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This paper describes the Synapto-dendritic Kernel Adapting Neuron (SKAN), a simple spiking neuron model that performs statistical inference and unsupervised learning of spatiotemporal spike patterns. SKAN is the first proposed neuron model to investigate the effects of dynamic synapto-dendritic kernels and demonstrate their computational power even at the single neuron scale. The rule-set defining the neuron is simple: there are no complex mathematical operations such as normalization, exponentiation or even multiplication. The functionalities of SKAN emerge from the real-time interaction of simple additive and binary processes. Like a biological neuron, SKAN is robust to signal and parameter noise, and can utilize both in its operations. At the network scale neurons are locked in a race with each other with the fastest neuron to spike effectively “hiding” its learnt pattern from its neighbors. The robustness to noise, high speed, and simple building blocks not only make SKAN an interesting neuron model in computational neuroscience, but also make it ideal for implementation in digital and analog neuromorphic systems which is demonstrated through an implementation in a Field Programmable Gate Array (FPGA). Matlab, Python, and Verilog implementations of SKAN are available at: http://www.uws.edu.au/bioelectronics_neuroscience/bens/reproducible_research.
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INTRODUCTION

PRIOR WORK

Real neurons, the electrically excitable cells of the Eumetazoan, constitute an extremely diverse intractably complex community whose dynamic structures and functions defy all but the broadest generalizations (Herz et al., 2006; Llinas, 2008). In order to minimize this complexity, the field of Artificial Neural Networks (ANN) has traditionally modeled neurons as deterministic, centrally clocked elements which operate on real valued signals (Yegnanarayana, 1999). These signals represent neuronal rate coding where the spiking rate of a neuron encodes useful information and the adjustment of synaptic weights results in learning. This scheme, while mathematically amenable incurs a significant energy cost by discarding the rich temporal information available in the real signals used by neurons to communicate (Levy and Baxter, 1996; Laughlin, 2001; Van Rullen and Thorpe, 2001). In contrast, the highly optimized, low power, portable signal processing, and control system that is the brain readily uses temporal information embedded in the input signals and internal dynamics of its stochastic heterogeneous elements to process information (Xu et al., 2012).

More recently, the greater efficiency, higher performance, and biologically realistic dynamics of temporal coding neural networks has motivated the development of synaptic weight adaptation schemes that operate on temporally coding Spiking Neural Networks (SNN) (Jaeger, 2001; Maass et al., 2002; Izhikevich, 2006; Kasabov et al., 2013; Tapson et al., 2013; Gütig, 2014). After proposition many of these models are followed soon by their implementation in neuromorphic hardware (Mitra et al., 2009; Indiveri et al., 2011; Beyeler et al., 2013; O'Connor et al., 2013; Chicca et al., 2014; Rahimi Azghadi et al., 2014). One of the problems faced by neuromorphic hardware engineers is the hardware inefficiency of many neural network algorithms. These algorithms are almost always initially designed for performance in a constraint free mathematical context with numerous all-to-all connected neurons and/or to satisfy some biological realism criteria, which create difficulties in hardware implementation.

Additionally in order for such spiking systems to combine temporal coding and weight adaptation, multiple synapses consisting of synaptic transfer functions (or synaptic kernels) as well as synaptic weights must be realized for every input channel as shown in Figure 1. With the aim of being biologically plausible, exponentially decaying functions are typically chosen as the synaptic kernel, which is then multiplied by the synaptic weight. Such functions and weights are quite complex and difficult to implement in simple scalable analog and digital hardware with even the simplest schemes requiring at least one multiplication operation at every synapse. The difficulty of realizing multipliers at the synapse and the large number of synapses used in most algorithms has motivated moves toward more scalable digital synapses (Merolla et al., 2011; Seo et al., 2011; Arthur et al., 2012; Pfeil et al., 2012), novel memristor based solutions (Indiveri et al., 2013; Serrano-Gotarredona et al., 2013) and second order solutions such as sparse coding (Kim et al., 2014), time multiplexing, and Address Event Representation (AER) (Zamarreno-Ramos et al., 2013) where only one or a few instances of the complex computational units are realized and these are utilized serially. Despite the success of these approaches such serial implementations can sometimes introduce associated bottlenecks, which can detract from the main strength of the neural network approach: its distributed nature (Misra and Saha, 2010).
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FIGURE 1. (A) Typical functional model of a spiking neuron with static synaptic transfer functions that provide memory of recent spikes. (B) Biological representation of the neuron showing the learnt input spike pattern, the resultant Excitatory Post-Synaptic Potentiation (EPSP) and the output spike indicating pattern recognition. (C) Presentation of a non-target pattern results in an EPSP that does not cross the threshold producing no output spike.



Rather than implement complex synaptic weight adaptation, other neuromorphic SNN implementations have, in the last 3 years, focused exclusively on adjustment of explicit propagation delays along the neural signal path and coincidence detection of input spikes to encode memory (Scholze, 2011; Sheik et al., 2012, 2013; Dowrick et al., 2013; Hussain et al., 2014; Wang et al., 2014). This discarding of synaptic weights and kernels significantly simplifies implementation and improves scalability. The disadvantage is that explicit delay learning schemes can produce “sharp” systems with poor tolerance for the dynamically changing temporal variance they inevitably encounter in applications where neuronal systems are expected to excel: noisy, dynamic, and unpredictable environments.

One of the features shared by all the preceding systems is that the kernels used for encoding temporal information are static as shown in Figure 2. However recent advances in neurophysiology have revealed that synapto-dendritic structures and their associated transfer functions are highly complex and adapt during learning in response to the statistical contexts of their stimulus environment (Losonczy et al., 2008; Yoshihara et al., 2009; Kasai et al., 2010a; Lee et al., 2012; Rochefort and Konnerth, 2012; Smith et al., 2013; Colgan and Yasuda, 2014). These discoveries are significant in the context of the computational power of even single biological neurons. Whereas in the traditional neuron model synapto-dendritic structures function as weights and cables connecting one soma to the next, the recent findings have demonstrated a wide range of signal integration and processing occurring along the signal path, which confers considerable computational power to single neurons (Spruston, 2008; Silver, 2010; Harnett et al., 2012; Papoutsi et al., 2014). These effects represent novel dynamics with as yet unexplored emergent computational properties, which may potentially solve currently intractable problems in computational neuroscience (Bhatt et al., 2009; Shah et al., 2010). These dendritic adaptation effects have recently been modeled through large rule sets (Yu and Lee, 2003; Kasai et al., 2010b; Brunel et al., 2014) and in the neuromorphic field the use of dendrites for computation is beginning to be explored (Hsu et al., 2010; George et al., 2013; Ramakrishnan et al., 2013; Wang and Liu, 2013). However with biological realism as a major focus, many of the models carry significant extra complexity which can impede scalability.
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FIGURE 2. Comparison of neuromorphic implementations of synapto-dendritic kernels. The characteristics of realized EPSP kernels are computationally important just prior to their being summed at the soma. These kernels represent the penalty function used to translate the temporal error in spatiotemporal spike patterns at the synapse to the membrane potential at the soma. Due to their large numbers, the complexity, functionality, and hardware cost of these kernels are a critical features of neuromorphic spiking networks. (A) The biologically plausible alpha function with adaptive weights. The delay of the kernel is static. (B) A neuromorphic delay learning system with a temporal tolerance window. (C) The adaptable kernel of SKAN with adaptive delay when the kernel peak value/synaptic weight w is kept constant as is the case in this work.



NEURONS AS FUNCTIONAL MODELS OF DISTRIBUTED PROCESSING

In this paper the goal of performance in hardware motivates a change in focus from claims of accurate modeling of computation in biological neurons to exploiting the computational power of artificial but biologically inspired neurons. These are herein defined as a set of simple distributed informational processing units that communicate through binary valued pulses (spikes), receive inputs from multiple input channels (synapses and dendrites), and have a single output channel (axon).

Figure 3 illustrates the basic elements of SNN algorithms as well as some useful information flow and storage restrictions (red), which, if adhered to at the neuron design stage, prove helpful during the physical implementation stage. These restrictions include:

1. Self-contained: In a self-contained system, no external controlling system is required for the system to function. Examples of systems that are not self-contained include synapses that require adjustment via an external controller, or systems that assume an external supervisor in real world contexts where such a signal is unlikely to be available.

2. Scalable connectivity: Systems that require all-to-all connectivity between the neurons or where the synapses or dendrites directly communicate their weights or potentials to each other are not hardware scalable or biologically possible. All-to-all connected neurons require a geometrically increasing number of connections, which is prohibitive both in hardware and in the brain (Topol et al., 2006; Bullmore and Sporns, 2012).

3. Storage of time series data: Systems whose processing units require large segments of their time series data to be stored and be accessible for later processing in the fashion of standard processors require a significant amount of on-site memory not possible in biological systems and would add significant complexity to neuromorphic hardware. Furthermore, such systems overlap the domain of distributed processors such as GPUs and fall outside the neuromorphic scope.

4. Multiplication: Multipliers are typically inefficient to implement in hardware and are limited in standard digital solutions such as Field Programmable Gate Arrays (FPGAs) and Digital Signal Processors (DSPs). Their computational inefficiency and their limited number available on a hardware platform result in neural networks implemented with time-multiplexing. This, in turn, limits the size and the applications where this hardware is viable (Zhu and Sutton, 2003; Pfeil et al., 2012).
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FIGURE 3. Information flow schemes in unsupervised spiking neural network algorithms and their impact on hardware implementation. Black indicates the fundamental elements and information paths of a spiking neural network. Red indicates added features and information paths that can cause difficulties in hardware, or limit algorithm utility.



MATERIALS AND METHODS

The elements of Synapto-dendritic Kernel Adapting Neuron (SKAN) and its learning rule are defined in the first part of this section. In the second part, the dynamical behaviors of SKAN are described.

SKAN BUILDING BLOCKS

At the single neuron level, SKAN consists of a combined synapto-dendritic kernel adaptation and a homeostatic soma with an adapting threshold as shown in Figure 4.
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FIGURE 4. Schematic of the elements and information paths in a SKAN neuron. The input spikes (blue) trigger adaptable synapto-dendritic kernels (magenta) which are summed to form the neuron's somatic membrane potential (cyan). This is then compared to an adaptive somatic threshold (red) which, if exceeded, results in an output pulse (green). The output pulse also feeds back to adapt the kernels. Note that in this paper the synaptic weights (orange) are held constant and equal for all synapses. Also note that the back propagating signal does not travel beyond the synapto-dendritic structures of the neuron to previous neural layers.



Synapse/dendrite

An incoming input spike initiates a simplified synapto-dendritic kernel at each input channel i. This kernel is controlled by a physiological process, pi, and for simplicity is modeled as a ramp up and a ramp down sequence generated via an accumulator ri with step size Δri. An input spike triggers pi, starting the first phase where the accumulator ramps up at each time step Δt by Δri until it reaches a maximum value wi which represents the synaptic weight, and which is kept constant throughout this paper to simplify the algorithm. After ri reaches wi, the process switches from the ramp up phase, pi = 1, to a ramp down phase, pi = −1, which causes the accumulator to count down at each time step toward zero with the same step size Δri, until it reaches zero, turning off the physiological process, pi = 0. It will stay in this state until a new incoming spike re-initiates the sequence. This simple conceptual sequence, which is analogous to a dendritically filtered neuronal EPSP, is illustrated in Figure 5.
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FIGURE 5. The simplified adaptable synapto-dendritic kernel of SKAN. An input spike (blue) triggers the kernel's ramp up ramp down sequence. The input spike sets a flag pi representing a physical process to one (green). The flag causes an accumulator (magenta) to count up from zero by Δri at each time step until it reaches wi (constant orange dotted line), after which the flag is set to negative one, which causes the accumulator to count back down to zero, at which point the flag returns to zero completing the sequence. The value of the accumulator represents the synapto-dendritic kernel, i.e., the post-synaptic potential, which travels to the soma and is summed with other kernels to produce the somatic membrane potential.



The state of the ramp up ramp down flag sequence is described by Equation 1:
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The w parameter in SKAN has similarities to the weight by which a synaptic kernel is multiplied in standard synaptic STDP neuron models and neuromorphic circuits, but with the advantage of not requiring any multipliers, which are otherwise required at every synapse in hardware implementations. The adjustment of w in SKAN, via standard synaptic STDP schemes would allow synaptic prioritization and/or the closing off of inactive or noisy channels. The combined effects of dendritic structure and synaptic weight plasticity has only recently begun to be explored, but early evidence points to significant computational power of such a combined system (Sjöström et al., 2008). In this paper, however, in order to clearly demonstrate the stand-alone capabilities of SKAN's synapto-dendritic kernel adaptation mechanism, the synaptic weight parameter of w is held constant and is identical for all synapses.

Soma

At the soma the synapto-dendritic kernels are summed together. This summed term is analogous to the membrane potential of a biological neuron. Along with the membrane potential the soma uses a dynamic threshold voltage parameter Θ(t) and as long as the membrane potential exceeds threshold, the soma spikes, setting the binary s(t) from 0 to 1 as described in Equation 2:

[image: image]

SKAN differs from most previous spiking neuron models in not resetting the membrane potential after spiking (see Denève, 2008; Tapson et al., 2013 for exceptions). This permits wide pulse widths at the neuron output s(t). While such wide pulses do not resemble the canonical form of the single spike, they are analogous to concentrated spike bursts and play a significant part in the functioning of SKAN.

FEEDBACK MECHANISMS/LEARNING RULES

Synapto-dendritic kernel slope adaption

One of the central elements of SKAN is the feedback effect of the output pulse s(t) on each of the synapto-dendritic kernels. Here s(t) is analogous to the back propagating spike signal in biological neurons which travels back up the dendrites toward the synapses and is responsible for synaptic STDP.

The logic of the kernel adaptation rule is simple; if a particular dendrite is in the ramp up phase pi = 1 and the back propagation signal s(t) is active, the soma has spiked and this particular kernel is late to reach its peak, meaning that the other kernels have cooperatively forced the membrane potential above the threshold while this kernel has yet to reach its maximum value wi. In response, the ramp's step size Δri is increased by some small positive value ddr for as long as the output pulse is high [s(t) = 1] and the kernel is in the ramp up phase. Similarly if a kernel is in the ramp down phase pi = −1 when the back propagation signal is high, then the kernel peaked too early, having reached wi and ramping down before the neuron's other kernels. In this case the ramp step size Δri is decreased by ddr. Equation 3 describes this simple kernel adaptation rule:
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The use of indirect evidence about the dynamic state of other dendrites in the form of the back propagating spike is a central feature in the operation of SKAN and enables the synchronization of all the neuron's dendritic kernel peaks as shown in Figure 6.
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FIGURE 6. The adaptation of SKAN. The kernels and the threshold of SKAN adapt in response to repeated spatio-temporal pattern presentations. For visual clarity the pattern only consists of the Inter-Spike Interval (ISI) across two input channels ui(t) such that the pattern width (PW) is equivalent to the ISI. By the third presentation of the pattern the kernels have captured the ISI information. With each subsequent presentation the threshold Θ(t) increases making the neuron more selective as the kernel step sizes Δri(t) increase making the kernels narrower. As a result each pattern presentation increases the neuron's confidence about the underlying process producing the ISI's, narrowing the neuron's receptive field around the target ISI and producing a smaller output pulse s(t) until, by the 11th presentation (t = 2300 Δt), the Θrise during the output spike and Θfall balance each other such that the Θbefore ≈ Θafter. The soma output spike s(t) is now a finely tuned unit delta pulse which indicates high certainty. When the membrane potential returns to zero, the neuron's threshold falls as indicated by the gray circle.



Threshold adaptation

The threshold of SKAN is adaptive and changes under two conditions: when the neuron outputs a spike and when the membrane potential returns to zero.

At every time step during an output pulse s(t) = 1 the threshold increases by Θrise. This increase in the threshold is analogous to the frequency adaptation effect seen in neurons, which creates a feedback loop reducing the ability of the neuron to spike. Similarly in SKAN, the higher threshold reduces the likelihood and duration of an output pulse. This effect is shown in Figure 6 and described in the first line of Equation 4.
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The post spike decrease in threshold Θfall operates in opposition to the Θrise term. The returning of the membrane potential Σ ri(t) to zero causes a decrease in the threshold by Θfall as described by the second line of Equation 4 and shown in Figure 6. The counter balancing effect produced by the Θfall and Θrise in SKAN is a highly simplified version of the complex mechanisms underlying spike-threshold and frequency adaption in biological neurons (Fontaine et al., 2014; Lee et al., 2014), where excited neurons eventually reach an equilibrium state through homeostatic processes such that the average spike frequency of neurons with a constant input tends asymptotically toward a non-zero value as t → ∞. This simple rule set describes all the elements of a single SKAN.

SINGLE SKAN DYNAMICS

In this section the dynamics emerging from SKAN's rule are discussed for the single neuron case.

Observing the first spike in a spike train or burst

As described in the first line of Equation 1 the ramp up phase of the kernel at channel i is only initiated if a spike arrives at the channel (ui = 1) while and the kernel is inactive (pi = 0). As a result while the ith kernel is active no further input spikes are observed. This has the effect that for each input channel the neuron trains on the first spike of a spike train or burst. For the case where the spike train or burst is of shorter duration than the total duration of the kernel, the behavior of the neuron is identical one where the burst is replaced by a single input spike arriving at the start of the burst. The effect of more general Poisson noise spikes is described later in this section.

Selecting to learn the commonest spatio-temporal patterns

As a single neuron, SKAN has previously been shown to select and learn the most common spatio-pattern presented in a random sequence containing multiple patterns (Sofatzis et al., 2014a). This effect has been demonstrated in the context of visual processing where hand gestures were transformed to spatio-temporal patterns via a neuronal transform operation (Afshar et al., 2013) and processed by SKAN (Sofatzis et al., 2014b). Figure 7 shows the performance of a four input neuron as a function of spatio-temporal pattern probability. The graph shows that the neuron's selection of commonest pattern is significantly above chance such that for sequences with P(x) > 0.85 only the more common pattern will selected.
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FIGURE 7. Commonest pattern selection as a function of pattern presentation probability. The inset illustrates one simulation a 5 pattern long sequence where each pattern is sampled from two randomly initialized spatio-temporal patterns x and y, with probability P(x) = 0.6. In this particular simulation pattern x was selected by the neuron. The plot shows data resulting from the same experiment but with 1000 simulations of 300 pattern long sequences for each probability P(x) = 0.5 to 1. The graph shows that the likelihood of a pattern being selected rises with increasing presentation probability. For each simulation the output of the neuron for the second half of the sequence (150–300th pattern) was recorded and it was determined whether pattern x or pattern y had been selected. Also tested was whether both, or neither pattern was selected by the neuron at some point during the sequence (i.e., the neuron spiked at least once for both of the patterns or failed to spike for a pattern it had selected during the sequence). In the more than seven million pattern presentations (1000 × 150 × 51) neither of these occurred.



SKAN response time improves with adaptation without information loss

In addition to the kernel adaptation and increasing threshold effect, the response time of SKAN, i.e., the time from the last arriving input spike in a pattern to the neuron's output spike, decreases with every pattern presentation. This effect, shown in Figure 8, is absent in the standard STDP schemes where improved response times comes at the cost of information loss. In STDP schemes the earliest spikes in a spatio-temporal pattern tend to be highly weighted while the later spike lose weight and have little effect on recognition (Masquelier et al., 2009). This behavior can be seen as advantageous if an assumption is made that the later spikes in carry less information however in this is an assumption that cannot be made in general. In contrast SKAN's adaptable kernels reduce output spike latency with adaptation while still enabling every spike to affect the output. This effect proves critical in the context of a multi-SKAN competitive network, where the best-adapted neuron is also always the fastest neuron to spike.
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FIGURE 8. Narrowing of kernels leads to improved response time during neuronal adaptation in a two input neuron. For visual clarity the neuron is presented with an ISI = 0Δt pattern and the two kernels start with identical initial slopes [Δr1(0) = Δr2(0) = Δrbefore]. In the region under the output pulse, r(t) is the second integral of the constant ddr and therefore follows time symmetric parabolic paths (a) and (b) as it rises and falls. However due to the threshold rise which also occurs during the output pulse, the output pulse is not symmetric around the r(t) peak, such that the parabolic ramp down phase (b) is shorter than the parabolic ramp up phase (a). As a result of this asymmetry Δrafter is larger than Δrbefore. This effect increases the kernel's slope Δr with each pattern presentation, narrowing the kernels until Δr reaches Δrmax. As a result of this narrowing, the response time of the neuron from last arriving input spike to the rising edge of the output, which is T1 in the first presentation, improves until it reaches its minimal possible value T∞ ≈ w/Δrmax.



As shown in Figure 8, the combination of the kernel and threshold adaptation rules of SKAN increases Δr and decreases the response time between the last arriving input spike and the rising edge of the output spike with each presentation. If this increase is left unchecked Δr will increase until it equals w at which point the kernels take the shape of a single pulse such that T∞ = 1Δt. To prevent this Δr must saturate at Δrmax as shown in Figure 8 with Δrmax limited by Equation 5. This restriction ensures that the kernel of the first spike in an input pattern cannot return to zero before the last spike in the pattern arrives enabling all kernels to converge due to feedback from the same output signal.
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where PW is the maximal pattern width of the target pattern.

Evolution of the temporal receptive field in SKAN approximates statistical inference

Recent work has demonstrated the connection between synaptic weight adaptation and approximate probabilistic inference in the context of rate coding and spiking networks (Bastos et al., 2012; Boerlin et al., 2013; Pouget et al., 2013; Corneil et al., 2014; Kappel et al., 2014; Kuhlmann et al., 2014; Paulin and van Schaik, 2014; Tully et al., 2014), where typically the state of binary hidden variables are inferred from noisy observations using a large number of neurons. In this section we show that synapto-dendritic kernel adaptation enables a single neuron to make statistical inferences not about binary hidden variables but about hidden ISI generating processes. Figure 9 illustrates the evolution of the temporal receptive field of a neuron with two inputs as the neuron attempts to learn the statistics of an underlying process that produces ISIs with linearly increasingly temporal jitter. The receptive field of the neuron describes the amount by which the membrane potential Σri(t) exceeds the threshold Θ(t) as a function of the input spike pattern times of ui(t). For the simple two input case illustrated, the receptive field is a scalar function of the one-dimensional ISI. In order to calculate the receptive field, following each pattern presentation the neuron's new parameters (Δri and Θ) were saved and the neuron was simulated repeatedly using these saved parameters for every possible ISI given the maximum pattern width PW. For each simulation the summation in Equation 6 was calculated at the end of the simulation resulting in the receptive fields shown in Figure 9.
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where τ is the ISI being simulated.
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FIGURE 9. Tracking a hidden ISI producing process and its variance. All three panels (A–C) show different aspects of the same simulation where a single SKAN learns statistics of a dynamic ISI across two input channels. (A) A hidden process (blue) moves from ISI = −20 Δt to ISI = 0 Δt. The process begins with no temporal jitter noise, such that the observed ISI's (black dots) equal the hidden process (σ = 0 Δt) and the blue hidden process is covered by the observed black dots. At t = 0, the sum of the neuron's randomly initialized kernels peak at ISI = 6 Δt. As the kernels adapt and capture the ISI information, the receptive field maximum (red line) converges on to the observed ISIs. This causes the threshold to rise shrinking the receptive field to a minimum size (left inset t = 9.9 kΔt). At this stage receptive field boundaries (pink lines) lie very close on either side of the hidden process' mean value. As the simulation continues the noise in the ISI producing process is deliberately increased linearly with time. The neuron continues to follow the process but with every spike that doesn't land on the receptive field maximum the threshold falls slightly which increases the receptive field size and increases the neuron's receptivity to ever more unlikely observations (right inset t = 138.9 kΔt). (B) Variables and behavior of the neuron throughout the simulation: after a rapid initial increase the threshold Θ(t) settles near the peak of the membrane potential Σri(t). As the noise increases linearly the threshold begins to fall gradually. Missing output spikes in the s(t) spike train correspond to input spikes that have landed outside the receptive field boundaries. (C) The output pulse width (green = observed, red = running average) increases with increasing signal noise. As with the receptive field size, the output pulse width is initially large. As more patterns are observed, the threshold rises and settles just below the peak of the membrane potential and the pulse width reaches a minimum width of 1–2 Δt. At this low noise level (σ ≈ 0.5 Δt) there are no missing outputs, such that all pulse widths are above zero. As the noise increases, more ISIs land away from the receptive field maximum and some fall completely outside the receptive field, decreasing the threshold, which results in wider output pulse width whenever observed ISI's do land near the receptive field maximum. The dashed magenta line tracks the mean spike width, which also increases with noise. This illustrates that the mean output pulse width of SKAN is a reliable correlate of input noise level.



The ISI at which the receptive field expression above is at its maximum (RF Max) indicates the ISI for which the neuron is most receptive and may be interpreted as the ISI expected by the neuron. Similarly the ISI boundary where the receptive field expression goes to zero is the limit to the range of ISI's expected by the neuron. An ISI falling outside the receptive field boundaries results in no spike and no adaptation but simply reduces the neuron's confidence and can be viewed as outlier.

Figure 9A shows SKAN's receptive fields tracking the statistics of a moving ISI generating process with dynamic noise levels with a high level of accuracy such that the blue line indicating the hidden process is barely visible from under the red line marking the receptive field maximum. Figure 9C shows the neuron transmitting wider output or bursts with increasing noise. In addition, increasing ISI noise causes a growing gap between the envelope of the pulse widths and the running average of the pulse widths. This increasing gap is critical to the operation of the neuron, as it is caused by missed pattern presentations, i.e., patterns that produce no output pulse because of the presented noisy pattern being too dissimilar to the one the neuron has learnt and expects. The effect of a missed pattern is a fall in the neuron's threshold by Θfall. When presented with noiseless patterns this fall would be balanced almost exactly by the threshold rise due to the Θrise term in Equation 4 during the output pulse. However, without the output spike there is a net drop in threshold. Yet this lower threshold also makes the neuron more receptive to noisier patterns creating a feedback system with two opposing tendencies which:

1. Progressively narrows kernels around the observed input pattern while shrinking the neuron's receptive field by raising the threshold.

2. Expands the receptive field in response to missed patterns by reducing the threshold while allowing the kernels to learn by incorporating ever less likely patterns.

The balance between these two opposing tendencies is determined by the ratio Θrise:Θfall, which controls how responsive the neuron is to changing statistics. With a stable noise level SKAN's dynamics always move toward an equilibrium state where the neuron's tendency to contract its receptive field is precisely balanced by the number of noisy patterns not falling at the receptive field maximum. This heuristic strategy results in the receptive field's maximum and extent tracking the expected value of the input ISI's and their variance respectively as shown in Figure 10.
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FIGURE 10. Evolution of SKAN's receptive field in response to input. (A) Total resultant change in SKAN's receptive field after multiple pattern presentations. (B) SKAN with a small initial receptive field which does not match the ISI distribution. The input spike lands outside the receptive field boundaries. (C) As more ISI's fall outside the small receptive field the threshold falls and the receptive field expands, but without shifting the position of its maximum value. (D) An ISI just falls on to the greatly expanded receptive field producing an output spike. (E) The output spike causes the SKAN kernels to adapt shifting the receptive field toward the true position of the underlying process. (F) As more and more ISI's fall closer to the receptive field maximum wider output pulses are produced which adapt the kernels faster shifting the receptive field more rapidly while the resultant rise in the threshold contracts the receptive field. With enough observations the receptive field would eventually become centered on the input ISI distribution with the receptive field boundaries tracking the ISI's distribution.



LEARNING IN THE PRESENCE OF POISSON SPIKE NOISE AND MISSING TARGET SPIKES

In addition to robustness to temporal jitter in the put pattern an important feature of neural systems is their performance in the presence of Poisson spike noise. Recent work has highlighted that unlike most engineered systems where noise is assumed to degrade performance, biological neural networks can often utilize such noise as a resource (McDonnell and Ward, 2011; Hunsberger et al., 2014; Maass, 2014). In the neuromorphic context the performance of neural network architectures in the presence of noise is well documented (Hamilton and Tapson, 2011; Hamilton et al., 2014; Marr and Hasler, 2014). To test SKAN's potential performance in stochastic real world environments, the combined effects of extra noise spikes as well as missing target spikes needs to be tested. Figure 11 illustrates how different signal to noise ratios can affect SKAN's ability to learn an embedded spatio-temporal spike pattern.
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FIGURE 11. Learning spatio-temporal spike patterns in the presence of both Poisson spike noise and missing target spikes. Panel (A) shows the presentation of seven patterns in the middle of a simulation sequence with a noiseless environment. The kernels are highly adapted (Δr2 = Δrmax), the threshold is high and the output spikes are narrow indicating high certainty. Panel (B) shows the result of a final noiseless test pattern at the end of the simulation showing in detail that the kernels resulting from the test pattern peak at the same time. Panel (C) shows the same interval of the same simulation as panel (A) but with a 1:1 signal to noise ratio where the probability of a target spike being deleted is half or P(signal) = 0.5 and the Poisson rate is also half such that P(noise) = 0.5/T. Panel (D) shows the result of a noiseless test pattern presentation at the end of the simulation. The increased level of noise has resulted in an incorrect ramp step (Δr2) such that the r2 kernel peaks slightly late (black arrow). Panel (E) shows a simulation with a 1:2 signal to noise ratio. Panel (F) shows that the high noise level has resulted in slight misalignment of all four kernels.



To quantify the performance of SKAN in the presence of Poisson noise and missing target spikes a series of simulations each comprising of 2000 pattern presentations were performed. At the end of each simulation the RMS error between the neuron's receptive field maxima and the random target pattern was measured and is shown in Figure 12.
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FIGURE 12. RMS error between receptive field maxima and target spike patterns as a function of spike signal to noise ratio. The three bottom panels show the spike probability distributions at three points along the SNR axis. The signal spikes (blue), missed spikes (gray), and noise spikes (red) are illustrated for the three cases of 1:0, 1:1, and 1:2 signal to noise ratios. The mean spike rate was maintained at 1 spike per channel per time period between pattern presentations T. At the completion of a simulation with one thousand pattern presentations the RMS error between the resulting receptive field maxima and the target spatio-temporal pattern was calculated. As the plot illustrates the error increases with noise and simulations of neurons with more input channels resulted in higher error.



MULTI-SKAN CLASSIFIER

In order to extend a single learning neuron to a classifier network it is important that different neurons learn different patterns. Ideally a neuron in a layer should not be in anyway affected by the presentation of a pattern that another neuron in the same layer has already learnt or is better placed to learn.

As outlined in Equation 3, SKAN adapts its kernels only during an output pulse. This rule is particularly conducive to competitive learning such that the simple disabling of the neuron's spiking ability disables all learning. Whereas previously proposed algorithms utilize multi neuron Winner-Take-All layers with real valued rate based inhibitory signals to prevent correlated spiking and maximize the network learning capacity (Gupta and Long, 2009; Nessler et al., 2013), in a SKAN network a simple global inhibitory OR gate serves the same function. The reason a simple binary signal can be used here is that in a SKAN network the best-placed neuron for any pattern will be the fastest neuron to spike. This allows a layer of neurons with shared inputs to learn to recognize mutually exclusive spatio-temporal patterns. To this end, Equation 2, describing the neuron's output, is replaced by Equation 7 (underlined terms added). The addition of a global decaying inhibitory signal as described in Equation 8, act on all neurons to disable any rising edge at the output. This means that neuron n can only initiate an output spike sn if no other neuron has recently spiked, i.e., the inhibitory signal is inactive [inh(t − 1) = 0] and it can only continue spiking if it was already spiking in the last time step [sn(t − 1) = 0].
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As shown in Figure 13 and described in Equation 8, the inhibitory signal is realized via an OR operation on the output of all neurons, and a decaying behavior which keeps the inhibitory signal active for a period of time after a neuron has spiked to prevent spiking by other neurons. After the output spike ends, this feedback loop decays from inhmax by inhdecay at each time step until reaching zero at which point the global inhibitory signal turns off allowing any neuron to spike. As shown in Figure 13 the decay only begins at the end of the pulse making the inhibitory signal operate as a global peak detector which stays at inhmax for the duration of the pulse, ensuring that the inhibitory signal robustly suppresses spiking activity for a wide range of potential output pulse widths.
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FIGURE 13. A single global decaying inhibitory signal suffices to push apart the neurons' receptive fields and decorrelate the spiking of the SKAN network. Left panel shows the network diagram of four neurons with an inhibitory signal. The decay feedback loop extends the duration of the inhibitory signal beyond the initial triggering spike via the inh(t) signal using a counter and a comparator in the decay block. The right panel shows the simulation results from a two input two neuron network learning to classify two ISI's x and y. The sum of the randomly initialized kernels of neuron one (dashed) happen to peak earlier than neuron two (solid) so that neuron one fires first in response to the first pattern (x with ISI = 0 Δt). During this first output pulse neuron one's threshold rises sharply reducing its receptivity, while its kernel step sizes adapt toward each other such that Δr1,1 ≈ Δr1,2. Meanwhile the inhibitory signal blocks neuron two from spiking when its kernel sum exceeds its threshold only a few time steps after neuron one, which means the neuron is prevented from adapting to pattern x. At the second pattern presentation pattern y is shown (ISI = 10 Δt). For this pattern the sum of the kernels of the second neuron, still unchanged from their random initialization, reach that neuron's threshold slightly earlier than neuron one and so neuron two spikes and begins adapting to pattern y. A subsequent presentation of pattern x again triggers neuron one and the kernels of the two neurons increasingly fine tune to their respectively chosen pattern with each presentation as their thresholds rises reducing their receptivity to other patterns.



As with the single neuron output rule, the single neuron threshold adaptation rule of Equation 4 can be modified to Equation 9 (underlined terms added) to utilize the global inhibitory signal for the multi-neuron case. This modification prevents a neuron's threshold being affected by the presentation of patterns that another neuron is better adapted to. The addition of the underlined terms in the first line of Equation 9 means that a neuron's threshold can only rise when its membrane potential exceeds its threshold and the inhibitory signal is not already active, or if the neuron itself spiked in the previous time step. The fall in the threshold is similarly conditioned on the neuron having spiked before the global inhibitory signal was activated, such that only the very best adapted neuron, i.e., the one that generated the inhibitory signal in the first place, adapts its threshold.
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Such a global inhibitory signal has been utilized in LIF neurons (Afshar et al., 2012; Tapson and van Schaik, 2012) and synaptic weight STDP neurons as a means of decorrelating neuronal firing patterns (Masquelier et al., 2009; Habenschuss et al., 2013). Here, however, its use is subtly different from both. Although in LIF and synaptic STDP architectures and in SKAN a global inhibitory signal results in the decorrelation of output spikes, in the purely synaptic weight adapting schemes the neuron's response time remains static and does not improve with adaptation and in the LIF networks (Afshar et al., 2012; Tapson and van Schaik, 2012) there is no lasting adaptation at all. SKAN's improved response time due to kernel adaptation and the global inhibitory signal realize a positive feedback mechanism absent in previous models. In a SKAN network a neuron's small initial advantage for a pattern results in a slightly earlier output spike. This output spike globally inhibits all other neurons, which in turn results in exclusive adaptation to the pattern by the first spiking neuron. This further improves that neuron's response time for the pattern and increases the likelihood of the neuron being the first to spike due to a subsequent presentation of the same pattern, even in the presence of temporal jitter. Thus, the adaptation of SKAN's kernels and thresholds, together with the global inhibitory network, mean that the neuron whose initial state is closest to the presented pattern will be the first to respond and prevent all other neurons adapting to this pattern. This effectively “hides” the pattern from the other neurons and allows unsupervised spike pattern classification by the network as whole as demonstrated in the proceeding Results Sections.

There are two important constraints adhered to by the preceding modification of the SKAN rules. The first constraint is that the required connectivity does not increase combinatorially with the number of neurons as described in Equation 10 since the only feedback path is from the single global inhibitory signal.
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The second constraint is that no complex central controller is required for arbitration between the neurons. In competitive neural network schemes where a neuron's fitness is expressed as a real value from each neuron to a Winner-Take-All network, multiple bits (connections in hardware) are required to transport this information. Alternatively rate based systems encode such real valued signal over time in their spike rate which are then utilized by a corresponding rate based Winner-Take-All system. But in SKAN these requirements are reduced. Since a neuron's latencies correlates with its adaptation to a target pattern, the neurons do not need to report a real value but only a single bit. This mode of operation can be interpreted as either a connectivity saving or as a speed saving with respect to alternative multi-bit or rate based systems respectively. Furthermore, because of the robustness of the system, checking for, or prevention of, simultaneous output spikes is not necessary. Random initial heterogeneities in the neurons' parameters and/or noise in their signals is enough to eliminate the need for central control by pushing the neurons away from input space saddle points toward their stable non-overlapping receptive fields.

RESULTS

ONLINE UNSUPERVISED SPATIO-TEMPORAL SPIKE PATTERN CLASSIFICATION

In the following sections the classification performance of SKAN is tested in several ways. For these tests equally likely spatio-temporal spike patterns, each with one spike per channel per presentation were presented in random sequences to the SKAN network. Table 1 details the parameters used in all the tests. These parameters were deliberately chosen for non-optimized performance so as to try to mimic the use of the system in the wild by a non-expert user. Examples of available optimizations include: higher ddr values which result in faster converging systems, reduced Θrise/Θfall ratio for improved robustness to noise, increased Δrmax/Δri,n(t = 0) ratio and increased pattern widths for enhanced pattern selectivity.

Table 1. Parameter values used for all results.
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Hardware efficiency through 1-to-1 neuron to pattern allocation at the local level

Through temporal competition a local network of mutually inhibiting SKANs can efficiently distribute limited neural resources in a hardware implementation to observed spatio-temporal patterns as is demonstrated in Figure 14.
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FIGURE 14. Convergence rate of as a function of neuron/pattern numbers and number of pattern presentations for a 1-to-1 two input neuron to pattern allocating network. As the number of patterns/neurons increases the system requires longer pattern sequences to correctly allocate exactly one unique pattern to each neuron. The inset shows the five consecutive correct classifications of four patterns by four neurons.



Similar to biological systems, in a SKAN network there is no supervisor switching the network from a training mode to a testing mode so there is no distinction between learning and recognition. This means that attempting to test SKANs in the traditional neural network sense by switching off a network's adaptation mechanisms would disable the system. Thus, to test the network's performance 1000 simulations were generated for each instance of the network, with up to 800 pattern presentations each. The network was considered to have converged to a stable solution when 20 consecutive patterns were correctly classified by the network, i.e., with a single neuron responding per spatiotemporal pattern. This is illustrated in the inset of Figure 14. Correct classification was defined as the case where a neuron spikes if and only if its target pattern is presented and where the neurons consistently spike for the same learnt target pattern. Also, a single neuron should spike once for each input pattern and no extra output spikes occur. The percentage of simulations that had not converged to correct classification was recorded as a function of the number of patterns presented, and is shown in Figure 14. Simulations were terminated once a network had converged. The number of consecutive patterns was chosen as20 to reduce the likelihood that the observed “correct” response of the network was due to chance.

Classification performance as a function of spatio-temporal pattern dimension

The problem of coordinating multiple synapses for unsupervised neuronal classification in SNN models, whether through simply learning synaptic weights or through more complex pathways, is difficult (Jimenez Rezende and Gerstner, 2014). In SKAN the hybrid synapto-dendritic kernel adaptation produces convergence profiles shown in Figure 15. These results show how the convergence profiles of SKAN change with the number of active input channels. Additionally, the right panel in Figure 15 shows the effect of increasing the resolution of the spatio-temporal pattern. Doubling the number of time steps in the maximal width of the target pattern PW, results in improved convergence profiles.
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FIGURE 15. Convergence rates as a function of input channel dimension and pattern width. Left panel: two random target patterns (light and dark bars) of maximal pattern width PW = 20 Δt and of dimensions 2, 4, 8, and 16, were presented at random to a two neuron network, with the convergence of simulations plotted over the number of presentations. Right panel: the same test with maximal pattern width PW = 40 Δt.



Classification in the presence of temporal noise

In order for SKAN to operate as an effective classifier competing neurons must balance the requirements of selectivity and generalization. In the spatio-temporal context, generalization takes the form of temporal jitter noise. In this context neurons must recognize patterns closest to their learnt target pattern despite the presence of temporal noise, while not recognizing other similarly noise corrupted patterns that are closer to the target patterns learnt by other neurons. Furthermore, the neurons should not expect the learning phase to be any less noisy than the testing phase or even for there to be any such distinct separation between learning and recognition. As well the neurons should maintain their correct learning and recognition behavior across a wide range of noise levels and they should ideally do so without the requirement for external adjustment of their parameters. SKAN satisfies all these requirements. The classification performance of SKAN is robust to temporal jitter noise as illustrated in Figure 16 where two neurons act as two Kalman filters with shared inputs attempting to learn the statistics of two noisy but distinct ISI generating processes.
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FIGURE 16. Convergence as a function of temporal noise and pattern presentations in a two neuron network with two input channels. The insets illustrate selected noise distributions relative to the maximal pattern width (PW = 20 Δt). The left panel shows convergence profiles due to temporal noise distribution with standard deviation σ = 0–1 Δt. At lower noise levels the convergence profile is approximately the same or faster (red) than the zero noise case. The right panel shows the same for σ ≈ 1–3 Δt.



Because of the constant adaptation of the neurons, moderate levels of temporal noise with standard deviation up to σ = 0.25 Δt, which is 1/80th of the pattern width, either do not affect or actually improve SKAN performance. With high temporal noise levels, i.e., with a standard deviation that is 1/20th the width of the pattern (σ = 1 Δt), the convergence profile is still similar to that of the noiseless case. Such levels of temporal noise can disable a conventional processor and even some neural networks. Even at the extreme, with noise that has a standard deviation more than 1/7th of the pattern width, some simulations still result in the neurons correctly classifying the separate ISI sources.

As a temporal coding scheme, the robustness of SKAN's learning algorithm to temporal noise is critical for potential real-world applications, where the ability to operate (and degrade gracefully) in noisy, dynamic environments is favored over ideal performance in ideal noise free circumstances.

IMPLEMENTATION IN FPGA

SKAN was implemented in an Altera Cyclone-V GX FPGA, a low-end FPGA containing 77,000 programmable logic elements (LEs). The functions of SKAN were programmed based on the equations described in the earlier sections, written using the Verilog hardware description language, with no optimization techniques employed. A key feature of this design is that no multipliers are required: SKAN is executed entirely using simple summation and logical operations only, thus significantly reducing computational complexity and hardware resources. Registers are used to store required design parameters. Table 2 shows the utilization of the FPGA in terms of registers, adaptive logic modules (ALMs) and the percentage of resources used for SKAN modules containing different number of synapses. From this we can see that SKAN is efficient in its usage of hardware resources. Results from the FPGA are identical to the simulated results as integers were used for both the simulations and the FPGA and therefore no approximations were required. Integers were used to avoid floating point operations, thereby reducing computation. An efficient use of hardware resources, reduced computational effort, and its ease of implementation make SKAN an attractive neuromorphic solution in terms of both cost and performance.

Table 2. Altera Cyclone V FPGA resource usage for a SKAN neuron with different number of synapses.
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DISCUSSION

As outlined in the introduction a limiting factor in many neuromorphic systems is the large number of complex synapses which require multipliers and high connectivity networks required for robust performance. A simple solution to this challenge has been to physically implement of one or a few instances of these complex elements and use time multiplexing and AER to generate larger virtual networks. The kernels of SKAN which do not require multipliers allow more synapses to be physically realized in hardware while their adaptability means that better performance can be achieved using fewer synapses. Furthermore, the time based operation of the neurons reduces the required connectivity. This potentially allows entire networks to be physically implemented in hardware. Such small or medium sized networks whose behaviors have been described in this report can then be cascaded or multiplexed to form larger networks. Such solutions could potentially occupy a middle ground between fully hardware implemented networks with limited connectivity but high bandwidth and single neuron realizations with high connectivity and limited operating speeds. While the focus of this introductory report is on characterization of small non-optimized SKAN networks, preliminary work on the application of the architecture to larger, more difficult recognition tasks such as unsupervised learning of the MNIST dataset has not revealed any limits to the capabilities of larger, more optimized networks. Future work will focus on comparison of SKAN networks to other neural network solutions on established datasets, comparison of the inference capabilities of the neuron to optimal probabilistic estimators and the investigation of the combined effects of adaptation of SKAN's kernels and the adaptation of its synaptic weight parameter w which allows encoding of synaptic signal to noise ratios for each input channel.

CONCLUSION

In this paper we have presented the SKAN, a neuromorphic implementation of a spiking neuron that performs statistical inference and unsupervised learning and spatio-temporal spike pattern classification. The use of simple adaptable kernels was shown to represent an efficient solution to hardware realized neural networks without the need for multipliers while SKAN operation was shown to be robust in the presence of noise allowing potential applications in noisy real-world environments. Finally it was shown that SKAN is hardware efficient and easily implemented on an FPGA.
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Keywords: switched-capacitor neuromorphic, stop-learning synapse, dynamic synapse, deep-submicron neuromorphic, low-leakage switched-capacitor circuits

1. INTRODUCTION



A framework for plasticity implementation on the SpiNNaker neural architecture










	
	ORIGINAL RESEARCH ARTICLE
published: 12 January 2015
doi: 10.3389/fnins.2014.00429
	[image: image1]





A framework for plasticity implementation on the SpiNNaker neural architecture


Francesco Galluppi1*, Xavier Lagorce1, Evangelos Stromatias2, Michael Pfeiffer3, Luis A. Plana2, Steve B. Furber2 and Ryad B. Benosman1


1Equipe de Vision et Calcul Naturel, Vision Institute, Université Pierre et Marie Curie, Unité Mixte de Recherche S968 Inserm, l'Université Pierre et Marie Curie, Centre National de la Recherche Scientifique Unité Mixte de Recherche 7210, Centre Hospitalier National d'Ophtalmologie des quinze-vingts, Paris, France

2Advanced Processors Technology Group, School of Computer Science, University of Manchester, Manchester, UK

3Institute of Neuroinformatics, University of Zürich and ETH Zürich, Zürich, Switzerland

* Correspondence: Francesco Galluppi, Vision Institute, Université Pierre et Marie Curie, Unité Mixte de Recherche S968 Inserm, l'Université Pierre et Marie Curie, Centre National de la Recherche Scientifique Unité Mixte de Recherche 7210, Centre Hospitalier National d'Ophtalmologie des quinze-vingts, 75012 Paris, France e-mail: francesco.galluppi@inserm.fr



Edited by:
Tara Julia Hamilton, University of Western Sydney, Australia

Reviewed by:
Siddharth Joshi, University of California, San Diego, USA
 Jayram Moorkanikara Nageswaran, Brain Corporation, USA

Many of the precise biological mechanisms of synaptic plasticity remain elusive, but simulations of neural networks have greatly enhanced our understanding of how specific global functions arise from the massively parallel computation of neurons and local Hebbian or spike-timing dependent plasticity rules. For simulating large portions of neural tissue, this has created an increasingly strong need for large scale simulations of plastic neural networks on special purpose hardware platforms, because synaptic transmissions and updates are badly matched to computing style supported by current architectures. Because of the great diversity of biological plasticity phenomena and the corresponding diversity of models, there is a great need for testing various hypotheses about plasticity before committing to one hardware implementation. Here we present a novel framework for investigating different plasticity approaches on the SpiNNaker distributed digital neural simulation platform. The key innovation of the proposed architecture is to exploit the reconfigurability of the ARM processors inside SpiNNaker, dedicating a subset of them exclusively to process synaptic plasticity updates, while the rest perform the usual neural and synaptic simulations. We demonstrate the flexibility of the proposed approach by showing the implementation of a variety of spike- and rate-based learning rules, including standard Spike-Timing dependent plasticity (STDP), voltage-dependent STDP, and the rate-based BCM rule. We analyze their performance and validate them by running classical learning experiments in real time on a 4-chip SpiNNaker board. The result is an efficient, modular, flexible and scalable framework, which provides a valuable tool for the fast and easy exploration of learning models of very different kinds on the parallel and reconfigurable SpiNNaker system.
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1. INTRODUCTION

Learning is crucial for the survival of biological organisms, because it allows the development of new skills, memories, and behaviors, in order to adapt to the information acquired from their local environment. Such high-level changes of behavior are the manifestation of an intricate interplay of synaptic plasticity processes, which lasts from early development throughout the adult life, and is taking place simultaneously and continuously in all parts of the nervous system. Although neuroscience has developed an increasingly better insight into the local plasticity mechanisms at specific types of synapses, we still have a poor understanding of the global effects of plasticity that lead to the emergence of our astonishing cognitive capabilities. Clearly, this is one of the great unsolved questions, not only for neuroscience, but with great implications for fields like philosophy, psychology, medicine, and also for engineering disciplines concerned with the development of artificial intelligent systems that can learn from their environment.

Much of our understanding of the functional effects of local plasticity comes from theoretical and simulation studies of simplified learning rules in neural network models. Most influential is the hypothesis of Hebb (1949), which says that synaptic connections strengthen when two connected neurons have correlated firing activity. This has inspired many classical models for associative memory (Hopfield, 1982), feature extraction (Oja, 1982), or the development of receptive field properties (Bienenstock et al., 1982). Later, the discovery of Spike-timing Dependent Plasticity (STDP) (Markram et al., 1997; Bi and Poo, 1998) has led to a number of models that have exploited the precise timing properties of spiking neurons for receptive field development (Song and Abbott, 2001; Clopath et al., 2010), temporal coding (Gerstner et al., 1996; Guyonneau et al., 2005), rate normalization (Song et al., 2000; Kempter et al., 2001), or reward-modulated learning (Izhikevich, 2007; Legenstein et al., 2008; Friedrich et al., 2011; Potjans et al., 2011). It has also been realized that there is not one standard model for STDP, but that there is a huge diversity of learning rules in nature, depending on species, receptor, and neuron types (Abbott and Nelson, 2000; Kullmann et al., 2012), the presence or absence of neuromodulators (Pawlak et al., 2010; Cassenaer and Laurent, 2012), but also on other factors like post-synaptic membrane potential, position on the dendritic arbor, or synaptic weight (Sjöström et al., 2001).

The discovery that basic effects can be achieved with local learning rules has had a big influence on the development of larger scale learning models that have mapped methods from machine intelligence onto spiking neural networks. Examples include supervised learning methods for classification of visual (e.g., Brader et al., 2007; Beyeler et al., 2013), or auditory stimuli (Sheik et al., 2012), and unsupervised learning methods like Expectation Maximization (Nessler et al., 2013; Kappel et al., 2014), Independent Component Analysis (Savin et al., 2010), or Contrastive Divergence (Neftci et al., 2014). This has opened up the possibility of using spiking neural networks efficiently for machine learning tasks, using learning algorithms that are more biologically plausible than backpropagation-type algorithms typically used for training artificial neural networks.

The increased interest in spiking neural networks for basic research and engineering applications has created a strong interest for larger, yet computationally efficient simulation platforms for trying out new models and algorithms. Being able to easily and efficiently explore the behavior of different learning models is a very desirable characteristic of a such platform. The major problem for computation with spikes is that it is a resource-intensive task, due to the large number of neurons and synapses involved. Synaptic activity, and specifically synaptic plasticity, which might be triggered by every spike event, is dominating the computing costs in neural simulations (Morrison et al., 2005; Brette et al., 2007), partly because the communication and processing of large numbers of small messages (i.e., spikes), is a bad match for current von Neumann architectures. Different strategies to improve the scale and run-time efficiency of neural simulations either rely on supercomputer simulations (Plesser et al., 2007; Wong et al., 2013), parallel general-purpose devices such as GPUs (Fidjeland and Shanahan, 2010) and FPGAs (Neil and Liu, 2014), or special purpose neuromorphic hardware (Indiveri et al., 2011). Each solution involves a trade-off between efficiency, reconfigurability, scalability and power consumption.

In this context we present a framework for studying arbitrary plasticity models on a parallel, configurable hardware architecture such as SpiNNaker. The SpiNNaker system (Furber et al., 2006, 2014) has been designed as a massively parallel, highly reconfigurable digital platform consisting of multiple ARM cores, which optimally fits the communication requirements for exploring diverse synaptic plasticity models in large-scale neural simulations. Previous implementations of plasticity on SpiNNaker have been limited in their ability to model arbitrary spike- and rate-based learning rules. Here, we present a new approach for implementing arbitrary plasticity models on SpiNNaker, using a dedicated plasticity core that is separated from other cores that process other neural and synaptic events. Specifically we demonstrate the implementation of three synaptic plasticity rules with very different requirements on the trigger events, and on the need to store or access additional variables for computing the magnitude of updates. We show that the same architecture can implement the rate-based BCM rule (Bienenstock et al., 1982), an implementation of standard STDP based on a model by Morrison et al. (2008), and a voltage-dependent STDP rule suggested by Brader et al. (2007). We compare the efficiency and correctness of the STDP rule to previous implementations on SpiNNaker, and provide the first implementation of BCM and the learning rule of Brader et al. (2007) on this platform. All the experimental results presented in this paper come from implementations of learning rules on a 4-chip SpiNNaker board.

The ability to implement different rules with very different requirements, that are either based purely on spike-timing, on the correlation of firing rates, or on additional voltage signals indicates that the framework can be used as a generic way of implementing plasticity in neural simulations. This new architecture therefore provides an efficient way for exploring new network models that make use of synaptic plasticity, including novel rules and combinations of different plasticity rules, and paves the way toward large-scale real-time learning systems.

This article is organized as follows: the next Section introduces different approaches to model learning, from a theoretical and an implementation point of view. Section 3 describes the SpiNNaker system, the previous solutions for plasticity on SpiNNaker and our novel approach presented in this work. The flexibility of the framework introduced is demonstrated by the implementation of three different rules, presented in Section 4, 5, and 6: Spike-Timing Dependent Plasticity (Gerstner et al., 1996), the rate-based BCM rule (Bienenstock et al., 1982) and the voltage-dependent variation of the STDP rule (Brader et al., 2007). We validate the implementation by replicating classical plasticity experiments, and discuss the performances of each rule in Section 7. The paper is concluded in Section 8, which also provides an outlook toward future applications.

2. LEARNING IN SPIKING PLATFORMS

The use of parallelization to mitigate the computational costs and difficulties of modeling large plastic networks has been exploited using different tools and strategies. Using many processors in a supercomputer is an important exploratory solution, which can be used to rapidly implement and test learning rules. However, setting up a Message Passing Interface (MPI) mediating the spike communication is a challenging process on a distributed von-Neumann architecture, because the network infrastructure is optimized for large-frame transfers (Plesser et al., 2007; Wong et al., 2013) as opposed to small spike packets.

Dedicated neuromorphic (Mead, 1989) systems are natural candidates for emulating parallel neural computation. On these systems, circuits modeling neurons and synapses can be replicated using Very Large Scale Integration technology (Indiveri et al., 2011). Synapses usually take up the majority of the resources, in terms of computation and chip area. It is also particularly challenging to design plastic hardware synapses. In the FACETS wafer-scale hardware (Schemmel et al., 2007), for example, the area of plastic synapses is minimized by separating the accumulator circuit for the spike-timing dependency and a global weight-update controller, which drives the update of multiple synapses (Pfeil et al., 2012). Having a separate plasticity engine makes the update slower, but adds flexibility to the plasticity algorithms that can be implemented. The trade-off in this case relates to the controller frequency update, which evolves slower than the neural dynamics, and the precision of the synapses, limited to 4-bits. Despite these limitations the system is capable of modeling a variety of plasticity models, characterized by different weight dependencies. Also, the synaptic resolution is shown to be not-critical in the simulation of a series of network benchmarks. Vogelstein et al. (2002) have introduced a general system where synapses are stored in digital memory with a processor implementing the synaptic update mechanism, while a separate set of ASICs implement the neural integration process. While they demonstrate STDP, more general functions can be implemented using the same scheme.

Brader et al. (2007) proposed a learning rule that captures biological properties such as memory preservation and encoding. Furthermore, it is optimized for efficient implementation in a neuromorphic system. The rule is dependent on the post-synaptic neuron membrane potential and recent spiking activity at the time of a pre-spike arrival. Every synapse has internal dynamics, which drives the weight toward a bistable state. Its advantage for VLSI implementations (Indiveri et al., 2006; Giulioni et al., 2008; Mostafa et al., 2014) lies in its ability to smooth device mismatch by applying a threshold to the internal state variable, in order to set the synapses to one of two possible states. The bistable representation of memory has the additional advantage of being power efficient. The fact that the rule can be computed when a pre-synaptic spike is received reduces the chip area required by a synapse, and consequently increases the number of synapses that can be modeled. This assumes that the synapses are located on the post-synaptic neuron, and have access to the neural and synaptic state variables when a spike is received. This is the case in the VLSI devices mentioned above and also in SpiNNaker (Jin et al., 2010a). A review of different neuromorphic approaches and challenges in designing plastic synapses can be found in Rahimi Azghadi et al. (2014), which discusses power consumption, area requirements, storing techniques, process variation and device mismatch.

Recently, Resistive Random Access Memories, commonly referred as memristors, have raised interest in the neuromorphic community. They are small, power-efficient devices that can be used to store weights and thereby increase the amount of neurons and synapses that can be integrated in a chip. Weight change can be induced by controlling the voltage at the terminals of a memristor, inducing a change in its state and thus modeling a learning rule such as STDP (Zamarreño Ramos et al., 2011) or triplet-based STDP (Mayr et al., 2012). In Indiveri et al. (2013) memristors are used directly to model synaptic dynamics, using them both for computation and memory storage.

There are also difficulties when implementing synaptic plasticity in general purpose hardware. Regarding GPUs Fidjeland and Shanahan (2010), for example, propose a simplified nearest-neighbor pairing scheme with a time-limited STDP window. They continuously accumulate STDP statistics that are then used to update synapses at fixed intervals. In such implementation, increasingly shorter intervals impact performance, lowering the overall spike throughput of the platform. Weight change accumulation is commonly used in other GPU approaches, e.g., in Nageswaran et al. (2007), where the synaptic kernel update is applied every second, and in software simulations (Izhikevich, 2006).

The diversity of approaches for studying synaptic plasticity in hardware, indicates a need for general purpose, massively parallel, and reconfigurable computing platforms. Only this will allow fast prototyping of plasticity rules, and their exploration in large scale models, which can in a second stage directly lead to dedicated hardware implementations.

3. A NOVEL FRAMEWORK FOR PLASTICITY IMPLEMENTATION ON SPINNAKER

SpiNNaker (Furber and Temple, 2008; Furber et al., 2014) is a digital multi-core, multi-chip architecture designed for the simulation of large neural networks in real time. Each SpiNNaker chip is equipped with a 1Gbit SDRAM and 18 programmable ARM968 cores embedded in a congurable packet-switched asynchronous fabric (Plana et al., 2007).

The SpiNNaker network infrastructure is designed with spiking communication in mind: every chip contains an on-chip Multicast (MC) router capable of handling very efficiently one-to-many communication of spikes (MC packets). The router links every chip to its six neighbours. Each core has a small local tightly-coupled memory (32 kByte instruction and 64 kByte data, ITCM and DTCM respectively). The massive synaptic data required for neural simulations is stored in the shared, off-die SDRAM 128 MByte chip that can be accessed by the cores through DMA requests, for an aggregate read/write bandwidth of 900 MBytes/s (Painkras et al., 2013). The system is designed to scale up to 60,000 chips for a total of over one million ARM cores. The goal of the system is to simulate 1% of the human brain in real time.

A high level view of the main chip components is presented in Figure 1. When simulating neural networks, spikes are delivered and processed by the ARM cores, which update the states of the neurons and synapses. A C-based API is used to program neural kernels (Sharp et al., 2011). The API offers an accessible interface to the hardware substrate and to real-time event scheduling facilities, and can be used to write applications that are executed in parallel on the machine. The API promotes an event-driven programming model: the neural kernels are loaded into the ARM cores and are used to configure callbacks that respond to events. A timer event allows the periodic execution of functions, such as neuron state update. A packet event signals the arrival of an MC packet (spike) and can be used to initiate a request to transfer synaptic data from SDRAM. Finally, a memory event indicates that the requested data is available for processing. The neural kernels are parameterizable and can support different classes of neural models and connectivity patterns. Model specification, system mapping and run-time control is obtained through the PArtition and Configuration MANager (PACMAN, Galluppi et al., 2012), which offers interfaces with two languages extensively used in the neural modeling community: PyNN (Davison et al., 2008), a simulator-independent specification language, and Nengo (Stewart et al., 2009), the simulation tool implementing the principles of the Neural Engineering Framework.
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FIGURE 1. High-level view of the SpiNNaker chip, showing: the ARM cores with their Instruction and Data Tightly coupled memory (DTCM and ITCM, 32 and 64 Kbyte respectively) to run applications and locally store data; the Multicast (MC) router responsible of spike transmission; the port to the 128 Mbyte SDRAM off-chip memory, containing the synaptic data.



Figures 2A,B shows the current implementation of a neural kernel, highlighting the processes involved: every millisecond, a timer event triggers the evaluation of the neural dynamics. A spike is then emitted if a configurable threshold of the membrane potential has been reached. Spikes travel as MC packets through routers on the interconnection fabric and are delivered to the destination cores, triggering a packet event. Whenever a packet is received, a memory look-up is initiated to retrieve the relevant synaptic information (such as weight, delay, destination neurons on the core, and type of synapse) from SDRAM, where the connectivity matrix, indexed by pre-synaptic neuron, is stored. When the requested data arrives this creates a memory event, and the spike is processed by every post-synaptic core. Due to the limited memory available in the ARM cores, the synaptic weights are only locally available to the core right after a memory transfer from DMA has occurred as a consequence of the arrival of a spike. Therefore, the time available for the weight update process is very short; moreover, since delays are reintroduced at the post-synaptic end, the update process relies on information which might concern the future state of the neuron. This has limited the flexibility of previous approaches for implementing plasticity on SpiNNaker.
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FIGURE 2. (A,B) current STDP implementation on SpiNNaker, following the Deferred Event Driven model (C,D) the proposed novel implementation framework for plasticity implementation.



3.1. THE DEFERRED EVENT DRIVEN MODEL

The STDP algorithm requires computation whenever a pre spike is received or a post spike is emitted. This causes two relevant issues for the cores running neural simulation on SpiNNaker:

1. Weights are only available in local memory upon the reception of a MC packet signaling that a spike has occurred in one of the pre-synaptic neurons. At the time of a post-synaptic spike such information is stored in SDRAM, which is indexed by pre-synaptic neuron and therefore is not easily accessible for a fast update.

2. A spike packet is delivered to the post-synaptic core as soon as it is emitted, and biological delays (stored in SDRAM as well) are re-introduced by the core modeling the post-synaptic neuron after the relevant information has been retrieved from memory; the delay itself is stored into memory, and can be different for different post-synaptic neurons on the same core (Jin et al., 2010a). The weight value is stored in a circular buffer which rotates with the timer event interval, and lumps all the synaptic contributions for one millisecond in a way similar to that described in Morrison et al. (2005). The consequence of delaying the input into the future is that when a synapse is processed, the state of the post-synaptic neuron (e.g., its membrane potential or the presence of a post-synaptic spike) is not available.

The Deferred Event Driven Model (DED) for computing plasticity was introduced in Jin et al. (2009) to circumvent these problems. DED enables computation of STDP at the time when a pre spike is received by deferring the weight update process into the future, until enough information is gathered. Post spikes are collected in a spike window, stored in the local core memory, while pre spikes are stored in SDRAM, along with the rest of the synaptic information. Upon the retrieval of the weights related to a pre spike, these two time windows are compared and weight update is performed. Plasticity is therefore always computed on the next pre spike arrival, and only if enough time has passed, to guarantee that all the necessary information is available. This poses restrictions on the pre-to-post firing rates: if a pre-synaptic neuron fires with a low rate, the spike information of the post-synaptic neuron might have already expired. Thus, the algorithm loses a pre-post spike pair, even if they were close in time, if the next pre spike arrives after the expiration of the post-spike window. Furthermore, because the algorithm needs to check every spike pair, its efficiency depends on the length of the history and on the number of the pre-post pairs. Such limitations are discussed in Jin et al. (2010b), where the trade-offs between spike-history, efficiency and correctness are analyzed.

Davies et al. (2012) try to address the problem from a different angle, using the Time To Spike (TTS) strategy: STDP is computed only upon the reception of a pre spike, using the current membrane potential as a predictor of future spiking activity. By doing so, weight updates can be performed while synaptic information is in local memory, addressing the first of the two problems mentioned above. However, as mentioned earlier, spikes are delivered to the post-synaptic neurons as soon as they are emitted, and the biological delays are reintroduced at the post-synaptic end. This creates errors when using delays, as reported in the original work presenting the TTS approach: the membrane potential used as a predictor of the post neuron firing is the one corresponding to the time of spike emission by the pre neuron, rather than that of spike reception by the post neuron (after the propagation delay). Such problem makes the TTS algorithm usable and efficient when delays are constant and short, but cannot deal correctly with longer delays. This also creates problems for detecting temporal patterns where delays play an important role (Izhikevich, 2006), such as in the experiments in Section 6.2.

3.2. THE DEDICATED PLASTICITY CORE APPROACH

The previous implementations of plasticity are not limited by the SpiNNaker hardware, but rather by their software implementation. Therefore, we present an alternative approach: instead of having a single core evaluating neural dynamics and plasticity, we divide the job into two parallel processes. One core performs the neural updates and spike integration, while the second core deals with plasticity (see Figures 2C,D). Plasticity operates as a slower process in the background. It processes the whole synaptic block in SDRAM and the information about spike timing, and modifies the weights according to the chosen plasticity mechanism. The proposed approach takes inspiration from previous work where plasticity effects are accumulated and evaluated periodically (Izhikevich, 2006; Nageswaran et al., 2007; Fidjeland and Shanahan, 2010; Pfeil et al., 2012). Plasticity is thus updated less frequently than neural dynamics, which is radically different from the previously described DED model on SpiNNaker.

In our novel approach, the PACMAN mapping tool automatically instantiates a twin plasticity core alongside each neural core whenever it detects a neural population with incoming plastic connections. Neural and plasticity cores have access to the same portion of SDRAM through replication, in their local memories, of the look-up tables used to index it. The neural core performs the usual operation that a non-plastic core would perform, thus eliminating all the overheads required by the DED model. The neural core is also in charge of trivially updating a bitmap pre-spike window whenever a pre spike is received, as shown by the dashed arrow in Figure 2C. The plasticity core is concerned solely with the weight update process, which can be performed by walking the local SDRAM weight matrix and computing plasticity at a slower pace. When a neuron in the neural core emits a spike, the corresponding packet is delivered to the plasticity core, and to the post-synaptic neurons as under normal conditions. Because the plasticity and neural core always reside on the same chip, this process does not add overhead to the routing process. This allows to keep track of the post-synaptic spiking history. Here we decided to update the weights every 128 ms and store the spike times with a resolution of 2 ms, as a compromise between performance, platform-specific limitations and precision. Pre-synaptic spikes are stored at the beginning of each synaptic row as spike-history bitmaps. The plasticity process needs to know all the spikes which happened in its considered 128 ms window. This data has been stored by the neural core in one of the spike windows (0 or 1 in the Figure) during the previous 128 ms before the update. For the plasticity core to be able to read this buffer while the neural core is storing the next 128 ms of spikes, we use a double buffer technique: when the plasticity core is reading spike window 0, the neural core is storing the spikes in spike window 1 and viceversa. This has been emphasized in the Figure 2C by using different color codes for the two different processes. The double buffers contain data for different time slots and therefore do not need to be accessed concurrently by the neural and plasticity core, so there is no need for mutual exclusion or locks. Memory contention is eliminated by the fact that the neural core operates in the current 128 ms window, while the plasticity core works in the previous 128 ms time window. The same technique used for the spike windows could be used on the whole synaptic matrix to ensure coherency of the whole matrix during the entire simulation. Because this method only switches the pointer used to lookup the data between consecutive plasticity periods, this would not change the approach or performances. Whenever a portion of memory is ready for computation, the request for the next row of the synaptic matrix is issued and weight updates of the current synaptic row are performed, thus masking memory access costs through parallelization. This separation of neural and plasticity operations gives rise to an environment where weight update rules can be easily programmed separately. This leverages the reprogrammability of the general processors used by SpiNNaker and the generality of the event-driven API presented in Sharp et al. (2011). The general infrastructure for the framework is presented in Appendix A. While it is worth noting that the difference between neural and the plasticity processes is only in the software running on the ARM cores, they can be thought of as hardware threads. The SpiNNaker software infrastructure does not support threads. If software threads were available, besides the costs related to thread switching, the neural and synaptic update threads would need to split between them the limited local memory (DTCM) and the processor cycles. In SpiNNaker, clock cycles are also limited in order to meet real-time targets. The proposed solution, on the other hand, uses hardware threads (cores), one for neural update and one for synaptic update, with each thread owning all of its local resources. This results in a more efficient use of the available resources. In fact, depending on the relative complexity of the neural and synaptic update processes, the ratio of hardware threads can be adjusted, using N neural update for every M synaptic update threads (cores). The plasticity core has access to the pre- and post-synaptic spike activity history of the previous 128 ms time window; the first is stored in SDRAM and the second one in DTCM. Such information can be used to compute rates, traces, timing differences or other required variables for different learning rules, as shown by the three rules implemented in this paper.

4. STDP

Derived from biological observations that synaptic plasticity depends on the relative timing of pre- and post-synaptic spikes (Markram et al., 1997; Bi and Poo, 1998), Spike-Timing Dependent Plasticity (STDP) (Gerstner et al., 1996; Song et al., 2000) has become a popular model for learning in spiking neural networks. In its standard form, STDP weight-updates are expressed by the double-exponential form
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where Δt = tpre − tpost is the time difference between a pair of pre- and post-synaptic spikes, A+ and A− are scaling factors for potentiation and depression, and τ+ and τ− are the time constants of the plasticity curves. The weight update rule is illustrated in Figure 3. There are different strategies for computing the total amount of weight change after seeing multiple pre- and post-synaptic spikes (Morrison et al., 2008), e.g., by considering only nearest neighbor spike pairs, or summing the weight changes F(Δt) for all pairs. Here we adopt a form of STDP proposed by Morrison et al. (2008) to compute the weight change using local variables in the form of pre- and post-synaptic traces. Each trace xi has the form
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where xi is the value of the trace for neuron i, A is the amplitude by which the trace increases with each new spike at time tfi, and τ is the exponential decay time constant. The concept is illustrated in Figure 3: potentiation occurs at post-synaptic spikes, using the value of the pre-synaptic trace as the weight increase; conversely, depression happens at pre-synaptic spike times, and reduces the weight by the value of the post-synaptic trace.
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FIGURE 3. (A) Algorithm for STDP learning implementation on the plastic core (B) STDP function (C) Implementation of pair-based STDP with local traces and delays, as suggested by Morrison et al. (2008): potentiation occurs at post-synaptic spike times and corresponds to the value of the pre-synaptic trace; conversely, depression happens at pre-synaptic spike times and corresponds to the value of the post-synaptic trace. d represents the delay, reintroduced at the post-synaptic end; black and red lines represent the traces and spike timings when the delay is reintroduced (red) as opposed to using the presynaptic spike time as reference (black).



4.1. METHODS: IMPLEMENTATION OF STDP ON THE PLASTICITY CORE

The plasticity core is in charge of computing all traces, using the spike timing information collected during the simulation. Weight changes are then computed by walking through all the synaptic block. The pre-trace is computed every time a portion of memory is received through a DMA process using the information in the spike window, while the post trace is computed at the beginning of each plastic phase starting from the spike history bitmap collected during the packet received callback. Traces can have longer time scale than the plasticity window, as the exponential filtering is updated at the beginning of each phase, and the previous value of the exponential filter carries over from one plasticity window to the next. Delay needs to be reintroduced at the post-synaptic end, and can be used to compute the amount of shift required to correctly compute weight de/potentiation, as shown in Figure 3, where the black part shows the spike timing and traces using the presynaptic spike time as the reference, while the red part shows how this reference is shifted once delay has been reintroduced. Not considering the delay generates substantial errors in the weight update. A pseudocode version of the algorithm is presented in Appendix B.

A simple experiment in which STDP, implemented with the above scheme achieves synaptic potentiation and depression is shown in Figures 4A,B. The final part of the Figure presents a classical experiment where a plastic neuron can reduce the latency of its firing to a repeatedly presented pattern (Mehta et al., 2000; Song et al., 2000): a (red) neuron receives connections from 10 inputs neurons (blue) which fire at 2 ms from each other; during the first repetition all the 10 input neurons are required to make the target neuron fire. After repeated presentations, due to potentiation, only two input neuron spikes are needed to elicit activity in the post neuron, which responds with a lower latency to the onset of the pattern.
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FIGURE 4. Shift of post-synaptic firing onset via STDP. (A) Potentiation: The spike raster plot (bottom) shows that at the beginning of the stimulation 3 input spikes (blue) are needed to make the target neuron (red) fire; after 400ms, potentiation has made the synapse strong enough so that the post-synaptic neuron fires after only 2 spikes. This is also visible in the membrane potential (top) and post-synaptic currents (PSC; middle). (B) Depression: (bottom) The green neuron is made to spike consistently after the target (red) neuron, hence its weight gets depressed, as can be observed by its decreasing contribution in the membrane potential (top) and PSC (middle). (C) Reduced spike latency: at the beginning of the simulation (upper-left panel) 10 spikes from 10 different input neurons (blue) are needed to make the post-synaptic (red) neuron fire; after repeated stimulation (upper-right-panel), potentiation via STDP makes the red neuron fire already after 2 spikes, hence firing closer to the pattern's start, which is also shown by the latency plot (bottom panel).



4.2. RESULTS: PRE-POST PAIRING USING A TEACHER SIGNAL

In Figure 5 we reproduce results of a classical stimulation protocol for potentiation induced by pre-post synaptic pairing. The network comprises a stimulus population and a target population, each separately driven by two different Poisson sources emitting spike bursts at high frequency (350 Hz) for short periods of time (20 ms). Both populations also receive independent background noise. The Poisson and noise source populations are interconnected with a one-to-one connectivity pattern to their respective inputs and outputs. The stimulus and the target populations are interconnected with a 50% probability.
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FIGURE 5. STDP with a teacher signal. (A) Network structure: two different Poisson spike sources (red) are used as supervisor signals to individually stimulate the Stimulus (top) and Target (bottom) populations at different times (blue), which also received noise from two separate sources (green). (B) Initially (between 0 and 1000 ms), only the pre-synaptic population is stimulated, but the synaptic weights are weak, thus the resulting spikes (blue) do not elicit post-synaptic spikes. Between 1500 and 3000 ms, both populations are stimulated with a 10 ms time difference, such as to induce synaptic potentiation. The effect can be seen between 3500 and 4500 ms, when the teacher signal for the post-synaptic population is removed: after the potentiation the pre-synaptic spikes are able to drive the post-synaptic neurons by themselves.



At the beginning of the simulation, external stimulation coming from the stimulus population is not strong enough to trigger activity in the target post-synaptic population (0 ≤ t ≤ 1500 ms). Afterward (1500 ≤ t ≤ 3000 ms) the stimulus and target populations are stimulated together by their respective Poisson inputs, so that the target population spikes 10 ms after the stimulus population, hence inducing potentiation. Finally, for 3500 ≤ t ≤ 4000 ms, the Poisson process feeding the post-synaptic population is removed, and the post-synaptic population is only stimulated by inputs from the pre-synaptic population. It can be seen that because of the induced potentiation, the pre-synaptic input is now strong enough to make the target population fire without any supervisor input.

4.3. RESULTS: BALANCED EXCITATION

Song et al. (2000) have shown that STDP can establish a state of balanced excitation in the post-synaptic neuron, which makes it more likely to fire with a controled output rate in response to fluctuations in its input. This is achieved by competition between the synapses that project onto the post-synaptic neuron, induced by STDP. The characteristic effect described by Song et al. (2000) is that STDP creates a bimodal distribution of input weights, pushing them either toward the minimum or maximum values, and creating groups of strong and weak synapses. In Figure 6 we simulate a group of 1000 input neurons, firing independently according to a Poisson process at 20 Hz, and projecting onto a single output neuron. The weights are initialized uniformly, and then undergo STDP. After 300 s of simulation, the distribution of synaptic weights in Figure 6 shows clearly the characteristic separation into two groups of very different strengths.
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FIGURE 6. Competition between synapses undergoing STDP: In the experiment introduced by Song et al. (2000), 1000 uncorrelated pre-synaptic neurons, firing at a Poisson-rate of 20 Hz, project onto a single post-synaptic neuron. (A) Initial uniform weight distribution before plasticity. (B) After 300 seconds of stimulation STDP has divided the synaptic weights into weak and strong ones, thereby regulating the activity of the post-synaptic neuron. The red line shows the mean of the initial weights. (C) Scatter plot of the final weight distribution.



5. BCM

The BCM rule, named after their inventors Bienenstock, Cooper, and Munro (Bienenstock et al., 1982), is a rate-based synaptic plasticity rule, introduced to model binocular interactions and the development of orientation selectivity in neurons of the primary visual cortex. The BCM rule is based on Hebbian principles, but introduces synaptic competition by correlating the pre-synaptic rate with a non-linear function of the post-synaptic rate. In its simplest form the BCM rule computes this non-linearity as the product of the post-rate with its deviation from the mean post-synaptic activity (see Figure 7B):
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FIGURE 7. Implementation of BCM plasticity. (A) Algorithm for BCM learning on the plasticity core. (B) Illustration of the BCM rule: normalized weight change as a function of the pre- and post-rates, with θ = 35 Hz. (C) Potentiation experiment using a teaching signal: when stimulation is paired with a teacher signal that forces the post-synaptic neurons in the target population to fire, the weights get potentiated and become strong enough to drive the post-synaptic neuron.



Here w denotes the synaptic weight and dw/dt its change, rpost and rpre are the firing rates of the pre- and post-synaptic neurons, θ is the modification threshold, which is computed here as the mean firing rate of the post-synaptic neuron, δ is a learning rate, and ϵ a weight-decay parameter. If rpost exceeds the mean firing rate θ, the weight is potentiated; conversely, for lower activity (rpost < θ) the weight is depressed. The learning rate parameter δ can be used to normalize the magnitude of the synaptic weight change according to the neural model used. Many variations of the BCM rule have been studied since its introduction, using different kinds of non-linearities, but here we study only the basic version from Bienenstock et al. (1982).

5.1. METHODS: IMPLEMENTATION OF BCM ON THE PLASTICITY CORE

Since the BCM rule only requires firing rates, the plasticity core just has to increment a counter whenever a post-spike is received, and to use a low-pass filtered version of the rate. Analogously, when processing a row relative to an afferent neuron, the number of spikes received during the previous phase is used to update the pre-synaptic rate information. At the end of each plasticity phase θ (the threshold parameter representing the mean rate) is updated using a configurable exponential moving average, and the pre spike windows are reinitialized. A pseudocode version of the algorithm is presented in Appendix C and is outlined in Figure 7A.

In Figure 7C we show a classical potentiation protocol using the BCM rule. For the first 600 ms the target population is only receiving spikes from the stimulus population, but the weights are too weak to cause firing in the target population. Between 600 and 1200 ms, a teacher population is activated which is strong enough to drive the target population, thereby potentiating also the simultaneously active stimulus-target connections. Afterwards, when the teacher population is switched off, the stimulus population alone is able to drive the target population without teacher input.

5.2. RESULTS: EMERGENCE OF ORIENTATION SELECTIVITY WITH BCM

The BCM rule has been originally proposed in Bienenstock et al. (1982) to explain how neurons in the primary visual cortex can acquire their feature selectivity from sensory stimulation. As a test of our implementation of BCM on SpiNNaker we replicate a simple neural network with lateral inhibition which undergoes plasticity while receiving monocular visual input in the form of oriented bars.

The network consists of 2 layers, an input layer which comprises 16 × 16 neurons and an output layer with 4 neurons. Each neuron in the input layer projects, in an all-to-all fashion, to the output neurons. All synapses are initialized with random weights and delays. Each neuron in the output layer has an inhibitory projection to every other neuron, forming a network of lateral antagonism (Shouval et al., 1997). The aforementioned connectivity pattern matches anatomical data, for example the lateral plexus of the Limulus's eye, as originally found by Hartline et al. (1956). Bienenstock et al. (1982) themselves point out that no selectivity is achieved without lateral inhibition.

For this experiment four images of oriented bars are used as input stimuli, each rotated by 45°C. Bars are 3 pixels thick and 12 pixels in length, and the intensity of each pixel is a random value between 0.8 and 1.0. Each pixel is converted to Poisson spike trains, in order to simulate spikes coming from the retina or LGN. The firing rates are proportional to the value of the pixels, while all firing rates are scaled such that the input layer generates approximately 1000 spikes per second. During the simulation each orientated bar is presented to the network in a random order for 1 s and for 80 repetitions. Learning takes place in the synapses between the input and output layer, while the inhibitory synapses in the output layer are static and set to a weight of −9 nA.

The results are summarized in Figure 8. Figure 8A shows that the weights and neuronal responses to input stimuli are initially random. At the end of the simulation, Figure 8B shows that each output neuron has developed via BCM plasticity a receptive field that corresponds to one particular orientation. In Figure 8C we show the orientation tuning curves of each neuron, measured by rotating the stimulus bar counter-clockwise in 10°C steps. The results show that each neuron has successfully learned to respond best to one preferred orientation, which is in line with previous modeling studies and experimental and anatomical data (Moore and Freeman, 2012; Jeyabalaratnam et al., 2013).
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FIGURE 8. Emergence of orientation selectivity with the BCM learning rule. (A,B): The top row represents the input stimuli bars presented in different orientations, the total firing rate for each stimulus is 1,000 Hz; the middle row shows the weight matrix for the output neurons, with (A) random initial weights and (B) results after the training, where it can be observed that neurons have developed their receptive fields according to the input stimulation; the bottom row shows the firing rates of the output neurons, where each color codes for a different neuron which has learned a preferred orientation. (C) Orientation tuning curves obtained by rotating a horizontal bar counter-clockwise with a step size of 10°C.



6. VOLTAGE-GATED STDP

Brader et al. (2007) have presented an STDP rule that is triggered by the arrival of pre-synaptic spikes, and in which the change in synaptic efficacy is a function of post-synaptic depolarization and of an internal variable at the spike arrival time. The rule is motivated by the necessity to design learning rules which are at the same time biologically plausible, but also compatible with implementation constraints on neuromorphic devices. Several studies have demonstrated the ability of the learning rule to discriminate complex spatio-temporal patterns (Indiveri and Fusi, 2007; Giulioni et al., 2009; Mitra et al., 2009), even if the synapses are allowed to take on only one of two stable states. Every time the post-synaptic neuron emits a spike an internal variable C(t), representing calcium concentration due to back-propagating action potentials, is incremented by a value JC and then decays with a time constant τC according to the dynamics described by
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where ti are the post-synaptic spike times. Potentiation and depression happen only if C(t) is in an appropriate interval [θhdown, θhup] for potentiation and [θldown, θlup] for depression. Post-synaptic membrane depolarization V(t) influences this plasticity rule, triggering potentiation (or depression) only if the membrane potential of the post-synaptic neurons is higher (lower) than a threshold value θV at the time of arrival of a pre-synaptic spike (tpre). Modification of the synaptic efficacy w can then be summarized by the following equations:
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where a and b represent the constant weight increase and decrease values respectively.

If none of the conditions in (6) and (7) are met, or if no spike is received in the period of time considered, then the weight drifts toward one of two stable values (wmin and wmax). The direction of the drift is determined by comparing the current weight w to a threshold θW, and speed of the drift toward the minimum and maximum stable states is determined by the constants α and β respectively. This leads to the following dynamics:
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6.1. METHODS: IMPLEMENTATION OF VOLTAGE-GATED STDP ON THE PLASTICITY CORE

The voltage-gated STDP rule needs further information from the post-synaptic neuron, as the membrane potential gates potentiation or depression. The cores communicate this information as means of shared memory in SDRAM, using a double buffer technique so that they always work on different phases. This induces a slight overhead in the neural core, which has to perform the check against θV and saves the result for each millisecond in a bitmap stored in memory. The plasticity core retrieves the results of the comparison at the beginning of each plasticity phase, and uses them in the weight update process. At the same time the function C(t) is computed starting from the post neuron spike timings, similarly to computing the STDP traces. A pseudocode version of the algorithm is presented in Appendix D.

The basic dynamics of this voltage-gated STDP rule are shown in Figure 9: The bottom row shows the trace of the calcium variable V(t), which is increased by JC whenever the post-synaptic neuron fires, and then exponentially decays with time constant τm. The central part shows the potentiation of a synapse, because here the pre-spikes arrive when V(tpre) > θV and θhdown ≤ C(tpre) < θhup, and thus fewer spikes are needed to drive the target neuron. Conversely, on the right we observe the depression of a synapse, because pre-spikes arrive when V(tpre) ≤ θV and θldown ≤ C(tpre) < θlup. After depression, the synaptic input is too weak to make the target neuron fire.
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FIGURE 9. Implementation of voltage-gated STDP. (A) Concept for implementing voltage-gated STDP on the plasticity core. (B) Example of synaptic potentiation: three pre-synaptic spikes (blue) arrive while the membrane potential is greater than θV and θhdown ≤ C(tpre) < θhup (red-shaded area in bottom row). Initially, the post-synaptic neuron (red) fires after the third spike, after potentiation only two spikes are needed to make the target neuron fire. (C) Depression example: three pre-synaptic spikes (blue) arrive while the membrane potential is less than θV and θldown ≤ C(tpre) < θlup (blue-shaded area in bottom row). After depression takes place, the post-synaptic neuron (red) no longer fires after receiving the 3 input spikes.



6.2. RESULTS: LEARNING TEMPORAL PATTERNS

To verify our implementation of the voltage-gated STDP rule by Brader et al. (2007), we implemented the model by Coath et al. (2013) for learning temporal structures in auditory data, which has originally been implemented on a neuromorphic chip in Sheik et al. (2012). The study focused on learning dynamical patterns in the context of a sound perception model by tuning auditory features through presentation of stimuli and learning using the STDP rule implemented in VLSI.

The proposed network learns to respond to particular input timing patterns. The network comprises 3 layers of tonotopically organized frequency channels, representing different positions on the basilar membrane. The first layer A represents a spiking signal produced by an artificial cochlea (such as the one in van Schaik and Liu, 2005); each neuron in the A layer projects to a neuron in 2 layers, B1 and B2 through excitatory synapses, while B1 projects to B2 through inhibitory synapses. Each neuron in B2 also receives plastic connections from all the neighboring B1 neurons, with delays proportional to the distance, as shown in Figure 10. Since delays are programmable in SpiNNaker we incorporated them directly in the B1 to B2 connection, and not through a separate neural population as in the original model. This delay property is essential for learning: correlation between the delayed feedback arriving from other B1 neurons to the B2 neurons is detected by the plasticity rules, and it controls synaptic potentiation and depression by coincidence detection. To implement the model on SpiNNaker while coping with the 1 ms time resolution used in the current neural kernels we multiplied all the time quantities by 10. For learning we use the same three input patterns that were used in the original model (see Figure 10): Pattern (C) is a forward frequency sweep, where every frequency (and therefore every A neuron) is activated in order, with a short delay between one presentation and the next. For pattern (D) we perform the same frequency sweep, but we move backwards through the frequency space. Finally for pattern (E) we perform a forked frequency sweep, starting from the middle frequency. We present the stimulus multiple times to the network and analyze what it has learned by examining the B1/B2 weight matrix. The results are presented in Figure 10, and can be compared with the results in Figures 7, 8 in Sheik et al. (2012). After repeated presentations of the target patterns, the weight matrix, initialized randomly, converges to a state where it is only sensitive to the spike-timing pattern presented, by coincidence detection through delay lines.


[image: image]

FIGURE 10. Learning temporal patterns with the model by Coath et al. (2013) and Sheik et al. (2012). (A) Network structure: each frequency channel f comprises three neurons A, B1 and B2, and is connected to other frequency channels (dashed in figure), arranged in a tonotopical way, with distance-based delays and plastic connections. (B) Delay matrix (top) and example of initial random weight matrix (bottom). (C–E) Input spikes (top) and resulting weight matrix (bottom) after learning for a forward, backwards and forked frequency swipe respectively.



7. PERFORMANCE ANALYSIS AND DISCUSSION

In Diehl and Cook (2014), the authors describe an STDP variation of the DED which follows the strategy proposed in Morrison et al. (2008) by storing traces in SDRAM, rather than performing spike pairing as proposed in Jin et al. (2010b). The authors evaluate the performance of their implementation as well as the one present in the stable release of the SpiNNaker software package1 in terms of synaptic events processed per second, as done in Sharp and Furber (2013) and Stromatias et al. (2013). They do so by feeding a leaky integrate-and-fire population of 50 neurons with a neural population of variable size that produces spikes at ≈250 Hz, according to a Poisson process, with a 20% connection probability. They report that their implementation of plasticity is capable of handling around 500K synaptic events per second per core (using 150 input neurons), while the original SpiNNaker implementation is limited to 50K events.

We adopt a similar strategy to evaluate our plasticity algorithms, but in more stringent conditions, and with a larger connectivity range. Rather than testing a single core we test a full chip (16 cores). In this way, we can also evaluate the effects of memory contention between different cores, as memory access can be a bottleneck for simulations on SpiNNaker. We model a population of 800 neurons in a single SpiNNaker chip (8 cores modeling neurons and 8 cores dedicated to plasticity) fed by an input Poisson neural population of 150 neurons with a variable rate, and measure the maximum firing rate at which the simulation can run in real time. We take as a starting point the connectivity levels reported by Diehl and Cook (2014) (20% interconnection probability, 150 × 50 × 0.2 synapses, for a total of 1,500 per core and 24,000 per chip if considering 16 cores) and increase the connectivity level up to 100% (7,500 synapses per core, 120,000 per chip). This results in synaptic rows which are 5 times longer, as every pre-synpatic neuron is connected to every post-synaptic neuron in each core, rather than only 20% as in the original experiment. We then scale the model further up by adding more pre-synaptic neurons so as to reach a total of 156,000 synapses. The performance analysis of the algorithms proposed in this work uses the same leaky integrate-and-fire current based neuron. To be able to scale the rate while maintaining the post-synaptic activity constant, we set all the weights and all the weight increments in the plasticity rules to 0, similarly to the approach in Stromatias et al. (2013). This means that plasticity is normally computed, but the weight is clipped to 0 and stored back in SDRAM. Such values are set at runtime and cannot therefore by optimized by the compiler; we have also ensured that setting these values to 0 would not bypass part of the code by removing some optimization tests (like not updating weights which do not change), thus ensuring that the code behaves in our test case as the worst possible real case. Post-synaptic activity is induced by feeding the leaky integrate-and-fire neurons with a current inducing an activity of ≈ 22 Hz.

We check if at any moment any core is lagging behind real time as this would make the simulation incorrect and unrepeatable. We also check if a walk through of the weight matrix is completed before the end of the plasticity period or, in other words, if the plasticity process is finished before the next one starts, as overlapping in this sense is not possible when operating in real time. This allows us to measure the maximum number of synaptic events that can be handled in real time by a single SpiNNaker chip, using the three learning rules proposed in this paper (STDP, BCM and voltage-gated STDP), and to understand if the performance is limited by the neural or the plasticity core.

Results are shown in Figure 11; for each given connectivity level (number of synapses) pre-synaptic firing rates are increased until the limit after which real-time simulation is no more possible. Each point of the plot hence represents the limits of the approach for a given connectivity, for each of the plasticity rules implemented. From the Figure it can be observed that the three learning rules implemented within this framework have similar performances untill the limit of 96,000 synapses (corresponding to scaling up to 80% connectivity the model by Diehl and Cook, 2014). This is due to the fact that, up to that point, all three learning rules are limited by the neural cores lagging behind real time, rather than by the plasticity process taking too long. Such limit peaks just below 1,5 million synaptic events per second per core for all three rules (23 million events for the full chip). In a non-plastic performance analysis, Stromatias et al. (2013) measured a maximum throughput of ≈ 2.38 million synaptic events per second per core. After this connectivity level the complexity of the two STDP models (standard and voltage-gated) becomes the limiting factor, and a complete walk of the synaptic matrix is not possible anymore within the 128 ms period used in this paper. The BCM algorithm is not affected by this, as the algorithm is computationally less intense, and keeps improving above 1,6 M synaptic events per second per core. The decay in performances reflects the complexity of the algorithm considered: standard STDP, being more complex than the voltage-gated version, has a sharper decrease in performances.
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FIGURE 11. Performance evaluation of the three learning rules in terms of synaptic event processed per core per second as a function of different number of synapses.



When comparing these scenario results with the previous plasticity models based on the DED by Jin et al. (2010b) and Diehl and Cook (2014) (around 50k and 500k synaptic events per second per core respectively in the 20% case - the leftmost part of Figure 11), it must be remembered that these algorithms work with a 1 ms spike-window resolution, while the experiments proposed in this paper have adopted a resolution of 2 ms. Also the former algorithms might lose spikes, while in the approach presented here the contributions from all the spikes are accumulated (or, in other words, no spike is lost).

While our approach was designed for maximal flexibility, there might be tradeoffs in terms of efficiency for some scenarios, depending on connectivity and firing rates. One limitation of our approach is, for example, that every plasticity event triggers an update of the complete synaptic matrix. For the rules proposed in this paper is not possible to selectively update only some rows. For pre/post sensitive rules (such as STDP) destinations are encoded in the synaptic row, which is stored in SDRAM, so it is not possible to know if a pre neuron connects to a post neuron which has fired (thus inducing LTP) before retrieving the row itself. In rate based models such as BCM, where the firing rate is considered as a moving average, the absence of spikes is not sufficient to ensure there is no plasticity in act. Finally rules with relaxation toward one (BCM) or multiple (voltage-gated STDP) states require a weight update even in the absence of a spike.

Since in our implementation plasticity updates occur every 128 ms, pre-synaptic firing rates should be at least on the order of ≈ 7 − 8 Hz to avoid having to update silent synapses regularly. In scenarios with lower firing rates, a purely event-driven update would be more efficient. However, a main motivation for our approach is to ensure real-time performance, even in situations with momentarily high load, e.g., if multiple neurons are firing in bursts. Such scenarios are common when using natural inputs with coincident input spikes or models with oscillatory background signals. In such cases the plasticity core approach offers greater flexibility to process plasticity in real time: instead of having to process neural and synaptic updates of all simultaneous spikes within the 1ms time step of the neural core, which might be challenging for complex plasticity rules or for complex neural models, our approach accumulates events over the longer time window of the plasticity core.

This decoupling enables the neural cores to maintain the real-time constraints, and opens up new possibilities for trade-offs to reduce the load on the plasticity cores if necessary. The simplest possibility is, as in the DED model, to lower the number of neurons simulated by each neural core (and therefore also by its associated plasticity core). Other options, although not implemented in the first proof-of-concept presented in this paper, are possible. For the initial results presented in this work we maintain a 1:1 ratio between neural and plasticity cores, but this will likely not be optimal for all scenarios. When looking at Figure 11 it can be see that the two STDP models show a sweet spot for performance at around 80% connectivity. Before such maximum the performance is limited by the neural cores, while after that is the plasticity core which is not able to keep up with the real-time requirements. An interesting alternative would be to allocate more plasticity cores to a single neural core, and adapt the plasticity:neural core ratio according to the network characteristics and to the computational complexity of the neural and plasticity algorithms and the associated workload.

A limiting hardware factor for any implementation of plasticity on SpiNNaker is the memory bandwidth, because rows of the synaptic matrix need to be written back to SDRAM. It was shown in Figure 9 of Painkras et al. (2013) that writing is the main bottleneck, since the read bandwidth is twice as high. Our approach reduces the write load, since rows are only written back to SDRAM at most once every plasticity interval, rather than once every pre-synaptic spike as in the DED model. This means that, for example, if pre-synaptic neurons are firing at 24 Hz each synaptic row would be transferred back to SDRAM 24 times per second using the DED model, but only 8 times with our approach.

Finally another possibility is to increase the duration of plasticity intervals, which increases the time available for computing the updates, but comes at the cost of larger memory requirements for storing traces in the core-local DTCM. For long plasticity intervals this might grow beyond what can be stored in DTCM (64 Kbytes for each ARM core, of which some space needs to be reserved for other parameters and buffers). The capacity can be increased by lowering the precision for storing the traces, or using a coarser time resolution. All these possible trade-offs, although not fully explored in this initial work, show the versatility of the approach, which can be adapted to different situations and modeling needs, and constitutes one of its key features, as discussed in the last Section.

8. DISCUSSION

Current research on understanding the relationship between the local electrochemical processes of synaptic plasticity and their manifestations as high-level behavioral learning and memory is increasingly relying on theoretical modeling and computer simulations (Gerstner et al., 2012). Because of the great diversity of plasticity phenomena observed in biology and the resulting diversity of proposed mathematical models, as well as the computational complexity of spiking neural network simulations dominated by the costs of synaptic processing, it is necessary to create simulations tools that provide both the flexibility to try out new models easily, and the speedup of specialized hardware. This meets the demand of increasingly large neural network simulations, both for studying brain function, and for applications in artificial intelligence (Le et al., 2012). SpiNNaker has proven to be a well-suited platform for massively parallel large-scale simulations of spiking neural networks, and is flexible enough to let researchers implement and test their own computational models in standard programming languages. The previous Deferred Event Driven Model of handling events in SpiNNaker has made it difficult to implement plasticity rules with arbitrary triggering events (pre-, or post-synaptic, or at regular time intervals), rules which depend on third factors available only at the post-synaptic neuron, or plasticity in networks with variable axonal delays. We have presented here a framework which uses the modular architecture of SpiNNaker and delegates weight updates to dedicated plasticity cores, while the network simulation operates on the remaining neural cores. We have shown that a variety of commonly used plasticity rules can be exactly replicated on this framework, with a greatly increased capacity of processing plasticity events in real-time, by running experiments on a 4-chip SpiNNaker board. The separation of neural from plastic concerns is the feature that enables the great flexibility of the architecture. The two cores work in parallel on different time scales and phases, and the plasticity core has all the information to compute plasticity for the recent past, can access the weight matrix shared with the neural core, and any other information that can be passed through means of shared memory, e.g., membrane potentials and spike timings of the pre- and post-synaptic neurons. All this information can be pre-processed before plasticity is computed, which allows e.g., the computation of rates in an otherwise spike-based simulation. The architecture can be configured easily, using PyNN scripts. This standard, high-level neural language makes it easy to integrate and explore new learning rules into the SpiNNaker architecture.

The approach presented in this paper is tailored to SpiNNaker and to its specific architecture, design and constraints. Nonetheless the same principles could be applied to other digital-analog hybrid architectures, where efficient neural simulation could be realized on one neuromorphic chip, whereas complex plasticity rules could be realized off-chip on computers or FPGAs. Regarding GPUs it appears to be more favorable to let each kernel perform the same operation following the SIMD paradigm. Fidjeland et al. (2009) sequentially use two different kernels, one for neural updates and one for applying plasticity updates. Such kernels do not run in parallel on the same GPU, but serially. This does not constitute a problem when running accelerated simulations, which is the common case for GPUs, but can raise difficulties when running in closed-loop real-time scenarios, as in neurally inspired robotics (Galluppi et al., 2014). In fact concurrent kernel execution is a feature that has only recently been introduced in GPUs, with the NVIDIA Fermi architecture. Using such technique, a plasticity and a neural kernel could be instantiated concurrently on the same GPU, in a similar way to what is done in our approach. Memory access patterns, and the possibility of accessing contiguous portions of memory is a key factor when programming a GPU (Brette and Goodman, 2012). It could be speculated that applying an approach like the one proposed in this paper would have the benefit of guaranteeing memory coalescence, as the synaptic matrix is sequentially accessed when walking through it. Multi-core or cluster architectures could also in theory benefit of separating neural simulation and plasticity, running either on different threads or on different cores, and with different time scales. However, clusters are equipped with more powerful processing units than SpiNNaker, so computing neural and synaptic updates in different cores could introduce unnecessary overheads and synchronization difficulties, particularly regarding memory bandwidth and access patterns.

In our experiments we have deliberately chosen to reproduce classical results, in order to compare the run-time performance of the novel framework to previous implementations of plasticity on SpiNNaker. The examples of BCM, STDP, and voltage-gated STDP learning provide templates for constructing further experiments with rate-based, spike-timing-based, and voltage-dependent learning rules. Our approach can be easily extended to include additional third factors to modulate plasticity, e.g., neuromodulators (Izhikevich, 2007; Potjans et al., 2011), or weight-dependency (Morrison et al., 2008; Nessler et al., 2013), can model homeostatic effects (Bartolozzi et al., 2008), or handle different synaptic delays (Tapson et al., 2013; Wang et al., 2013). It can also combine different models of plasticity in one simulation, a feature which is used in several recent models, where network function arises from the interaction of different synaptic plasticity rules that are specific to particular cell types (Lazar et al., 2009; Savin et al., 2010; Binas et al., 2014; Kleberg et al., 2014). In fact, we have provided a tool that should be general enough to model long-term potentiation rules, but is not restricted only to phenomenological ones. Other biological structures i.e., glial cells are considered to have a fundamental role in plasticity, and can enhance learning capabilities (Min et al., 2012). The plasticity core, by leveraging this functional segregation already present in biology, is a natural candidate to model such structures.

The results presented in this work and the possibilities opened by this approach point to the efficiency and to the generality of the framework introduced: a modular, flexible and scalable tool for the fast and easy exploration of learning models of very different kinds on the parallel SpiNNaker system.
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APPENDIX: PSEUDO CODE

This appendix presents pseudo code describing the implementation of the common framework and of the rules proposed in this paper. We refer to DTCM for the memory locally available to each ARM core, and to SDRAM as the off-die memory shared by all cores in a chip.

A COMMON CODE

The infrastructure for the framework is common for all the learning rules introduced, leaving users free to implement their plasticity rules starting from:

• spike windows containing a compressed form of spike timings for the
 post-synaptic neurons (stored in DTCM).

• the whole synaptic matrix, indexed by pre-synaptic neuron (stored in SDRAM). Each row contains all the synaptic information needed by the post-synaptic neurons modeled by the neural core for a particular pre-synaptic neuron.

• spike windows containing a compressed form of spike timings for the pre-synaptic neurons (stored at the beginning of each pre-synaptic row in the synaptic matrix).

• additional data needed can be passed through means of shared portions of SDRAM and initialized during the timer callback.

The DMA controller is managing access to SDRAM, relieving the ARM cores of this task and enabling them to perform computation while the memory is fetched or written in parallel. When a core needs to access SDRAM it issues a request to the DMA controller and continues its work. Whenever the requested access is completed a DMA done interrupt is generated, triggering a DMA done callback.

Synaptic data is indexed by pre-synaptic neuron in SDRAM; each row contains the information about all the core-local post-synaptic neurons each pre-neuron is connected to. Each iteration of the DMA pipeline calls itself on the next portion of the synaptic matrix if there is still data to compute.

Algorithm 1. DMA Pipeline.

[image: image]

The Packet Received callback is called whenever a MC packet (containing a post spike) is received, and is used to updated the post-spike window. The mapping software ensures that every spike emitted by the neural core reaches the correspondent plasticity core.

Algorithm 2. Packet Received callback.

[image: image]

The Timer callback is called every millisecond, and initiates the plasticity process every 128 ms in our implementation. The maximum axonal delay is reintroduced here, to ensure that all the necessary information from the previous phase is present. When initiating the plasticity process rule-specific variables (e.g., traces) can be computed; therefore the timer callback is dependent of each plasticity rule, and described in the next Sections for the three rules implemented.

The weight update process is initiated whenever the next row from the synaptic matrix has been retrieved from SDRAM and is locally available to a core. Similarly to the timer callback, this function is specific to each plasticity rule implemented and is therefore described in the following Sections.

B STDP

Algorithm 3. Timer callback.

[image: image]

Algorithm 4. STDP weight update process.
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C BCM

Algorithm 5. Timer callback.
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Algorithm 6. BCM weight update process.

[image: image]

D VOLTAGE-GATED STDP

Algorithm 7. Timer callback.

[image: image]

Algorithm 8. Voltage-gated STDP weight update process.

[image: image]
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The implementation of synaptic plasticity in neural simulation or neuromorphic hardware is usually very resource-intensive, often requiring a compromise between efficiency and flexibility. A versatile, but computationally-expensive plasticity mechanism is provided by the Bayesian Confidence Propagation Neural Network (BCPNN) paradigm. Building upon Bayesian statistics, and having clear links to biological plasticity processes, the BCPNN learning rule has been applied in many fields, ranging from data classification, associative memory, reward-based learning, probabilistic inference to cortical attractor memory networks. In the spike-based version of this learning rule the pre-, postsynaptic and coincident activity is traced in three low-pass-filtering stages, requiring a total of eight state variables, whose dynamics are typically simulated with the fixed step size Euler method. We derive analytic solutions allowing an efficient event-driven implementation of this learning rule. Further speedup is achieved by first rewriting the model which reduces the number of basic arithmetic operations per update to one half, and second by using look-up tables for the frequently calculated exponential decay. Ultimately, in a typical use case, the simulation using our approach is more than one order of magnitude faster than with the fixed step size Euler method. Aiming for a small memory footprint per BCPNN synapse, we also evaluate the use of fixed-point numbers for the state variables, and assess the number of bits required to achieve same or better accuracy than with the conventional explicit Euler method. All of this will allow a real-time simulation of a reduced cortex model based on BCPNN in high performance computing. More important, with the analytic solution at hand and due to the reduced memory bandwidth, the learning rule can be efficiently implemented in dedicated or existing digital neuromorphic hardware.

Keywords: Bayesian confidence propagation neural network (BCPNN), Hebbian learning, synaptic plasticity, event-driven simulation, spiking neural networks, look-up tables, fixed-point accuracy, digital neuromorphic hardware

1. INTRODUCTION

Bayesian Confidence Propagation Neural Networks (BCPNNs) realize Bayesian statistics with spiking or non-spiking neural networks. They can be used to build powerful associative memories (Sandberg et al., 2000; Meli and Lansner, 2013) and data classifiers, with applications ranging from data mining (Bate et al., 1998; Lindquist et al., 2000) to olfaction modeling (Kaplan and Lansner, 2014). The underlying Bayesian learning rule has clear links to biological synaptic plasticity processes (Tully et al., 2014), cortical associative memory (Lansner, 2009), reinforcement learning (Johansson et al., 2003), and action selection (Berthet et al., 2012). Furthermore, BCPNNs have been used to model phenomena like synaptic working memory (Sandberg et al., 2003), word-list learning in humans (Lansner et al., 2013) and memory consolidation (Fiebig and Lansner, 2014), making it a promising paradigm for information processing in the brain, while retaining a level of abstraction suitable for efficient technical implementation. Models using more detailed spiking attractor networks with the same structure have provided non-trivial explanations for memory retrieval and other basic cognitive phenomena like e.g., attentional blink (Lundqvist et al., 2010, 2011; Silverstein and Lansner, 2011; Lundqvist et al., 2013).

The performance of BCPNNs, for example in memory tasks, scales well with network size, making them extraordinarily powerful for large networks (Johansson et al., 2001). Therefore, massively parallel simulations of these networks (29 million spiking units, 295 billion plastic connections) have been realized on supercomputers (Benjaminsson and Lansner, 2011). These showed that BCPNN implementations are bounded by computation (Johansson and Lansner, 2007). To alleviate this limit, conceptual work on implementations in neuromorphic hardware has been performed (Johansson and Lansner, 2004; Farahini et al., 2014; Lansner et al., 2014).

In this paper, we pave the way for an efficient implementation of BCPNN in digital neuromorphic hardware by reducing both its computational and memory footprint. Existing software models apply fixed step size numerical integration methods for solving the BCPNN dynamics. Although easy to implement, this clock-driven simulation approach has two major drawbacks: First, there is a relatively high base cost for calculating the updates of all state variables at every time step, irrespective of the spiking activity in the network. Second, the states have to be read from and written back to memory at every simulation step, which is especially expensive for custom hardware implementations where the states are stored in an external memory. As suggested in recent work (Lansner et al., 2014), we tackle these issues by moving to an event-driven simulation scheme, which we systematically optimize for minimal number of calculations to achieve a reduction of the computational load by an order of magnitude. This efficiency gain of the event-driven paradigm is mainly due to the sparse activity in BCPNNs, which is retained irrespective of network size. Employing pre-calculated look-up tables for the frequent calculation of the exponential function, we further minimize the computational cost per event-driven update. By using an analytical solution of the model equations, the numerical accuracy of the simulation is increased compared to conventional simulation techniques with fixed step size (Henker et al., 2012). We show how this accuracy overhead could be utilized for significantly reducing the required memory and memory bandwidth in a potential hardware implementation by using fixed point operands with fewer bits than in a floating point representation.

While we performed our equation optimizations specifically for the BCPNN model, they are not restricted to it. As BCPNNs rely on dynamic equations that are common in neuroscientific modeling, our approach can be easily adopted to other models. It shows how to efficiently calculate single neuronal traces and correlation measures for synaptic plasticity, increasing the energy efficiency of digital implementations, either on standard computers or on specialized hardware, on an algorithmic level, complementing analog approaches for increasing the energy efficiency of neuromorphic computation (Hasler and Marr, 2013).

2. MATERIALS AND METHODS

2.1. BAYESIAN CONFIDENCE PROPAGATION NEURAL NETWORKS

In BCPNNs (Lansner and Ekeberg, 1989; Lansner and Holst, 1996) the synaptic weights between network units are calculated in a Hebbian fashion by applying Bayes' rule on the past activity of the units giving a measure of the co-activation of the units. In a similar manner each unit's bias is calculated from its past activity, representing its a priori probability to be active. Often, the activity of the units is represented by stochastic spike events, which are generated according to each unit's recent input and own activity. Typically, in a training phase these correlation and activation statistics are collected, which are then used in the subsequent test phase to perform inference, i.e., to determine the a posteriori activity of some units as a response to other units' recent activity. While the concept of BCPNN was originally developed for series of discrete samples, a time-continuous spike-based version has been developed recently, which we describe in Section 2.1.1 and whose efficient simulation is the main subject of this article. In Section 2.1.2, we present an application of this spike-based BCPNN learning rule in a modular network that constitutes a reduced full-scale model of the cortex.

2.1.1. Spike-based BCPNN

Spike-based BCPNN (Wahlgren and Lansner, 2001; Tully et al., 2014) is implemented by a set of local synaptic state variables that keep track of presynaptic, postsynaptic, and synaptic (i.e., correlated) activity over three different time scales, by passing spiking activity over three low pass filters, see Figure 1. Here and throughout this paper the three sites (pre-, postsynaptic and synaptic) are denoted by indices i, j, and ij, respectively. In the first processing stage, the pre- and postsynaptic spiking activity represented by spike trains Si (resp. Sj) is low pass filtered into the Zi and Zj traces (Figure 1B), with time constants τzi and τzj in a range of 5 ms to 100 ms, which corresponds to typical synaptic decay time constants for various receptor types.


[image: image]

FIGURE 1. Equations and sample traces of the spike-based BCPNN learning rule. (A) Presynaptic (red) Si and postsynaptic (blue) Sj spike trains serve as input to a BCPNN synapse. (B) The input spike trains are low pass filtered into the Z traces with time constants τzi,τzj. (C) E traces compute the low-pass filter of Z traces with τe. The Eij variable (black) tracks coincident pre- and postsynaptic activity. (D) E traces are passed on to the P traces and low-pass filtered with τp. (E) The P traces are used to compute the postsynaptic bias βj and the synaptic weight wij, which can vary between positive and negative values. Usually, the dynamics get slower from B to D: τzi, τzj ≤ τe ≤ τp. Figure redrawn from Tully et al. (2014).



In the second stage, the Z traces are passed on to the E or eligibility traces and low pass filtered with time constant τe. Here, a separate trace Eij is introduced to filter the coincident activity of the Z-traces, see Figure 1C. The E traces typically have slower dynamics than the Z traces (τe ≈ 20 − 1000 ms), and can be motivated to provide a mechanism for delayed reward learning (cf. Tully et al., 2014).

The E traces in turn are low pass filtered into the P traces (Figure 1D). These tertiary traces have the slowest dynamics with time constant τp ranging from 1 s to several 100 s, even higher values are possible. The P traces correspond to the probabilities of the units being active or co-active in the original non-spiking BCPNN formulation (Lansner and Holst, 1996). In a final step the P traces are used to compute the synaptic weight wij and the postsynaptic bias βj (Figure 1E). The formulas for wij and βj contain the parameter ϵ, which originates from a minimum spiking activity assumed for the pre- and postsynaptic units (cf. Tully et al., 2014), and which has the side effect to avoid division by zero in the weight formula.

The global parameter κ in the dynamics of P traces can take any non-negative value and controls the learning, i.e., it determines how strong recent correlations are stored. When the learning rate κ equals zero, there is no learning, as the P traces do not change at all, and thus neither do the synaptic weight wij and the postsynaptic bias βj. We assume that κ only undergoes discrete and seldom changes, mostly when learning is switched on or off. Hence, while κ is constant and non-zero, the dynamics of the P traces can be expressed with a modified time constant τ*p:

[image: image]

We refer to Tully et al. (2014) for establishing the link between the spike-based and the probabilistic BCPNN learning rule, as well as for details on the biological equivalents of the processing stages. Also, note that in some cases the second low pass filter is not actually used, so that the Z traces are directly passed to the P traces.

2.1.2. Reduced modular model of the cortex

As an application of the spike-based BCPNN we consider a modular abstract network model, motivated by the columnar structure of the cortex, that was already presented in Lansner et al. (2014). One assumption is that the smallest functional units in the mammalian cortex are not single neurons but so-called minicolumns. A minicolumn is formed by a local population of some hundred neurons with enhanced recurrent connectivity and similar receptive fields, so that these neurons are assumed to have quite correlated output. An example would be a minicolumn encoding a certain orientation during processing in primary visual cortex.

In the order of 100 minicolumns are aggregated in a larger columnar structure, the cortical hypercolumn, which contains in the order of 10,000 neurons. Within a hypercolumn the minincolumns compete in a soft winner-take all (soft-WTA) fashion through feedback inhibition, so that most of the time only one minicolumn shows high firing activity while the others are mostly silent. Minicolumns can be viewed to encode a discrete value of an attribute specific to each hypercolumn.

In our reduced, abstract model, each minicolumn is represented by one stochastically spiking minicolumn unit (MCU). Only connections outside a hypercolumn are implemented: The internal connections between neurons of a minicolumn are hidden within the MCU, while the competitive feedback inhibition of the 100 MCUs within a hypercolumn unit (HCU) is hardwired by means of a normalization of activity per HCU (cf. Equation 5 below). In turn, for the implementation of the incoming long-range synaptic connections, which on the neuron level typically make up half of the between 103 and 104 incoming connections in total, we assume that each MCU propagates its spikes to 10,000 other MCUs, and has appropriately as many incoming connections. These connections are patchy in the sense that each MCU projects onto 100 hypercolumns and delivers spikes to all 100 MCUs of each target HCU. The connection scheme is motivated as follows: Long-range connections are provided by large layer 5 pyramidal cells, which make up around 10% of a minicolumn. Each of those cells forms synaptic connections to clusters of far away neurons in horizontal direction. The diameter of these clusters approximately corresponds to the dimension of a hypercolumn. In real cortex, each of the large pyramidal cells generates around 10 of these patches (Houzel et al., 1994; Binzegger et al., 2007), which motivates the 100 target HCUs per MCU, assuming that one MCU comprises one hundred neurons. All of these connections between MCUs are subject to the spike-based BCPNN learning equations of Figure 1.

At a higher level, HCUs represent independent network modules between which spikes are transmitted. Each HCU consists of 100 MCUs and 1 million plastic synapses organized in an array with 104 inputs and 100 outputs, as illustrated in Figure 2. The pre- and postsynaptic states of the BCPNN model can therefore be implemented at the margin of the array, while the synaptic traces Eij,Pij, and wij form the array, thus representing the largest amount of state variables. The minicolumn units integrate the incoming spiking activity, which is then turned into a spiking probability of each unit. In particular, presynaptic input leads to a synaptic current ssyn,j (Equation 2), which together with the bias βj and a specific external input Ij sums up to the support value sj for each minicolum unit j in Equation (3):

[image: image]

[image: image]


[image: image]

FIGURE 2. Structure of one hypercolumn unit (HCU) of the reduced cortex model. Each HCU contains 100 stochastic minicolumn units (MCUs) that compete in a winner-take-all fashion. Input spikes from 10,000 MCUs of other HCUs connect via 1 million BCPNN synapses to all 100 MCUs of the HCU. Each MCU sends its output spikes to 100 other HCUs. In order to store all Z,E,P traces and synaptic weights of the HCU, more than 12 MB memory is required when using floating point numbers with single-precision.



The low-pass filtered version of Equation (3) gives the “membrane potential” mj of each MCU:

[image: image]

where τm is the membrane time constant in the order of 10 ms. In other words, the MCUs are leaky-integrators (Equation 4) with three different input currents (Equation 3): The bias βj(t) represents the prior contribution to the unit's activation irrespective of the current synaptic input, determined by the past spiking activity of the unit itself via the postsynaptic traces (Zj, Ej, Pj, cf. Figure 1). The synaptic input is implemented as an exponentially decaying synaptic current ssyn,j(t) (Equation 2), which - at a presynaptic spike of input i - is increased by synaptic weight wij(t) learned according to the Equations in Figure 1. Last, the external input Ij(t) allows a specific stimulation of single units.

All M MCUs of a hypercolumn unit are organized as a probabilistic soft-WTA circuit. The activation oj of each unit is computed as:

[image: image]

The gain factor γm controls the strength of the soft-WTA filtering process, the higher γm the higher the activation-ratio between the winning unit and the remaining units. The normalization in Equation (5) ensures that on average not more than 1 MCU is active at the same time.

The activation oj then translates into the instantaneous Poisson firing rate rj for each unit:

[image: image]

where rmax,HCU is the maximum firing rate per HCU. The average spiking frequency in mammalian cortex is quite sparse, with an average spike rate on the order of 0.1 Hz (Lennie, 2003). In our full scale HCU with 100 MCUs the average activity level would be around 1 Hz (thus rmax,HCU = 100 HZ), and the difference is explained by the fact that one MCU represents around 10 layer 5 pyramidal cells.

2.2. SIMULATION STRATEGIES

2.2.1. Fixed step size simulation

The typical approach for the simulation of spiking neural networks is simulation with fixed step size, where all states are synchronously updated at every tick of a clock (Brette et al., 2007; Henker et al., 2012). Usually, in such time-driven simulation, one uses numerical integration methods like Euler or Runge-Kutta to advance the state by one time step dt.

For our reference fixed step size simulation we follow Lansner et al. (2014) and use the explicit Euler method for the numerical integration with a rather long time step of dt = 1 ms. As the MCUs are stochastic, the instantaneous firing rate rj (Equation 6) is transformed into a firing probability per time step, which is then compared to a uniform random number between 0 and 1 to generate spikes. The 1 ms time step is also used in state-of-the-art real-time digital neuromorphic systems like the SpiNNaker (Furber et al., 2014) and the Synapse hardware (Merolla et al., 2014). For completeness, we also present results with 0.1 ms step size, which is commonly used for the simulation of spiking neural networks.

2.2.2. Event-driven simulation

In Sections 2.3.1 and 2.3.3 we provide analytical solutions for the spike-based BCPNN model. For those simulations we mix the time-driven and event-driven approach: We restrict spike times to multiples of the simulation time step dt. The stochastic MCUs (Equations 2–6) are evaluated as for the time-driven approach, which requires that also the βj is computed at every time step. In contrast, the states of the BCPNN synapses (Figure 1) are only updated at the occurrence of a pre- or postsynaptic event.

2.3. ANALYTICAL SOLUTIONS OF SPIKE-BASED BCPNN

The simulation of spike-based BCPNN with a fixed step size method is cost-intensive and requires very frequent read and write of the state variables from and to memory. Therefore, we first provide the rather straightforward analytical solution of the BCPNN equations in Section 2.3.1, allowing an exact event-driven simulation scheme. As intermediate step, we rewrite the BCPNN dynamics as a spike response model in Section 2.3.2, which then provides the basis for a second analytical solution with reduced number of operations (Section 2.3.3). Although not employed in the experiments in this article, discrete changes of the learning rate κ must be considered for the completeness of the two analytical solutions, which is done in Appendix A3.

2.3.1. BCPNN solution: analytical I

For the event-driven simulation of BCPNN, the update of the state variables is only triggered by events (usually pre- or postsynaptic spikes). For each state variable one requires the time of its last update tlast, in contrast to the time-driven simulation, where all states correspond to the same global time. Event-driven simulations are especially efficient if the update of the states from tlast to the current time t can be solved analytically. Without further derivation, we give the analytic solution to advance the Z, E and P traces by Δt = t − tlast from time tlast to t, provided that there is no spike between tlast and t. For the presynaptic traces the solutions are
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with the following coefficients used for brevity:
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In Equation (7) Si describes the presynaptic spike train taking value 1 at the spike time tfi and value 0 otherwise, formally
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where δ(·) denotes a Dirac pulse. We note that Equation (8) is only valid when τzi ≠ τe, Equation (9) furthermore requires that τ*p is different from both τzi and τe. For the sake of simplicity we restrict ourselves within this article to time constants fulfilling this condition, but give the solution for the other cases in Appendix A.

The update formulas for the postsynaptic traces Zj, Ej, and Pj can be obtained by replacing indices i by j in the presynaptic update formulas.

Accordingly, the update of the synaptic traces Eij and Pij is given by:
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with shortcuts
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Note that, on purpose, Equations (9, 13) were not further simplified to ease the comparison with the spike response model formulation of the BCPNN model in the next section. Again, we restrict ourselves to parameter sets where none of the involved time constants (τzij, τe and τ*p) are equal. Note, however, that τzi and τzj may be equal.

The analytical solution of the BCPNN equations derived in this section is henceforth denoted as analytical I method.

2.3.2. Spike response model formulation of the BCPNN model

As starting point for a second event-driven analytical solution with less operations, we make use of the linearity of the BCPNN differential equations and formulate the dynamics as a spike response model, in accordance with the work of Gerstner and Kistler (2002). The presynaptic traces can be written as a response to spike times tfi:
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Here Θ(·) denotes the Heaviside step function. ζi, αi, and πi are the spike response kernels for the Zi, Ei and Pi traces. One can obtain Equations (15–17) from the analytical solution by setting Zi(tlast) = 1, Ei(tlast) = 0, Pi(tlast) = 0 in Equations (7–9). The spike response kernels ζi, αi, and πi are shown in the left panel of Figure 3 as dashed lines. The postsynaptic traces can be analogously formulated, by replacing i with j in Equations (15–17).
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FIGURE 3. BCPNN dynamics in two different representations for an example spike train. (A) Presynaptic traces according to the original model formulation (Zi, Ei, Pi), as expressed in Equations (7–9). (C) “Exponential” traces Z*i, E*i, P*i used for the analytical II solution with minimal number of calculations, according to Equations (32–34). Dashed lines in A and C denote spike response kernels, i.e., responses to a single spike. (B) Transformation between the two different representations (Equations 29, 30, 46).



For the synaptic trace variables Eij and Pij the spike response formulation becomes more sophisticated: Therefore, we consider the product ZiZj, which after inserting the spike response formulation of Zi and Zj is given by:

[image: image]

[image: image]

[image: image]

For Equation (20) we employed the fact that for the spike response of a presynaptic spike at time tfi, we can neglect the contribution of future postsynaptic spikes with tfj > tfi, and vice versa. Hence, similar to the Zi and Zj, the product ZiZj can be written by means of the spike kernels ζij:
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In contrast to Zi and Zj, where all spikes have equal strength, for ZiZj the spike response of each presynaptic spike tfi is scaled by the current value of the postsynaptic Zj trace, respectively by Zi(tfj) for each postsynaptic spike tfj.

As the Eij trace is just a low-pass filtered version of the product ZiZj, we can analogously write the Eij and Pij traces as spike response models:
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with spike response kernels:
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We remark that Equations (20, 22, 23) are ambiguous for the limit case of simultaneous pre- and postsynaptic spikes (tfi = tfj), as it is unclear whether the sampled Zi and Zj correspond to the values directly before or after the spikes. This is resolved in Section 2.3.3.

2.3.3. BCPNN solution with reduced operations: analytical II

For the analytical update of the Z, E and P traces derived in Section 2.3.1, we observe that especially the update of P traces is expensive in terms of number of operations. In the presented BCPNN architecture, each MCU has approximately 10,000 inputs and correspondingly as many outputs. It would therefore be of great benefit to reduce the computational cost of the update of the synaptic traces. We achieve this by transforming the BCPNN variables to a new set of state variables that all decay exponentially over time and are only increased when a spike occurs. This is motivated by the spike response model formulation (Section 2.3.2), where the Zi, Ei, Pi traces are superpositions of the spike response kernels ζi, αi, and πi, which in turn are linear combinations of the exponential functions [image: image], and [image: image]. Due to the linearity of the system we can choose these exponentials as new state variables to equally describe the BCPNN dynamics.

This second analytic solution of the BCPNN model is henceforth called analytical II in this paper.

2.3.3.1. Presynaptic traces. For the presynaptic side, we introduce the new state variables Z*i, E*i, and P*i:
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which can be used to express Zi, Ei, and Pi:
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The time course of the new state variables as a response to an example spike train is shown in Figure 3C. Note that we have introduced Z*i although it is identical to Zi in order to emphasize the concept of the new representation with exponentially decaying state variables.

Instead of performing an event-based update of the original state variables Zi, Ei, and Pi, we can update Z*i, E*i, and P*i: Given that there is no spike between tlast and t, the state evolves from tlast to t, with Δt = t − tlast, as:
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Thus, between any two times we only have to calculate the exponential decay with τzi, τe, and τ*p. At a new spike, we add 1 to all of the new state variables, compared to the classical lazy model, where only Zi is increased (cf. Figure 3). Of course, equivalent new state variables and the same updating scheme can be used for the postsynapic side.

2.3.3.2. Synaptic traces. For updating the synaptic variables, an analogy can be made to the presynaptic traces. Again, we introduce new state variables E*ij and P*ij:
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These, together with Z*i and Z*j, can be used to express Eij and Pij:
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We first consider the event-based update of the new synaptic state variables E*ij and P*ij for a presynaptic spike only (which is equivalent to a postsynaptic spike only). The case of simultaneous pre- and postsynaptic spikes is treated separately afterwards. In order to advance E*ij and P*ij from their last updated time tlast to t, with Δt = t − tlast and no spike within this interval, the update goes as follow:
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i.e., E*ij and P*ij decay exponentially from their last states and, for the case of a presynaptic spike tfi at time t, increase by the sampled postsynaptic Zj(t) trace. Here lies the difference to the presynaptic update, where each spike has the same effect, whereas the synaptic E*ij and P*ij traces are increased depending on the current Zj value of the postsynaptic side, as the synaptic traces keep track of the overlap of pre- and postsynaptic activity.

The case of concurrent pre- and postsynaptic spikes is not well defined in the formulas for E*ij and P*ij (Equations 35, 36) and in the spike response model formulation (Equations 22, 23). Therefore, we turn back to the product ZiZj, which at simultaneous pre- and postsynaptic spikes is increased by
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Here Z−i (Z−j) denotes the Z-trace before the evaluation of a presynaptic (postsynaptic) spike, and Z+i (Z+j) after the evaluation:
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where Si (Sj) is only non-zero if there is a presynaptic (postsynaptic) spike at the current time. Inserting Equation (42) into Equation (41) yields
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The increment Δij not only describes the change of ZiZj, but also applies to updates for the new synaptic traces E*ij and P*ij. Equation (44) can be used when both spikes are evaluated synchronously, Equation (45) when both spikes are evaluated consecutively, i.e., when first the presynaptic spike is processed (first summand), and afterwards the postsynaptic spike (second summand). For the event-based benchmark simulations (Sections 2.2.2 and 3.1.2), where all spikes are discretized to multiples of dt, the latter strategy for Δij is used for the update in the synapse array: first all presynaptic spikes are evaluated, then all postsynaptic spikes.

2.3.3.3. Initialization of exponential state variables. This section explains how to set the initial values of the new state variables (Z*, E*, P*) from a given set of Z, E, P traces. Therefore, we first shorten the transformation formula of Pi (Equation 31) with new coefficients as:
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For brevity, we have left out the time dependence of the states. The equivalent simplification can be applied for the postsynaptic traces. Similarly, the synaptic traces (Equations 37, 38) can be written as
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with coefficients
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To turn the set of Z, E, P variables into the new state variables (Z*, E*, P*), the following reverse transformation holds:
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Note that the transformation has to be performed in the above order. The synaptic values are set as follows:
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2.4. BENCHMARKS

To validate our implementation of the BCPNN we used several benchmarks, targeting either simulation run time or accuracy. As infrastructure for the simulations we used a cluster with Intel® Xeon® CPU E5-2690 2.90 GHZ. All benchmarks were implemented in C++ and compiled with GCC 4.7.1. All simulations were single-threaded. The time constants and other BCPNN parameters used for the benchmarks are listed in Table 1.

Table 1. Parameters used in the execution time and accuracy benchmarks.
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2.4.1. Simulation run time

To compare the computational cost of the different update strategies, we simulated the synaptic dynamics of a full hypercolumn with 10,000 inputs and 100 MCUs, see Figure 2. For both pre- and postsynaptic units we use independent Poisson spike trains, which are pre-generated and then read from a file to the main program, so that equal spike trains are used for the different update strategies. The simulation runs for 10 s, the Poisson rate is swept over a range of 0.01–100 Hz. For each rate and update strategy we assess the execution time per simulated second as the average of 5 runs with different random seeds. Although independent Poisson spike trains for the pre- and postsynaptic units will not be the case in realistic BCPNN applications including learning and retrieval of patterns, they sufficiently model the probabilistic nature of the MCUs and are thus favorable compared to regular spike trains. In order to measure only the computational cost of the synaptic updates, the stochastic MCUs are not simulated in this benchmark. However, for a fair comparison of the update strategies, we calculate the support value sj (Equation 3) for all postsynaptic units at each time step, so that all βj are calculated at every time step, and the weights wij are computed whenever a spike of presynaptic unit i arrives.

2.4.2. Accuracy comparison

As many published results are based on an explicit Euler method (see e.g., Johansson and Lansner, 2007; Berthet et al., 2012; Kaplan and Lansner, 2014), we compare this numerical method to an exact analytical one in Section 3.2.2. Furthermore, we investigate the influence of using fixed-point operands with different number of bits instead of floating point numbers with double precision. For this purpose, we implemented a single BCPNN synapse in C++ with templates allowing the comparison of different number formats, making use of an in-house developed fixed-point library.

As stimuli for the BCPNN synapse we generated pre- and postsynaptic spike trains according to a homogeneous Poisson process with rate r. For the accuracy benchmarks not only the update frequency is important but also that different dynamical ranges of the BCPNN variables can be triggered, which requires different levels of correlation. To achieve that, we follow Kuhn et al. (2003) and create pre- and postsynaptic Poisson spike trains that share a fraction of c correlated spike times. Therefore, we create one correlated Poisson spike train with rate c · r, and two independent Poisson spike trains with rate (1 − c) · r for the pre- and postsynaptic side. The correlated spike times are then added to both independent spike trains. To avoid a systematic zero-lag between pre- and postsynaptic spike times, the correlated spike times of the postsynaptic side are jittered according to a Gaussian distribution with standard deviation σ = 5 ms.

We run multiple simulations to investigate the effects of the Euler method and fixed-point operands, respectively. For each accuracy setting, stimuli are generated using 11 correlation factors c ranging from 0 to 1 in intervals of 0.1. For each of the different correlation factors, 10 different seeds are used for the Poisson processes, resulting in 110 simulations per accuracy setting. The stimuli are generated with an average rate of 1 Hz and the duration of each simulation is 1000 s. For the Euler method, spike times are set to multiples of the time step to avoid time discretization errors (Henker et al., 2012). For fixed-point operands, spike times are generated with a resolution of 0.01 ms.

To assess the accuracy of the different implementations, we consider absolute errors eabs:
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where x denotes the exact value (analytical solution with floating point double precision) and [image: image] is the approximation (either the Euler solution or the analytical solution with fixed-point operands). By point wise comparing each of the state variables (e.g., wij, Pij …), the accuracy can be assessed. The mean absolute error eabs is the average of the single absolute errors determined at each time of a pre- or postsynaptic spike over all simulation runs. The normalized mean absolute error (NMAE) is the mean absolute error divided by the range of observed values x:
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which allows to compare the accuracy of several variables with different scales.

3. RESULTS

The two analytic solutions for spike-based BCPNN derived in Section 2.3 allow an efficient event-driven simulation of BCPNNs. In Section 3.1 we investigate how this reduces the computational footprint of BCPNN learning both formally and empirically. Aiming also for a small memory footprint, we evaluate the use of fixed-point numbers for the storage of BCPNN state variables, and compare the introduced discretization errors with the errors caused by the fixed step size simulation with the Euler method (Section 3.2).

3.1. COMPARISON OF SIMULATION STRATEGIES

In this section we compare the computational efficiency of the two analytical solutions of the BCPNN equations against each other and to the commonly used fixed step size implementation with the Euler method. We also investigate the benefit of using look-up tables for exponential decays in the analytical II method.

3.1.1. Number of operations

We start with a formal comparison between the two analytical update solutions by counting the steps of calculation required for an event-based update in each representation. Therefore, we categorize the operation into three classes: ADD combines both additions and subtractions, MUL stands for multiplications and divisions, EXP for calculations of the exponential function, and LOG for the natural logarithm.

Table 2 lists the number of operations needed by the analytical I and analytical II methods for different tasks: For the update of the presynaptic state variables (Zi, Ei, Pi resp. Z*i, E*i, P*i) at an incoming spike, most notably, the analytical II method requires 6 MUL and 3 ADD operations less than the analytical I method. Instead, when the Pi value is retrieved, e.g., to calculate the synaptic weight wij, the analytical I method requires zero operations, while the analytical II method requires 2 ADD and 3 MUL operations to calculate Pi from Z*i, E*i, and P*i. Here, the difference between the two strategies manifests: while the analytical II is more efficient when the states are updated, it requires additional operations to determine the original states. Nevertheless, when adding up the counts of both tasks (pre-update and retrieval of Pi), e.g., when βj is updated after a postsynaptic spike, the analytical II is still much more efficient than the analytical I method.

Table 2. Arithmetic operations per task for different analytical update methods.
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Similar results are found for the update of the synaptic state variables (Eij, Pij resp. E*ij, P*ij), where the advantage of the analytical II over the analytical I is even larger, cf. Table 2. Again, the analytical II strategy needs additional steps of computation for the retrieval of Pij. For the typical case of a presynaptic spike, where all traces and the weight are updated (task “update of wij after pre-spike”) and which includes the retrieval of all P-traces, the analytical II requires considerably less operations than the analytical I method. Note that the speedup of the analytical II is even higher when processing a post-synaptic spike, as then the weight needs not be calculated and thus the P traces need not be retrieved.

If we consider an array of BCPNN synapses, as in a hypercolumn unit of the reduced cortex model (Figure 2), where the pre- and postsynaptic traces are handled at margins of the array, it is the update and retrieval of the synaptic BCPNN state variables that make up the majority of the calculations. Assuming equal mean firing rates for the pre- and postsynaptic units, the Pij values need to be retrieved on average only at every second spike event. In that case, the analytical II method requires roughly half the number of basic arithmetic operations (ADD and MUL) of the analytical I method, but only slightly less calculations of the natural exponential function.

3.1.2. Simulation run time

As a complement to the formal comparison, we measured the simulation run time required to simulate the update of synapses of one HCU with 10,000 inputs and 100 outputs for the different update strategies. The results for a sweep over the Poisson firing rates of the inputs and outputs, which is described in detail in Section 2.4.1, are shown in Figure 4A. As expected, for the fixed step size simulation with explicit Euler method and dt = 1 ms the execution time depends only slightly on the spike frequency: It takes 2.4 s to simulate 1 s of the network for firing rates up to 10 Hz, only for higher rates the run time increases significantly, which can be attributed to the more frequent calculation of synaptic weights. In contrast, for the event-based methods the execution time strongly depends on the firing activity: For very low spike rates, there is a baseline computational cost that can be attributed to the calculation of all postsynaptic biases βj and support values sj (Equation 3) at every time step (cf. Section 2.4.1). For Poisson rates of 0.1 Hz and higher, the execution time scales linearly with the firing rate. The update strategy with reduced operations (analytical II, green curve) clearly outperforms the conventional analytical update (analytical I, blue curve). For a typical average firing rate of 1 Hz of MCUs in a HCU (cf. Lansner et al., 2014) the analytical II strategy is more than 3 times faster than the real-time dynamics of the model, while the analytical I update runs approximately at real time. We remark that we optimized the C++ code of the analytical II update as good as possible, while the analytical I code is not optimized to the end. Thus, the results of latter can not be taken as final and should rather be interpreted as an intermediary result.
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FIGURE 4. Speed comparison of different simulation strategies for spike-based BCPNN: fixed step size simulation with explicit Euler method with 1 ms time step (Euler, black curve), event-driven simulation with analytical update (analytical I, cf. Section 2.3.1, blue) and analytical update with exponential state variables (analytical II, cf. Section 2.3.3), with and without using look-up tables (LUTs) for the exponential function (red, resp. green). (A) Execution time for simulating a full hypercolumn unit with 1 million BCPNN synapses for 1 s with different Poisson firing rates applied to both pre- and postsynaptic units of the HCU (cf. Figure 2). (B) Speedup of event-based simulation methods with respect to the fixed step size simulation with Euler method in A. Look-up tables were implemented for the exponential decay of type [image: image] for the time constants τzi, τzj, τe, τ*p. Each LUT had 3000 entries in steps of 1 ms.



We compare the run time of the event-based methods directly to the fixed step size simulation in Figure 4B. For low spiking activity, the event-based methods are up to 100 times faster than the fixed step size method. At 1 Hz the analytical II strategy (green curve) runs more than 8 times faster than the simulation with Euler. Only for firing rates higher than 20 Hz the fixed step size approach is competitive with, respectively faster than the analytical II method.

Additional results for a 0.1 ms time discretization are provided in Appendix A4, showing a much higher speedup of event-driven methods against the fixed step size method.

3.1.3. Look-up tables for exponential functions

In another simulation we investigated the benefit of using look-up tables (LUTs) for the exponential functions instead of computing the exponential at each event. This is motivated by the number of exponential decays calculated per update (cf. Table 2), as well as by a profiling of the implemented C++ program which shows that a huge amount of simulation time is spent in the computation of the exponential function. Look-up tables are especially beneficial in the used event-driven simulation (Section 2.2.2) where spike times are restricted to multiples of the time step dt. Calculations of the form
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are performed very often, where N is the number of time steps that have elapsed since the last update, and τ is one of the four involved time constants τzi, τzj, τe, τ*p. In a modified version of the analytical II implementation, we create look-up tables of Equation (58) for the four time constants, each with L entries for N = 1 … L. Only if the number of elapsed time steps between two updates is larger than L, the exponential function Equation (58) is computed on demand.

The results for using look-up tables in the analytical II method are included in Figure 4: The implementation with look-up tables (red curve) speeds up the simulation for Poisson rates starting from 0.1 Hz, and is up to 3 times faster than the version without LUTs at 10 Hz spiking activity. Here, the size of the LUTs was chosen as L = 3000, covering update intervals up to 3 s, so that for a Poisson rate of 1 Hz on average 95% of the inter spike intervals are handled by the look-up table. For the typical case of 1 Hz the LUT implementation is 1.9 times faster than the one without LUTs, 6.6 times faster than real time, and 16 times faster than the fixed step size simulation with explicit Euler method. For a wide spectrum of tested firing rates the analytical II solution with look-up tables is much more efficient than the fixed step size simulation with Euler, only for a firing rate of 100 Hz the latter performs slightly better (Figure 4B), so that in practical situations the fixed step size method becomes dispensable for the simulation of the abstract BCPNN cortex model.

3.2. FIXED-POINT NUMBERS FOR BCPNN TRACES AND THEIR ACCURACY

To store all traces of the 1 million BCPNN synapses of a full HCU, one requires more than 12 MB assuming a single precision floating point number occupying 4 byte for each state variable (Lansner et al., 2014). Targeting an implementation of the BCPNN model on neuromorphic hardware, the use of fixed-point numbers can reduce the number of computational and storage resources, possibly at the price of loosing precision. Therefore, we investigate the accuracy of using fixed-point operands to store the state variables in the event-based simulation with analytical II method, and compare it to the accuracy of the fixed step size simulation with the Euler method.

3.2.1. Value range estimation

For a fixed-point implementation of the BCPNN model, it is important to determine an upper bound of each state variable. This bound can be used to normalize the variables, so that an identical fixed-point representation can be used for all.

For a single exponential trace, be it the Zi and Zj traces in the standard analytical solution or the state variables of the analytical II solution, an upper bound can be calculated using a regular spike train with maximum rate rmax. The value of this rate may be derived from the units' refractoriness period or as a multiple of the mean unit firing rate, accounting for short-term firing rate fluctuations. The upper bound can be calculated from the equilibrium state, where exponential decay and instantaneous increase at a spike equalize:
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The upper bounds of the presynaptic traces are illustrated in Figure 5A. They very closely match the actual maximums of the traces according to the employed regular spike train. For the traces of Ei and Pi, the same maximum as for Zi can be used in good approximation. This is motivated from the differential equations of the model given in Figure 1: The worst-case assumption for Zi from the maximum calculation would be a constant value of Zi,max. Given this input, the trace of Ei would approach the same value. The same argument in turn holds for Pi.
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FIGURE 5. Value range estimation of the BCPNN states variables: Traces of the Z, E, and P states for a regular spike train with frequency of 50 HZ. (A) Presynaptic traces according to the standard analytical solution (analytical I), as expressed in Equations (7–9). (B) Exponential traces of the improved analytical solution analytical II, Equations (32–34). Analytically calculated limits according to Equation (59) are plotted as dashed lines. Time constants used here: τzi = 20 ms,τe = 80 ms and τ*p = 200 ms.



For the traces of the analytical II solution, Z*i, E*i, and P*i, Equation (59) can be used with according time constants. For rmax · τ ≫ 1, the maximum can be approximated as rmax · τ for an increment of Si = 1. The highest absolute value is reached for the longest time constant, which is τp = 1000 ms in our example parameter set. Assuming a refractoriness period of 1 ms, the worst-case upper bound would be P*i,max ≈ 1000. For a fixed-point implementation, a width of 10 integer bits would be sufficient to avoid any unwanted saturation or overflows. It can be expected that the actual maximum of P*i is significantly lower as it is extremely unlikely that a neuron (resp. a MCU) fires every 1 ms for a multitude of spikes. Thus, for a specific benchmark, a lower bound may be determined from simulation.

3.2.2. Accuracy comparison

We ran multiple simulations to investigate the effects of the Euler method and fixed-point operands, respectively. For each accuracy setting, a single BCPNN synapse was stimulated by pre- and postsynaptic Poisson spike trains of 1 Hz average rate. We applied different levels of correlation between pre- and postsynaptic spike trains in order to generate wide value ranges of the BCPNN variables, especially for wij. The simulation setup is described in detail in Section 2.4.2.

The accuracy results for both Euler method and fixed-point operands are shown in Figure 6. As accuracy measure, we assess the normalized mean absolute error (NMAE) as described in Section 2.4.2. To get an impression of the variable ranges in the simulations, we give their average, minimum and maximum in Table 3. Note that we only show the errors for wij and βj (and not for the Z,E,P traces), as these are the only BCPNN variables that affect the activation of the postsynaptic units. As expected, the Euler method exhibits a linearly increasing accuracy with decreasing step size (Figure 6A). The accuracy is worse for the synaptic weight wij than for the bias βj, as the wij error is affected by the errors of Pi,Pj, and Pij, while βj only depends on the accuracy of Pj. For 1 ms step size, which we used for the execution time benchmarks, the normalized mean absolute error of the synaptic weight lies far below 1%. A reason for this relatively small error might be the exponentially decaying dynamics of the BCPNN variables, which keeps the accumulation of errors low.
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FIGURE 6. Accuracy of fixed step size simulation with Euler method and event-driven analytic simulation using fixed point operands. The accuracy of wij and βj is assessed by the normalized mean absolute error taken over a large set of experiments with the exact analytical solution as reference, see text for details. (A) Simulation with Euler, dependent on step size. The dashed line shows the linear scaling: y(dt) = dt · s−1. (B) Analytical solution with event-driven update (analytical II) using fixed-point representation with different counts of fractional bits. The dashed line shows the quantization noise amplitude: y(b) = 2−b. The error bars in A and B denote the normalized maximum absolute error recorded within all simulations per setup. (C) Comparison between the errors introduced by the Euler method and the use of fixed-point numbers with limited number of fractional bits: For wij and βj the location of equal mean absolute errors is plotted, depending on the step size for the Euler method, respectively the number of fractional bits of the fixed-point implementation. Dashed line: estimated relationship according to Equation (60).



Table 3. Measured ranges of BCPNN state variables in accuracy simulations.

[image: image]

For fixed-point operands, we used calculation with floating point precision, but quantized each intermediate result for a state variable to a fixed number of fractional bits. For the time constants and coefficients (Equations 47, 50) we used the highest available fixed-point precision (32 fractional bits) to minimize computational errors. This emulates the case that state variables are stored with limited precision to reduce storage space, but the arithmetic operations are designed such that they do not introduce additional numerical errors. Quantization errors can be modeled as a noise source with amplitude 2−b, where b is the number of fractional bits. All errors scale according to this noise source (compare dashed line in Figure 6B). Again, the accuracy is higher for βj than for wij, but now the ratio between wij and βj errors is larger than in the Euler simulation.

Comparing these results answers the question what fixed-point operand resolution is required in our optimized analytical solution to achieve at least the same accuracy as state-of-the-art Euler methods. This can be derived from curves with equal mean absolute error, as shown in the lower diagram of Figure 6C. In terms of scaling, Euler method and fixed-point operands compare as
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where dt is the step size of the Euler method and AEuler, Afixed are variable-specific constants. The corresponding line dt = 2−b is drawn as dashed line in the diagram. As expected from the previous results, the single errors follow this line, shifted by an offset. For a time step of dt = 0.1 ms 16 fractional bits or less are required to achieve at least the same accuracy in all variables. A number of integer bits is required in addition to represent values greater than one. As shown in Section 3.2.1, a maximum of 10 integer bits is required in a worst-case scenario for the employed parameter set.

For the simulation of the reduced modular model of the cortex described in Section 2.1.2, for which a 1 ms time step seems to provide sufficient results (Lansner et al., 2014), only 12 fractional bits, and thus at maximum 22 bits in total, are needed to ensure equal or better accuracy compared to using the Euler method. Hereby, the required memory per state variable decreases by almost one third compared to using single precision floating point numbers.

Considering a 0.1 ms time step and a 64 bit floating point representation, which is commonly used in state-of-the art neural network simulations, fixed-point numbers with less than 32 bits yield competitive accuracy, so that the memory footprint reduces even by more than a half.

4. DISCUSSION

In this paper we derived two analytic solutions for the spike-based BCPNN learning rule. They enable an efficient event-driven simulation of spiking neural networks employing this learning rule, such as the reduced modular model of cortex (Lansner et al., 2014). The advantages of using an analytic over a fixed step size numeric solution are twofold: Firstly, it enables an event-driven update of the variables, and thereby significantly speeds up synaptic plasticity when interspike intervals are long compared to simulation time resolution. Secondly, it increases the precision of the calculations compared to fixed step size methods. Both aspects can be utilized for allocating resources in an existing hardware system efficiently or in conceiving a neuromorphic system based on the BCPNN computational paradigm.

4.1. CLASSIFICATION AND LIMITATIONS OF OPTIMIZATION

In our simulations including 1 million BCPNN synapses with pre- and postsynaptic activity at 1 Hz, we were able to reduce the execution time by a factor of 16 compared to the conventional fixed step size simulation with explicit Euler. One hypercolumn unit of the reduced cortex model was simulated more than 6 times faster than real time on a single CPU. Several factors are responsible for that speedup:

By employing the analytical I solution of the BCPNN model, the event-driven simulation becomes feasible and clearly defeats the time-driven simulation at the chosen working point of 1 Hz firing rate. In general, the event-driven approach is mostly advantageous over the time-driven approach when the firing rates are low and connectivity is sparse (Brette et al., 2007). Hence, as long as the inter-spike intervals are large compared to the simulation step size, the analytic event-driven simulation can effectively reduce the execution time of spiking neural networks, independent whether the BCPNN synapses connect single neurons or more abstract units like in the cortex model.

The analytical II solution requires on average only half of the basic arithmetic operations of the conventional analytical I solution for an event-based update, and slightly less calculations of the exponential function. Here, the computational cost is reduced by representing the same BCPNN dynamics with a set of exponentially decaying state variables, which is possible due to the linearity of the system. A similar approach has been taken by Brette (2006) for the exact simulation of leaky integrate-and-fire neurons with synaptic conductances, albeit with the restriction of equal excitatory and inhibitory synaptic time constants. Quite the opposite, the only limitation for the BCPNN synapse model is that the decay time constants of the three low pass filtering stages must differ. Nevertheless, when a specific network model requires equal time constants, one can still switch to the analytical I solution provided in Appendix A2, or try slightly different parameters.

The usage of look-up tables for the frequent calculation of exponential decays can further accelerate the simulation by a factor of 2 or 3. Precalculated look-up tables are a common tool in event-driven neural network simulations to reduce the cost for the calculation of complex functions (Brette, 2006; Ros et al., 2006). For BCPNN, LUTs for the exponential decay are beneficial as long as the time constants are homogeneous and do not vary from synapse to synapse. In our hybrid simulation of a hypercolumn unit, where spikes are discretized to multiples of the simulation step size, look-up tables not only accelerate the simulation, but also provide the same accuracy as the solution without LUTs. For simulations with arbitrary update intervals, linear interpolation can be used to achieve almost exact results (Brette, 2006). Alternatively, for the case of the exponential function, the computation can be split into two steps, e.g., by first retrieving the EXP separately for the integer and fractional bits of the exponent, and then multiplying the two obtained results. There remains the question for the optimal size and resolution of the look-up tables, which must be chosen depending on the used hardware platform (available memory, cache size) and the inter spike interval distributions of actual network models.

The optimizations presented in this paper focus on reducing the computational footprint for the spike-based BCPNN learning rule: In our benchmarks we have considered either a single synapse or an array of synapses, but not the dynamics of neurons or the MCUs. The efficient simulation of large recurrent networks with many HCUs entails many new issues, e.g., the distribution of hypercolumns across compute nodes and memory, the communication of spikes between HCU or the buffering of spikes, and gives rise to separate studies that are clearly out of scope of this paper.

4.2. ACCURACY

Fixed-point operands can reduce the memory footprint with the drawback of loosing precision compared to a floating point representation. To find the compromise between the two solutions, we assessed the accuracy of using fixed-point operands for the storage of the BCPNN state variables in an event-based simulation with the analytical II method (Section 3.2). The accuracy was compared to the errors introduced by the fixed step size simulation with explicit Euler method using 64 bit floating point numbers, which is commonly used in neural simulation. We found that fixed-point numbers with 22 bits assure equal or better accuracy for all BCPNN variables than the Euler method with 1 ms time step, resp. 26 bits for 0.1 ms time step.

The question remains about which accuracy is necessary in a practical situation. A previous study (Johansson and Lansner, 2004) on using fixed-point arithmetic for BCPNNs showed that an attractor network with 8 bit weights can offer the same storage capacity as an implementation with 32 bit floating point numbers. To achieve this, probabilistic fractional bits were used and the computation of the moving averages (low-pass filters) was performed in the logarithmic domain. Given these results, we speculate that also spike-based BCPNN can be implemented in fixed-point arithmetic with 16 or less bits without loosing computational capabilities, so that the required memory and memory bandwidth can be halved compared to 32 bit floating point numbers used in Lansner et al. (2014).

4.3. NEUROMORPHIC HARDWARE

Our optimizations can be directly incorporated for designing more efficient neuromorphic hardware systems. There are currently several diverse attempts for building large-scale hardware platforms, aiming for a more efficient simulation of large-scale neural models in terms of speed, power or scalability (Schemmel et al., 2012; Hasler and Marr, 2013; Benjamin et al., 2014; Furber et al., 2014; Merolla et al., 2014). As in our analysis, realizing synaptic plasticity is the most resource-demanding task, so that a focus of neuromorphic designs is in efficiently emulating plasticity mechanisms, most often implementing some variant of spike-timing dependent plasticity (STDP, Bi and Poo, 1998; Morrison et al., 2008) in analog or mixed-signal circuitry, see Azghadi et al. (2014) for a review.

An implementation of the BCPNN learning rule requires a stereotypical set of coupled low-pass filters, see Figure 1. Implementation of the rule in analog neuromorphic hardware is technically feasible, as there is large knowledge on building leaky integrators (Indiveri et al., 2011), and even the issue of long decay time constants in nanometer CMOS technologies can be resolved, e.g., with switched capacitor techniques (Noack et al., 2014). In this context, our optimized analytic solution offers an interesting alternative to the direct implementation of the original model equations: When using the analytical II solution, the stereotypical low-pass filters are only charged at incoming spikes, in contrast to the continuous coupling in a direct implementation. This alleviates the need for a continuous, variable-amplitude charging mechanism for the E and P traces. On the other hand, charging only at incoming spikes requires a more elaborate calculation of the output values, as present in the analytical II solution. However, this calculation needs to be performed only at spikes as well, allowing e.g., for an efficient implementation with switched-capacitor circuits.

The design of analog neuromorphic circuits is time-consuming and the circuits are affected by parameter variations due to device mismatch. Digital implementations are much less affected by these problems. They may be less energy and area efficient on the level of single elements and they do not allow for direct ion-channel-to-transistor analogies as employed in traditional neuromorphic designs (Hasler et al., 2007). However, they allow to fully utilize the energy efficiency and performance advantages of neural algorithms and modeling approaches, while offering better controllability and scalability.

Several purely digital neuromorphic systems support synaptic plasticity, implemented either on application-specific integrated circuits (Seo et al., 2011), on field-programmable gate arrays (FPGAs) (Cassidy et al., 2013) or a custom multiprocessor system using a larger number of general purpose ARM cores (SpiNNaker system, Furber et al., 2014). Recently Diehl and Cook (2014) showed how general STDP rules can be efficiently implemented on SpiNNaker, despite the system's restriction that synaptic weights can be modified only at the arrival of a presynaptic spike. By adopting their implementation of trace-based STDP, the event-driven spike-based BCPNN in variant analytical I or analytical II can be seamlessly integrated on the SpiNNaker hardware. As we do, Diehl and Cook (2014) use look-up tables for the exponential function; furthermore, SpiNNaker uses fixed-point arithmetic, so that our insights on the accuracy of fixed-point operands may find immediate application.

The event-driven approach is also amenable to state-of-the-art methods for reducing the energy of computation in digital systems. Recent multi-core hardware platforms support fine grained per-core power management, as for example demonstrated on the Tomahawk multiprocessor system-on-chip (MPSoC) architecture (Arnold et al., 2014; Noethen et al., 2014). By changing both the clock frequency and the core supply voltages of each processing element in a dynamic voltage and frequency scaling scheme (Höppner et al., 2012), the hardware performance can be adapted to the performance requirements to solve a particular part of the BCPNN in real time with reduced energy consumption, e.g., by regarding the number of incoming spikes per HCU per simulation step. In addition, within phases of low activity complete processing elements can be shut off to reduce leakage power consumption. Another candidate architecture for energy-efficient neural computation with BCPNNs is the multi-core Adapteva-Epiphany chip (Gwennup, 2011), which is optimized for power-efficient floating point calculations requiring only one fifth of the energy at equal flop rate as the state-of-the-art (but general-purpose) ARM's Cortex-A9 CPU.

Alternatively, spike-based BCPNN can be implemented on novel systems rather than on existing digital systems: For example, one may build dedicated digital hardware for the simulation of the BCPNN cortex model. Such a system containing compact supercomputer functionality can be prototyped in an FPGA with special units for the learning rule or the stochastic minicolumn units, and has therefore only low risk compared to mixed-signal implementations. Recently, Farahini et al. (2014) provided a concept for a scalable simulation machine of the abstract cortex-sized BCPNN model with an estimated power-dissipation of 6 kW in the technology of 2018, which is three orders of magnitudes smaller than for a full-cortex simulation on a supercomputer in comparable technology with 20 billion neurons and 10,000 times more synapses (see also Lansner et al., 2014). They assume the analytical I method for the event-driven updating of the BCPNN traces, and apply floating point units for arithmetic operations. Our work can further promote their performance: By using the analytical II method with look-up tables the computational cost can be further reduced; by moving to fixed-point arithmetics the required memory and memory bandwidth decreases, so that a low-power real-time simulation of the cortex becomes possible.

4.4. OUTLOOK

Of course, our optimizations can also be used to boost the simulation of spike-based BCPNN on conventional computing systems. For example, already the supercomputer simulations of the reduced cortex model by Benjaminsson and Lansner (2011) showed weak scaling and achieved the real-time operation when simulating one HCU per processor with the fixed step size Euler method (dt = 1 ms) and spike-based BCPNN synapses without E traces (the Z traces are directly passed to the P traces). Such large-scale BCPNN simulations are mostly bounded by computation rather than by inter-process communication (Johansson and Lansner, 2007; Lansner et al., 2014), as the firing activity is low and the connectivity is sparse and patchy. Hence, we conjecture that with our approach a speedup factor of 10 or more might be achieved. At the same time, our results can accelerate the simulations of small or medium-scale neural networks employing the spike-based BCPNN learning rule, with applications ranging from olfaction modeling (Kaplan and Lansner, 2014), reward learning (Berthet et al., 2012) to probabilistic inference (Tully et al., 2014). Regardless of whether the BCPNN is implemented in neuromorphic hardware, on a single PC or on supercomputers, the presented optimization through event-driven simulation with look-up tables can boost the success of the BCPNN paradigm as a generic plasticity algorithm in neural computation.

Furthermore, the BCPNN abstraction constitutes an alternative approach to tackle the energy efficiency wall for brain-sized simulations discussed in Hasler and Marr (2013): Instead of simulating every single neuron and synapse, one can choose a higher level of abstraction for the basic computational units in the brain (e.g., a minicolumn), use a powerful learning rule (e.g., spike-based BCPNN), and implement such networks in a lazy simulation scheme (e.g., on dedicated digital hardware), to finally achieve a very energy-efficient simulation of the brain.
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Resistive (or memristive) switching devices based on metal oxides find applications in memory, logic and neuromorphic computing systems. Their small area, low power operation, and high functionality meet the challenges of brain-inspired computing aiming at achieving a huge density of active connections (synapses) with low operation power. This work presents a new artificial synapse scheme, consisting of a memristive switch connected to 2 transistors responsible for gating the communication and learning operations. Spike timing dependent plasticity (STDP) is achieved through appropriate shaping of the pre-synaptic and the post synaptic spikes. Experiments with integrated artificial synapses demonstrate STDP with stochastic behavior due to (i) the natural variability of set/reset processes in the nanoscale switch, and (ii) the different response of the switch to a given stimulus depending on the initial state. Experimental results are confirmed by model-based simulations of the memristive switching. Finally, system-level simulations of a 2-layer neural network and a simplified STDP model show random learning and recognition of patterns.
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INTRODUCTION

Brain-inspired computing is among the top challenges of the today's information and communication technology. The brain is capable of formidable tasks, such as learning, recognition of visual/auditory patterns, and adaptation in response to new information. To meet this grand challenge, a neuromorphic system should include a number of neurons and synapses similar to a biological human brain, featuring around 1012 neurons and 1015 synapses (Rajendran et al., 2013). Clearly, such a complex system can be realized only through advanced manufacturing techniques (e.g., 3D integration), and small circuit blocks for neurons and synapses. The latter, in particular, represents by far the largest area of the neuromorphic circuit due to the huge number of inter-neural connections, therefore scaling down the size and complexity of the artificial synapse is a key task in the design of a neuromorphic circuit.

To this purpose, nanoscale resistive switches, or memristors, have been proposed as novel artificial synapses in neuromorphic systems (Likharev et al., 2003; Snider, 2008; Jo et al., 2010). Memristors have the capability of an inherent analog tuning, combined with a 2-terminal structure and a scalable device area and power, therefore they display strong advantage with respect to silicon-based synapses, such as floating gate memories (Diorio et al., 1996) and static RAM (Indiveri et al., 2006). Different switch technologies have been proposed for artificial synapses, including phase change memories (Wright et al., 2011; Bichler et al., 2012; Kuzum et al., 2012), organic-based switches (Bichler et al., 2010), chalcogenide-based switches (Ohno et al., 2011; Suri et al., 2013) and oxide-based resistive switching memories (Seo et al., 2011; Yu et al., 2011, 2013; Park et al., 2012; Ambrogio et al., 2013). The latter approach provides analog switching, nonvolatile behavior, CMOS compatible materials, back-end process and scalable power consumption thanks to filamentary switching (Wong et al., 2012). A memristor naturally satisfies the requisites for electrically-tunable conductance, serving as a connection for communication between a pre-synaptic neuron (PRE) and a post-synaptic neuron (POST), and responsive to the individual spikes fed from both neurons. To achieve this multitask operation, a time-division multiplexing (TDM) approach was previously proposed, where neuron spikes obey a precise synchronous sequence for communication, long-term potentiation (LTP) and long-term depression (LTD) (Snider, 2008; Jo et al., 2010). The synchronous approach, however, may be too idealized with respect to the biological brain, where synapses are potentiated/depressed through asynchronous spike timing dependent plasticity (STDP) (Bi and Poo, 1998). Also, synchronous clocking may be practically difficult in the case of large neuromorphic systems (Zamarreño-Ramos et al., 2011). More recently, a fully asynchronous approach for communication/learning of neuromorphic synapses with leaky-integrate-and-fire (LIF) neurons was proposed (Zamarreño-Ramos et al., 2011; Serrano-Gotarredona et al., 2013). However, a conceptual demonstration of realistic memristor synapses for communication and learning has not been achieved so far.

This work addresses the integration of memristors in neuromorphic systems by introducing a 2-transistor/1-resistor (2T1R) synapse for large scale neuromorphic systems. The transistors in the synapse block allow for (i) multiple-input control of the synapse, which must receive signals from both the PRE and the POST, and (ii) accurate control of the filament growth for analog switching and STDP behavior (Yu et al., 2011; Ambrogio et al., 2013; Subramaniam et al., 2013). STDP in the 2T1R synapse is experimentally demonstrated on bipolar resistive switching memories based on HfO2 acting as memristive switches. We show that the memristive synapse is capable of communication of spiking signals between neurons and stochastic STDP due to both the natural switching variability in the switch, and to the variations of memristive response depending on the initial state. We finally show a conceptual demonstration of a simulated 2-layer neuromorphic network displaying stochastic pattern learning and recognition, thus further supporting memristive synapse as a scalable, high-functionality building blocks for large scale neuromorphic systems.

MATERIALS AND METHODS

Figure 1A shows the conceptual scheme of the 2T1R structure for the memristive synapse. Both MOS transistors in the synapse control the current flowing through the memristor, thus enabling communication and plasticity. The PRE controls 2 of the 4 terminals of the 2T1R structure, namely the top electrode (TE) and the communication gate (CG). The bottom electrode (BE) is instead connected to the virtual-ground input of the POST, which also controls the fire-gate (FG) terminal.


[image: image]

FIGURE 1. Illustrative scheme for the 2T1R synapse and its operation. The synapse consists of a memristor with 2 series transistors, connected to both the PRE and POST (A). During communication, the PRE delivers pulses to both the CG and the TE terminals of the synapse (B). The resulting current is a function of the memristor conductance and is fed into the input node of the integrate-and-fire POST neuron (C). The maximum and minimum voltages of TE pulse are VTE,max = 2.4 V and VTE,min = −1.65 V, respectively.



COMMUNICATION MODE

The usual operation of the synapse consists of the communication mode, where the synapse is a simple resistor with fixed conductance allowing for the weighted transmission of spikes from the PRE to the POST (Zamarreño-Ramos et al., 2011; Indiveri et al., 2013). Figure 1B shows the waveforms of the pulses applied to the TE and the CG. The TE pulse includes an exponentially-increasing negative pulse and a short positive pulse, while the CG pulse is a short positive pulse enabling the transmission of a negative current pulse to the POST input through the BE connection. Although the CG voltage is high, it always overlaps with the low-voltage region of the VTE pulse, which rules out any possible switching in the memristor. The negative current spike is integrated by the input stage of the POST as shown in Figure 1C, illustrating a single PRE/synapse/POST layer of the neuromorphic network. The integrate-and-fire structure of the POST in Figure 1C is largely simplified, in that it does not include, e.g., the leakage path for the stored charge, the refractory period to deactivate integration during fire, and the reset switch to initialize integration after fire (Zamarreño-Ramos et al., 2011). As the PRE spikes collected at the neuron input are integrated, the internal voltage Vint increases, eventually hitting the threshold of the comparator stage. This event triggers the fire circuit, namely a monostable circuit delivering spikes in the forward direction, i.e., to the TE and CG terminals of the output synapse, and in the reverse direction, i.e., to the FG terminal of the input synapses.

STDP

The temporal coincidence of the PRE spike at the TE of a synapse and of the POST spike (or fire) at the FG of a synapse leads to a change of the memristor conductance according to Figure 2. Two cases can be distinguished by the relative delay Δt defined as the time between the end of the negative TE pulse and the end of the FG pulse. For Δt > 0 in Figure 2A, there is an overlap between the positive 1-ms TE pulse and the FG pulse, thus inducing set transition in the memristor. The increase of conductance, due to the growth of a conductive filament (CF) across the HfO2 switching layer (Nardi et al., 2012), is dictated by the compliance current IC flowing in the transistor, hence by the gate voltage VFG. Since the FG voltage VFG decreases at increasing Δt, LTP decreases as Δt increases, thus realizing a timing-dependent LTP. Figure 2B also includes triangular read pulses at VTE before and after the PRE and POST spikes, both having 1 ms width and a small amplitude of 0.5 V to avoid any disturb to the memristor device. A rectangular pulse of width 1 ms and amplitude 5 V was applied to VFG to enable the pulse operation. The response current during the read pulse before and after the PRE/POST spikes allows to evaluate the increase of conductance induced by LTP.
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FIGURE 2. Signal waveforms during LTP and LTD. LTP takes place when the delay Δt between VTE and VFG is positive (A). In this case, there is overlap between the positive 1-ms TE pulse and the FG pulse (maximum voltage 2.9 V), thus inducing set controlled by the VFG-value. VFG increases at decreasing Δt, thus the maximum LTP is obtained for Δt approaching 0. LTD takes place when the delay Δt between VTE and VFG is negative (B). In this case, the negative TE pulse and the positive FG pulse overlap each other, thus inducing reset controlled by the VTE-value. VTE increases in absolute value at decreasing Δt, thus the maximum LTD is obtained for Δt approaching 0.



Similarly, for Δt<0 (Figure 2B), the negative TE pulse and the positive FG pulse overlap each other, thus inducing reset transition due to the disconnection of the CF. The increase of resistance during reset is controlled by the maximum voltage across the memristor (Nardi et al., 2012), hence by the value of VTE. Since VTE decreases in absolute value at increasing Δt, LTD decreases with Δt, thus carrying out time-dependent LTD. The combination of time-dependent LTP and LTD results in STDP functionality.

CIRCUIT IMPLEMENTATION

To verify the conceptual scheme of STDP in Figure 2, we applied the waveform in the figure to a 1T1R structure including an HfO2 memristor in series with a MOS transistor. The MOS transistor has threshold voltage VT = 1.4 V, while the channel width and length were 3 μm and 1.425 μm. In the memristor, a Si-doped HfO2 layer was sandwiched between two TiN electrodes. A Ti cap was deposited between the top TiN electrode and the HfO2 layer to allow for oxygen extraction aimed at the formation of a local sub-stoichiometric HfOx (x < 2) layer close to the top electrode. This oxygen-exchange layer (OEL) is believed to act as a defect reservoir for the injection during the set transition, when the positive applied voltage induces migration of defects, such as oxygen vacancies and metallic impurities (Hf, Ti) responsible for the formation of a conductive channel, thus resulting in a relatively low resistance. The application of a negative voltage instead results in the retraction of the conductive channel back toward the OEL, thus leading to a relatively high resistance. The HfO2 layer had an amorphous structure after deposition. The HfO2 thickness was 10 nm, while the Ti cap thickness was 15 nm. More details about the experimental samples are reported elsewhere (Ambrogio et al., 2014a; Calderoni et al., 2014). The CG transistor was not connected in the experiment, due to our focus on demonstrating STDP. Figure 1C shows the conceptual scheme of the 2T1R structure for the memristive synapse. The FG pulse had extreme voltages of 2.9 and 1.0 V, with time constant τ = 140 ms. The same time constant was used for the exponential region of the TE pulse, where the extreme voltages were −1.65 and −0.55 V. The 1-ms half-triangle positive pulse had an extreme amplitude of 2.4 V.

RESULTS

EXPERIMENTAL STDP CHARACTERISTICS

Figure 3A shows the cumulative distributions of measured resistance R in the memristor after application of TE and FG pulses at increasing Δt. The same STDP experiment with a given Δt was repeated 100 times to allow for a sufficient statistical accuracy. The device was always prepared in a full reset state, corresponding to a resistance of about 100 kΩ, and the delay Δt was changed between 1 and 100 ms. The distributions show a decreasing value of R at decreasing delay, in agreement with the expected time-dependent LTP in Figure 2A. Figure 3B summarizes the conductance enhancement R0/R, where R0 is the initial resistance and R is the median value of the distribution. The figure shows time-dependent increase of conductance (LTP) for Δt > 0, while no change of resistance is obtained for Δt<0. Figure 3C shows the cumulative distribution of measured R for negative Δt in the range between −1 and −100 ms. To demonstrate LTD, the memristor was initialized in a low resistance state with R0 around 5 kΩ, obtained with a pulse of 1 ms at IC = 170 μA. Figure 3D shows the conductance change R0/R indicating time-dependent LTD for Δt<0. LTD can also be seen at positive delays, which is due to a sequence of reset and set events in the memristor during the negative and positive regions of the TE pulse, respectively. First, a reset transition takes place due to the negative VTE, then the 1-ms VTE pulse induces a set transition with relatively low IC. As a result, the device is in a set state finally, although with smaller conductance than the initial state, due to the relatively small IC. Since IC decreases at increasing positive Δt<0, LTD increases with Δt.
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FIGURE 3. Cumulative distributions of R for variable Δt and corresponding STDP characteristics. Cumulative distributions for Δt > 0 show an increasing R for increasing Δt, starting from a high-resistance state (R0 = 100 kΩ) of the memristor (A). Correspondingly, the conductance change R0/R decreases at increasing Δt in the STDP characteristic (B). Similarly, for LTD starting from a low-resistance state (R0 = 5 kΩ) of the memristor, the cumulative distributions show that R decreases at increasing negative delay (C), while the conductance change R0/R decreases for large delays in the STDP characteristic (D).



Distributions in Figures 3A,C show a significant variability, although they were obtained by repeating the same experiments several times on a single device. The distribution variance can be attributed to the switching variability in memristive devices, which was shown to result from the discrete number of defects in the CF (Ambrogio et al., 2014a). The natural switching variability ensures stochastic plasticity in the artificial synapse, where the final state is not deterministically dictated by Δt, rather it is affected by an inherent standard deviation. Note that the relative spread increases with R in Figure 3, due to the decreasing number of defects and the correspondingly large statistical spread (Ambrogio et al., 2014a).

Figure 4 shows STDP characteristics for variable time constant τ in the range between 40 ms and 180 ms, for the memristor initially prepared in a high resistance state (a) or a low resistance state (b). LTP (a) and LTD (b) characteristics show the same behavior as in Figure 3, except for a stretching along the Δt axis for increasing τ as a result of the change of the slope of the exponential TE and FG pulses. These results demonstrate the tunability of the STDP characteristics on the timescale through a proper choice of the time constant.
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FIGURE 4. STDP characteristics at increasing time constant τ. The STDP characteristics stretch to longer Δt as the time constant describing the VTE pulse increases, for both LTP on high-resistance states (A) and LTD on low-resistance states (B).



Dependence on the initial state

While results in Figures 3, 4 were obtained for the memristor initialized in either the high resistance (for LTP) or the low resistance state (for LTD), it is important to demonstrate the functionality of the STDP scheme for any arbitrary initial state. We first considered variable reset states, obtained by first setting the device to a reference initial low resistance state with a compliance current IC = 170 μA, then resetting the device with a variable maximum negative voltage Vstop, as shown in Figure 5A. Here, the set and reset transitions in the HfO2 memristor can be seen at positive and negative voltage, respectively. As the reset voltage increases, the resistance increases, as a result of the increasing growth of the depleted gap along the CF (Nardi et al., 2012). The memristor resistance values were 25, 45, and 100 kΩ for Vstop equal to −1.2, −1.4, and −1.65 V, respectively. Also shown are simulation results according to our physics-based analytical model for resistive switching devices (Ambrogio et al., 2014b). In this model, the Fourier equation for heat generation and conduction is analytically solved, then the local temperature at the injecting point along the CF is used to estimate the migration rate and the corresponding change of CF diameter (during set transition) and depleted gap (during reset transition). The energy barrier controlling ion migration in the analytical model was EA = 1.2 eV. Simulation results in Figure 5A support the model as an accurate tool for predicting real memristive switching in metal oxide systems.
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FIGURE 5. STDP response at variable high-resistance states. Variable high-resistance states are obtained by resetting the memristor device at increasing negative voltage Vstop as shown in the I–V curve (A). The STDP characteristics show increasing LTP and decreasing LTD at increasing initial R (B). Analytical calculations well account for the experimental data as a function of Vstop.



Figure 5B shows the measured and calculated STDP characteristics for variable high resistance states in Figure 5A. As the initial resistance R0 increases, the LTP conductance change increases, while the LTD conductance change decreases. However, the shapes of LTP and LTD characteristics are qualitatively the same irrespective of the R0.

Similarly, we studied variable set state, namely state obtained with variable compliance current during set. Figure 6A shows the measured and calculated I–V curves for IC = 25, 50, 100, and 170 μA. Both set transition at positive voltage and reset transition at negative voltage are shown in the figure. Simulations by the analytical model again accounts closely for the experimental behavior. As IC increases, the set state resistance decreases, as a result of the larger diameter of the CF (Nardi et al., 2012). Note that the reset current Ireset is approximately equal to IC (Kinoshita et al., 2008; Lee et al., 2008), while the reset voltage Vreset is approximately constant around 1 V, marking the voltage needed to initiate defect ionization and migration within the CF (Ielmini, 2011). Figure 6B shows the measured and calculated STDP characteristics for variable initial low-resistance state as in Figure 6A. Calculations again provide a satisfactory agreement with data and can predict the state-dependent learning in the synapse.
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FIGURE 6. STDP response at variable low-resistance states. Variable low-resistance states are obtained by setting the memristor device at increasing compliance current IC as shown in the I–V curve (A). The STDP characteristics show increasing LTP at increasing initial R, while LTD characteristics change only slightly (B). Analytical calculations well account for the experimental data as a function of IC.



The STDP characteristics in Figures 5, 6 show LTD at both positive and negative Δt, which disagrees with the standard timing-dependence of biological learning (Bi and Poo, 1998). However, it was shown that biological synapses might have diversified response based on their function and typologies (Abbott and Nelson, 2000). For instance, a similar STDP response with LTD at positive Δt was observed in hippocampal CA1 neurons (Nishiyama et al., 2000; Wittenberg and Wang, 2006) and explained as due to the Ca+ dynamics (Caporale and Dan, 2008). This demonstrates that the memristive STDP response in 2T1R synapse is compatible with learning functions in biological neural networks.

Stochastic learning

Results in Figures 5, 6 suggests that, for any given Δt, the potentiation/depression of the synapse also depends on the initial state, which introduces a certain degree of stochastic response in the STDP characteristics. To study the stochastic behavior of STDP, we performed experiments with a sequence of coupled TE and FG pulses as in Figure 2, applied to the same synapse initially prepared in a high resistance state. A total number of 55 different sequences were applied, each including 10 spikes with randomly chosen Δt. Each random sequence was repeated 50 times to achieve sufficient statistical significance. The time constant was 140 ms in all experiments and simulations.

Figure 7 shows (from top to bottom) the VTE waveform, the VFG waveform and the corresponding resistance R for a random sequence of 10 spikes. Read pulses similar to the waveform in Figure 2 (not shown in Figure 7A) were applied after each spike to measured R. Figure 7B shows the color map of the occurrence of any value of conductance change R0/R as a function of Δt for all 27,500 random spikes. The ratio R0/R was defined as the ratio between resistances before and after the STDP event. The maximum probability (red) indicates LTD for negative Δt and for relatively large positive Δt, while LTP occurs for relatively small positive Δt. Figure 7C shows the color map of R0/R as a function of Δt for 104 simulated sequences assuming random Δt and using the same analytical switching model for the memristor as in Figures 5, 6. The calculated color map shows a qualitative agreement with the experimental STDP, indicating potentiation at small Δt > 0, and depression at negative Δt and large positive Δt. The STDP statistics, where different LTP and/or LTD are obtained for any given Δt, is mainly due to the dependence on the initial state as discussed in Section Experimental STDP Characteristics Experimental data in Figure 7B indicate a larger spread of R0/R, which we attribute to the additional source variability due to the naturally stochastic switching, i.e., the physical origin of the distribution spread in Figures 3A,C.
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FIGURE 7. STDP over a random sequence of spikes. A sequence of partially-overlapping PRE/POST spikes with random Δt are applied to the synapse, resulting in LTP or LTD depending on the relative delay (A). The conductance change R0/R has been collected over 50 repeated experiments with 55 different sequences, each containing 10 random spikes. For any Δt and R0/R, the probability has been reported in colour scale (B). Calculated results show similar stochastic STDP characteristic (C).



The impact of switching variability is also highlighted in Figure 8, showing the values of R measured after each spike in a sequence of 10 events with random timing Δt. Figure 8A compares 5 typical sequences always starting from the same initial high resistance state (about 105 Ω), to study the effect of switching variability. The measured R displays random walk depending on Δt, which is shown in Figure 8B. Note the significant random change among all trajectories due to the stochastic switching during each set/reset operations. The largest variability is seen for LTD, due to the large variability in the high resistance state (see, e.g., Figures 3A,C). On the other hand, LTP leads to a certain decrease of variability, since the set operation is mainly controlled by IC and negligibly depends on the initial high-resistance state (Ambrogio et al., 2014a).
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FIGURE 8. Stochastic LTP and LTD. The resistance (A) was plotted as a function of the number of the spike within a sequence with determined delay Δt (B). The sequence was repeated 5 times to highlight the variability of resistance change during LTP and LTD. natural switching variability leads to random walk of R during each set/reset operation, with reset (LTD) process showing generally larger stochastic variation compared to set (LTP) process.



PATTERNING LEARNING AND RECOGNITION THROUGH STDP

To verify that STDP in the 2T1R synapse is capable of pattern learning and recognition, we adopted a 2 layer neuromorphic network schematically shown in Figure 9. Here, N pre-synaptic neurons provide spiking input to M post-synaptic neurons through an array of NxM synapses (Zamarreño-Ramos et al., 2011). Connections to PRE and POST in Figure 9 are organized according to rows and columns, respectively, each requiring 2 lines for connecting the 2T1R synapse, namely the TE and CG line from PRE to the synapse and the BE and the FG between the synapse and the POST.
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FIGURE 9. Schematic illustration of the 2-layer neuromorphic network. The first layer consists of N PRE, while the second layer consists of M POST, thus resulting in a network of NxM synapses with 2T1R structure.



To simulate pattern learning, we assumed that the N PRE neurons belong to an artificial retina providing visual stimuli corresponding to the 8 × 8 square pattern at the extreme left in Figure 10A (N = 64). The pattern was fed synchronously from PRE to POST through the synapse array, by applying a spike for every white pixel while black pixel did not yield any spike. The pattern was randomly alternated with random noise, consisting of 95% probability for black and 5% for white signals in each of the N pixels. The duty cycle of true pattern occurrence was 50%. All signals received at a POST were integrated according to the scheme in Figure 1C, then a fire signal was triggered as the internal potential Vint reached a given threshold. The fire signals were delivered from the POST to all connected synapses, and dictated a conductance change according to the simplified STDP characteristic in Figure 10B. This includes LTP for small Δt > 0 and LTD for Δt < 0 and for large Δt > 0, according to the most general response of the 2T1R synapse in Figures 5, 6. As a minimum resistance R = 5 kΩ was reached, further potentiation was inhibited in the synapse, while depression was inhibited above a resistance R = 100 kΩ.
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FIGURE 10. Pattern learning and recognition through 2T1R synapses. The input pattern was fed by the first layer of 8 PRE neurons toward a second layer of 8 POST neurons, resulting in learning as demonstrated by the evolution of the synapse weights (A). Each synapse was changed according to a simplified STDP characteristic with discrete delay (B). The conductance of pattern synapses increases due to the learning process, while other synapses experience increasing depression (C).



Figure 10C shows the calculated conductance 1/R for 64 synapses in a single column, which connected all PRE to a single POST. Starting from a uniformly distributed random initial state, the synapse conductance, or weight, generally follows 2 trends, either increasing or decreasing with time due to repeated LTP and LTD. The evolution of the synapse weights is also shown in Figure 10A for 4 states, namely initial state and after 100, 500, and 1000 epochs of pattern presentation. The pattern is seen to rapidly potentiate the corresponding synapses, with potentiation and depression occurring in white and black pixel positions, respectively. On the other hand, a longer time is needed for depression of unstimulated synapses, since depression relies on uncorrelated random noise patterns. While potentiation of pattern synapses takes about 30 epochs, the depression of other synapses is completed in about 500 epochs. These results fully support the capability for pattern learning and recognition by the scheme in Figure 2, combined with the STDP response of our 2T1R synapse which was simplified in Figure 10B.

A 2-layer network similar to Figure 9 was previously shown to lead to random specialization of POST neurons to distinct patterns, such as the cars appearing in specific lanes on the highway (Bichler et al., 2012). We verified the random specialization in our system by considering a NxM network as in Figure 9 with N = 64 (number of pixels in the pattern and number of PRE neurons) and M = 10,000 (number of POST neurons). We presented the 2 patterns in Figure 11A and b in a random sequence of patterns (70% probability equally distributed between pattern 1 and 2) and random noise (30% probability). The initial values of the synapses were randomly distributed as in Figure 10. Figure 11C shows the percentage distributions of patterns recognized after a total number of 103 epochs: Patterns 1 and 2 were recognized with equal probability of about 48%, while no recognition was possible in 4% of the cases. Most of these recognition failure are due to incorrect recognition of the two patterns, converging to a mixture of patterns 1 and 2, while some errors are due to very slow learning, leading to incomplete learning at the final calculated epoch. Figure 11D shows the probability distributions for potentiating, hence learning, pattern 1 and 2, identified as the first epoch with all synapses completely potentiated. Both distributions peak at about 20 epochs, with no preference for any of the 2 patterns. Note that the patterns 1 and 2 were selected to have the same number of black/white pixels, to ensure a constant average firing rate of the POST. This accounts for the equal learning times in Figure 11C. Figure 11D also shows the distribution of times corresponding to the depression of all the synapses not belonging to pattern 1 or 2. The distributions show a similar behavior and peak at 500 epochs. The different timescale is caused by the fact that depression is due to uncorrelated spikes originated by random noise, while pattern learning is linked to the density of patterns 1 or 2 and their related input frequency.
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FIGURE 11. Pattern competition during learning. Random submission of pattern 1 (A) and pattern 2 (B) in a 8 × 8 synapse array results in learning of either pattern with equal probability approaching 50%, including a minority of error due to transition from one pattern to the other (C). Potentiation of pattern synapses takes place in about 20 epochs, while depression of out-of-pattern synapses requires around 500 epochs (D).



DISCUSSION

The proposed synapse circuit allows for asynchronous transmission and plasticity controlled by the spiking delay between the pre- and post-synaptic neurons. The synapse circuit adheres to the conventional organization of the neural network, where integrate-and-fire neurons serve as both input and output of the communication and plasticity. In particular, the BE terminal, being connected to the virtual ground input of the neuron, serves as reference ground for the synapse circuit, while pulses of arbitrary voltage are applied to the other 3 terminals, namely TE, CG and FG. This is different from previous approaches, where the pre-synaptic pulse (spike) and the post-synaptic pulse (fire) where applied to the TE and BE, respectively, of the resistive synapse (Yu et al., 2011; Indiveri et al., 2013). It is also different from other approaches employing 1T1R structures, where STDP relied on a dynamic VT behavior of the transistor, achieved through nanoparticle-containing gate dielectric (Subramaniam et al., 2013). In fact, only standard transistor CMOS transistor are needed in the 2T1R synapse in this work.

The transistors in the 2T1R structure are functional in achieving 2 necessary behaviors of the synapse array, namely STDP and communication. On the one hand, the FG transistor allows for a spike timing comparison between two pulses, namely the TE pulse from the pre-synaptic neuron and the FG pulse from the post-synaptic neuron (Ambrogio et al., 2013). Therefore, the FG transistor is functional to plasticity. On the other hand, the CG transistor allows for enabling communication from pre-synaptic neuron to post-synaptic neuron in the neural network. If there was no CG transistor, the TE pulse might affect the weight of the synapse even without any fire from the post-synaptic neuron. Note in fact that the CG voltage is high only during the initial part of the TE pulse, at relatively low voltage. Therefore, this transistor is functional to communication, while protecting the memristor from the rather large TE voltage used for plasticity.

In addition, transistors allow to limit the current flowing in the memristive switch during the set transition, thus preventing uncontrolled switching and even irreversible breakdown of the device. These latter events may result in excessive power consumption due to low resistance value in the synapse, and/or in the impossibility to reset the memristor because of excessive growth of the conductive channel. Current limitation can be achieved by biasing the transistor in the saturated regime at relatively low gate voltage, which ensures that the maximum current after set transition is limited. Finally, the transistor serves as selector in the synapse array of Figure 9, which otherwise would be plagued by significant sneak-path currents (Baek et al., 2005). Note that other types of selectors would allow better scalability of the array, e.g., p-n diodes (Baek et al., 2005), or threshold switch devices (Cha et al., 2013), thanks to the 2-terminal structure. However, 2 terminals would not be sufficient for the local comparison of spike timing which is needed for synapse plasticity control.

It has been pointed out that the necessity to generate dedicated waveforms within the neuron circuit might lead to an excessive circuit overhead, thus conflicting with the need for very large scale arrays with high synaptic densities (Kornijcuk et al., 2014). Note however that the generator of the spike belongs to the neuron circuit, thus a complex waveform should not affect the density of synapses. Also, note that the waveforms in Figures 1, 2 have been designed to achieve a bio-realistic STDP as shown in Figure 4. Other waveforms and STDP characteristics can be used with no impact on the pattern recognition capability, while strongly alleviating the burden on the neuron circuit. This is demonstrated in Figure 12, showing the square waveforms for VTE and VFG (a) and the corresponding statistical STDP characteristic (b) obtained from 7.5 × 104 random spikes. Note that the STDP characteristics reflects the simple shape of the spike and fire pulses, while we demonstrated that the pattern learning behavior is not affected. This further demonstrates the strength of the STDP process and the flexibility of our 2T1R circuit in realizing LTP and LTD with a variety of spike shapes. Note that pulse widths of the neuron spikes in the range of 100 ms, which are needed to achieve real-time bio-compatible neuromorphic behavior (Indiveri et al., 2011), do not necessarily require large capacitors. In fact, time responses in the 100 ms range are straightforwardly achieved in neuromorphic circuits through relatively small capacitances (e.g., 1 pF) charged/discharged by extremely low current in MOS transistors biased in the subthreshold regime (Mitra et al., 2009).
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FIGURE 12. Square-pulse STDP. The use of square pulses for VTE and VFG (A) allows to achieve STDP with square characteristics suitable to learning and recognition (B), while requiring a simple circuit for pulse generation.



Low-power operation is a fundamental property of neuromorphic circuits. The energy consumption of our 2T1R synapse for communication can be estimated to about 150 nJ from the voltage waveform in Figure 1B assuming I = 50 μ A. Assuming an average spike frequency of 1 Hz, the power consumption for communication should be around 150 nW. This value can be reduced by decreasing the pulse-width of the VCG pulse and the current during communication. On the other hand, the energy consumption is slightly larger due to the larger voltage and current needed for resistive switching. For instance, the LTP energy is around 400 nJ for a current of 170 μ A and a VTE of 2.4 V in correspondence of the positive peak. However, since the LTP frequency is expected to be smaller than the spiking frequency, the power consumption for LTP might be in the same range as the communication power. Similar to the communication case, LTP power can be reduced by properly decreasing the current (e.g., by up to a factor 10) and the pulse width (up to a factor 103). This allows for memristive-based synapses with relatively low power consumption.

Other switching concepts might be used in alternative to oxide memristors, e.g., spin-transfer-torque (STT) elements (Locatelli et al., 2014) or phase change memory (PCM) elements (Kuzum et al., 2012; Eryilmaz et al., 2014). However, oxide memristors allows for a smaller power consumption since the switching channel area can be controlled through the transistor current during the set transition, whereas the switching current is controlled by the lithography-defined area of the device in both STT and PCM devices, which thus can hardly be reduced below 50 μ A (Ielmini and Lacaita, 2011; Kim et al., 2011).

The use of a HfO2 memristor allows for CMOS compatible process in the back-end, however other metal oxides can be used in principle for the active switching layer, such as TaOx (Lee et al., 2011). A careful material engineering is needed to identify the best material properties for synaptic functionality, including, e.g., controllability of the synapse weight, stochastic switching and low power operation.
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Memristors have recently emerged as promising circuit elements to mimic the function of biological synapses in neuromorphic computing. The fabrication of reliable nanoscale memristive synapses, that feature continuous conductance changes based on the timing of pre- and postsynaptic spikes, has however turned out to be challenging. In this article, we propose an alternative approach, the compound memristive synapse, that circumvents this problem by the use of memristors with binary memristive states. A compound memristive synapse employs multiple bistable memristors in parallel to jointly form one synapse, thereby providing a spectrum of synaptic efficacies. We investigate the computational implications of synaptic plasticity in the compound synapse by integrating the recently observed phenomenon of stochastic filament formation into an abstract model of stochastic switching. Using this abstract model, we first show how standard pulsing schemes give rise to spike-timing dependent plasticity (STDP) with a stabilizing weight dependence in compound synapses. In a next step, we study unsupervised learning with compound synapses in networks of spiking neurons organized in a winner-take-all architecture. Our theoretical analysis reveals that compound-synapse STDP implements generalized Expectation-Maximization in the spiking network. Specifically, the emergent synapse configuration represents the most salient features of the input distribution in a Mixture-of-Gaussians generative model. Furthermore, the network's spike response to spiking input streams approximates a well-defined Bayesian posterior distribution. We show in computer simulations how such networks learn to represent high-dimensional distributions over images of handwritten digits with high fidelity even in presence of substantial device variations and under severe noise conditions. Therefore, the compound memristive synapse may provide a synaptic design principle for future neuromorphic architectures.
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1. INTRODUCTION

A characteristic property of massively parallel computation in biological and artificial neural circuits is the need for intensive communication between neuronal elements. As a consequence, area- and energy consumption of neuromorphic circuits is often dominated by those circuits that implement synaptic transmission between neural elements (Schemmel et al., 2008). Biological synapses are highly dynamic computational entities, exhibiting plasticity on various time scales (Malenka and Bear, 2004). In order to capture the most salient of these aspects, silicon synapses thus demand extensive circuitry if implemented in CMOS technology. On this account, novel nanoscale circuit elements have recently gained interest in the field of neuromorphic engineering as a promising alternative solution for the implementation of artificial synaptic connections. In particular, for mixed-signal neuromorphic CMOS architectures, which combine traditional digital circuits with analog components, memristors are considered a promising class of circuit elements due to high integration densities, synapse-like plasticity dynamics, and low power consumption (Choi et al., 2009; Jo et al., 2010; Kuzum et al., 2011; Indiveri et al., 2013). One particularly important feature of memristors is that their electrical resistance (often termed “memristance”) can be altered in a persistent manner by applying a voltage to its terminals, leading to the eponymous perception of memristors as resistors with memory. As an important application of this property, it was shown that the memristance can be changed based on the spike timings of the pre- and postsynaptic neurons in a manner that approximates spike-timing dependent plasticity (STDP), a plasticity rule that is believed to represent a first approximation for the changes of synaptic efficacies in biological synapses (Markram et al., 1997; Caporale and Dan, 2008; Markram et al., 2012). On the level of single synapses, this important property has been confirmed experimentally in real memristors (Mayr et al., 2012) and has been included into computational models of memristive plasticity (Serrano-Gotarredona et al., 2013). On the network level, models of memristive STDP were employed in computer simulations to demonstrate the potential applicability of neuromorphic designs with memristive synapses to pattern recognition tasks (Querlioz et al., 2011).

In practice however, the production of functional memristive synapses with nanoscale dimensions has proven difficult, mainly due to large device variations and their unreliable behavior. It turned out to be particularly challenging to fabricate reliable nanoscale memristive synapses that feature a continuous spectrum of conductance values. As an alternative solution, it was proposed to employ bistable memristors as neuromorphic synapses instead since they exhibit a high degree of uniformity (Fang et al., 2011) and high durability (Jo et al., 2009b). For switching between their two stable conductance states, bistable memristors can be operated in a deterministic as well as in a stochastic regime (Jo et al., 2009b).

Using machine learning theory, we show in this article that stochastically switching bistable memristors become computationally particularly powerful in mixed-signal neuromorphic architectures when multiple memristors are combined to jointly form one synapse. Such a joint operation of multiple memristors can be interpreted as the collective function of ion channels in biological synapses (Indiveri et al., 2013). Concretely, we propose the compound memristive synapse model which employs M bistable memristors operating in parallel to form a single synaptic weight between two neurons. To implement synaptic plasticity, we employ standard STDP pulsing schemes (Querlioz et al., 2011; Serrano-Gotarredona et al., 2013) and exploit the stochastic nature of memristive switching (Jo et al., 2009b; Gaba et al., 2013; Suri et al., 2013; Yu et al., 2013). For the analysis of the resulting plasticity dynamics, we perceive individual memristors as binary stochastic switches. This abstract description was previously utilized to capture the most salient features of experimentally observed memristive switching (Suri et al., 2013) and appears compatible with pivotal aspects of the experimental literature (Jo et al., 2009b; Gaba et al., 2013).

We show analytically and through computer simulations that the change of the synaptic efficacy for a given pairing of pre- and postsynaptic spikes follows an STDP-like plasticity rule such that the expected weight change depends on the momentary synaptic weight in a stabilizing manner. The resulting compound-synapse STDP enables a synapse to attain many memristive states depending on the history of pre- and postsynaptic activity. A stabilizing weight dependence of synaptic plasticity exists in biological synapses (Bi and Poo, 1998) and has been shown to facilitate learning and adaptation in neural systems (Van Rossum et al., 2000; Morrison et al., 2007). In particular, it has been shown in Nessler et al. (2013) that in stochastic winner-take-all (WTA) architectures, STDP with stabilizing weight dependence implements an online Expectation-Maximization algorithm. When exposed to input examples, neurons in the WTA network learn to represent the hidden causes of the observed input in a well-defined generative model. This adaptation proceeds in a purely unsupervised manner. We adopt a similar strategy here and apply the compound memristive synapse model in a network of stochastically spiking neurons arranged in a WTA architecture. We show analytically that compound-synapse STDP optimizes the synaptic efficacies such that the WTA network neurons in the hidden layer represent the most salient features of the input distribution in a Mixture-of-Gaussians generative model. After training, the network performs Bayesian inference over the hidden causes for the given input pattern. We show in computer simulations that such networks are able to learn to represent high-dimensional distributions over images of handwritten digits. After unsupervised training, the network transforms noisy input spike-patterns into a sparse and reliable spike code that supports classification of images. It turns out that even small compound synapses, consisting of only four bistable constituents per synapse, are sufficient for reliable image classification in our simulations. We furthermore show that the proposed model is able to represent the input distribution with high fidelity even in the presence of substantial device variations and under severe noise conditions. These findings render the compound synapse model a promising design principle for novel high-density, low-power mixed-signal CMOS architectures.

2. RESULTS

2.1. STOCHASTIC MEMRISTORS AS PLASTIC SYNAPSES

Memristors have gained increasing attention in neuromorphic engineering as possible substrates for plastic synapses (Jo et al., 2010) due to the possibility to change their electrical conductance without the requirement of extensive supporting circuitry. Recently, Zamarreño-Ramos et al. (2011) and Querlioz et al. (2011) have proposed a pulsing scheme to realize spike-timing dependent plasticity (STDP) with memristive synapses in response to pre- and postsynaptic activity as sketched in Figure 1A: Pre-synaptic spikes trigger a rectangular voltage pulse of duration τ (shown in green) that is sent to the memristor's presynaptic terminal. Similarly, postsynaptic neurons send back a copy of their spikes to the postsynaptic terminal as a brief voltage pulse (shown in blue). The combined effect of these pulses was shown to trigger STDP-type plasticity in the memristor as illustrated in Figure 1B, where we adopted the convention to measure the voltage drop at the memristor as “presynaptic minus postsynaptic potential.” If only the postsynaptic neuron spikes (Figure 1B, left), the voltage pulse exceeds the lower threshold of the memristor, leading to long-term depression (LTD). Conversely, if a postsynaptic spike follows a presynaptic spike within duration τ (Figure 1B, right), the combined voltage trace exceeds the memristor's upper threshold, thus resulting in long-term potentiation (LTP). Pre-synaptic pulses alone do not trigger any plasticity. Overall, the memristor's conductance obeys an STDP-type plasticity rule.


[image: image]

FIGURE 1. Compound memristive synapse model with stochastic memristors. (A) STDP pulsing scheme. Input spikes elicit a rectangular voltage trace (green, left) that is sent to the presynaptic terminal of the memristor synapse. Post-synaptic spikes elicit a brief voltage pulse (blue) which is sent back to the synapse. (B) Solitary postsynaptic spikes trigger LTD since the voltage exceeds the lower threshold of the memristor. Simultaneous pre- and postsynaptic spikes trigger LTP since the voltage exceeds the upper threshold. (C) Compound memristive synapse model. A synapse is composed of M bistable memristors operating in parallel. Each memristor can either be active (weight ω) or inactive (weight 0). The total synaptic weight Wki between input neuron Yi and network neuron zk is the sum of the individual memristor weights. (D) Bistable memristors switch stochastically between the active and inactive state depending on the applied voltage difference across its terminals. Switching to the active state (inactive state) occurs with probability πup (πdown) if a certain threshold voltage (dotted line) is exceeded. (E) Summary of stochastic transitions for compound-synapse STDP. (F) In an STDP pairing experiment, the stabilizing weight dependence of compound synapse plasticity governs convergence to a dynamic equilibrium. 10,000 plasticity pulses were applied to a synapse with M = 10 constituents. During the first half, 80% (20%) of the events were of LTP (LTD) type. During the second half, the probability for LTP (LTD) events was inverted to 20% (80%). Thin lines: number of active memristors mki(t) for two example simulation runs. Thick line: Average 〈mki(t)〉 over 100 runs. The average weight converges to a dynamic equilibrium.



The direct implementation of the above plasticity rule in mixed-signal neuromorphic architectures, however, faces practical challenges due to the continuous spectrum of the conductance values it relies on. Memristors that support a (quasi-) continuous spectrum of memristive states often suffer from instabilities to maintain their conductance value (“volatility”) and typically show unreliable changes under repetitive application of identical pulses.

Here we explore an alternative approach that employs multiple bistable memristors, that support only two distinct conductance states per memristor, to jointly form one synapse. Such devices were reported to exhibit a high degree of uniformity (Fang et al., 2011). Concretely, we propose a synapse model which employs M bistable memristors operating in parallel to form a single synaptic weight Wki between the i-th input neuron yi and the k-th network neuron zk. The model which we refer to as compound memristive synapse is sketched in Figure 1C. Each memristor is assumed to provide two stable states: a high-conductive (active) state and a low-conductive (inactive) state. Since the dynamic range of memristors typically covers several orders of magnitude, the weight contribution of inactive memristors is almost negligible. In line with this notion, each inactive memristor contributes weight 0 in the synapse model and each active memristor contributes weight ω. Since parallel conductances sum up, the total weight of the compound memristive synapse reads

[image: image]

with mki ∈ {0, 1, …, M} denoting the number of active memristors. As a consequence, a compound memristive synapse supports M + 1 discrete weight levels, ranging from 0 to the maximum weight Wmax = ω · M.

Plasticity in this synapse model naturally emerges from transitions between the active and inactive state of the bistable constituents. However, deterministic transitions, which are, for instance, desirable in memristor-based memory cells, impair the performance in a neuromorphic online learning setup with compound memristive synapses: If all constituents of a synapse, that experience the same pre- and postsynaptic spikes, change their state simultaneously, the compound weight toggles between Wki = 0 and Wki = Wmax depending on the latest pulse pair, not showing any gradual trace of memory formation as required for STDP.

A possible remedy to this issue can be found in memristors that exhibit stochastic rather than deterministic switching between their stable states. Yu et al. (2013), for instance, reported stochastic transitions in HfOx/TiOx memristors (from the class of anion-based memristors) and explored in computer simulations how stochastic bistable memristors could be used in a neuromorphic learning architecture. Similar studies explored the usability of stochastically switching bistable cation-based memristive materials (Jo et al., 2009b; Gaba et al., 2013; Suri et al., 2013). In these nanoscale devices, changes in the memristance were shown to be dominated by the formation of a single conductive filament (Jo et al., 2009b). Stochastic switching was demonstrated for both directions (active ↔ inactive) (Suri et al., 2013) with switching probabilities being adjustable via the duration (Gaba et al., 2013; Suri et al., 2013) and amplitude (Jo et al., 2009b; Gaba et al., 2013) of the voltage applied across the terminals. These observations have led to the conclusion that “switching can be fully stochastic” with switching probabilities being almost unaffected by the rate at which consecutive plasticity pulses are delivered (Gaba et al., 2013). Furthermore, bistable memristors can be extremely durable, not showing any notable degradation over hundreds of thousands of programming cycles (Jo et al., 2009b). Owing to these pivotal properties, Suri et al. (2013) proposed an STDP-type plasticity rule that perceives bistable memristors as simple stochastic switches.

Here we generalize this idea to compound memristive synapses and investigate the computational function of the arising plasticity rules in spiking networks from a machine learning perspective. Figure 1D illustrates a simple model of stochastic switching of individual memristors that employs the STDP-pulsing scheme from Zamarreño-Ramos et al. (2011) and Querlioz et al. (2011) discussed above: If the voltage between the pre- and postsynaptic terminal of a device exceeds a certain threshold (dotted lines) for the duration of the back-propagating spike signal, stochastic switching may occur. Inactive memristors jump to the active state with probability πup provided a sufficiently strong positive voltage, resulting in stochastic LTP. Similarly, active memristors turn inactive with probability πdown given a sufficiently strong negative voltage, leading to stochastic LTD. No switching occurs if only a small (or zero) voltage is applied, or if the memristor is already in the respective target state. Since the applied pre- and postsynaptic pulse amplitudes are free parameters in the model, the jumping probabilities πup and πdown can be controlled, to a certain extent, by the experimenter. This simple model captures the most salient aspects of stochastic switching in bistable memristive devices as discussed above, cp. also Suri et al. (2013) and the Discussion section. In order to distinguish the abstract memristor model from physical memristive devices, we will in the following refer to the model memristors as “stochastic switches,” “constituents,” or simply as “switches” for the sake of brevity. Furthermore, we refer to the resulting stochastic plastic behavior of compound memristive synapses in response to pre-post spike pairs, summarized in Figure 1E, as compound-synapse STDP.

From the transition probabilities of individual stochastic switches we can calculate the expected temporal weight change [image: image] of the compound memristive synapse as a function of pre- and postsynaptic activity. Formally, we denote the presence of a rectangular input pulse (green in Figure 1A) of the i-th input by yi(t) = 1 (and the absence by yi(t) = 0). The brief pulses that are sent back from a postsynaptic neuron zk to the synapse (blue in Figure 1A) are formally treated as point events at the spike times of the postsynaptic neuron. We denote the spike time of the fth spike of neuron zk by tfk. The spike train sk(t) of a neuron zk is formally defined as the sum of Dirac delta pulses δ(·) at the spike times: sk(t) = ∑f δ(t − tfk). When a synaptic efficacy Wki is subject to a stochastic LTP update, there are (M − mki) constituents in the compound memristive synapse that are currently inactive and could undergo an LTP transition. Each constituent independently switches to its active state with probability πup, thereby contributing ω to the compound weight Wki. Hence, the expected weight change for the LTP condition reads (M − mki) ω πup. A similar argumentation applies to the LTD case. In summary, considering that plasticity always requires a postsynaptic spike, and that LTP is induced in the presence of a presynaptic pulse (yi(t) = 1), while LTD is induced in the absence of a presynaptic pulse (yi(t) = 0), the expected weight change of the compound memristive synapse reads:
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In order to obtain a simple closed form solution of the weight changes, we set πup = πdown, i.e., the probability of potentiation of a single switch under LTP equals its probability of depression under LTD. This choice will facilitate the theoretical analysis of learning in a spiking network, later on. In a hardware implementation, the switching probabilities could be adjusted via the pre- and postsynaptic amplitudes of the STDP pulses. We obtain the following closed form solution for the expected weight change:

[image: image]

Notably, the plasticity rule (3) differs from standard additive STDP rules in that it includes the weight dependent term Wki/Wmax. This weight dependence has its origin in the varying number of (in-)active stochastic switches mki that could actually undergo plastic changes and is in line with a prominent finding from neurobiology (Bi and Poo, 1998): Relative changes ΔWki/Wki become weaker for strong weights under LTP, while under LTD the relative change is weight-independent. Studies in computational neuroscience, see e.g., Van Rossum et al. (2000), found that this type of weight dependence facilitates the formation of stable connections in spiking networks.

In Figure 1F, we illustrate the stochastic convergence of a compound synaptic weight to a stable, dynamic equilibrium in a simple STDP pairing experiment. The synapse consists of M = 10 bistable switches with switching probabilities set to πup = πdown = 0.001. These synapse parameters will also be used in network level simulations, later on. In a small computer simulation, 5 of the 10 constituents are initially set active (mki(t = 0) = 5). Then, 5000 postsynaptic spikes are sent to the postsynaptic terminal of the synapse for triggering stochastic switching in the bistable constituents. 80% of these events are randomly paired with a presynaptic pulse, i.e., 80% of the events are of LTP type and 20% are of LTD type. After 5000 plasticity pulses, the statistics are inverted to 20% LTP and 80% LTD events for another 5000 plasticity pulses. The thin lines in Figure 1F show the evolution of mki(t) in this STDP pairing experiment for two independent simulation runs. In the first half, the synaptic weight tends to settle around higher weight values, while in the second half, it stochastically declines toward lower weight values. The gradual convergence of the average weight, as suggested by Equation (3), becomes apparent by taking the mean over 100 simulation runs (thick line). The stabilizing weight dependence of the STDP rule leads to convergence to a dynamic equilibrium such that the mean value shows slow, continuous changes as expected from the theory. Individual synapses fluctuate stochastically around this mean.

Equation (3) is reminiscent of a theoretically derived synaptic plasticity rule for statistical model optimization in spiking neural networks proposed by Nessler et al. (2013). Building upon the theoretical approach developed by Nessler et al. (2013), we will next turn to the question how to conceive stochastic learning with compound memristive synapses from a Bayesian perspective as unsupervised model optimization via a powerful optimization method that is known as Expectation-Maximization in the machine learning literature.

2.2. COMPOUND MEMRISTIVE SYNAPSES IN WINNER-TAKE-ALL NETWORKS

The winner-take-all (WTA) network structure is a ubiquitous circuit motif in neocortex (Douglas and Martin, 2004; Lansner, 2009) and is often utilized in neuromorphic engineering (Mead and Ismail, 1989; Indiveri, 2000). Recently, WTA networks attracted increasing attention in theoretical studies on statistical learning (Habenschuss et al., 2012; Keck et al., 2012; Habenschuss et al., 2013; Nessler et al., 2013; Kappel et al., 2014) because their comparatively simple network dynamics facilitate a comprehensive mathematical treatment. In this section, we introduce the WTA architecture that we will use to study the learning capabilities of spiking neural networks with compound memristive synapses subject to STDP.

The WTA network architecture is sketched in Figure 2A. The network consists of N spiking input neurons y1, …, yN and K spiking network neurons z1, …, zK with all-to-all connectivity in the forward synapses. Lateral inhibition introduces competition among the network neurons. Network neurons are stochastic spike response neurons (Gerstner and Kistler, 2002) with the membrane potential uk of network neuron zk being given by
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FIGURE 2. Spiking network for probabilistic inference and online learning. (A) Winner-take-all network architecture with lateral inhibition and synaptic weights Wki. (B) Network neurons zk implicitly maintain a Gaussian likelihood function for each input Yi in their afferent synaptic weights Wki. The mean μki of the distribution is encoded by the fraction Wki/Wmax = mki/M of active switches in the compound memristive synapse, i.e., stronger synaptic weights Wki correspond to higher mean values μki. Inset: Local implicit graphical model. (C) Illustration of Bayesian inference for two competing network neurons zk, zj and one active input Yi(t) = 1. Different means μki, μji encoded in the weights give rise to different values in the likelihood function and shape the posterior distribution according to Bayes rule.



The membrane potential uk(t) integrates the inputs yi(t), i.e., the rectangular voltage pulses following each input spike, linearly through the synaptic weights Wki. The parameter bk denotes the intrinsic excitability of the neuron and controls its general disposition to fire. In Methods we outline how the linear membrane potential (4) can be realized with leaky integrators, a common neuron model in neuromorphic designs. For the spike response of the network neurons zk, a stochastic firing mechanism is employed. In the WTA network, neurons zk spike in a Poissonian manner with instantaneous firing rate ρk(t) that depends on the membrane potential uk(t) and on lateral inhibition uinh(t):

[image: image]

with a constant rnet > 0 that scales the overall firing rate of the network. In other words, the neuron spikes with probability ρk(t) · δt in a small time window δt→ 0. The inhibitory contribution [image: image] summarizes the effect of lateral inhibition in the network and introduces WTA-competition between the network neurons to fire in response to a given stimulus y1(t), …, yN(t). Notably, the exponential relationship (5) between an idealized membrane potential and neuronal firing is consistent with biological findings about the response properties of neocortical pyramidal neurons (Jolivet et al., 2006).

The feed-forward synapses from inputs yi to network neurons zk are implemented as compound memristive synapses and their synaptic weights Wki are adapted through stochastic STDP as described above. The intrinsic excitabilities bk are adapted according to a homeostatic plasticity rule (Habenschuss et al., 2012) that ensures that all network neurons take part in the network response and thus facilitates the emergence of a rich neural representation that covers the entire input space. Besides its observed stabilizing effect (Querlioz et al., 2011), homeostatic intrinsic plasticity plays a distinct computational role when combined with synaptic learning: Network neurons that maintain many strong synapses Wki gain an “unrightful advantage” during WTA competition over neurons that are specialized on low-activity input patterns (and therefore maintain weaker weights). A detailed analysis of the learning dynamics in the network shows that, in order to compensate for this advantage, the former must be burdened with a lower excitability bk than the latter. A formal definition of the homeostatic plasticity mechanism and a discussion of its computational role from a theory perspective are provided in Methods, see also Habenschuss et al. (2012).

2.3. MEMRISTIVE SYNAPSES SUPPORT INFERENCE AND ONLINE LEARNING

In this section, we thoroughly analyze the learning effects of STDP in compound memristive synapses in the stochastic WTA network model. For the mathematical analysis, we describe the inputs yi(t) and the stochastic neuron responses sk(t) with the help of probability theory. To this end, we perceive the spiking activity of the input neurons yi and network neurons zk as samples of random variables (RVs) Yi and Zk respectively. Consistent with the assumption that spikes from input neurons produce voltage pulses of duration τ in the circuit implementation (see Figure 1A), we set Yi = yi(t), i.e., Yi = 1 if input neuron yi spiked within [t − τ, t] and Yi = 0 otherwise. The assignment of output spikes sk(t) to RVs Zk is different: The random variable Zk labels the winner of the WTA network at spike times of network neurons. Hence, the value of Zk is only defined at the moments when one of the K network neurons spikes, i.e., when the spike train sj(t) ≠ 0 for some neuron zj. In this case, Zk encodes which neuron spiked, and we set Zk = 1 if k = j and Zk = 0 if k ≠ j.

Using this interpretation of neural activity as realizations of RVs, the network's stochastic response sk(t) to an input configuration y(t) = (y1(t), …, yN(t)) gives rise to a conditional probability distribution pnet(Z | Y) over the network RVs Z : = (Z1, …, ZK) conditioned on the input RVs Y : = (Y1, …, YN). In line with the definition of the RVs Zk, the distribution pnet(Z | Y) describes the network response only when one of the network neurons zk fires. The response distribution pnet(Z | Y = y(t)) for any fixed input configuration y(t) can directly be calculated from Equations (4) and (5) (note that the probability pnet(Zk = 1 | Y = y(t)) for an individual RV Zk to be active is proportional to the firing rate ρk(t) of neuron zk):
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Equation (6) fully characterizes the network response distribution pnet(Z | Y) for any given input Y = y(t). We next turn to the question how the response distribution pnet(Z | Y) can be understood as the result of a meaningful probabilistic computation. Specifically, we will show that the spike response of the WTA network approximates the Bayesian posterior distribution during inference in a well-defined probabilistic model. This probabilistic model is implicitly encoded in the synaptic weights Wki, and synaptic plasticity can thus be perceived as an ongoing refinement of the involved probability distributions. Indeed, the STDP rule (3) of the compound memristive synapses turns out to be optimal in the sense that it instantiates generalized Expectation-Maximization in the WTA network, a powerful algorithm for unsupervised learning from machine learning theory. Our findings build upon theoretical work on synaptic learning in spiking neural networks from Nessler et al. (2009, 2013) and Habenschuss et al. (2012, 2013).

The key idea for identifying the response distribution pnet(Z | Y) as the result of a Bayesian computation, is to hypothetically reverse the network computation and view the spike response of a network neuron zk as the hidden cause behind the observed input y(t). In this view, the network is treated as a generative model that implicitly defines a prior distribution p(Z) over hidden causes Zk and a set of likelihood distributions p(Y | Zk = 1), one for each hidden cause Zk. The shape of the distributions is defined by the parameters of the network, e.g., the synaptic weights Wki. An important property of these implicitly encoded distributions–that also motivates the term “generative model”–is that they give rise to a (hypothetical) distribution over the inputs, [image: image]. This equation also explains why a RV Zk is called a hidden cause: If we observe an input vector y(t), that has high probability only in one of the likelihood distributions p(Y = y(t) | Zk = 1), then we can consider the RV Zk as a likely (but unobservable) cause for the observation according to the generative model. A common objective in machine learning theory, known as Maximum-Likelihood learning, is to find parameters that bring the implicit distribution p(Y) of the generative model as close as possible to the distribution of the actually observed input. Then the hidden causes of the generative model are expected to represent important features of the observed input (e.g., some typical input clusters). Leaving the hypothetical generative perspective again, in the network's real operation an input y(t) is presented to the network and the hidden causes Zk need to be inferred (e.g., the cluster the input y(t) belongs to). The mathematically correct result of this inference is given by Bayes rule
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which combines the likelihood p(Y = y(t) | Zk = 1) with the prior p(Zk = 1).

Nessler et al. (2013) showed that in a WTA network architecture, that evolves according to Equations (4) and (5), the synaptic weights Wki can be understood as an implicit neural encoding of likelihood distributions p(Y | Zk = 1), and that the network response pnet(Z | Y) approximates the posterior distribution according to Equation (7). Hence, WTA networks can be regarded as implicit generative models. Furthermore–and even more importantly from a theoretical perspective –Nessler et al. (2013) showed that the implicit likelihood model, that is encoded in the weights Wki, can be optimized in an unsupervised manner by a weight-dependent STDP rule. Indeed, there exists a tight link between the type of weight dependence in the STDP rule and the type of implicit likelihood model it optimizes. The exponential weight dependence in Nessler's rule, however, differs from the linear weight dependence we identified for the plasticity rule in Equation (3). This raises the question what type of implicit likelihood model is encoded and optimized by the compound memristive synapses.

An intuition about an appropriate probabilistic interpretation of compound-synapse STDP can be obtained from the equilibrium points of the plasticity rule (3). We first observe, that plasticity is always triggered by a postsynaptic spike, i.e., Zk = 1 for some neuron zk. In the spirit of spike-triggered averaging (Simoncelli et al., 2004), we can then study the conditional distribution p(Yi = yi(t) | Zk = 1) of an input Yi at the moment of the network response since the coincidence of pre- and postsynaptic spiking activity is the driving force behind any weight change in the STDP rule. By assuming that plasticity has converged to a dynamic equilibrium, the average contributions of LTP and LTD cancel each other, i.e., [image: image]. From this condition, we obtain the following relation between the synaptic weight Wki and the conditional input distribution p(Yi | Zk = 1):
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According to this analysis, the synaptic weight Wki represents the expected value of input neuron yi at the moment of a postsynaptic spike in network neuron zk in a linear manner. In the compound memristive synapse, this expectation is encoded in the M + 1 possible weight states Wki = 0, ω, …, Wmax of the synapse. The linear encoding (8) is compatible with the convergence points which we observed previously in the small STDP pairing experiment in Figure 1F.

The above analysis only serves as an intuition and is no substitute for a thorough mathematical treatment of the learning process. A rigorous formal derivation that, for instance, also takes into account the dynamically changing response properties of the network neurons due to recurrent interactions and plastic changes in the weights, is provided in Methods. It reveals that the above intuition holds. More precisely, the likelihood distributions p(Y | Zk = 1) that are optimized in a WTA circuit with compound-synapse STDP are given by the product of the likelihoods of individual inputs
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and the likelihood for each individual input channel yi is given by a Gaussian distribution
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The mean values μki and the standard deviation σ of the likelihood distributions (10) are identified as
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Hence, the mean μki of the distribution for input channel yi is given by the fraction of active constituents in the compound memristive synapse. The width [image: image] of the distribution is determined by the maximum weight Wmax = M · ω and could, for instance, be controlled by the weight contribution ω of an individual stochastic switch. The resulting probabilistic model of the WTA network is a Mixture-of-Gaussians generative model (see Methods for a formal definition).

In order to illustrate the computational properties of this generative model, the likelihood distribution p(Yi | Zk = 1) for a single input yi and a single active hidden cause Zk = 1 is sketched in Figure 2B. An active hidden cause Zk = 1 assigns probabilities to all possible instantiations yi(t) of Yi. In principle, the Gaussian likelihood distribution supports arbitrary real-valued input instantiations Yi(t) ∈ ℝ. We will come back to this observation in the Discussion section where we address possible extentions of the WTA network to support more complex input types. In this article, we consider only binary inputs that take on the value 0 (input pulse absent) or 1 (input pulse present), see the presynaptic pulses in Figure 1A. The corresponding likelihood values p(Yi = 0 | Zk = 1) and p(Yi = 1 | Zk = 1) are determined by the mean μki and the variance σ of the likelihood distribution, see Equations 10 and (11). The task of the network when presented with an input y(t) is to infer the posterior distribution over hidden causes p(Zk = 1 | Y = y(t)) and produce spikes according to this distribution. The optimal solution is given by Bayes rule (7) with the likelihood p(Y = y(t) | Zk = 1) given by Equations (9) and (10), and an (input independent) a priori probability p(Zk = 1). As we prove in Methods, the response distribution pnet(Z | Y = y(t)) of the spiking WTA network implements a close and well-defined variational approximation of this posterior distribution. A minimal example of such Bayesian inference is sketched in Figure 2C, where we consider a small WTA network with only one input yi and two network neurons zk and zj. For a given input instantiation yi(t) the values p(Yi = yi(t) | Zk = 1) and p(Yi = yi(t) | Zj = 1) measure the likelihoods of the two competing hypotheses that neuron zk or neuron zj is the hidden cause of the observed input yi(t). These likelihood values shape the Bayesian posterior distribution (7) by contributing one factor to the product in Equation (9).

As a consequence, a network neuron zk is particularly responsive to those input configurations y(t) that are associated with high likelihood values p(Y = y(t) | Zk = 1). The likelihood distributions are determined by the means μki, i.e., by the number mki of active switches in the synapses that change according to the compound-synapse STDP rule. Through this mechanism, synaptic plasticity governs the emergence of prototypic patterns that the network neurons are most responsive to, and thereby turns each neuron zk into a probabilistic expert for certain input configurations y(t). The aim of learning in the WTA network is to distribute the probabilistic experts zk such that the likelihood of the presented input is (on average) as high as possible. This objective is an equivalent formulation of Maximum-Likelihood learning, and the log-likelihood function, which measures the average (logarithm of the) input likelihood, is a widely-used measure to determine how well a learning system is adapted to the presented input. Formally, the learning process can be described within the framework of generalized Expectation-Maximization (Dempster et al., 1977; Habenschuss et al., 2012; Nessler et al., 2013). In Methods we show that the generalized Expectation-Maximization algorithm is implemented in the WTA network via the interplay of the compound-synapse STDP rule (3), that adapts the synaptic weights Wki, and the homeostatic intrinsic plasticity rule, that regulates the intrinsic excitability bk of the neurons such that each neuron maintains a long-term average firing rate. The interplay of synaptic and intrinsic plasticity achieves the aim of Maximum-Likelihood learning in the WTA network in the following sense:

The expected synaptic weight changes [image: image] of the compound memristive synapses on average increase a lower bound of the log-likelihood function in a Mixture-of-Gaussians generative model during online learning until a (local) optimum is reached.

2.4. DEMONSTRATION OF UNSUPERVISED LEARNING

We tested the learning capabilities of the compound memristive synapse model in a standard machine learning task for hand-written digit recognition. In a computer simulation, we set up a WTA network with N = 24 × 24 input neurons and K = 10 network neurons. Each synaptic weight Wki was composed of M = 10 stochastic bistable switches, each contributing ω = 0.1 in its active state. The switching probabilities πup = πdown = 0.001 were set to a quite low value. This corresponds to a long integration time for gradual memory formation in order to assess the general ability of the synapse model in online learning tasks. Before training, the stochastic switches were initialized randomly as shown in Figure 3A. The network was then exposed to hand-written digits 0–4 from the MNIST training data set (LeCun et al., 1998). Examples from the data set are shown in Figure 3B. Each pixel was encoded by one input neuron yi. Digits were presented as Poisson spike trains with firing rates depending on pixel intensities. Overall, the network was trained in an unsupervised setup for 5000 s with a new digit being presented every 100 ms. Figure 3C shows the weight matrix in an early stage of learning at t = 200 s. At this stage, the synapses begin to integrate salient statistical features of the input, such as the generally low activity along the frame. Furthermore, a specialization to certain digit classes becomes apparent for some of the network neurons.
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FIGURE 3. Learning of hand-written digits. (A) Synaptic weights at time t = 0 s after random initialization. Color intensities show the number mki ∈ [0, 10] of active switches for each connection. The indices k of the postsynaptic neurons are indicated in the top-left corners. (B) Examples from the MNIST data set. Pixel intensities of the digits were encoded as Poisson spike trains and presented to the network. Digits 0–4 were presented with a new digit being shown every 100 ms. (C) Weight matrix at time t = 200 s. Memristive synapses start to integrate salient features of the input stream. (D) Over the course of learning the log-likelihood function (red) increases, indicating that the network continuously refines its implicit statistical model of the presented data. This refinement leads to an improved classification performance (blue) on an independent test set. (E) At the end of the learning experiment at t = 5000 s, the synapses have specialized on different prototypes of the presented digits, rendering each network neuron a probabilistic expert for a certain digit. (F) Network response for 1 s at the end of learning. The presented digit is shown at the top. The input is transformed into a sparse and reliable spike code. Some digits invoke a spike response of more than one neuron. This ambiguous response encodes uncertainty in the variational posterior distribution.



Over the course of learning, the synapses continuously improve the network's implicit generative model of the presented input. This refinement is reflected in the log-likelihood function shown in Figure 3D that measures how well the probabilistic model is adapted to the input distribution. The ongoing refinement also becomes apparent by a more intuitive–and practically more relevant–measure, namely the classification performance of the network on an independent test set of hand-written digits. The classification error (blue in Figure 3D; see Methods for details) continuously decreases as training progresses. The improved performance on an independent test set furthermore indicates that the network develops a generally well-suited representation of the input and evades the risk of over-fitting.

At the end of training, after t = 5000 s, a set of prototypic digits has emerged in the compound memristive synapses as shown in Figure 3E. The well-adapted synapse array turns each network neuron into a probabilistic expert for a certain digit class. As a consequence, the network has learned to transform the N-dimensional, noisy spike input into a sparse and reliable spike code, as shown in Figure 3F. Typically, exactly one network neuron zk fires in response to the input. But also the seemingly unclear cases, when two neurons respond simultaneously, carry meaningful information in a Bayesian interpretation: Since network spikes approximate the posterior distribution p(Z | Y = y(t)) through sampling, an ambiguous spike response encodes the level of uncertainty during probabilistic inference.

2.5. INFLUENCE OF SYNAPTIC RESOLUTION

In the previous section, we have demonstated that the compound memristor synapse model is able to learn statistical regularities in the input stream and enables the spiking WTA network to perform probabilistic inference in a well-defined generative model. The demonstration employed compound synapses with M = 10 stochastic switches per synapse. Notably, the number of constituents M is a free parameter of the model and determines the weight resolution of the compound synapse. Increasing the synaptic resolution by recruiting more bistable switches per synapse is generally expected to improve the accuracy of the input representation, but comes at the cost of reduced integration density in a neuromorphic design. In the following, we therefore explore the opposite direction, i.e., unsupervised learning with a low weight resolution.

For estimating the influence of the weight resolution on the learning capabilities of the WTA network, we repeated the above computer simulation for different values of M, while holding the maximum weight Wmax = ω · M, and thus the variance [image: image] of the implicit generative model, fixed. Figure 4A shows examples of the digits stored in the synapse array after 5000 s of learning for M = 1, 2, 4, and 100 stochastic switches per synapse. Even binary synapses with M = 1 successfully identify noisy archetypes of the input digits. This observation is in line with previous studies on learning with binary weights (Fusi, 2002). The accuracy of the representation quickly increases with higher M-values. As an (academic) reference, we also included a simulation with M = 100 switches per synapse which support a quasi-continuous state spectrum.
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FIGURE 4. Influence of the synaptic resolution. (A) Examples of learned weight matrices with different numbers of constituents M per synapse. Even binary weights with only one stochastic switch learn to maintain a coarse image of prototypic digits. In the limit of large M, compound synapses support a quasi-continuous weight spectrum. (B) Classification error for different weight resolutions after 5000 s of learning, based on 20 independently trained networks for each value of M. Errorbars: SD among networks.



The resulting ability of the WTA network to recognize hand-written digits is shown in Figure 4B in terms of the classification error on a test set. Each bar depicts the mean performance of 20 independently trained networks per M-value, errorbars show the standard deviation among networks. Taking the academic example with M = 100 as a reference for the performance achievable by the small WTA network, the computer simulations suggest that as few as M = 4 constituents per synapse may be sufficient for practical applications. While individual weights Wki only store little information (ca. 2.3 bits in case of M = 4) about the expected input in channel yi, the partial evidence received from each of the N = 576 input channels is integrated by the network in a statistically correct manner to form a sharply peaked posterior, most of the time.

2.6. ROBUSTNESS TO DEVICE VARIATIONS

We have demonstrated so far that spiking networks with compound memristive synapses can learn a faithful representation of their input when synapses consist of idealized bistable constituents. Large-scale physical implementations, however, are likely to exhibit substantial device variabilities and imperfections. Plasticity in the compound synapse model depends on two device properties that are likely to be distorted in physical implementations: the conductance of each individual constituent ω and the switching probabilities πup/πdown. In the following, we address the impact of distortions in these two properties on the WTA network learning capabilities, separately.

We first turned to the conductance value ω of individual switches and investigated the robustness of learning to two fundamentally different types of noise in ω, namely spatial noise and temporal noise:

• Spatial noise describes device-to-device variations and addresses peculiarities of individual memristors that remain stable over time.

• Temporal noise refers to trial-to-trial variations and covers device instabilities over the course of learning.

Both types of noise can be suspected to induce serious disturbances during learning: In case of spatial noise, although device-to-device variations could average out if many memristors are employed, any remaining deviations give rise to sustained systematic errors that may build up over the course of learning. In case of temporal noise, while trial-to-trial variations could average out over time, any synaptic update rests upon a disturbed instantiation of the weight matrix, i.e., on a noisy (and false) assumption. In computer simulations, we accounted for these types of noise separately by disturbing the active-state weight value ω of the switches as sketched in Figure 5A. To model spatial noise, the weight ω was randomly drawn prior to training for each stochastic switch from a normal distribution [image: yes](ω; ω, σ2ω) with mean ω and standard deviation σω. To capture the effect of temporal noise, in contrast, the weight ω was redrawn from [image: yes](ω; ω, σ2ω) whenever the constituent switched to its active state in an LTP transition. Furthermore, we examined the combined effect of both noise types being present simultaneously. In this combined case, the mean value for temporal noise was determined by the device-specific spatially perturbed weight value of each constituent. In any case, the range of perturbed weights was truncated to ω ≥ 0 to rule out negative conductances.
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FIGURE 5. Robustness to spatial and temporal noise. (A) Noise was added by drawing the weight ω of the active state from a normal distribution. Three types of noise were tested: For spatial noise, a value ω ~ [image: yes](ω; ω, σ2ω) was assigned to each switch and maintained throughout the experiment. For temporal noise, the value ω was redrawn after every LTP transition. For spatial + temporal noise, the device specific spatial weight value determined the mean for redrawing ω after LTP transitions. (B–D) Number mki of active switches after learning at t = 5000 s. Shown are example networks for all three noise types. (E) Classification error after learning, based on 20 independently trained networks per noise type. Errorbars denote standard deviation among networks.



We repeated the experiment of Figure 3 under each of these noise conditions. The mean ω = 0.1 was set to the undisturbed weight value of the previous, idealized experiment. The noise level was set to σω = 0.05, i.e., to 50% of the mean. Example cases of weight matrices after learning (shown are the mki's from individual simulation runs) are presented in Figures 5B–D for the three noise conditions “spatial,” “temporal” and “spatial+temporal,” respectively. Surprisingly, hardly any difference to the idealized setup is observable. Nevertheless, under 20 repetitions of the learning simulation the detrimental influence of noise becomes visible in the classification performance (see Figure 5E) as noise appears to slightly increase the mean of the classification error. In summary, these results reveal a remarkable robustness of learning with compound memristive synapses to substantial device variability and severe temporal instability.

We next turned to the question how distorted switching probabilities πup and πdown influence the learning dynamics in the WTA network. In the theory section, we had assumed that πup = πdown, i.e., that the switching probabilities underlying LTP and LTD are balanced. This assumption, which could to some extent be achieved in a calibration step, yielded the elegant learning rule (3) and thereby facilitated the theoretical analysis. A physical implementation, however, will likely exhibit unbalanced switching probabilities in the majority of memristors. We examined the influence of unbalanced switching, in two ways. First, we applied spatial noise to the switching probabilities of individual constituents by drawing πup and πdown (separately) from normal distributions with 50% noise level (truncated to 0 ≤ πup, πdown ≤ 1). Thus, about half of the stochastic switches were more responsive to LTP pulses, the other half more to LTD pulses; even more, some of the constituents only showed switching in one direction, or were completely unresponsive. Nevertheless, synapses developed a faithful representation of prototypic digits in a repetition of the experiment in Figure 3 (data not shown). Also the classification performance was only mildly impaired (classification error: 8.7 ± 2.7% based on 20 networks) compared to ideal, noisefree synapses (classification error: 7.5 ± 1.9%).

In a second step, we pursued a slightly different–more principled–approach that permits a theoretical interpretation of how the altered synapse dynamics give rise to a different encoding of the expected input by the synaptic weights. Instead of drawing random parameters for each constituent, we systematically chose the LTD switching probability πdown larger (or smaller) than the LTP probability πup throughout the synapse array. This systematic imbalance displays a worst-case scenario during learning since all synapses either favor (or suppress) LTD over LTP. We denote the relative imbalance between πup and πdown by Δ : = (πup − πdown)/πup. For instance, Δ = −0.5 means that the probability for LTD transitions is 50% higher than for LTP transitions. Figure 6A shows examples of weight matrices after 5000 s of learning in a repetition of the experiment in Figure 3. In the top row, Δ = +0.5, LTP transitions are favored over LTD transitions, resulting in generally stronger weights in comparison with balanced STDP (Δ = 0.0, middle row). Conversely, in the bottom row, Δ = −0.5, the systematic strengthening of LTD leads to weaker weight patterns. Nevertheless, synaptic weight values converged to a dynamic equilibrium in either case since the STDP rule preserves its general stabilizing weight dependence. As can be expected from the prototypic digits that emerged in the weight matrices, the classification performance of the WTA networks was not considerably impaired by the unbalanced switching (classification errors estimated from 20 networks: 6.7 ± 0.8% for Δ = +0.5; 7.5 ± 1.9% for Δ = 0; 11.8 ± 4.0% for Δ = −0.5). Indeed, positive Δ-values even performed slightly (but not significantly) better than balanced switching. A conceptual understanding of the altered learning dynamics can be obtained from the equilibrium points of the unbalanced STDP rule. The short calculation, that had led to Equation (8) for the balanced case, can be repeated for unbalanced switching probabilities. Figure 6B shows the resulting encoding of the expected input value 〈Yi 〉p(Yi | Zk = 1) by the synaptic weight Wki for different Δ-values. The example digits shown in panel A correspond to the red, green and blue graph in panel B, respectively. This analysis illustrates how unbalanced switching probabilities give rise to a non-linear encoding of the input in the WTA network. In particular, it can be seen how the same expected input value 〈Yi 〉p(Yi | Zk = 1) leads to stronger weights for Δ > 0, and weaker weights for Δ < 0.
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FIGURE 6. Robustness to unbalanced switching probabilities. (A) Examples of learned weight matrices when the switching probabilities πup and πdown are systematically unbalanced. The parameter Δ : = (πup − πdown)/πup measures the relative imbalance between LTP and LTD transitions. The top (bottom) row shows weight matrices resulting from a 50% decrease (increase) of the LTD switching probability. The balanced case is shown in the middle row for comparison. (B) Systematic imbalance (Δ ≠ 0) leads to changed equilibrium points in the STDP rule and can be theoretically understood as a non-linear encoding of the expected input by the synaptic weights.



3. DISCUSSION

We have proposed the compound memristive synapse model for neuromorphic architectures that employs multiple memristors in parallel to form a plastic synapse. A fundamental property of the synapse model is that individual memristors exhibit stochastic switching between two stable memristive states rather than obeying a deterministic update rule. Yet, the expected weight change of the compound memristive synapse, as it arises from the stochastic switching of its constituents, yielded an STDP-type plasticity rule with a stabilizing, linear weight dependence. We examined the computational capabilities of the compound-synapse STDP rule in WTA networks, a common circuit motif in cortical and neuromorphic architectures, by analyzing the network and synapse dynamics from the perspective of probability theory and machine learning. The comprehensive mathematical treatment revealed that compound memristive synapses enable a spiking network to perform Bayesian inference in and autonomous statistical optimization of a Mixture-of-Gaussians generative model via generalized Expectation-Maximization. Accompanying computer simulations demonstrated the practical capability of the synapse model to perform unsupervised classification tasks and, furthermore, revealed a remarkable robustness of the compound synapses to substantial device variations and imperfections.

3.1. COMPREHENSIVE LEARNING THEORY OF MEMRISTIVE PLASTICITY

Our work contributes a theoretical foundation for memristive learning in neural networks to the endeavor to employ memristors as plastic synapses in self-calibrating systems. Snider (2008); Querlioz et al. (2011), and Serrano-Gotarredona et al. (2013) have investigated how different pre- and postsynaptic waveforms can shape a memristive STDP learning window. Jo et al. (2010) and Mayr et al. (2012) have demonstrated STDP-type plasticity in Ag/Si and BiFeO3 memristors. Yu et al. (2013) reported stochastic switching between stable states in oxide-based memristive synapses. Gaba et al. (2013) studied the parameter dependence of switching probabilities in metal filament based memristors, indicating a renewal process that is independent of the overall network firing rate. A strategy for integrating nanoscale memristive synapses into a hybrid memristor-CMOS network architecture was proposed by Indiveri et al. (2013). The beneficial contribution of stochasticity to learning with CMOS synapse circuits was explored by Chicca et al. (2014). Here we have established a firm link between the emergent synapse configurations observed in such architectures (see e.g., Querlioz et al., 2011) and a rigorous mathematical description of memristive learning on the system level using machine learning theory. Our findings on memristive learning from a Bayesian perspective build upon a series of theoretical contributions on synaptic learning in spiking neural networks: Nessler et al. (2009, 2013) identified a general link between STDP-type synaptic plasticity and statistical model optimization for probabilistic inference in WTA networks. Habenschuss et al. (2012) extended this work to incorporate also homeostatic intrinsic plasticity, thereby overcoming several limiting assumptions on the input presentation. Finally, Habenschuss et al. (2013) investigated how the learning framework can be generalized to support a broad class of probability distributions. We expect that utilizing machine learning theory for describing the effects of specific memristor synapse models can significantly promote our understanding of memristive learning and its computational prospects.

3.2. HEADING FOR A FULL HARDWARE INTEGRATION

Plasticity in the compound memristor synapse model relies on stochastic transitions between two stable states. Such bistable devices–or more generally, devices with a clearly discrete state spectrum–were reported to exhibit a high degree of uniformity (Lee et al., 2006a; Fang et al., 2011) and temporal stability (Indiveri et al., 2013). Notably, the theoretical approach we have persued in this work could likely be extended to cover memristors with more than two stable states and to support more complex input and plasticity mechanisms. For instance, the Gaussian likelihood distributions p(Y | Z) identified in the present study, in principle support inference over arbitrary real-valued input states y(t). Such states could arise if the input is presented in the form of exponentially decaying or additive postsynaptic potentials. Such more complex input types could afford more versatile STDP pulsing schemes, and the resulting memristor plasticity rules could likely be incorporated in an adapted model of statistical learning. The reason we restricted the input to binary values yi(t) is found in the STDP pulsing scheme that employs binary presynaptic waveforms. In this case, the theoretically derived generative model reveals how active and inactive inputs contribute to the network's spike response by means of a Gaussian likelihood distribution p(Yi = yi(t) | Zk = 1) that is sampled only at yi(t) = 0 and yi(t) = 1.

In this article, we have employed a simple model for stochastic switching in memristive devices where switching occurs with probabilities πup, πdown which depend on the applied voltage difference across the memristor terminals. This phenomenological model captures the most salient aspects of switching in real memristive materials (Jo et al., 2009b; Gaba et al., 2013) and was used as an abstraction of memristive switching in a recent experimental study (Suri et al., 2013). In future research, it will be important to evaluate the effectiveness of this model either with physical memristors or in simulations based on detailed memristor models. The authors of Suri et al. (2013) raised the concern that the precise switching probabilities of individual devices are potentially hard to control in large-scale systems. In this regard, our simulation results indicate that learning with compound memristive synapses tolerates significant noise levels in the switching probabilities. We expect the origin for the observed robustness to be twofold: Firstly, imbalances in πup, πdown between different constituents are expected to partly average out in compound synapses according to the central limit theorem; secondly, the stabilizing weight dependence of compound-synapse STDP ensures that even unbalanced switching leads to stable weight configurations, albeit with slightly shifted convergence points.

Another potential issue for learning with compound memristive synapses is the absolute value of the switching probability. The product πup · Wmax can be linked to a learning rate in the theory domain (see Table 1) which controls how many samples from the input history are integrated into the implicit generative model during online learning. A slow and gradual memory formation, which is desirable for developing a representation of large and complex input data sets, relies on small learning rates, i.e., on small switching probabilities. It has to be seen if memristive materials that exhibit stochastic switching provide sufficiently small switching probabilities. A possible remedy in a hardware integration could be to multiplex the back-propagating signals from network neurons such that only a random subset of the memristors is notified of a network spike at a time (Fusi, 2002).

Table 1. Correspondence of synapse parameters between the hardware and theory domain.
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Regarding the physical model neurons of a hybrid memristor-CMOS architecture, two types of currents occur in the WTA network. The input integration via forward-synapses is spike based and could be realized with standard leaky integrators (see Methods). Lateral inhibition, in contrast, depends on the neuronal membrane potentials, and the involved inhibitory circuits should ideally transmit potentials instead of spikes. Alternatively, the effect of lateral inhibition could be approximated in a spike-based manner by populations of inhibitory neurons. Independent of the specific implementation of lateral inhibition, the resulting potential uk − uinh controls the stochastic response of the WTA neurons that could either be implemented genuinely with a stochastic firing mechanism or be emulated with integrate-and-fire neurons (Petrovici et al., 2013).

3.3. INHERENTLY STOCHASTIC NATURE OF COMPOUND-SYNAPSE STDP

The spiking WTA network architecture with compound memristive synapses exploits stochasticity in various ways, in that the stochastic firing of network neurons in response to a transient input trajectory triggers stochastic STDP updates in the synaptic weights. From a learning perspective, the high degree of stochasticity contributes to the network's ongoing exploration for potential improvements in the parameter space. While the learning theory only guarantees convergence to a local optimum of the weight configuration, the stochastic nature of the ongoing exploration enables the network to evade small local optima in the parameter landscape, and thereby improves the robustness of learning (compared to traditional batch Expectation-Maximization).

For the derivation of the learning algorithm, we have focused on the weight-dependent STDP rule (3) which describes the expected temporal weight change [image: image] of the compound synapse. The stochasticity of memristive switching, however, gives rise to a probability distribution over the weights, as well. Indeed, in equilibrium we expect that the number of active constituents mki follows a binomial-type weight distribution. This points to a potential knob for adjusting the amount of stochasticity used during online learning: when many memristors are recruited per synapse, i.e., for large M, we expect a reduced variance in the weight distribution.

Besides the level of stochasticity, the parameter M also controls the weight resolution of the compound synapse. In Figure 4, we have investigated the impact of the weight resolution on the learning capabilities of the WTA network. Notably, we observed that even with M = 4, i.e., with synapses that feature only 5 weight levels, the network performed reasonably well in the hand-written digit recognition task. The observation that even a low synaptic weight resolution can yield a satisfactory performance has important practical implications for nanoscale circuit designs, where integration density and power consumption impose crucial constraints, since the area allocated by the synapse array grows linearly in the synaptic size M. For instance, SRAM cells can be fabricated with a cell size of 0.127μm2 (Wu et al., 2009), corresponding to a memory density of ≲ 1 Gb/cm2. Importantly, this estimate does not include any additional plasticity circuits for implementing STDP or similar plasticity mechanisms. Functional Ag/Si memristive crossbars with 2 Gb/cm2 memory density were demonstrated by Jo et al. (2009a), with densities up to 10 Gb/cm2 being envisioned (Jo et al., 2009a,b). In the long term, memristive crossbars are expected to combine the advantages of SRAM and Flash memory regarding energy efficiency, non-volatility and integration density (Yang et al., 2013).

3.4. GENERALIZATION TO OTHER MATERIALS AND FUTURE RESEARCH

In recent years, a plethora of (in a broader sense) memristive materials has been discovered, and the characterization and refinement of their switching dynamics is evolving rapidly. At least four types of stochastically switching memristive devices can be distinguished: Switching in (1) anion-based (e.g., HfOx/TiOx Yu et al., 2013) and (2) cation-based (e.g., Ag/GeS2 Suri et al., 2013) devices mainly originates from conductive filament formation (Yang et al., 2013). In contrast, (3) single-electron latching switches [e.g., CMOS/MOLecular (CMOL) CrossNets Lee et al., 2006b] rely on electronic tunneling effects and, thus, their stochastic switching dynamics arise directly from the underlying physical process. Similarly, (4) magnetoresistive devices (e.g., spin-transfer torque magnetic memory (STT-MRAM) Vincent et al., 2014) can inherit stochastic switching dynamics from fundamental physical properties. Some manufacturing processes related to these ideas (like conductive-bridging RAM and STT-MRAM) reached already an early industrial stage, others are still primarily subject of academic research. While the microscopic origins of plasticity in these memristor types are fundamentally different, they all share stochastic, persistent switching between bistable memory states on a phenomenological level. We therefore believe that the compound memristive synapse model displays a promising concept for future work in diverse research fields.

Independent of the underlying switching mechanism, any nanoscale synaptic crossbar will likely exhibit imperfections and imbalances due to process variations. Here, we have investigated spatial and temporal noise in the weight values as well as deviations in the switching probabilities under unbiased, uniform conditions. However, physical implementations can be expected to also suffer from more systematic imperfections, such as structural imbalances (e.g., one corner of the array being more reactive) or crosstalk between neighboring devices. While our computer simulations indicate a remarkable general robustness against device variations of various types, additional research is required to estimate the influence of such systematic, and potentially coupled, deviations.

3.5. CONCLUSIONS

In this article, we have introduced the compound memristive synapse model together with the compound-synapse STDP rule for weight adaptation. Compound-synapse STDP, a stabilizing weight-dependent plasticity rule, naturally emerges under a standard STDP pulsing scheme. In addition, by employing memristors with bistable memristive states, compound memristive synapses may circumvent practical challenges in the design of reliable nanoscale memristive materials. Both, our theoretical analysis and our computer simulations confirmed that compound-synapse STDP endows networks of spiking neurons with powerful learning capabilities. Hence, the compound memristive synapse model may provide a synaptic design principle for future neuromorphic hardware architectures.

4. METHODS

4.1. PROBABILISTIC MODEL DEFINITION

The probabilistic model that corresponds to the spiking network is a mixture model with K mixture components and Gaussian likelihood function. Formally, we define a joint distribution p(Y = y(t), Z = z(t) | θ) over K hidden binary random variables Z = (Z1, …, ZK)T with values zk(t) ∈ {0, 1}, and N real-valued visible random variables Y = (Y1, …, YN)T with values yi(t) ∈ ℝ. The parameter set θ = {[image: image], W} consists of a real-valued bias vector [image: image] = ([image: image]1, …, [image: image]K)T and a real-valued K × N weight matrix W. The hidden RVs Zk display an unrolled representation of a multinomial RV ˜ Z ∈ {1, …, K} that enumerates the mixture components, and we identify [image: image] = k ⇔ Zk = 1, i.e., exactly one binary RV Zk is active in the random vector Z. In the following, we stick to the unrolled vector notation Z, and, for readability, omit the time-dependent notation and further shorten the notation by identifying the RVs with their values, e.g., we write p(z | θ) for p(Z = z(t) | θ).

The likelihood distribution fulfills the naïve Bayes property, i.e., all statistical dependencies between visible RVs yi, yj are explained by the hidden state z. More precisely, the generative model has the following structure:

[image: image]

with the prior

[image: image]

and the likelihood

[image: image]

with σ2 denoting an arbitrary (but fixed) variance which displays a constant in the model. Equation (14) defines a Gaussian likelihood model for each input RV yi with mean μki which is selected by the active hidden cause zk = 1 in Equation (12). For theoretical considerations, it is convenient to reorganize Equation (14) according to its dependency structure:

[image: image]
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where we set Wki = μki/σ2 and Aki = μ2ki/(2 σ2) = σ2 W2ki/2. The first factor does neither depend on the hidden causes zk nor on the weight Wki and will play no role during inference and learning. The second factor describes the coupling between the visible RV yi and the active latent RV zk through the mean Wki = μki/σ2. Finally, the third factor solely depends on the weight Wki (and not on yi) and ensures correct normalization of the distribution.

4.2. INFERENCE

The posterior distribution given an observation Y follows directly from Bayes rule:

[image: image]
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with A : = (A1, …, Ak, …, AK)T and [image: image]. We evaluate the posterior for a specific hidden RV zk to be active and provide the normalization constant explicitly:

[image: image]

[image: image]

where we defined [image: image]. The quantities ûk are reminiscent of neuronal membrane potentials which consist of bias terms [image: image]k − Ak and synaptic input [image: image]. However, implicitly the bias terms depend on all afferent synaptic weights since [image: image] and, thus, rely on information not locally available to the neurons. This issue will be resolved in the context of learning: We will identify update rules for both biases and synapses which only use information available locally and thereby make a neural network implementation feasible.

4.3. LEARNING VIA GENERALIZED EXPECTATION-MAXIMIZATION

We investigate unsupervised learning of the probabilistic model based on generalized online Expectation-Maximization (EM) (Dempster et al., 1977), an optimization algorithm from machine learning theory. To this end, we impose additional constraints on the posterior distribution (Graça et al., 2007) which will enable a neural network implementation via homeostatic intrinsic plasticity (Habenschuss et al., 2012) and STDP-type synaptic plasticity (Habenschuss et al., 2013; Nessler et al., 2013). Since the derivation is almost identical to Habenschuss et al. (2012), we only outline the key steps and main results in the following and refer to Habenschuss et al. (2012) for a the details.

The algorithmic approach rests upon the generalized EM decomposition:

[image: image]
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with the log-likelihood [image: yes](θ) = 〈log p(y | θ)〉p*(y), the Kullback-Leibler divergence DKL(q(z)‖p(z)) = ∑z q(z) · log (q(z)/p(z)) and the entropy H(q(z)) = − ∑z q(z) · log q(z). The distribution p*(y) denotes the input distribution actually presented to the system. The distribution p(· | θ) is the probabilistic model defined above. The distribution q(z|y) is called variational posterior and will ultimately be implemented by the spiking network. The short hand notation 〈·〉p*(y) q(z|y) denotes the concatenated average 〈〈·〉q(z|y) 〉p*(y) with respect to the input distribution and the resulting variational posterior. In principle, the above decomposition holds for any choice of q, and since the Kullback-Leibler divergence in Equation (22) is strictly non-negative, the objective function [image: yes] is a lower bound of the log-likelihood [image: yes]. During optimization the algorithm will persue two goals: to increase [image: yes], i.e., to better adapt the probabilistic model to the data, and to keep 〈DKL(q ‖ p)〉 small, i.e., to maintain a reliable approximation q(z | y) of the exact posterior p(z | y, θ).

We first impose a homeostatic constraint on the variational posterior q(z|y), namely that the long term average activation of any hidden RV zk matches a predefined target value ck (with ∑k ck = 1). Formally, we define a set of constrained distributions [image: yes] = {q : 〈zk 〉p*(y) q(z|y) = ck ∀ 1 ≤ k ≤ K} and demand q(z|y) ∈ [image: yes]. The optimization algorithm then relies on the joint application of an E(expectation)-step and an M(aximization)-step: During the E-step, we aim to minimize the Kullback-Leibler divergence with respect to q ∈ [image: yes] in Equation (22); during the M-step, we perform gradient ascent on 〈log p(y, z | θ)〉 with respect to the weights Wki in Equation (23). The E- and M-step will be discussed separately.

The E-step is a constrained optimization problem, namely the minimization of 〈DKL(q ‖ p)〉 such that q ∈ [image: yes], that can be solved through Lagrange multipliers. Since we imposed K constraints (one per RV zk), we need K Lagrange multipliers βk. It turns out that the solution to this optimization problem simply adds the multipliers βk to the biases [image: image]k − Ak in Equation (20). This convenient result gives rise to the definition of intrinsic excitabilities bk : = [image: image]k − Ak + βk which unify biases and multipliers in a single quantity. Furthermore, it turns out that the optimal values of the βk's (and thus the bk's) can be determined via iterative update rules that solely rely on the hidden RVs zk under the variational response q(z | Y) and overwrite the non-local terms Ak. In summary, we obtain the variational posterior distribution q that solves the E-step:

[image: image]
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The variational posterior in Equation (24) is described in terms of membrane potentials uk which consist of synaptic input ∑i Wki Yi and intrinsic excitabilities bk. Equation (25) regulates the intrinsic excitabilities bk in a homeostatic fashion: When the average response exceeds the target ck, the excitability is reduced, and vice versa.

The M-step can be solved via gradient ascent on [image: yes] with respect to the weights Wki. The variational posterior q is a constant during the M-step in EM, and thus the log-joint distribution log p(y, z | θ) remains as the only Wki-dependent term in Equation (23). By taking the derivative of the log-joint defined by Equation (12), (13), and (16) with respect to Wki, we obtain:
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The gradient with respect to the weights Wki yields Hebbian-type update rules that use pre-(yi) and post-(zk) synaptic activity and the current weight Wki given the input p*(y) and the variational response q(z|y). Importantly, only local information is required during the E- and M-step.

4.4. SPIKING NETWORK IMPLEMENTATION

The spiking neural network model instantiates Equation (24), (25), and (28), i.e., it represents the variational posterior q(z | y	) for probabilistic inference through its spike response and implements the derived update rules for generalized online EM learning through intrinsic and synaptic plasticity.

Each of the RVs zk is represented by one of the K network neurons, and each spike in the network is a sample from the variational posterior q(z | y) by identifying zk = 1 for a spike of the k-th network neuron. By setting the instantaneous firing rate ρk to be

[image: image]

with [image: image] the network thus implements Equation (24) for any choice of rnet, i.e., pnet = q.

The learning rules (25) and (28) rely on expected values 〈·〉p*(y) q(z|y). The expectations can be approximated from input samples y ~ p*(y) and posterior samples z ~ q(z|y) in response to this input. The input vector y is defined at any time t in the network as it measures the instantaneous presence or absence of rectangular input pulses. Samples of the latent variable z, in contrast, are only defined at the spike times of the network. Hence integrating expected values 〈zk〉 from the spike response can be expressed most conveniently in terms of the spike train function sk(t) = ∑f δ(t − tfk) of the network neurons. We obtain the following plasticity rules:

[image: image]
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with small learning rates ηb and ηW. The homeostatic rule (30) regulates the intrinsic excitabilities bk such that the average target activations 〈zk(t)〉 ≈ ck are maintained over the presentation of many different input patterns y(t) ~ p*(y) in accordance with Equation (25), and thereby implements the E-step. Building on the network response shaped by the E-step, the synaptic rule (31) on average increases the objective function [image: yes] since synaptic changes [image: image] on average point in the direction of the W-gradient of [image: yes] given by Equation (28), thereby implementing the M-step. Since synaptic updates rely on a (sufficiently) precise E-step which, in turn, needs to integrate any changes in the network response due to synaptic plasticity, homeostatic intrinsic plasticity is required to act on faster time scales than synaptic plasticity. As a consequence, the learning rate ηb will typically exceed the learning rate ηW in the spiking network implementation.

The homeostatic intrinsic plasticity rule (30) can readily be implemented by the spiking neurons: The intrinsic excitability bk of each neuron increases linearly in time with a slow drift ηb · rnet · ck and is lowered abruptly by ηb at the spike times of neuron zk. Similarly, mapping the synaptic plasticity rule (31) to the compound-synapse STDP rule (3) is straight-forward due to the structural equivalence of Equations (3) and (31): The learning rate ηW in the theory domain corresponds to πup · Wmax in the hardware domain, e.g., high jumping probabilities πup and large weight contributions ω = Wmax/M of individual stochastic switches lead to high learning rates ηW. Furthermore, the maximum weight Wmax can directly be identified with the precision 1/σ2 of the likelihood distribution (14). In the theory domain, we know that μki = σ2 · Wki, and hence, μki = Wki/Wmax = mki/M for the compound synapses. Finally, due to the structural equivalence of Equations (3) and (31) we find that the compound memristor plasticity rule (3) inherits the convergence properties from the theoretically derived plasticity rule (31) during online learning. The resulting translation of memristor synapse parameters to the abstract model is summarized in Table 1.

4.5. COMPUTER SIMULATIONS

All computer simulations were performed with customized Python scripts. For the computer simulations, we employed a network architecture with K = 10 network neurons and N = 24 · 24 = 576 inputs. The simulation time step was δ t = 1 ms and the PSP time constant τ = 10 ms. The overall network firing rate was set to rnet = 100 Hz, the homeostatic target activation uniformly to ck = 1/K. Synapses were composed of M = 10 constituents with weight ω = 0.1 each. Switching probabilities were set to πup = πdown = 10−3. This corresponds to a Gaussian likelihood model with variance σ2 = 1 and learning rate ηW = 10−3. The learning rate for homeostatic intrinsic plasticity was set to ηb = 20 · ηW. For the simulations in Figures 4–6, certain parameters deviated from the above, depending on the simulation setup. For Figure 6, the switching probability πup = 10−3 was kept fixed, and πdown was adapted for different Δ-values. All other changes are described directly in the Results section.

For learning experiments, digits 0, 1, 2, 3, 4 were extracted in equal proportion from the MNIST training data set (LeCun et al., 1998). A frame of two pixels width was removed, leaving images of size 24 × 24. The images (indexed by s) were scaled linearly to activity patterns xsi ∈ [0.05, 0.9], with i = 1, …, N, which were presented to the network as follows. For given activity pattern xs = (xs1, …, xsN), each input i spiked with probability pspikei = 1 − (1 − xsi)δt/τ per time step δt. During training, a new activity pattern xs was randomly drawn from the training set every 100 ms. Each network was trained for 5000 s. To obtain the unweighted PSP values yi, the resulting spike patterns were convolved with a box kernel of duration τ and amplitude 1, and then clipped to values [0, 1]. This defined the input y(t), and thus (implicitly) the data distribution y(t) ~ p*(y). Notably, the spiking probability pspikei is chosen such that 〈yi〉 = xsi.

The estimate of the log-likelihood in Figure 3D was based on 5000 input samples y(t), which were randomly drawn from the training data, and assumed a uniform prior p(zk = 1 | θ) = 1/K in accordance with the homeostatic target activation. The classification performance in Figures 3D, 4B, 5E was determined as follows. For given configuration of the synapses and intrinsic excitabilities, 100 versions of each digit from the training data set were presented to the network for 1 s each. Each neuron was labeled to be tuned to the digit class it was most responsive to. Then 500 versions of each digit from the MNIST test data set were presented to the network for 1 s each. The network neuron that spiked most during the 1 s period determined the network's classification of the input digit. The classification error is the fraction of wrongly classified digits.

4.6. IMPLEMENTATION WITH LEAKY INTEGRATOR NEURONS

The idealized stochastic neurons in the WTA network model feature abstact membrane potentials uk that integrate the input y(t) through the weights Wki linearly. In a hardware integration, however, synaptic weights arise from the conductance of memristors, and neurons are physical implementations based on capacitors and various other circuit elements. Here, we outline one possible hardware integration and consider a leaky integrator with membrane potential Uk that obeys the following dynamics:

[image: image]

with membrane time constant τm, leak conductance GL, resting potential Bk and synaptic input current Ik. In the setup of Figure 1A, input spikes trigger a rectangular voltage pulse of duration τ and with amplitude Upre. Denoting the conductance of the memristive synapse by G, this generates a synaptic current I = Upre · G. The equilibrium membrane potential (i.e., [image: image]) under this current is Uk = Bk + (Upre/GL) · G. For small membrane time constant τm → 0, e.g., for a small neuron capacitance, the fast membrane will closely resemble the rectangular presynaptic pulse shape, and the PSP amplitude (Uk − Bk) will be proportional to the weight G. This linear integration property of Uk also holds in case of multiple memristive synapses acting in parallel, and we find

[image: image]

Consequently, the membrane potential Uk of the leaky integrator matches the idealized membrane potential uk employed in the Results section up to a linear function that serves to translate the voltage-based potential Uk to the unitless potential uk. Using the membrane potential Uk, the exponential firing behavior (29) of the neurons could either be realized with an inherently stochastic firing mechanism. Alternatively, deterministic leaky integrate-and-fire neurons could be operated in a stochastic regime by adapting, for instance, the approach taken in Petrovici et al. (2013).
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Data: local copy of a synaptic row for pre-neuron i
Result: updated synaptic row
while there are pre-spikes for neuron i do
for j in size_row do
i V(th,.) and C(th,,) satisfy Eq. 6 then
| increment Aw; < +a;
elseif V(t;,,) and C(t,,,) satisfy Eq. 7 then
| decrement Aw;; < —b;
else
| do nothing;
/+ relax to one of the bistable states
if w satisfies Eq. 8 then
| relax toward wya
else
| relax toward wyins
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end

end
Cleanup spike window;
Initiate a DMA write-back of the synaptic row (DTCM — SDRAM);

*/





OPS/images/fnins-08-00429/fnins-08-00429-t004.jpg
Data: local copy of a synaptic row for pre-neuron i
Result: updated synaptic row
Compute the pre-synaptic trace from the pre-spike window bitmap (SDRAM);
/+ potentiation
for j in size_row do

while there are post-spikes for neuron j do

Increment Awj; using the pre_trace value at time £,

end
end
/* depotentiation
while there are pre-spikes for neuron i do

for j in size_row do

| Decrement Aw;j using the post_trace value at time £,

end
end
for j in size_row do

| Apply Awj; to the synapse;

end
Cleanup spike window;
Initiate a DMA write-back of the synaptic row (DTCM — SDRAM)

/

*/
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Data: Time tick
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Compute post-synaptic rates from the spike window of the previous phase (DTCM);
Start DMA pipeline process;

else

| do nothing;
end
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Data: local copy of a synaptic row for pre-neuron i
Result: updated synaptic row
Compute the pre-synaptic rate from the pre-spike window;
for j in size_row do
| 'Compute Aw; using Eq. 4;
end
Cleanup spike window;
Initiate a DMA write-back of the synaptic row (DTCM — SDRAM);
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Data: Time tick

Compute phase index from time tick;

if mod(time tick,plasticity_update_time) == max_delay then
Compute C(t) traces from the spike window of the previous phase (DTCM);
Retrieve voltage threshold checks from a shared portion of SDRAM;
Start DMA pipeline process;

else

| do nothing;
end
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Data: Local copy of synaptic row data: synaptic_row

Result: Starts the weight update process; requests the next synaptic row

if there is still synaptic data to process then
Increment the synaptic_matrix_index;
Issue a DMA request for synaptic row at address synaptic_matrix_index;
Call the weight update process on synaptic_row;

else

| Terminate the DMA pipeline process;
end
Cleanup local variables for the next plasticity phase;
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Data: Incoming spike (routing key) from the twin neural core
Result: Spike window for the current phase

Retrieve the spike window for the post-synaptic neuron (DTCM);
Retrieve the time position for the spike;

Update the spike window;
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Data: Time tick

Compute phase index from time tick;

if mod(time tick,plasticity_update_time) == max_delay then
Compute post-synaptic traces from the post-spike window of the previous phase (DTCM);
Start DMA pipeline process;

else

| do nothing;
end
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Neuron
Post-synaptic learning
LTP synapse

STP synapse

Virtual synapse
Synapse de-mux

AER in (columns)
AERin (rows)

AER out

BiasGen

Dimensions
(zm x pm)

55.69x16.48
39.09x16.48
15.3x16.48
16.24x16.48
35.6x16.48
49.56x4389.4
8770154
1124357
166.2x4274.9
539.5x1973

Number

256
256
64k
64k
512

Total  (mm?)
area:

0.235
0.165
16.147
17.129
0.300
0218
0.135
0.488
0710
1.064

The remaining area used in the chip is occupied by the pads and additional test structures.
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Merolla et al., 2011 Set externally implemented
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Bartolozzi and depression
Indiveri, 2007
Schemmel etal., 180nm  50mm? 150 ,um? 15k STDP 84um? 14k Either short-term
2010; Schemmel, depression or
personal facilitation
communication
This work 28nm  036mm?  13um? 8192 Stop learning 432 pm? 128 Concurrent
short-term

depression and
facilitation
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