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_ 1 import torch 14 Countri
1 import torgh —1001 ' —200; 2 from pyro import plate, sample d ou1.1 r1e65.
2 from pyro import plate, sample 3 from pyro.distributions import Bernoulli ataset in [6]:
3 from pyro.distributions import Bernoulli —300- 4 presence/absence
4 8 8 5 class LFRM(torch.nn.Module): of each pair of
5 class BN(torch.nn.Module): — —200] — —400- 6 def __init__ (self, params): i

.. : — — ! >/ countries
6 def __init_ (self, params): aa \ a8 . 7 super(LFRM, self).__init__ () co-participatin
7 super(BN, self).__init_ () S e _500/ 8 self.W, self.Wo, self.z_prior = params ) p .p g
8 self.b, self.Wl, self.cl, self.W2, self.c2 = params —300: S e - By 9 self.D = len(self.W) International
9 self.D_H2, self.D_H1l = self.W2.shape St —600. - 10 self.squash_fun = torch.distributions.normal.Normal(loc=0, scale=1).cdf conferences
%? @abstractmethod 400" et %; def model(self, links) during 1950 to
abstractmetho — - . . . . . . . ef model(self, links):
12 def squash_fun(self, x): 10° 10t 102 103 10° 10! 10° 103 13 entity axis = plate("entity axis", len(links), dim=-2) 1965 or not.
13 raise NotImplementedError . . . . 14 feature_axis = plate("feature_axis", self.D, dim=-1)
14 # of VI iterations # of VI iterations 15 with entity_axis, feature_axis:
15 def model(self, data): . . . . . 16 features = sample("features”, Bernoulli(probs=self.z_prior))
16 dat_axis = plate('dat_axis', data.shapel[0], dim=-2) Noisy-OR topic graph [4] Sigmoid MNIST image model [5] 17 idx = torch.triu(torch.ones_like(links), diagonal=1).nonzero().split(1, dim=1)
17 top_axis = plate('top_axis', self.D_H2, dim=-1) : . o 18 with plate(“link_axis"): S _
18 mid_axis = plate('mid_axis', self.D_H1l, dim=-1) * CAVI converges much faster e (CAVI s less sensitive to initial 19 wzz = self.WQ + torch.einsum('id,jd->ij', self.W, featuresx2) [idx] References
19 bot_axis = plate('bot_axis', data.shape[1], dim=-1) C . , 20 sample(”links"”, Bernoulli(probs=self.squash_fun(wzz)), obs=links[idx]) )
20 with dat_axis, top_axis: than best tuned BBVI both w/ values of ¢: solid lines use prior [1] Jordan, M. I, Ghahramani, Z., Jaakkola, T. S., and Saul, L. K.
21 z top = sample('z top', Bernoulli( . ) —— auxiliary variables — CAVI — BBV —— BBVI + cv (1999). An introduction to variational methods for graphical models.
25 orobs=self.squash_fun(self.b))) and wo/ control variate (cv). values of z, dotted line use 0.5. Machine Learning.
23 wz_top = torch.matmul(z_top, self.W2) + self.c2 .
-4 with g ai’_axisl nid axis: P e (CAVI needs less # of Monte e (CAVI 1s even better than the —0.50" s [2] Ranganath, R., Gerrish, S., and Blei, D. M. (2014). Black box
32 z_bot = sample(pigggisélieggﬁg;;léun(wz top))) Carlo samples than BBVI: solid model-specific auxiliary- 075 —0.10; M R LS R R R
27 wz_bot = torch.matmul(z_bot, self.Wl) + self.cl . . . . ' [3] Bingham, E., Chen, J. P., Jankowiak, M., Obermeyer, F., Pradhan,
W2 . iz _bot, . riable method 1n [5]. - | . .
28 with dat_axis, bot_ax1§: lines 10’ dotted lines 2 variable method [5] @, —1.001 8 0.12 N., Karaletsos, T., Singh, R., Szerlip, P., Horsfall, P., and Goodman, N.
29 sample('x", Bernoulli( a ' ,4 D. (2019). Pyro: Deep universal probabilistic programming. JMLR.
aa aa

30 probs=self.squash_fun(wz_bot)), obs=data) ) - —0.14
31 O / 2- L{ 5 6 r? C? Orlglnal —1.25; [4] Ji, G., Cheng, D., Ning, H., Yuan, C., Zhou, H., Xiong, L., and

32 class NoisyOrBN(BN):

—0.16 Sudderth, E. B. (2019). Variational training for large-scale noisy-OR
33 def squash_fun(self, x): [ Fa e f B~ ¥+ o _—
34 return torch.ones([]) - torch.exp(-x) . . . Occluded —1.50 _0.18. — Bayesian networks. In UAL

35 : .
. . . - - - - ' ' ' ' 5] Gan, Z., Henao, R., Carlson, D., and Carin, L. (2015). Learning
36 class SigmoidBN(BN): > {4 100  10° 102  10° 100 10! 102 103 [
class SignoldeN(BN) . O / - 6 Y? q 9 CAVI 0 0 0 , . deep sigmoid belief networks with data augmentation. In AISTATS.
37 def squash_fun(self, x): # of VI iterations # of VI iterations
38 return torch.sigmoid(x) . : : .
™y 2 E - o . . [6] Miller, K., Jordan, M. 1., and Griffiths, T. L. (2009). Nonparametric
. ﬂ ' ﬂ BBVI 14 Countries model (small) NeurIPS authors model (big) latent feature models for link prediction. In NeurIPS.




