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INHIBITION DOMINATED TLNs
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Figure 6.

CTLNSs. A neural network with excitatory pyramidal neurons (triangles) and a back-
ground network of inhibitory interneurons (gray circles) that produces a global inhibi-
tion. The corresponding graph (right) retains only the excitatory neurons and their

connections.
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CoMBINATORIAL THRESHOLD LINEAR NETWORKS
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