STAGE-REGULARIZED NEURAL STEIN CRITICS FOR TESTING
GOODNESS-OF-FIT OF GENERATIVE MODELS
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INTRODUCTION

The Stein discrepancy provides a means to assess the
Goodness-of-Fit (GoF) of statistical models. The Stein
discrepancy only requires the model score function,
making It naturally applicable to energy-based models
(EBMs), which are described only up to a normalizing
constant. Neural network stein critics trained using a
novel staged regularization scheme are used to
compute the Stein discrepancy. The resultant critics
localize the discrepancy Dbetween distributions
iInduced by generative models of image data.

NEURAL STEIN CRITICS

The Stein discrepancy between distributions p and
g evaluated at critic function f € F Is:

SD[f] := Ex-psq(x) - f(x) + V- f(x) = E,-, Tof(x),

where s, = Vq/q Is the score of q. The Stein discrepancy
over function class F Is

SD+(p, q) := sup SDIf].
feF
If F = L?#, the spaced of squared-integrable vector fields,

then f* = s, —s,,. The optimal neural Stein critic Is related
to the £ which minimizes the regularized functional:

A
Ll[f] = _SD[f] - E *x~p”f(x)”2;

which is minimal at f; :== A7'f*. A neural network Stein
critic f(-, ) can be trained to minimize L.

STAGED REGULARIZATION

ENERGY-BASED MODEL EVALUATION

Let g be a model of data distribution p of the form:

q() =271 - exp (—Ep(0)),

where Z Is a normalizing constant that Is not required to
compute the score s, = —VE,;(x). Stein critics can be

used to assess the local discrepancy between p and g:
w(x) = Tof(x, 0).

Let w,, and o(w,) be the mean and standard deviation of
w(x) computed on x~p, and likewise a(w,) for x~q.

Metric P reflects the discrepancy between distributions p
and g in terms of test statistic T
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EXPERIMENT

Let g be an EBM representing MNIST digits “1” and p be
a mixture of 97% g and 3% true digits “1". Neural Stein
critics are trained using 2,000 samples from p. In training,
staged-regularized critics more rapidly yield high-power
discriminators compared to fixed-A regularization.

=
o
=

601

40

A = 1.0e-03
A = 1.0e-02
A = 1.0e-01 20-
A = 1.0e+00
A = 2.0e+00
oy S | - A =A(5e -1, le — 3, 0.90)

= 1.0e-02
= 1.0e-01
= 1.0e+00
= 2.0e+00
= Al5e—1,1le-—3,0.90)

=
o
.O

Validation Stein Discrepancy

=

0 5 10 15 20 25 0 100 200 0 5 10 15 20 25
Training Epochs T Training Epochs

A=5.90e-01 Epoch 5 A=3.49e-01 Epoch 10 A=1.22e-01 Epoch 20

The staged-regularized critic Is applied to a validation set
to yield w(x) for x~p. In a t-SNE embedding of this set,
the true MNIST digits are highlighted in red on the left. On
the right, the value of w(x) is larger for true MNIST digits.

Large A early In training can be approximated by neural
tangent kernel (NTK) theory: f(:,8) reaches its optimum
In ~1/4 time. Weaker 4 may be necessary to go beyond
the kernel learning regime. Log-linear staging Is used:

A(B;; Ainiv Atermy B) = rrlaX{Ainit ' ,Bi: Aterm}-
Let 8 € (0,1) be the decay rate, B be the staging period in
batches, and B; =i - B.

GOODNESS-OF-FIT

GoF assesses H,:p = g versus Hy:p # g given a model g
and X = {x;} drawn from p. A test statistic 7(X) is used to
reject Hy if T > turesn. Given neural Stein critic f(-, 8):

R 1 NGoF
T := z T,f(x),
NGoF 1=1

which Is an estimator of the Stein discrepancy.
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The critic evaluated at anomalous points reveals the
ability of neural Stein critics to localize disparity.

CONCLUSION

Staged regularization results in more efficient learning
of neural Stein critics which can localize discrepancy In
distributions represented by generative models.
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