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Figure 3: Topics and classes from the composite model on the NIPS corpus.

1.

In contrast to this approach, we study here how the overall network activity can control single cell
parameters such as input resistance, as well as time and space constants, parameters that are crucial for
excitability and spariotemporal (sic) integration.

The integrated architecture in this paper combines feed forward control and error feedback adaptive

control using neural networks.

2.

In other words, for our proof of convergence, we require the softassign algorithm to return a doubly
stochastic matrix as *sinkhorn theorem guarantees that it will instead of a matrix which is merely close
to being doubly stochastic based on some reasonable metric.

The aim is to construct a portfolio with a maximal expected return for a given risk level and time
horizon while simultaneously obeying *institutional or *legally required constraints.

3.
The left graph is the standard experiment the right from a training with # samples.

The graph G is called the *guest graph, andH is called the host graph.

Figure 4: Function and content words in the NIPS corpus. Graylevel indicates posterior
probability of assignment to LDA component, with black being highest. The boxed word
appears as a function word and a content word in one element of each pair of sentences.
Asterisked words had low frequency, and were treated as a single word type by the model.

being assigned to syntactic HMM classes produces templates for writing NIPS papers, into
which content words can be inserted. For example, replacing the content words that the
model identifies in the second sentence with content words appropriate to the topic of the
present paper, we could write: The integrated architecture in this paper combines simple
probabilistic syntax and topic-based semantics using generative models.

3.3 Marginal probabilities

We assessed the marginal probability of the data under each model, P (w), using the har-
monic mean of the likelihoods over the last 2000 iterations of sampling, a standard method
for evaluating Bayes factors via MCMC [11]. This probability takes into account the com-
plexity of the models, as more complex models are penalized by integrating over a latent
space with larger regions of low probability. The results are shown in Figure 5. LDA out-
performs the HMM on the Brown corpus, but the HMM out-performs LDA on the larger
Brown+TASA corpus. The composite model provided the best account of both corpora,


