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In order to realize human-like intelligence artificially, large-scale models are required for robots to understand
the environment using multimodal information obtained by various sensors equipped in robots. However, as the
scale of models becomes large and complex, it is difficult to construct such models and to derive and implement the
equations for their parameter estimation. To overcome this problem, we proposed a framework Serket that makes
it easy to construct large-scale models and estimate their parameters by connecting small fundamental models
hierarchically while keeping programmatic independence. In this paper, we construct the integrated models of the
modules such as variational autoencoder, Gaussian mixture model, Markov model, and multimodal latent Dirichlet
allocation, and then show that it is easy to construct the integrated models and their parameters are optimized by
communicating between the modules by using Serket.
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1: VAE+GMM

1 import serket as srk
2 import vae
3 import gmm
4 import numpy as np
5

6 #
7 obs1 = srk.Observation(np.loadtxt("data.txt"))
8 category = np.loadtxt("category.txt")
9

10 #
11 vae1 = vae.VAE(18, itr=200, batch_size=500)
12 gmm1 = gmm.GMM(10, category=category)
13

14 #
15 vae1.connect(obs1)
16 gmm1.connect(vae1)
17

18 #
19 for it in range(5):
20 vae1.update()
21 gmm1.update()

(a) (b) ARI
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1: VAE+GMM ARI

0.477 0.478
0.503 0.568
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2: VAE+GMM+MLDA

1 import serket as srk
2 import vae
3 import gmm
4 import mlda
5 import numpy as np
6

7 #
8 obs1=srk.Observation(np.loadtxt("data1.txt")) #
9 obs2=srk.Observation(np.loadtxt("data2.txt")) #

10 category = np.loadtxt("category.txt")
11

12 #
13 vae1 = vae.VAE(18, itr=200, batch_size=500)
14 gmm1 = gmm.GMM(10, category=category)
15 mlda1 = mlda.MLDA(10, category=category)
16

17 #
18 vae1.connect(obs1)
19 gmm1.connect(vae1)
20 mlda1.connect(obs2, gmm1)
21

22 #
23 for it in range(5):
24 vae1.update()
25 gmm1.update()
26 mlda1.update()

(a) (b) ARI

7: VAE+GMM+MLDA (a)10
(b) ARI

2: VAE+GMM+MLDA ARI

0.604 0.638
0.637 0.735
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8: VAE+GMM+MLDA+MM

3: VAE+GMM+MLDA+MM

1 import serket as srk
2 import vae
3 import gmm
4 import mlda
5 import mm
6 import numpy as np
7

8 #
9 obs1=srk.Observation(np.loadtxt("data1.txt")) #

10 obs2=srk.Observation(np.loadtxt("data2.txt")) #
11 category = np.loadtxt("category.txt")
12

13 #
14 vae1 = vae.VAE(18, itr=200, batch_size=500)
15 gmm1 = gmm.GMM(10, category=category)
16 mlda1 = mlda.MLDA(10, category=category)
17 mm1 = mm.MarkovModel()
18

19 #
20 vae1.connect(obs1)
21 gmm1.connect(vae1)
22 mlda1.connect(obs2,gmm1)
23 mm1.connect(mlda1)
24

25 #
26 for it in range(5):
27 vae1.update()
28 gmm1.update()
29 mlda1.update()
30 mm1.update()

K MLDA

MLDA MLDA
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Serket VAE, GMM. MM, MLDA
Serket Serket
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9: VAE+GMM+MLDA+MM (a)10
(b) ARI

3: VAE+GMM+MLDA+MM ARI

0.575 0.524
0.834 0.980
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