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9 We parameterize the 2D Ising model as W, br with b = —2Wbr and scan the
- u - two parameters to simulate a changing temperature and external field.
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MO SR NE [ Crim= Jon aL Glauber dynamics (left) show increasing susceptibility for T — T, and a hard
y('?z_l_l: - U e EsynT E -‘- boundary at h = 0 < bf = 1, independent of the spatial pattern of the ini-
Frqures taken from [Neuronal Dynamics, Gerstner, tialization (with A = 0.5). For spiking neurons, the ensemble behavior can be
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fundamentally different.
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After a spike the membrane is clamped to a reset potential vt for a fixed J
period of time 7t. In the limit 7.f — 0 the transter function of the neuron is At low temperature, we observe an unusually strong dependence of the ensemble
close to linear. Finite 7t limit the output. Adding Poisson noise softens the behavior on the initial topology. More importantly however, depending on the
onset of the activation, furthermore this renders the neuron stochastic, enabling interaction shape, we observe a large diversity of the resulting state diagrams.
an ensemble to sample from a Boltzmann distribution [1]. Taking into account the additive nature of PSPs from the same presynaptic

Neural sampling neuron further complicates the picture.
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These differences are so far without firm theoretical understanding, but they
might turn out to be essential to understanding cortical computation, which is
often hypothesized to occur at the edge of criticality.
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The neural sampling framework [2]| provides a link to Glauber dynamics for e Wl
neurons with finite refractory times. By using non-rectangular interaction kernels spiking BM weight W
we obtain a stochastic model resembling biological neural networks.

Relation to Spin Glasses

Boltzmann machines are mathematically equivalent to spin glasses. In networks
of LIF neurons we can therefore observe known physical phenomena such as the Network and future hardware implementation

Curie law and hysteresis.

Implementation on the BrainScaleS 1 system uses the 2D topology of the Ising
network. We segment the "magnet” into smallish slices which can be handled by
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To translate between different interaction shapes we match the mean interaction

strength within the refractory time (shaded area).
Each BSS1 wafer should be able to support more than 10 000 network neurons.

1 c 20 — o The heat bath is implemented as a network of randomly inhibitory connected
O o ; : '
W 4/ J= ZW 5 s neurons with leak-over-threshold, in order to reduce the |O requirement. External
— (U 0 - = L] [ L] L] L] L] L] L]
R —] fields will be emulated by providing two (inhibitory and excitatory) external spike
1 E 0.5 \ .
b=2h—-2W h— b+ W — sources that project on to all network neurons.
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