | -47.779 | -47.33 -46.98
-45.14 | -45.05 -45.83 | -53.48 | -51.79 -50.09 | 4894 | -48.16 | -48.03
-45.1 -46.26 | -57.44 | -55.14 -52.4 -49.77 | -49.07 -48.86
Avg. -45.14 -45.07 -45.78 | -53.11 -51.56 -49.88 | -48.83 | -48.19 -47.96
-32.0 -33.87 | -36.49 | -35.45 -35.75 | -36.15 | -34.63 -35.32
-33.46 | -32.31 -33.7 -38.04 | -35.79 -35.56 | -38.63 | -36.61 -36.82
-32.09 -34.67 | -42.13 | -36.98 -38.26 | -40.35 | -38.92 | -40.22
Avg. -33.46 -32.13 -34.08 | -38.89 | -36.07 -36.52 | -38.38 | -36.72 | -37.45
-6.07 -6.07 -10.75 | -10.43 -10.24 | -10.74 | -10.41 -10.25
-5.94 -6.55 -6.51 -20.36 | -18.05 -17.72 -17.6 -15.94 | -1591
-6.68 -7.11 -29.93 | -25.35 -24.14 | 2432 | -21.34 | -20.75
Avg. -5.94 -6.43 -6.56 -2035 | -17.94 | -17.37 | -17.55 -15.9 -15.64
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1 -31.03 -30.68 | -3524 | -33.73 -33.51 -36.0 -34.24 -34.51
pumsb-star | 3 | -31.6 -31.71 -32.27 | -44.24 | -39.84 -40.51 -40.35 -38.45 -38.55
5 -31.66 -34.08 | -53.53 -45.3 -46.55 -45.08 -42.3 -43.21

Avg. -31.6 -31.47 -32.34 | -44.34 | -39.62 -40.19 | -40.48 | -38.33 -38.76
-78.89 -78.51 -81.07 | -80.52 -80.0 -80.98 | -80.46 | -79.95
-79.43 | -79.48 -79.5 -84.18 | -84.15 -83.33 | -81.92 | -82.01 -81.71
-79.29 -79.53 -87.2 -86.74 -85.8 -82.86 | -82.61 -82.53
Avg. -79.43 -79.22 -79.18 | -84.15 -83.8 -83.04 | -81.92 | -81.69 -81.4
-4.91 -4.94 -10.85 -10.3 -10.04 | -10.79 | -10.21 -10.03
-4.71 -5.59 -5.74 -22.89 | -18.93 -18.61 -19.27 -16.7 -16.57
-5.77 -6.24 -3435 | -27.24 | -2623 | -26.83 | -22.85 -22.32
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Avg. -4.71 -5.42 -5.64 -22.7 -18.82 | -18.29 | -18.96 | -16.59 -16.31

1 -3.74 -3.76 -10.93 -9.71 -9.36 -9.52 -9.65 -8.24

msweb 3 -3.42 -4.47 -4.48 -18.41 -19.57 -14.16 | -19.85 -17.0 -16.03
5] -4.66 -5.26 -33.33 -29.0 -22.92 | -2997 | -24.09 -22.6

Avg. -3.42 -4.29 -4.5 -20.89 | -19.43 -15.48 | -19.78 | -16.91 -15.62

1 -27.43 -27.61 -32.85 | -32.36 -32.15 | -32.63 -32.4 -32.13

book 31 -27.52 -27.8 2777 | 4292 | -41.62 | -40.56 | -39.59 | -38.99 -38.62
5] -27.83 -28.14 | -52.74 -50.5 -48.35 | -46.64 -45.4 -44.59

Avg. -27.52 -27.69 -27.84 | -42.84 | -41.49 -40.35 | -39.62 | -38.93 -38.45

1 -40.51 -40.46 | -47.62 | -45.85 -4598 | -47.53 | -45.86 | -45.75

each-movie | 3 | -41.28 | -40.53 -40.39 | -60.24 | -54.73 -55.54 | -54.47 | -52.21 -52.03
5] -42.0 -41.89 | -72.53 -64.9 -65.04 | -61.76 | -59.61 -59.03

Avg. -41.28 -41.01 -40.91 -60.13 | -55.16 -55.52 | -54.59 | -52.56 | -52.27
-131.0 | -129.77 | -133.95 | -134.32 | -133.64 | -133.36 | -134.75 | -133.4
web-kb -129.01 | -132.35 | -130.02 | -143.22 | -141.86 | -140.66 | -138.35 | -140.0 | -138.46
5] -130.04 | -129.3 | -151.22 | -148.66 | -145.46 | -143.03 | -143.09 | -141.68

Avg. -129.01 | -131.13 | -129.7 | -142.8 | -141.61 | -139.92 | -138.25 | -139.28 | -137.85

1 -76.11 -77.05 | -83.77 | -82.32 | -82.03 | -82.69 -81.6 -81.5

reuters-52 | 3 | -77.56 | -76.45 -77.69 | -95.45 | -93.24 | -91.25 | -89.01 -87.98 -87.96
5] -77.19 -76.65 | -104.28 | -103.61 | -96.56 | -95.03 | -94.49 -92.47

Avg. -77.56 -76.58 -77.13 -94.5 -93.06 -89.95 -88.91 -88.02 | -87.31

1 -123.54 | -123.45 | -129.54 | -127.59 | -127.79 | -128.86 | -127.9 | -127.49

20ng 3| -124.48 | -123.73 | -123.92 | -138.88 | -135.7 | -135.83 | -133.8 | -133.05 | -132.57
5] -124.0 | -124.13 | -148.05 | -144.19 | -143.23 | -138.61 | -137.81 | -137.5
Avg. -124.48 | -123.76 | -123.83 | -138.82 | -135.83 | -135.62 | -133.76 | -132.92 | -132.52

1 -181.85 | -181.78 | -185.39 | -185.08 | -184.97 | -185.32 | -185.1 | -184.97
bbc 3| -182.02 | -177.71 | -182.04 | -192.05 | -187.86 | -191.17 | -189.4 | -185.18 | -189.04
5] -181.8 | -178.58 | -198.64 | -197.69 | -194.21 | -193.54 | -192.72 | -189.84

Avg. -182.02 | -180.45 | -180.8 | -192.03 | -190.21 | -190.12 | -189.42 | -187.67 | -187.95

1 -50.73 -50.57 | -56.19 | -56.09 -55.72 -55.4 -55.97 -54.82

ad 3| -50.57 | -50.85 -50.91 -67.39 | -67.46 -65.94 -63.2 -63.35 -62.89
5] -50.93 -51.15 | -7853 | -77.92 -75.7 -70.24 | -71.02 | -70.43

Avg. -50.57 -50.84 -50.88 | -67.37 | -67.16 -65.79 | -62.95 | -63.45 -62.71
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Table 4: Predictive performance: Conditional log-likelihood scores given 50% evidence for models having latent variables
(SPNs).e € {1,2,3}: SPN: SPN trained using maximum likelihood estimation on original training data, SPN—k: SPN
trained using sampling-based DRO, SPN—g: SPN trained using DRO with fast gradient method.7: original test data, 7,:
adversarially perturbed 7 by SPN, 7,.: randomly perturbed 7 by SPN.

DATASET | ¢ T Ta 7.
SPN SPN—k SPN—g | SPN SPN—k SPN—g | SPN SPN—k SPN—g
1 286 | 288 | 594 | 555 | 487 59 531 | 473
nltcs 3| 277 [ 319 | 353 | 963 | 762 | 622 | -7.08 | 567 | 522
5 314 | 392 | -108 | 762 | 652 | 824 | 613 | -5.53
Avg. 277 | 306 | 344 | 879 | -693 | -587 | -7.07 5.7 5.16
1 277 | 299 | 799 | -5.74 | -492 | 731 | -5.41 484
msnbe [ 3| 231 [ 299 | -3.48 | -1494 | 856 | 685 | 957 6.0 5.48
5| 288 | 401 | -1435 | 982 | 721 | -108 | -659 | -5.87
Ave. 231 | 288 | 349 | -1243 | -804 | 633 | 923 6.0 54
1 13 122 | 1.5 | -135 | -1.25 | -138 | -1.86 | -1.64
kdd-2k [ 3| -1.08 [ -1.81 162 | -191 | 239 | -1.87 | 697 | 552 | -534
5 191 208 | 9.16 88 589 | -10.15 | -87 813
Ave. 108 | -1.67 | -1.64 | -407 | 418 30 617 | 536 | 504
1 736 | -693 | 844 | 867 | -792 | 993 | 905 | -859
plants [ 3| -6.62 [ 779 | -7.75 | -1539 | -11.64 | -11.69 | -13.26 | -11.47 | -11.9
5 7792 | 884 | 2145 | -147 | -144 | -17.03 | -13.92 | -13.58

Avg. -6.62 -7.69 -7.84 -15.09 | -11.67 -11.34 | -13.41 -11.48 -11.36
-19.55 -19.57 | -21.51 -21.27 -20.84 | -21.34 | -21.05 -20.8
-19.53 | -19.58 -19.82 | -25.02 | -24.01 -23.09 | -22.52 | -22.37 -22.11
-19.59 -20.0 -27.68 | -26.43 -25.04 -24.3 -23.74 -23.58
Avg. -19.53 | -19.57 -19.8 -24.74 -23.9 -22.99 | -22.72 | -22.39 -22.16
-25.81 -25.91 -27.45 | -27.05 -27.1 -27.21 -27.13 -27.01
-25.79 | -25.79 -25.97 | -30.16 -29.3 -29.07 | -28.01 -27.77 -27.65
-25.8 -26.03 | -32.65 | -31.09 | -30.93 | -28.84 | -28.51 -28.38
Avg. -25.79 -25.8 -25.97 | -30.09 | -29.15 -29.03 | -28.02 -27.8 -27.68
-28.47 -28.55 | -29.72 -29.4 -29.05 | -29.96 | -29.49 -29.42
-28.55 | -2846 | -28.89 | -32.08 | -31.02 | -30.39 | -30.26 | -30.02 -29.91
-28.47 -29.19 -34.3 -32.71 -31.65 | -31.11 -30.53 -30.52
Avg. -28.55 | -28.47 -28.88 | -32.03 | -31.04 | -30.36 | -30.44 | -30.01 -29.95

audio

LII‘L»J»—!

jester

UI‘L»J»—

netflix

ur‘u.—

1 -15.83 -16.3 -17.21 -16.34 -16.96 | -18.11 -17.46 -17.46
accidents | 3 | -16.2 | -15.87 -16.76 | -18.17 -16.49 -17.56 | -20.07 | -18.85 -19.08
5] -15.51 -17.33 -22.24 | -17.53 -19.66 | -21.38 | -20.59 -21.66

Avg. -16.2 -15.74 -16.8 -19.21 -16.79 -18.06 | -19.85 -18.97 -19.4

1 -3.33 -3.36 -8.05 -1.7 -7.53 -8.04 -7.68 -7.55
retail 3] -324 -3.66 -3.69 -17.66 | -15.16 -14.9 -12.63 -11.17 -10.99
5] -3.74 -4.1 -27.23 -22.41 -21.13 -17.03 -14.49 -14.03
Avg. -3.24 -3.58 -3.72 -17.65 -15.09 -14.52 | -12.57 | -11.11 -10.86

1 -19.59 -19.29 | -20.18 -20.11 -19.58 | -21.19 | -21.11 -20.1

pumsb-star | 3 | -19.83 | -20.19 -20.21 -2292 | -2347 -22.2 -24.11 -23.77 -23.01
5] -19.65 -20.69 | -25.14 | -2491 -23.63 -26.65 -25.93 -25.74

Avg. -19.83 | -19.81 -20.06 | -22.75 -22.83 -21.8 -23.98 -23.6 -22.95

1 -50.26 | -49.85 | -50.72 | -50.51 -50.13 | -50.97 | -50.66 -50.31

dna 31 -5039 | -504 -50.31 -51.95 | -51.99 | -51.58 | -51.49 | -51.48 -51.3
5] -50.38 -50.32 | -53.84 | -53.45 -53.14 | -51.95 | -51.88 -51.75

Avg. -50.39 | -50.35 -50.16 | -52.17 | -51.98 -51.62 | -51.47 | -51.34 -51.12

1 -2.61 -2.63 -8.61 -4.9 -1.73 -8.02 -6.76 -7.28

kosarek 31 247 -3.04 -3.16 -20.64 | -13.81 -16.03 -13.6 -11.22 -11.38
5] -3.17 -3.49 -32.09 | -22.22 | -2347 | -1855 | -15.33 -14.92
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Avg. -2.47 -2.94 -3.09 -2045 | -13.64 | -15.74 | -13.39 -11.1 -11.19
1 -1.14 -1.19 -8.41 -7.11 -6.79 -6.99 -7.05 -5.67
msweb 3 -0.9 -1.67 -1.75 -15.88 | -16.76 | -1142 | -13.98 | -11.57 -10.48
5] -1.79 -2.31 -30.79 | -26.14 | -1995 | -20.72 | -16.09 -14.52
Avg. -0.9 -1.53 -1.75 -18.36 | -16.67 -12.72 -13.9 -11.57 -10.22
1 -16.69 -16.81 -21.94 | -21.61 -21.25 | -20.72 | -21.14 -20.24
book 31 -1675 | -16.95 -16.94 | -31.21 -30.58 -28.91 -25.12 | -25.17 -24.54
5] -16.97 -17.22 | -36.97 | -38.87 -33.26 | -29.46 | -29.22 -27.91
Avg. -16.75 | -16.87 -16.99 | -30.04 | -30.35 -27.81 -25.1 -25.18 -24.23
1 -24.29 -2429 | -27.46 | -28.88 -26.57 -28.6 -28.59 -27.6
each-movie | 3 | -24.76 | -24.39 -24.15 | -35.13 | -3499 | -3252 | -3247 | -32.26 -31.21
5] -25.05 -25.19 | -43.01 -42.86 | -38.65 | -37.54 | -37.02 -35.65
Avg. -24.76 | -24.58 -24.54 -35.2 -35.58 -32.58 | -32.87 | -32.62 -31.49
1 -78.86 | -78.18 | -81.69 | -81.91 -81.33 -81.0 -81.67 -80.84
web-kb 3| -77.8 -79.7 -78.36 -89.3 -87.52 | -87.25 -84.2 -84.87 -84.2
5] -78.37 -77.97 | -9598 | -93.04 | -91.51 -87.08 | -87.01 -86.24
Avg. -717.8 -78.98 -78.17 | -88.99 | -87.49 -86.7 -84.09 | -84.52 -83.76
1 -46.75 -47.52 | -53.53 -49.3 -52.04 | -50.96 | -49.72 -50.27
reuters-52 | 3 | -47.89 | -47.09 -47.91 -60.44 | -55.32 | -57.25 | -54.91 -53.65 -54.26
5] -47.63 -47.25 -66.5 -63.85 -60.93 | -58.57 -58.1 -56.9
Avg. -47.89 | -47.16 | -4756 | -60.16 | -56.16 | -56.74 | -54.81 -53.82 -53.81
1 -77.07 -76.97 | -81.75 | -77.85 -80.54 | -80.48 | -79.29 -79.55
20ng 31 -77.69 | -77.19 -77.29 | -86.79 | -82.96 | -84.73 | -83.59 | -82.52 -82.66
5] -71.37 -77.44 -91.9 -88.18 -88.69 | -86.54 | -85.65 -85.75
Avg. -77.69 | -77.21 -77.23 | -86.81 -83.0 -84.65 | -83.54 | -82.49 -82.65
1 -93.74 | -93.68 | -97.16 | -96.97 -96.85 -97.1 -96.99 -96.86
bbc 31 -93.79 | -91.74 | -93.88 | -103.82 | -101.92 | -102.99 | -99.93 -98.1 -99.58
5] -93.68 -92.46 | -1104 | -109.53 | -108.09 | -102.93 | -102.29 | -101.24
Avg. -93.79 | -93.05 -93.34 | -103.79 | -102.81 | -102.64 | -99.99 | -99.13 -99.23
1 -31.93 -31.83 | -37.44 | -37.31 -36.99 | -35.77 | -36.48 -35.23
ad 3] -31.82 | -32.01 -32.05 | -43.07 | -48.62 | -42.13 | -40.87 | -40.65 -40.51
5] -32.05 -32.2 -54.19 | -53.76 | -51.83 -44.0 -45.08 -44.55
Avg. -31.82 -32.0 -32.03 -44.9 -46.56 | -43.65 | -40.21 -40.74 -40.1
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Table 5: Predictive performance: Conditional log-likelihood scores given 80% evidence for models having latent variables
(SPNs). € € {1,2,3}: SPN: SPN trained using maximum likelihood estimation on original training data, SPN—k: SPN
trained using sampling-based DRO, SPN—g: SPN trained using DRO with fast gradient method.7: original test data, 7,:
adversarially perturbed 7 by SPN, 7,.: randomly perturbed 7 by SPN.

T Ta T
SPN SPN—k SPN—g | SPN SPN—k SPN—g | SPN SPN—k SPN—g
-1.24 -1.25 -3.98 -2.53 -2.98 -4.01 -2.59 -2.67
nltcs 3 -1.17 -1.43 -1.65 -5.72 -4.03 -3.38 -3.68 -2.86 -2.66

DATASET

e}

—_—

-1.4 -1.85 -5.43 -3.79 -3.41 -4.67 -3.36 -2.82

Avg. -1.17 -1.36 -1.58 -5.04 -3.45 -3.26 -4.12 -2.94 -2.72

1 -0.93 -1.06 -5.17 -3.54 -2.56 -4.6 -3.07 -2.5

msnbc 3| -0.66 -1.06 -1.39 -9.78 -5.3 -3.68 -5.54 -3.13 -2.61
5] -0.96 -1.67 -1.87 -5.38 -3.7 -6.31 -3.26 2.7

Avg. -0.66 -0.98 -1.37 -7.61 -4.74 -3.31 -5.48 -3.15 -2.6

1 -0.48 -0.44 -0.39 -0.48 -0.44 -0.4 -0.48 -0.45

kdd-2k 3| -038 -0.69 -0.61 -0.52 -0.7 -0.63 -2.49 -2.03 -1.99
5] -0.73 -0.81 -2.3 -1.2 -1.02 -3.71 -3.15 -3.08

Avg. -0.38 -0.63 -0.62 -1.07 -0.79 -0.7 -2.2 -1.89 -1.84

1 -3.05 -2.86 -3.6 -3.33 -3.35 -3.55 -3.6 -3.32

plants 3| -2.76 -3.23 -3.28 -6.04 -4.73 -4.74 -5.36 -4.58 -4.83
5] -3.4 -3.66 -8.3 -6.24 -5.54 -6.7 -5.57 -5.54

Avg. -2.76 -3.23 -3.27 -5.98 -4.77 -4.54 -5.2 -4.58 -4.56

1 -7.88 -7.89 -8.96 -8.9 -8.54 -8.67 -8.45 -8.39

audio 31 -7.88 -7.91 =799 | -10.04 | -9.76 -9.23 -9.19 -9.24 -8.88
5] -7.93 -8.06 | -11.26 | -10.73 -10.09 | -9.82 -9.67 -9.5

Avg. -7.88 -71.91 -7.98 | -10.09 -9.8 -9.29 -9.23 -9.12 -8.92
1 -10.51 -10.55 | -10.84 | -10.78 -10.74 | -10.88 | -10.88 -10.83
jester 3| -10.53 | -10.51 -10.56 | -11.69 | -11.4 -11.29 | -11.26 | -11.1 -11.08
5] -10.5 -10.58 | -12.62 | -12.25 -11.95 | -11.6 | -11.39 -11.38

Avg. -10.53 | -10.51 -10.56 | -11.72 | -11.48 -11.33 | -11.25 | -11.12 -11.1

1 -11.32 -11.34 | -11.94 | -11.78 -11.61 | -11.99 | -11.78 -11.83

netflix 31 -11.35 | -11.32 | -11.51 | -1338 | -12.74 | -12.42 | -12.17 | -12.08 -12.0

5] -11.31 -11.62 | -145 | -13.64 | -13.02 | -12.54 | -12.2 -12.23

Avg. -11.35 | -11.32 -11.49 | -13.27 | -12.72 | -12.35 | -12.23 | -12.02 -12.02

1 -4.84 -5.05 -5.81 -5.23 -5.68 -6.41 -5.27 -6.0

accidents | 3 -4.9 -5.16 -5.33 -6.47 -5.59 -6.12 -7.59 -6.31 -6.67
5] -4.84 -5.56 -9.02 -5.91 -7.71 -7.87 -7.03 -8.01

Avg. -4.9 -4.95 -5.31 -7.1 -5.58 -6.5 -7.29 -6.2 -6.89

1 -1.21 -1.24 -5.99 -5.58 -5.41 -5.98 -5.15 -5.42

retail 31 -1.18 -1.35 -1.38 -15.6 | -12.19 | -12.59 | -7.79 -6.45 -6.63
5] -1.39 -1.55 | -25.17 | -16.41 -18.59 | -9.57 -7.63 -7.6

Avg. -1.18 -1.32 -1.39 | -15.59 | -11.39 -12.2 -7.78 -6.41 -6.55

1 -5.51 -5.41 -5.55 -5.51 -5.41 -5.91 -6.05 -5.48

pumsb-star | 3 | -5.54 -5.62 -5.8 -5.59 -5.99 -5.8 -7.34 -7.14 -6.98
5] -5.62 -6.0 -6.34 -6.66 -6.41 -8.3 -8.33 -8.18

Avg. -5.54 -5.58 -5.74 -5.83 -6.05 -5.87 -7.18 -1.17 -6.88

1 -20.29 -20.21 | -20.33 | -20.3 -20.22 | -20.33 | -20.3 -20.22

dna 3| -20.31 | -2034 | -20.28 | -20.37 | -20.38 -20.31 | -20.55 | -20.58 -20.49

5] -20.31 -20.29 | -2042 | -20.39 | -2033 | -20.77 | -20.73 -20.75

Avg. -20.31 | -20.31 -20.26 | -20.37 | -20.36 | -20.29 | -20.55 | -20.54 | -20.49
-0.94 -0.95 -6.38 -1.92 -5.46 -4.71 -3.08 -4.15
-0.87 -1.12 -1.17 | -13.02 | -6.41 -9.61 -6.88 -5.04 -5.48
-1.16 -1.32 | -22.24 | -11.0 -15.39 | -8.67 -7.06 -6.65

kosarek

Ul‘b.)»—t
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Avg. -0.87 -1.07 -1.15 | -13.88 | -6.44 -10.15 | -6.75 -5.06 -5.43

1 -0.31 -0.35 -1.7 -6.28 -5.95 -5.86 -5.88 -4.47

msweb 3|1 -0.19 -0.54 -0.6 -15.17 | -15.62 | -10.26 | -8.76 -7.28 -6.3
5] -0.59 -0.83 | -30.08 | -20.11 -18.48 | -11.64 | -9.05 -7.57

Avg. -0.19 -0.48 -0.59 | -17.65 | -14.0 -11.56 | -8.75 -7.4 -6.11

1 -7.02 -7.08 -7.55 | -11.59 -7.49 -9.55 -9.49 -9.0
book 3| -7.06 -7.14 -7.13 -163 | -12.36 | -14.87 | -11.12 | -11.09 -11.02
5] -7.13 =722 | -20.84 | -19.43 -18.19 | -12.76 | -12.56 | -12.05
Avg. -7.06 -7.1 -7.14 -149 | -1446 | -13.52 | -11.14 | -11.05 -10.69

1 -8.51 -8.47 -8.99 | -11.33 -8.74 | -10.36 | -10.64 -9.94
each-movie | 3 | -8.62 -8.57 -8.43 | -13.39 | -13.62 | -1222 | -123 | -12.12 -11.66
5] -8.8 -8.77 | -17.64 | -16.45 -15.27 | -14.67 | -13.93 -12.96
Avg. -8.62 -8.63 -8.56 | -13.34 | -13.8 -12.08 | -12.44 | -12.23 -11.52
-29.49 -29.34 | -314 | -31.51 -31.25 | -30.59 | -30.79 -30.54
web-kb -29.25 | -29.83 -29.39 | -34.73 | -33.61 -33.8 | -32.06 | -32.18 -31.97
5] -29.42 | -29.29 | -38.03 | -35.83 -3593 | -332 | -33.03 -32.95
Avg. -29.25 | -29.58 -29.34 | -34.72 | -33.65 -33.66 | -31.95 | -32.0 -31.82
1 -17.75 -18.24 | -21.04 | -1791 -20.78 | -19.64 | -18.46 | -19.74

reuters-52 | 3 | -1833 | -17.9 -18.38 | -24.93 | -18.93 -23.96 | -21.44 | -204 -21.4
5] -18.26 | -17.95 | -29.26 | -20.31 -26.59 | -22.96 | -22.16 | -21.94
Avg. -18.33 | -17.97 -18.19 | -25.08 | -19.05 -23.78 | -21.35 | -20.34 | -21.03
1 -31.48 -31.49 | -35.29 | -31.71 -34.67 | -33.0 | -32.39 -32.67
20ng 3| -31.76 | -31.54 | -31.61 | -36.26 | -34.81 -35.29 | -34.33 | -33.69 -33.72
5] -31.6 -31.71 | -38.43 | -37.83 -36.94 | -35.38 | -34.98 -35.17
Avg. -31.76 | -31.54 -31.6 | -36.66 | -34.78 -35.63 | -34.24 | -33.69 -33.85
1 -32.39 -32.39 | -35.76 | -35.67 -35.57 | -35.7 | -35.61 -35.57
bbc 3| -324 | -31.62 | -3252 | -424 | -41.95 -41.62 | -36.86 | -36.37 -36.72
5] -32.39 -32.18 | -48.96 | -48.54 | -47.775 | -3833 | -37.92 | -37.68
Avg. -324 -32.13 -32.36 | -42.37 | -42.05 -41.65 | -36.96 | -36.63 -36.66
1 -13.3 -13.26 | -13.27 | -13.3 -13.27 | -14.57 | -15.48 -14.02
ad 3| -13.26 | -13.33 -13.35 | -18.83 | -13.37 -18.36 | -16.14 | -16.58 -17.03
5] -13.35 -13.41 | -18.83 | -18.81 -18.27 | -18.53 | -18.8 -17.94
Avg. -13.26 | -13.33 -13.34 | -1698 | -15.16 | -16.63 | -16.41 | -16.95 -16.33
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