Using Neural Networks to Control Glut in the Active Logic Machine
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Introduction

The Architecture

Idea: As potential inferences are recognized by the system, they are assigned a pri-
ority by a mneural network. Potential inferences are then processed by their priority.
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Pre-Inferential Glut Control

Pre-inferential glut comes from mis-labeling non-unifying pairs of sentences as unifying.

We worked with an initial knowledge base having a single sentence of the form: f(xp, yo,t) A
f(b,yi,t) = g(xo,b,yo, t) along with 50 observations of the form f(a,d;, i), f(b,d;, i) for i an in-
teger with 0 < i < 50 and d; random integers with 0 < d; < 100. Logically, there are 100 conclusions
that can be derived from these initial sentences .
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Figure 1. After training, Heuristic ALMA is able to keep the size of the priority queue small and draw most of the
inferences available to it.

Inferential Glut Control

Inferential glut comes from pairs of sentences combining via resolution but not leading to valuable new
information. To control it, we set up the problem of glut control as a reinforcement learning problem
and use deep Q)-learning.

We represented every logical sentence as a feature-graph corresponding to a syntax tree.
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Figure 2. Vectorization

We encode potential inferences as pairs of such graphs which become inputs to a deep network We
trained our system using a network structure identical to that used in the pre-inferential scenario above.
Our reward function assigned a reward equal to the total number of new instances of the function right
in the knowledge base
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Figure 3. Training Results: The strategy learned for 10 steps extrapolates to a large number of steps.

Inferential glut refers to the problem that symbolic reasoners tend to produce vastly more deductive information than they can tractably process We examine two-types We design a neuro-symbolic architecture that reduces both kinds of glut in the Active Logic Machine reasoning with resolution.
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