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Abstract

Over the course of a lifetime, a continual stream of information is encoded and retrieved from
memory. To explore the synaptic mechanisms that enable this ongoing process, we consider a continual
familiarity detection task in which a subject must report whether an image has been previously encountered.
We design a class of feedforward neural network models endowed with biologically plausible synaptic
plasticity dynamics, the parameters of which are meta-learned to optimize familiarity detection over long
delay intervals. After training, we find that anti-Hebbian plasticity leads to better performance than Hebbian
and replicates experimental results from the inferotemporal cortex, including repetition suppression. Unlike
previous models, this network both operates continuously without requiring any synaptic resets and
generalizes to intervals it has not been trained on. We demonstrate this not only for uncorrelated random
stimuli but also for images of real-world objects. Our work suggests a biologically plausible mechanism for
continual learning, and demonstrates an effective application of machine learning for neuroscience

discovery.

Introduction

Every day, a continual stream of sensory information and internal cognitive processing causes
lasting synaptic changes in our brains that alter our responses to future stimuli. It remains a mystery how
neural activity and local synaptic updates coordinate to support distributed storage and readout of
information and, in particular, how ongoing synaptic changes due to either new memories or homeostatic
mechanisms do not interfere with previously stored information.

Memory research in theoretical neuroscience and machine learning has addressed these questions
through modeling studies, but important features remain to be clarified. First, memories of an individual's
history are encoded in a one-shot manner — this is different from typical neural network models which use
a prolonged incremental training process to learn a complex task. Such training algorithms use a global
error signal and perform per-synapse credit assignment through knowledge of the entire network
(Rumelhart et al., 1986), whereas biological synapses typically only have access to local pre- and
postsynaptic activity (Hebb, 1949) and various modulatory signals (Frémaux and Gerstner, 2016; Gerstner
et al., 2018). Second, biological synapses change continually in response to ongoing activity, whereas
models commonly assume that synapses are fixed after training ends, such as the classical Hopfield
network (Hopfield, 1982) and most deep neural networks (LeCun et al., 2015). Unregulated continual
updating of synapses can cause catastrophic forgetting in which a network either erases previous memories
(Kirkpatrick et al., 2017; Zenke et al., 2017) or renders stored information unreadable (Parisi, 1986).
Recurrent neural networks are commonly used to perform tasks that involve memories sustained by neural

activity (Elman, 1991; Hochreiter and Schmidhuber, 1997; Mante et al., 2013), however most memories
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are likely stored through synaptic potentiation and depression (Abbott and Nelson, 2000). Synaptic memory
has sometimes been studied through an ideal observer approach (Benna and Fusi, 2016; Fusi et al., 2005)
in which synaptic weights are directly accessible for readout, but biological organisms must read out
synaptic storage through neuronal activations. In fact, the readout may not be a dedicated circuit as in
attractor network models of memory (Hopfield, 1982), but rather manifested as a change in ongoing neural
processing (Hasson et al., 2015). Finally, machine learning research often eschews biological plausibility
and mechanistic understanding in favor of performance on benchmark tasks (Ba et al., 2016; Graves et al.,
2014, 2016; Miconi et al., 2018, 2019).

Familiarity detection — identifying whether a stimulus has been previously encountered — is a simple
and ubiquitous form of memory that serves as a useful testbed for addressing these issues. Classical
studies have demonstrated that human recognition memory capacity for images is "almost limitless" in a
two-alternative-forced-choice task with separate encoding and testing phases: retention follows a power
law as a function of the number of items viewed (Standing, 1973). Pioneering theoretical work has shown
that the number of memories stored by a familiarity detection network depends on the synaptic plasticity
rule and, in the case of uncorrelated inputs, capacity can scale proportionally to the number of synapses
(Bogacz and Brown, 2003). More recent behavioral work further demonstrates an impressive capacity in a
continual setting, the error rate as a function of the number of intervening items exhibiting a "power law of
forgetting" (Brady et al., 2008). Theoretical studies have shown that power-law forgetting is achievable by
synapses with metaplasticity, using both uncorrelated inputs (Fusi et al., 2005) and face images (Ji-An et
al., 2019). Neural signals of visual familiarity have been observed as reductions in responses to repeated
presentations of a stimulus, a phenomenon known as repetition suppression (Grill-Spector et al., 2006;
Meyer and Rust, 2018; Miller et al., 1991; Xiang and Brown, 1998). At the timescales relevant for this task
— one-shot memorization on the order of seconds and long-term forgetting on the order of days — this is
plausibly caused by depression of excitatory synapses or potentiation of inhibitory ones (Lim et al., 2015).

Previous modeling work on recognition memory used a predesigned architecture and plasticity rule
and both empirical and analytic evaluation of performance (Androulidakis et al., 2008; Bogacz and Brown,
2003; Norman and O’Reilly, 2003; Sohal and Hasselmo, 2000). An emerging approach uses a machine
learning technique known as "meta-learning," or "learning how to learn" (Confavreux et al., 2020; Thrun
and Pratt, 2012), which uses optimization tools to rapidly search for mechanisms that artificial neural
networks can use to solve a learning/memory task. In contrast to hand-designed models, meta-learning
enables unbiased exploration of a large family of architectures and plasticity rules. Importantly, it is possible
to impose constraints that ensure biological plausibility (Bengio et al., 1991). For example, given a network
architecture and a family of biologically plausible plasticity rules with tunable parameters, the meta-learning
algorithm can search for the optimal parameters for memorizing a set of inputs.

In this work, we consider a family of models that recognize previously experienced stimuli and,
importantly, learn and operate continuously without separate "learning" and "testing" phases. We

investigate a feedforward network architecture with continual Hebbian plasticity in its synaptic weights.
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75 Parameters governing plasticity and other network parameters are meta-learned using gradient descent to
76 optimize the continual familiarity detection process. To isolate synaptic plasticity as the unique memory
77 mechanism, we avoid recurrent connectivity that could store memory through maintained neuronal
78 activations. This architecture, unlike recurrent networks, generalizes naturally over a range of repeat
79 intervals even if trained on a single interval. We show that an anti-Hebbian plasticity rule (co-activated
80 neurons cause synaptic depression) enables repeat detection over longer intervals than a Hebbian rule,
81 and this is the solution most frequently found by meta-learning. This rule leads to experimentally observed
82 features such as repetition suppression in the hidden layer neurons. Critically, the capacity of these
83 networks remains constant over time, so they can be continually fed new inputs with no reduction in steady-
84  state memory performance.

85

86 Results

87 Continual familiarity detection task

88 We consider a continual familiarity detection task (Fig 1a) in which a stream of stimuli is presented
89 to a network. With probability 1 — p, the stimulus at time ¢t is chosen as a randomly generated d-dimensional
90 binary vector x(t), where each component is either +1 or —1 (note that for sufficiently large d, spurious
91 chance repeats are extremely unlikely). With probability p, the stimulus is a copy of the stimulus presented
92 R time steps ago, so that x(t) = x(t — R). However, we ensure that a stimulus is repeated at most once so,

93 if x(t — R) is already a repeat, i.e. x(t — R) = x(t — 2R), a new x(t) is generated. As a result, the fraction

94 of novel stimuli, which we call f, is not equal to 1 — p, but rather f = L We use p= 1, sof =2 The output
1+p 2 3

95  of the network should be y(t) = 0 if x(t) is novel and y(t) = 1 if it is familiar, i.e. has appeared previously.
96 The accuracy of the network (P.,.rect; the probability of correctly responding to a stimulus) depends
97 on two factors: the true positive rate (Pp, the probability of correctly reporting a repeated stimulus as
98 "familiar"), and the false positive rate (Ppp, the probability of incorrectly reporting a novel stimulus as
99 "familiar"). These two factors are weighted by the fraction of novel stimuli f, so that P.grrect = (1 — f)Prp +

100  f(1 — Pgp). Through our choice of loss function (Online methods), we are effectively training the networks
101 to maximize accuracy, so the "chance" level performance is f (for f > %), which a network can achieve by

102 reporting all stimuli as novel (Prp = Prp = 0).

103 In our paradigm, a given dataset has a single repeat interval R, which differs slightly from previously
104 studied experimental paradigms (Brady et al., 2008; Meyer and Rust, 2018). However, we evaluate
105 performance on multiple datasets with various values of R. For testing, this is analogous to evaluating a
106 single dataset with multiple repeat intervals and computing accuracy for each interval separately. We use
107 this approach because it allows us to test generalization by training on one value of R and testing on others.
108 It also allows us to train the network to its maximal capacity by gradually increasing R during "curriculum
109 training", and simplifies analytic calculations.
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We begin by considering familiarity detection for uncorrelated stimuli, but, in later sections, we
generalize to a task that requires simultaneous familiarity detection and binary classification, and to a

dataset of real-world object images.

time h(t)
Figure 1. Continual familiarity detection task and HebbFF model. (a) The continual familiarity detection task. Given a continual
stream of stimuli x(t), the desired output is y(t) = 1 if the stimulus has appeared previously and y(t) = 0 otherwise. For a given
dataset, repeat stimuli always appear at an interval R after their first presentation. Although the task is continual, for the purposes of
network training we use a finite-duration trial of length T » R. (b) The HebbFF network architecture. A feedforward layer is endowed
with ongoing Hebbian plasticity, the parameters of which are optimized using stochastic gradient descent. The hidden units are linearly
read out to produce the network's estimate of familiarity y(t).

HebbFF network architecture

To investigate the effectiveness of synaptic plasticity for solving this task, we use a feedforward
neural network with a single hidden layer and, to implement the memory function, activity-dependent
ongoing Hebbian plasticity (HebbFF) (Fig 1b). We purposefully do not include any recurrent connections to
ensure that memory cannot be stored through persistent neuronal activity, thus isolating synaptic plasticity
as the only possible memory mechanism.

In the HebbFF network, a group of hidden layer neurons with firing rates given by an N-dimensional
vector h(t), receives a d-dimensional input x(t). The variable t indexes stimulus presentations which occur
sequentially, so we refer to it as "time". The input to each hidden-layer neuron is weighted by its
corresponding synaptic strength and then transformed into a hidden-layer firing rate through a nonlinear
activation function o(-). The synaptic strength between the postsynaptic neuron with rate h;(t) and the

presynaptic neuron carrying the input x;(t) is the (i, j) component of an N-by-d matrix that is the sum of a
fixed matrix W; and a plastic matrix A(t). Thus, the firing rate of the hidden layer is given by
h(t) = o((Wy+A®)x(t) + b,)
where o(-) is the logistic function applied element-wise and b, is a vector representing baseline currents
into the hidden layer. The plastic matrix A(t) is updated at every time step: its (i, j) component decays by
a factor 0 < A <1 and is incremented by a Hebbian product of the pre- and postsynaptic activities,
h;(t)x;(t). A plasticity rate parameter - oo < n < c controls the sign and magnitude of this increment. In
matrix form, the synaptic update rule is then
A(t +1) = 2A(t) + nh(t)x(t)T
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141 Finally, the output of the network j(t) is a linear readout of the hidden layer and, since the target y(t) is
142 binary, we bound the readout with the logistic function,

143 y(t) = o(W,h(t) + by)

144  The response of the network is taken to be familiar if y(t) > 1/2 and novel otherwise.

145 To construct the network, we use backpropagation through time (BPTT) to "meta-learn" the
146 parameters W, by, W5, by, A, , which are fixed once training is completed (Online methods). The continual
147  familiarity detection task — the "learning" task — is then performed exclusively by the ongoing synaptic
148 dynamics of A(t), determined by the fixed parameters. These dynamics are a biologically plausible
149 mechanism for solving the continual memory task, but BPTT is simply used as an optimization tool to find
150 suitable parameters of the network.

151
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152
153 Figure 2. RNN performance on continual familiarity detection. (a) Training an LSTM (d = 100 input dimension, N = 100 recurrent
154 units) on a single dataset of a familiarity detection task (T = 500 stimulus presentations, repeat interval R = 3). Although the loss (top)
155 approaches zero and accuracy (bottom) approaches 1 on the training dataset (red curves), performance on a validation dataset (blue)
156 with the same parameters fails to generalize even when tested in-distribution with the same R. (b) Training the RNN using "infinite
157 data." New datasets, each with R = 3, are generated at every epoch of training (red). Accuracy (top), as well as true positive and false
158 positive probabilities (bottom) is shown as a function of the repeat interval on validation datasets. The same is repeated with another
159 RNN using R = 6 (blue). The RNNs perform well in-distribution on datasets with the same repeat interval as used during training, but
160 fail to generalize out-of-distribution to other repeat intervals. (c) Training the RNN with "infinite data," using datasets with both repeat
161 intervals R = 3 and R = 6. The RNN interpolates between the intervals — performance is high when tested on repeat intervals 3 < R <
162 6 — but fails to extrapolate. Performance quickly drops for longer repeat intervals, and even for shorter ones.
163

164  HebbFF generalizes across datasets and repeat intervals

165 As a benchmark for comparing HebbFF performance, we first train a long short-term memory
166 (LSTM) network (Hochreiter and Schmidhuber, 1997) — a recurrent neural network (RNN) architecture well-
167 suited for memory performance — on the continual familiarity detection task. Unlike HebbFF, which stores
168 its input history in the plastic synaptic matrix A(t), an RNN uses ongoing neuronal activity.

169 If we train the RNN using a single dataset with T = 500 image presentations (Online methods) and
170 a repeat interval of R = 3, it successfully learns the training set, but entirely fails to generalize to new test
171 sets with the same R (Fig. 2a). This is because the RNN learns to perform classification, not familiarity

172 detection. To fix this, we use an "infinite data" approach in which we generate a new dataset for every
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173 iteration of BPTT, each with the same value of R = 3. Trained in this way, the RNN now generalizes "in-
174 distribution" across datasets with R = 3 (i.e. to datasets drawn from the same distribution as the training
175 data, which is parameterized by R), but fails to generalize "out-of-distribution" to data with any other value
176 of R (i.e. to datasets from a different distribution) (Fig 2b). The same result holds if we train another RNN
177 with R = 6 (Fig 2b). We can further train the RNN with items spaced at intervals of both R=3and R =6
178  (i.e. the value of R is chosen randomly for each familiar stimulus rather than being fixed). While the network
179 can interpolate between the trained values, it does not extrapolate well to larger or smaller ones (Fig 2c).
180  Although it is likely possible to train the RNN to perform well for multiple values of R by using more complex
181 training schedules, we believe that poor out-of-distribution generalization is a bottleneck of the RNN
182 approach.

183 In contrast, the HebbFF network exhibits both in-distribution and out-of-distribution generalization.
184 Even when trained on a single dataset with a fixed repeat interval R, the network generalizes not only to
185 new test sets with the same R, (Fig 3a) but even to those with different R values. Trained with "infinite data"
186 (the scheme we use in general), HebbFF generalizes to datasets with smaller and even larger R values
187 (Fig 3b). If we match the number of dynamic variables rather than the number of hidden neurons, HebbFF
188 still shows superior generalization compared to the RNN (Fig S1). This qualitative difference in performance
189 suggests that Hebbian plasticity provides a powerful inductive bias in the form of a more "natural”
190 mechanism of memory for the purpose of familiarity detection.

191 The generalization performance of HebbFF is due to the fact that the memory representation of an
192 item does not change over time, other than being scaled by a factor. A stimulus x(t) is initially stored as
193 the outer product of h(t) and x(t), multiplied by the plasticity rate n. The plastic component of the
194 connectivity matrix also contains terms arising from previously stored memories which, for the purposes of
195 this particular stimulus, act as additive noise ¢:

198 At +1) = nh(®)x(t)T + &

196 As subsequent stimuli are presented, the representation of x(t) maintains the same form, so that k time
197 steps later it is still stored as the outer product of h(t) and x(t), scaled by a factor A*:

200 A(t + k) = 2nh()x(©)T + Ae+ &’

199  where further additive noise ¢ ' arises from stimuli presented after x(t).

201 Unlike HebbFF, RNNs are poor at generalizing across intervals R because the dynamics of their
202 units allow the memory representation of a stimulus to change arbitrarily over time. The RNN only generates
203 the appropriate representation at the time when a query is expected, namely after a delay equal to the value

204 of R used during training. This makes it difficult to generalize across intervals.
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206 Figure 3. Hebbian vs. anti-Hebbian plasticity and continual operation. (a) Training the HebbFF network (d = N = 100), as in Fig
207 2a. Both training and validation loss decrease, and accuracy increases, for a single instance of the dataset with R = 3, indicating in-
208 distribution generalization. Over many iterations, however, overtraining occurs due to the use of a single dataset, increasing the final
209 validation loss. (b) HebbFF network trained with "infinite data" as in Fig 2b (R = 3, red; R = 6, blue) shows not only in-distribution
210 generalization to any dataset with R = 3 (R = 6, resp.), but also out-of-distribution to datasets with any smaller R and some larger R's.
211 (c) HebbFF with a different initialization converges to a qualitatively different solution with a negative learning rate n, an anti-Hebbian
212 learning rule, in contrast to the Hebbian solution in (b). The anti-Hebbian solution shows generalization performance over a larger
213 range of R values than Hebbian. (d) Model from (Bogacz and Brown, 2003), evaluated on the continual familiarity detection task,
214 varying the length T of the trial. Accuracy (top) is near-perfect regardless of the repeat interval R (blue vs. red curve) until the model
215 reaches its capacity (P* = 100 for network size d = N = 100) because the model reliably stores the first P* patterns. Accuracy rapidly
216 drops below chance for T > P* as the model begins to report familiar stimuli as novel (see Fig S2b). (e) HebbFF network operates
217 continuously, as its accuracy (top) is consistent with the generalization curve from (c), with near-perfect performance for R, = 5 and
218 above 80% for R = 20 for any trial length. True and false probabilities (bottom) are better representations as accuracy (top) is
219 artificially higher for small T due to the low proportion of familiar stimuli.
220
221 Anti-Hebbian outperforms Hebbian plasticity
222 The plasticity rate n in HebbFF can be positive or negative, resulting in either Hebbian or anti-

223 Hebbian plasticity. For the Hebbian solution with n > 0, synapses are potentiated in response to a stimulus.
224  Whenitis repeated, the hidden layer activity is higher than for a novel stimulus due to the increased strength
225 of the synapses storing the memory. For anti-Hebbian plasticity, n < 0, synapses are depressed when a
226 memory is stored. In this case, the hidden layer activity is lower for a familiar stimulus than a novel stimulus,

227 which is consistent with experimental results of repetition suppression (Grill-Spector et al., 2006; Meyer and
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228 Rust, 2018; Xiang and Brown, 1998). Furthermore, the meta-learning algorithm is more likely to converge
229 to the anti-Hebbian solution, especially when trained with a relatively large repeat interval, even if the initial
230 value of 7 is positive, and almost always does so when the initial value is negative.

231 Interestingly, anti-Hebbian plasticity enables successful familiarity detection over considerably
232 longer intervals than a Hebbian rule (Fig 3c). To understand this, note that the memory of a stimulus is
233 degraded in two ways: additional plasticity events obscure existing memories, and the plastic weights decay
234 over time. With an anti-Hebbian plasticity rule, the hidden layer activation h(t) is close to zero for a familiar
235  stimulus due to repetition suppression. As a result, the plasticity update nh(t)x(t)T when the stimulus is
236 repeated is negligible — as if a stimulus was not presented at that time step. This effectively reduces the
237 number of plasticity events, reducing the disruption of existing memories. As a secondary effect, the smaller
238 number of plasticity events allows a larger 1 (smaller decay rate) to be used while still controlling the
239 amplitude of plastic weights. This slower decay rate further extends the lifetime of the memory. Due to their
240 superior performance and consistency with experimental results, we only consider anti-Hebbian solutions
241 throughout the following sections.

242

243 HebbFF learns continually without catastrophic forgetting

244 Previous modeling work using anti-Hebbian plasticity mechanisms for familiarity detection (Bogacz
245  and Brown, 2003) focused on a paradigm used in classic studies of recognition memory (Standing, 1973)
246 in which subjects are serially presented an entire dataset and later asked to identify which stimulus is
247  familiar in a two-alternative-forced-choice (2AFC) test. Analogously, this previous modeling work used
248 explicit "learning" and "testing" phases and demonstrated an impressive capacity for recognition memory
249  (Bogacz and Brown, 2003) (Fig S2a). When evaluated on the continual memory task that we use, the
250 Bogacz-Brown model has near-perfect performance if the number of stimuli T in the dataset is smaller than
251 the model's capacity P*, independent of the value of the repeat interval R (Fig 3d). That is, the model
252 successfully stores all T < P* stimuli. As the dataset size T increases, however, the model performance
253  declines due to catastrophic interference (Fig 3d, S2b; Online methods). To store additional memories, the
254 old memories must be removed by resetting the synaptic weights.

255 In contrast, the HebbFF model operates continually rather than using separate learning and
256 evaluation phases. Its performance is independent of the length of the dataset, and it can operate
257 continuously without any need to reset the synaptic weights. For example, a HebbFF network trained with
258 R = 5 operates at near-perfect performance irrespective of the duration of the trial T when tested with R =
259 5 (Fig 3e). Similarly, when tested with R = 20, it operates continually at near 80% accuracy (Fig 3e), as

260  expected from the generalization curve in Fig 3¢ (note that for small T the accuracy (Fig 3e, top, blue) is
261 transiently elevated because the fraction of novel stimuli is more than g). In other words, the model has a

262 moving window in time within which it can successfully detect a familiar stimulus, and it forgets old stimuli

263  gracefully without suffering from catastrophic interference.
264
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265 A uniform readout

266 Up to now, the readout of the hidden layer, (t) = o(W,h(t) + b,), has involved a trained matrix
267 W,. Because the inputs to the network are uniformly random, there is no reason to believe that, as far as
268 the output is concerned, one hidden unit would be statistically different than any other (although they may
269 still be statistically dependent). This observation leads us to restrict W, to be a scaled 1-by-N matrix of
270 ones, W; = a,[1, ..., 1], where a; is a trained scalar. Similarly, we restrict by = 3, [1,...,1]T. We verified that
271 performance is not affected by this choice of output weights (Fig S3a), the distribution of $(t) for familiar
272 and novel stimuli is the same (Fig S3b), the readout vector W, and the bias term b; have similar features
273 (Fig S3c), and anti-Hebbian plasticity is still the preferred form of plasticity. We use this uniform readout
274 throughout the remainder of our studies unless stated otherwise.

275

276 Storage and readout mechanisms

277 In the HebbFF network, the hidden layer plays a dual role. On the one hand, it must produce a
278 reliable familiarity signal for the readout to decode. On the other, it must create a robust representation of
279 the input stimulus during the Hebbian plasticity update. The hidden activity is controlled by the fixed
280 parameters W, and b4, as well as the plastic matrix A(t). Here, we investigate how W, b; and A(t), impact
281 these two aspects of the familiarity detection task.

282 Networks trained with larger R have sparser hidden unit activity (Fig 4a-c): the sparser the activity,
283 the less plasticity is evoked, and thus the longer memories can be retained without overwriting. In the
284 limiting case we might expect that exactly one neuron is active for a novel stimulus and none are active for
285  familiar stimuli. Associated with this increased sparsity in activity, W, is also sparser for larger R (Fig 4d-f).
286 To isolate the effect of W, on hidden unit activity, we compute a histogram of the input current into
287 the hidden layer due to the non-plastic synapses, W,x(t) + b4, across units and across time (Fig 4g-i). As
288 R increases, the distribution becomes multi-modal. In general, the number of peaks in this distribution
289 depends on the number of large-magnitude values of W, per row. Critically, due to the logistic function
290 nonlinearity, only the rightmost peak in Fig 4i is large enough to elicit appreciable activity in the hidden
291 layer. This peak drives the small number of hidden units that are significantly activated by a novel stimulus.
292 In other words the W, matrix acts like a hash function to select a small subset of hidden units to store the
293 memory of a given stimulus.

294 We next consider the effect of A(t), focusing on the network trained to maximum capacity (Fig
295  4c,f,i) (see next section). For a novel stimulus, the distribution of the input current due to the plastic
296 synapses A(t)x(t) is unimodal and symmetric about zero (Fig 4j-1). For a familiar stimulus, however, there
297 is an additional peak at approximately AR_lnd. This peak is due to the dot product of the input vector x(t —
298 R) (stored in the matrix A(t) as A" 'nh(t — R)x(t — R)"), and the familiar input vector x(t) = x(t — R).
299 Importantly, the neurons that exhibit this behavior are the same neurons that were active due to W, when

300 the stimulus was novel. This implies that, in addition to selecting a subset of neurons for storage of a
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memory, W also allows the system to probe those same neurons during recall. Thus, W serves as an
addressing function during memory recall.

Finally, the total hidden layer input current is the sum of these two components, (W + A(t))x(t) +
b, (Fig 4m-0). Comparing Fig4i and Fig4o, we see that the large central symmetric mode of the A(t)x(t)
distribution does not significantly impact the total hidden layer input current. Rather, the familiarity signal
arises because the smaller peak of the A(t)x(t) distribution pushes the rightmost peak of the W,x(t) + b,
distribution below zero (Fig 4m). Anti-correlation between the two input currents for familiar stimuli (Fig 4p-
r) indicates that this shift is caused by the input current from the plastic component of the synapse cancelling

the input current from the fixed component, resulting in lower activation, i.e. repetition suppression.
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310
311 Figure 4. Storage and readout mechanism. (a-c) Hidden layer activity h(t) over 20 consecutive timesteps for networks with input

312 dimension d = 25 and N = 25 hidden units, trained on datasets with R = 1,7, or 14, respectively. Familiar stimuli (black rectangles)
313 cause silencing i.e. repetition suppression of hidden layer activity. Activity for novel stimuli becomes sparser for networks trained with
314 larger R. (d-f) Static weight matrix W, of the networks from (a-c). The weight matrix becomes sparser, and individual weight
315 magnitudes increase for networks trained with larger R, enabling more sparse activity in the hidden layer for novel stimuli. (g-i)
316 Distributions of input current into the hidden layer due to the static component of the synapses, i.e. the matrix W, and bias b,, for the
317 networks from (a-c). We do not distinguish familiar and novel stimuli since the current due to the static component is the same
318 regardless of novelty. For networks trained with larger R, the distribution becomes multi-modal, with the number of modes equal
319 (approximately) to the number of high-magnitude values per row of W, plus one. Due to the bias, only the rightmost mode has the
320 potential to produce firing rates that are significantly above zero. (j-1) Distributions of input current into the hidden layer due to the
321 plastic component of the synapses, i.e. the matrix A(t), for novel (red) and familiar (green) stimuli. We only consider the trained
322 network from (c,f,i) and evaluate its behavior on test sets with R = 14, 40, or 100, corresponding to perfect, intermediate, and chance
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323 accuracy. The large central mode occurs due to stored stimuli uncorrelated with the input stimulus x(t). In the novel case, the input
324 is uncorrelated with all the stored stimuli by definition, and thus there is only one mode. Similarly, in the familiar case with a long delay
325 interval R = 100 the stored stimulus has decayed sufficiently that its signal is lost. In the case of familiar stimuli presented at shorter
326 delay intervals, R = 14 or 40, there is an additional mode due to the correlation between the input x(t) and its copy x(t — R) previously
327 stored in the plastic matrix A(t). (m-o) Distributions of the total input current into the hidden layer on test sets with R = 14, 40, or 100.
328 Only the values above zero cause high firing rates after applying the logistic sigmoid nonlinearity. Since all the input currents are low
329 for familiar stimuli (green) for small values of R, there is repetition suppression. (p-r) Correlation between the input current into the
330 hidden layer from static and plastic synapse components at each of 20 consecutive timepoints. Asterisks indicate output response
331 errors. For sufficiently small R, the input currents are more anti-correlated for familiar stimuli (black circles) than for novel. Combined
332 with the distributions of input currents, this indicates that the units receiving positive input current from the static synapses receive
333 negative input current from the plastic synapses.

334

335 Curriculum training and memory capacity

336 A randomly-initialized HebbFF network is typically unable to find a solution if trained with a large
337 value of R (e.g. a network with d = 50, N = 100 rarely converges if trained on R > 10). Instead, we use a
338 curriculum training procedure to bootstrap the optimized solution. First, the network is trained on data with
339 R =1, using the "infinite data" regime. Once the accuracy is above 99%, R is incremented by one and
340 training continues on data with R = 2. This process continues until R becomes large enough that the
341 network cannot find a solution with accuracy above 99%, i.e. if R is not incremented for at least 2 million
342 iterations (Fig 5a). We thus define the memory capacity R, ,x as the largest value of R for which the

343  familiarity detection accuracy is above 99%.
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344 Figure 5. Curriculum training and empirical capacity. (a) The value of R used over the course of curriculum training for four different
345 network sizes. R is incremented once the network achieves an accuracy > 0.99. Training is considered converged when the value of
346 R is not incremented for at least 1 million iterations. (b) The final value of R after curriculum training (i.e. network capacity) as a function
347 of the number of plastic synapses in the network, plotted on a log-log scale. The color of the points corresponds to the number of input
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348 units, colors from panel (d). The least-squares fit (black line, slope k, bias c) indicates that the empirical network capacity scales sub-
349 linearly with the number of synapses. (c) Capacity as a function of the input dimension d for various hidden layer sizes N. (d) Capacity
350 as a function of the hidden layer size for various input dimensions d. Capacity primarily depends only on the number of synapses,
351 rather than on the hidden or input layer sizes.

352

353 We curriculum-train networks of different sizes and plot the capacity R,,,, for each one (Fig 5b).

354 For consistency and ease of training, we restrict the networks to the anti-Hebbian solution and use the
355 uniform readout. We find that the capacity depends primarily on the number of synapses, rather than on
356 the number of pre- or postsynaptic neurons (Fig 5c¢,d), consistent with previous familiarity detection results
357 (Bogacz and Brown, 2003). To estimate the scaling, we compute a linear least-squares fit of log(R.x) as
358  afunction of log(Nd). Empirically, we find that the capacity of the network scales as

360 Rpax = 0.10(Nd)®7°

359 which is sublinear in the number of plastic input synapses to the hidden layer, Nd.

361 The model of Bogacz and Brown (Bogacz and Brown, 2003) for the non-continual task has a
362 capacity that is linear in the number of synapses. To determine whether the difference between the
363 empirical performance of HebbFF and the Bogacz-Brown model reflects a fundamental limitation in the
364  feedforward architecture, we developed an idealized version of the model (Fig 6a) that we could study
365  analytically (Online methods).

366 We noted above that the limiting behavior of the network at maximum capacity appears to have
367 W activate just a single unit for memory storage. We build this limiting behavior into the idealized model
368 through a specific choice of W, and b4, set by design rather than through a training procedure. Specifically,
369  we use the first n « d components of x(t) as an identifier by choosing the first n columns of W, so that a
370 unique hidden unit is activated by each possible n-bit combination of these components, and set the
371 remaining columns of W to zero. To simplify the model, we do not allow plasticity to operate on the inputs
372 from these bits and set the first n columns of A(t) to zero (Fig 6a). This isolates the "hashing" function of
373 the fixed matrix from the memory storage. Furthermore, instead of a sigmoid nonlinearity for the hidden
374 units, we use a Heaviside step function @(:). Thus, the hidden layer in the idealized model is governed by
375 h(t) = 0((Wy+A®)x(t) + by)

376 For the nonzero entries of A(t), plasticity is the same as in the trained model. However, because
377 the Heaviside function does not depend on the scale of the input, we can set the plasticity rate to n = —1
378 without loss of generality. The optimal synaptic decay rate 2 can be computed analytically. Finally, a
379 stimulus is considered familiar if all hidden unit activities are identically zero, and novel otherwise (Online
380 methods).

381 This idealized model exhibits qualitatively similar behavior to HebbFF. We can

382 fit the analytic functional form of the true and false positive probabilities computed from the idealized model
383 (Fig 6b) to the corresponding probabilities of HebbFF (Fig 6¢). Furthermore, the histograms of inputs to the
384 hidden layer are qualitatively similar: W, x(t) + b; has the same multimodal distribution with more
385 prominent peaks in the middle (Fig 4i, 6d), a bimodal distribution of A(t)x(t) with a large symmetric central

386 peak and a smaller one corresponding to the familiarity signal (Fig 4j, 6e), and a similar distribution of the
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387 total input current (W, + A(t))x(t) + b, (Fig 40, 6f). From this, we conclude that the memory storage and
388 readout mechanisms are analogous in the meta-learned HebbFF network and the idealized model.

389 Along with the true and false positive probabilities, the memory capacity of the idealized model can
390 be computed analytically (Online methods). As in the Bogacz-Brown model (Bogacz and Brown, 2003), the
391 capacity, as characterized by 99% accuracy, is proportional to the number of synapses Nd. There are
392 several possible reasons for the discrepancy between this analytic capacity, as well as that of the Bogacz-
393 Brown model, relative to the empirical capacity for HebbFF.

394 First, the idealized HebbFF model uses a dedicated set of synapses through the fixed W, matrix,
395 and the Bogacz and Brown model selects the units that have the highest input current implicitly through
396 inhibitory competition. Both of these are dedicated addressing functions for the hidden layer, but meta-
397 learned HebbFF must multiplex this functionality with memory storage, leading to correlations between the
398 hidden layer input currents from the plastic and fixed synapse components (Fig S4a).

399 In addition, replacing the logistic function with a Heaviside function means that familiar stimuli truly
400 generate no plasticity in the idealized model, reducing overwriting at the cost of not reinforcing partially-
401 decayed memories (Fig S4b-c). For the same reason, in contrast to HebbFF, the idealized model achieves
402 maximal plasticity for any suprathreshold level of input to a hidden layer unit.

403 Finally, training the HebbFF model may lead to specialized solutions for small d and N that have
404 better performance than that predicted by the asymptotic analysis. Similarly, training may not converge to
405 the optimal solution for large d and N because it requires the use of very long repeat intervals R. This
406 means the dataset size T must be very large to include a sufficient number of familiar examples, which may
407 lead to practical issues such as vanishing gradients. Thus, the empirical capacity may scale sublinearly

408 with the number of synapses because of over-performance at low R, under-performance at high R, or both.
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410 Figure 6. Idealized model. (a) The idealized HebbFF network architecture. In contrast to the original HebbFF network with a single
411 effective matrix W, + A(t), the input x(t) is effectively split into two sections of size n and D = d — n that serve as inputs into separate
412 static and plastic synaptic matrices W, and A(t), respectively (Online methods). The hidden layer size is N = 2". The readout unit
413 outputs j(t) = 1 whenever any of the hidden units is active. (b) The analytic calculation of network performance (solid line) matches
414 simulation results for the idealized network (x's), shown for two different network sizes (red, blue). (c) A least-squares fit of the analytic
415 performance curve of the idealized network to a trained HebbFF network of the same size for two network sizes. The idealized network

416 has similar performance to the HebbFF model if its decay rate and bias are scaled appropriately: 1 = 0.986,b, = —4.771 (for all units)
417 for d = 200,N = 32, and A = 0.993,b; = —4.771 for d = 200, N = 32. (d-f) Same as Fig 4(l,j,m), but for the idealized network (D =
418 400,N = 32,R = 300).

419

420 HebbFF recapitulates neural data from inferotemporal cortex

421 We next compare the optimized HebbFF model with experimental results. Meyer and Rust (Meyer
422 and Rust, 2018) recorded neurons from the inferotemporal (IT) cortex of monkeys performing familiarity
423 detection and compared the quality of two decoders in predicting behavior from neural data as a function
424  of neural population size. The authors considered a "spike count classifier" (SCC) decoder, which amounts
425 to comparing a simple average of neuronal firing rates to a threshold, as well as a Fisher linear discriminant
426 (FLD), which instead considers a weighted average, with weights computed from the data (Meyer and Rust,
427 2018).

428 We perform a similar analysis. We first construct an FLD decoder of the hidden unit firing rates and
429 rank the units in reverse order of their FLD readout weights (i.e. units with the most negative weights are
430 top-ranked; Online methods). We then consider decoders that use increasingly larger subsets of hidden
431 units, adding them according to their ranking (Meyer and Rust, 2018). As in the experimental data,
432 performance saturates for the FLD and declines for the SCC readout beyond a certain number of decoded

433 units (Fig 7a). This can be explained by the fact that some units do not provide a reliable signals of familiarity
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434  — in the network this is due to suboptimal training, and in the IT cortex possibly due to those neurons
435  performing an unrelated task (see next section). Including them hurts performance of the SCC decoder, but
436 since the FLD readout weight for these units is close to zero, they do not alter its familiarity detection
437 performance.

438 Comparing the experimental and model distributions of readout activity shows a qualitatively similar
439 pattern for outputs to novel and familiar stimuli (Fig 7b). Both distributions shift toward smaller values as R
440 increases, as the outputs for familiar stimuli approach those for novel. The fact that the distribution of
441 outputs becomes narrower for HebbFF as R decreases, unlike in the data, may be due to repetition
442 suppression causing hidden units to have near-zero responses for highly familiar (low R) stimuli, thus
443 causing the readout distribution to cluster around its minimal value. On the other hand, biological neurons
444 that exhibit repetition suppression may never be fully silenced — for example if it takes multiple repetitions
445 to achieve maximal familiarity or if neurons are multiplexed with another task that requires a baseline level
446 of activity. Furthermore, as in the data, the distribution of readout weights is biased towards negative values
447 (Fig 7c).

448 Finally, using a similar "strength theory" analysis as in the experimental results (Meyer and Rust,
449  2018; Murdock, 1985), which suggests that reaction times are inversely proportional to the distance of the
450 readout from the threshold, we can qualitatively reproduce the x-shaped reaction time curves seen in the
451 data (Meyer and Rust, 2018). We used the same proportionality constant determined experimentally to
452  compute network "reaction times" (Fig 7d). Overall, we find that the HebbFF model captures a number of

453 features seen in the experimental results.
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Figure 7. Comparison to IT cortex data. (a) Left: neurons from the IT cortex used to predict the behavioral outputs of a monkey
performing continual familiarity detection, decoded using the Fisher linear discriminant (FLD, blue) or spike count classifier (SCC, red).
Right: units from the hidden layer of a trained HebbFF network (trained with an unconstrained readout W, rather than uniform) used
to detect familiarity obtained from SCC and FLD decoders. In both cases, the number of neurons/units available to the decoder was
varied, added in order of increasing weight according to the FLD decoder. While the FLD decoder accuracy saturates, the SCC
decoder accuracy peaks and begins to decline as more neurons/units are included in the decoder. (b) Distribution the FLD decoder
output for IT cortex neurons (left) and HebbFF hidden units (right) for novel stimuli, and familiar stimuli at varying delay intervals. In
both cases, the distribution shifts towards lower values as delay interval increases. For HebbFF, the distribution gets narrower for
shorter delay intervals due to saturation in the hidden layer units. (c) Distribution of the FLD decoder weights for decoding IT cortex
data (left) or HebbFF hidden unit activity (right). In both cases, the majority of output weights are negative, with some positive values.
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464 (d) Left: measured reaction time as a function of delay interval for correct and error trials (red, blue curves) in monkeys performing the
465 continual familiarity detection task. Black lines indicate reaction times predicted using strength theory analysis. Right: HebbFF
466 predicted reaction times using analogous strength theory analysis, using constants of proportionality from (Meyer and Rust, 2018)
467 (Online methods). Both result in a qualitatively similar x-shaped pattern. Plots on the left side of (a-d) adapted from (Meyer and Rust,
468 2018). (e) The weight matrix W, of the HebbFF network trained on the augmented task, requiring simultaneous classification and
469 familiarity detection. Hidden units split into "classification" and "familiarity" units, with classification units (marked with asterisks) having
470 very strong input weights to overcome the noise from the plastic A(t) matrix.

471

472 Two subpopulations emerge in a classification-augmented task

473 IT cortex encodes object identity as well as familiarity (Lehky and Tanaka, 2016; Lueschow et al.,
474 1994). To match this dual functionality, we augment familiarity detection with object classification. We first
475 create a large pool of random vectors and randomly assign a binary label to each one. We then generate
476 a familiarity detection dataset as before, except that each novel input is drawn from this pool (without
477 replacement) rather than being generated anew. In addition to the scalar readout of familiarity, the network
478 must now report the class of the stimulus through a second binary output. Critically, both outputs are read
479 out from the same hidden layer activity (Online methods).

480 The augmented task could be solved by having all the neurons multiplexed to encode both
481 familiarity and object identity. Alternatively, the neurons could split into two subpopulations, one of which
482  detects familiarity and the other classifies objects (Rutishauser et al., 2015). We find that the HebbFF model
483 converges to this second solution, an even split between familiarity and classifier units, as evident from
484 inspecting the W, matrix (Fig 7e). Consistent with this, the capacity of the classifier-augmented HebbFF
485  with 50 hidden units (R,,.x = 13) is approximately the same as the original network with 25 units (Rp,.x =
486 14). In accord with this split, SCC decoder performance peaks in the split-task network when half of the
487  top-ranked units are included (Fig S5d) because including units responsible for object identity but not
488  familiarity degrades the familiarity readout. The other similarities to experimental results discussed in the

489 previous section also hold for the task-augmented network (Fig S5).
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490
491 Figure 8. HebbFF performance on real-world images. (a) Network architecture for familiarity detection of real-world images. The
492 activity of the penultimate layer of a convolutional neural network (ResNet18, pre-trained on ImageNet) is downsampled and passed

493 to the HebbFF network (d = 50, N = 16) for familiarity detection. Only the HebbFF portion of this network is trained, via curriculum
494 training. (b) Distribution of inputs x(t) to HebbFF. After down-sampling by extracting the first 50 units of the CNN, the activity is

495 centered at zero and binarized. (c) Histogram of the correlations between all pairs of input stimuli x(¢t). On average (vertical dashed
496 line) the correlation is slightly positive. (d-h) Same plots as Fig 4(f,c,i,j,m), respectively (Riain = Riest = 12). (j) Generalization
497 performance, compared to a network of the same size trained on uncorrelated binary random vectors, is lower due to correlations in
498 the input images.

499

500

501 Familiarity detection of real images

502 To validate the HebbFF model in a more realistic scenario, we evaluate its performance on real-
503  world object images. We consider the dataset used by Brady et al. to study familiarity detection in humans
504  (Brady et al., 2008). As a stand-in for the processing done by the visual stream before the inferotemporal
505 or perirhinal cortices, we use a pre-trained convolutional neural network (CNN), and extract the activity in
506 its penultimate layer (before the final classification step). We use the ResNet18 network (He et al., 2015),
507 although any CNN could, in principle, be used. This activity is a 512-dimensional vector, which, if used as

508 the HebbFF input dimension d, would lead to the capacity R.x being prohibitively large for training

19


https://doi.org/10.1101/2021.03.21.436287

bioRxiv preprint doi: https://doi.org/10.1101/2021.03.21.436287; this version posted March 22, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

509 purposes. To keep the performance in a reasonable range, we downsample to d = 50, either by partial
510  sampling (Fig 8a) or by introducing an intermediate layer (Fig S6a).

511 As the first method of downsampling, we truncate the output of the CNN (Fig 8a). To keep the same
512 input datatype as in previous sections, we also shift the inputs to zero mean and binarize them by taking
513 the sign of each input component (Fig 8b). Unlike in previous sections, however, the inputs to HebbFF now
514 have correlations that tend to be positive (Fig 8c). Nevertheless, this network has qualitatively similar
515  features as the networks trained on uncorrelated vectors. The W, matrix has a similar structure (Fig 4f, 8d),
516 the hidden layer activity is sparse (Fig 4c, 8e), and the hidden unit input current distributions have similar
517  shapes (Fig 4i,j,m, 7b, 8f-i). Due to the added correlations, however, there is a decline in performance
518 compared to a network of the same size trained and evaluated on uncorrelated binary random vectors (Fig
519  §j).

520 As another way to downsample, we add a trainable linear layer that transforms the CNN output to
521 a 50-dimensional real-valued vector (Fig S6a). After training, the resulting inputs to HebbFF are no longer
522 binary, but they are zero-mean (Fig S6b) and have zero-mean correlations Fig S6c¢). Interestingly, the
523 network learns to generate this representation automatically to optimize familiarity detection over long
524 intervals, which further supports storing uncorrelated stimuli. Although the W, matrix (Fig S6d) and the
525 distribution of input currents from the fixed component of the synapses (Fig S6f) have a different structure
526 compared to the original network, the operating principle remains the same: the W, matrix acts as a hash
527  function to induce sparse activity in the hidden layer (Fig S6e) that is then suppressed for a familiar stimulus
528  through the A(t) matrix (Fig S6g-h). The network maintains its generalization performance across repeat
529 intervals R, and across permutations of the sequence of images (Fig S6j). However, it does not generalize
530 well to images it has not been trained on. It is possible that this difficulty is due to the relatively small number
531 of images used during training and may be addressed by using a much larger dataset such as ImageNet
532  (Deng et al., 2009).

533

534  Discussion

535 Continual familiarity detection is a memory task that we perform every day, typically without being
536 aware that we are doing it. We have used meta-learning to generate networks that solve this task using
537 synaptic plasticity. This is distinct from memory storage in RNNs that maintain memory traces through
538 persistent activity. Given the extraordinary capacity and robustness of recognition memory, the idea that
539  biological networks use ongoing activity for this purpose appears untenable (Lundqvist et al., 2018; Masse
540  etal., 2020). If a neuronal network is storing a stimulus by maintaining a particular firing rate pattern across
541 its neurons, any other computation risks disrupting that memory trace. In contrast, storage through synaptic
542 updates leaves the neuronal activity free to perform other computations unrelated to memory storage (Ba
543 et al., 2016). In addition, we found that synaptic plasticity provides a better inductive bias than recurrence
544  for familiarity detection. After optimization through meta-learning, the HebbFF network not only outperforms

545 RNNSs on the task, but also easily generalizes both in-distribution and out-of-distribution of the training data.
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546  Although RNNs are a common approach to tasks that require storage of the input history (EIman, 1991;
547 Hochreiter and Schmidhuber, 1997; Mante et al., 2013), this result highlights the importance of considering
548 alternative architectures and storage mechanisms, such as those that rely on synaptic, rather than
549 neuronal, dynamics.

550 We found that anti-Hebbian plasticity, in which neuronal co-activation causes synaptic depression,
551 is a better storage mechanism for familiarity detection than Hebbian plasticity. An anti-Hebbian rule
552 generalizes better, has a larger capacity, and is discovered by meta-learning more frequently and reliably.
553  Although this result is consistent with previous work (Bogacz and Brown, 2003), the underlying reasons are
554 different. Bogacz and Brown showed that in a non-continual version of the familiarity detection task, an anti-
555 Hebbian plasticity rule leads to a larger storage capacity, although this advantage only held in the case of
556 correlated inputs. In their case, the anti-Hebbian rule automatically suppresses common input features,
557 effectively storing only the uncorrelated components, leading to an increased capacity. In contrast, anti-
558 Hebbian HebbFF shows an advantage even for uncorrelated inputs in the continual task. This is due to an
559 effective decrease in the number of plasticity events — a synaptic update is weak for a familiar stimulus
560 because the postsynaptic activity is low, leading to smaller updates that are less disruptive to stored
561 memories.

562 In addition to reproducing prior experimental results such as repetition suppression, the HebbFF
563 model allows us to make a novel experimental prediction. Although is obvious that the true positive rate
564  (probability of correctly identifying a repeated stimulus as "familiar") should decrease with longer delay
565 intervals R, we also observe that the false positive rate slightly increases. Because anti-Hebbian plasticity
566 causes repetition suppression, false negative responses arising from spurious activity in the hidden layer
567 cause additional plasticity, depressing a subset of synapses. Subsequently, a novel stimulus is more likely
568 to silence the hidden layer units, signaling familiarity and resulting in a false positive response. Prior
569 experimental paradigms have not measured this effect because each trial had familiar stimuli interleaved
570 at various delay intervals. As a result, novel stimuli could not be separated scored depending on the difficulty
571 of the dataset, and false positive probability was reported in aggregate. If biological networks implement
572 familiarity detection through an anti-Hebbian plasticity mechanism, we expect an increase in the false
573 positive rate to coincide with a decrease in the true positive rate.

574 There are experimental results that the HebbFF model does not capture. For example, data from
575 human subjects shows a very slow decrease in performance as a function of R that begins at relatively
576  small value (Brady et al., 2008). In contrast, HebbFF has near-perfect performance for all R < Ry, and
577 then performance drops off quickly. However, it is likely that errors in the experiments do not reflect
578 limitations on recognition memory but rather are due to factors such as fatigue and lack of attention that
579  were not included in the model.

580 Finally, our work demonstrates the utility of meta-learning as a tool for neuroscience discovery. We
581 used meta-learning to optimize a network architecture and plasticity rule that solves the continual familiarity
582 detection task, contrasted it with an alternative sub-optimal solution, and subsequently used analytic
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583 methods to understand its mechanism. A similar approach can be used for other networks, plasticity rules,
584  datasets, and tasks.
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683  Online methods

684 HebbFF and RNN training

685 To set the fixed HebbFF parameters W, by, W,, by, 4,1, as well as the RNN weight and bias
686 matrices, we use the PyTorch implementation of the Adam optimizer with the suggested default
687 hyperparameters (Kingma and Ba, 2017). For a single trial, we use a dataset containing T stimuli, with
688 familiar ones appearing at a repeat interval R. We present stimuli to the network sequentially, and compute
689  the binary cross-entropy loss

692 L= %; y(©)log9(t) + (1 - y(©)) log(1 — 9(¢))

690  Since this is a dynamic task (the state of the network at time t + 1 depends on the state at time t),
691 backpropagation through time is used to compute the gradient of the loss with respect to the parameters.
693 For each trial, we either use the same pre-generated length-T dataset, or we generate a new length-
694 T dataset using the same repeat interval R. We refer to the latter case as the "infinite data" training regime
695 since the sample space is much larger than the network would explore during training. Note that in the
696 infinite data regime, we do not consider a validation dataset, since the training set is new every time and
697  the training accuracy is therefore the same as the validation accuracy. In both cases, one trial corresponds
698 to one step of gradient descent. To train the HebbFF network, the plastic matrix A(t) is reset to a matrix of
699 zeros at the start of each trial. Similarly, when training the RNN, hidden unit activity is reset to zero. In
700 practice, the plastic matrix of HebbFF reaches its steady state distribution quickly and the transient does
701 not contribute significantly to the gradient, so any reasonable initialization can be used.

702 To train the HebbFF network on the augmented familiarity detection/object classification task, we

703 simply sum the cross-entropy losses from the classifier and familiarity output units:

1 T 2
704 L= > 7u()10g9a(®) + (1 - ya(®) log(1 = 54(0)

t=1a=1
705 For every trial, we draw a new dataset from the pre-generated pool of stimuli. The class of each stimulus
706 remains the same across datasets, but the ordering and repeats are chosen randomly each time. Although
707 the network will have seen all of the stimuli during training in order to learn their classes, we can test
708 generalization performance on the familiarity subtask by varying R and generating previously unseen
709 permutations of the stimuli.

710 The PyTorch implementation of each of these can be found at https://github.com/dtyulman/hebbff.

711

712 Bogacz-Brown (Bogacz and Brown, 2003) model implementation

713 To validate it on the (non-continual) two-alternative-forced-choice (2AFC) familiarity detection task,
714  we implement the anti-Hebbian model as described by Bogacz and Brown (Bogacz and Brown, 2003), with

715 the exception that the distribution of weights in the plastic weight matrix must be normalized such that its

716 variance is equal to % rather than unit variance as stated in the paper. In the encoding phase, the network
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717 is presented a sequence of P random patterns. In the testing phase, it is shown the original P patterns, as
718 well as P novel ones. Critically, there are no plastic updates in the testing phase. A stimulus is reported as
719 "familiar" if the output unit activity is below the mean across all 2P test patterns and "novel" otherwise. We
720 see that this model performs well on the 2AFC task with a range of plasticity rates n (Fig S2a), so we
721 arbitrarily choose n = 0.7 to test its performance on the continual task.

722 The continual task, unlike the 2AFC task, does not have an equal proportion of novel and familiar
723 stimuli since we ensure that a stimulus is repeated at most once. So, we set the readout threshold such
724 that an item is considered novel if it is in the f™ quantile of output unit activity for that trial, where f is the
725 fraction of novel stimuli in the trial. This ensures that the fraction of stimuli reported as "novel" is equal to
726 the true fraction of novel stimuli. In the case of equal proportions of novel and familiar stimuli, this reduces
727 to the threshold being equal to the mean of the output unit activity for that trial.

728 Finally, note that unlike in the 2AFC task (Fig S2a), the performance of this model does not go to
729 chance levels for large dataset sizes T in the continual task (Fig 3d). Rather, the true positive rate goes to
730  zero and the false positive rate is = 0.5, so accuracy is = 0.33. The reason for this difference is that the
731 second presentation of a stimulus in the continual task causes an additional plasticity event, unlike the
732 2AFC task where the test phase is offline. As a result, for datasets much larger than the network capacity
733 T > P*, the output unit activity for familiar stimuli becomes larger than the activity for novel stimuli (Fig S2b).
734

735 Training FLD and SCC decoders

736 To construct the Fisher linear discriminant (FLD) and spike count classifier (SCC) decoders, we
737 first generate a dataset of length T = 1000. To better match the experimental dataset (Meyer and Rust,
738 2018), we use multiple values of R in this single stream. For each familiar stimulus, the value of R is drawn
739 uniformly at random from 34 unique values, log-spaced from 1 to 100 (in practice, the results are
740 qualitatively the same regardless of the number of items, the range, or whether the spacing is linear or
741 logarithmic). We evaluate the trained network on this dataset and use the firing rates of the hidden layer to
742 perform analyses analogous to those reported in (Meyer and Rust, 2018).

743 We compute the readout weight and bias terms for the FLD decoder as
_ _ 1, _
744 WELD = 2:_1("'nov - hfam)' bgLD = _WELD : E (hnov + hfam)

745  where h,,, and hg,, are the average firing rates of the hidden layer for novel and familiar stimuli,
746 respectively, and the mean covariance matrix is calculated as

— z:fam + 2:nov
2
748 where X, and X, are the covariance matrices of the firing rates of the hidden layer for familiar and novel

747 )

749 stimuli, respectively. The SCC decoder is a simple weighted average

1, — 1, _
750 WgCC = N (hnov - hfam)f bZSCC = _WECC : E (hnov + hfam)
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751 To get the ranking of the units for both decoders, we sort their readout weights and consider the
752 most negative weights as the highest ranked. Note that for both decoders, the sign of the weights is flipped
753  compared to (Meyer and Rust, 2018), and high-ranked units have the most negative weights rather than
754 positive. This is due to the fact that we ask the network to label familiar stimuli as y(t) = 1, whereas (Meyer
755  and Rust, 2018) readout a familiar stimulus as y(t) = 0. The two cases are symmetric and this does not
756  change the results.

757

758 Idealized model analytic capacity derivation

759 For notational simplicity, we only consider the nonzero submatrices of W, and A(t), each of which
760 acts on its corresponding subset of the input vector x(t). Thus, equivalently, input layer of the idealized
761 network is a d-dimensional vector split into two parts x(t) = [xy(t), x4(t)], of dimension n and D
762 respectively (d = n + D). Thus, the firing rate of the hidden layer is given by

763 h(t) = O(Wqyxy (t) + A(E)x4(t) + by)

764  for an Nxn matrix W,, an NxD matrix A(t), and an Nx1 vector b,. In other words, the firing rate of the i*h

765 hidden unit is
D

n

hi(t) =0 z Wx;(t) + ZAik(t)anrk(t) +b (1)
j=1 k=1

766  fori=1,..,N, where 0(:) is the Heaviside step function, i.e. (z) = 0 for z < 0 and 1 for z = 0. We fix the

767 value of b to be the same for all i. As before, the elements of x(t) are +1 or —1 with equal probability. We

768 would like to specify the network parameters such that exactly one hidden neuron is active for a novel

769 stimulus and none for familiar, which will serve as the familiarity readout mechanism.

770 The Nxn matrix W, is designed such that the vector W, x,,, (t) has exactly one maximal entry given
771 any such x(t). Importantly, this matrix must act like a hash function such that different values of x, (t) result

772 in different entries of W x,,(t) attaining the maximum value. One such W, is one whose rows enumerate

773 all of the binary length-n strings consisting of entries +1 and —1. This sets the number of rows N to be
774 equal to the total number of such strings, N = 2™. To set the overall scale of the input current (the term

775 inside the nonlinearity), we scale this matrix by a factor K, to be determined later. For example, if n = 3,

41 41 417

+1 +1 -1

+1 -1 +1

776 w,o=x|tt Tt 1
1 -1 +1 +1

-1 +1 -1

-1 -1 +1

L1 -1 -1
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777 Thus, we have Z};l Wx;(t) = Kn for exactly one value of i, specifically the row where W;; = x;(t)
778 for all j. This is the unique maximal value and will correspond to a different row for each instance of x, (t).
779 Subsequently, >7, W;x;(t) = K(n — 2) for n values of i, specifically those where W;; # x;(t) for exactly
780 one j, and so on. Assuming that the vector A(t)x,(t) is zero-mean with sufficiently small variance (this will
781 be made rigorous shortly), we can now choose the scalar offset b such that exactly one element of h(t) is
782 equal to 1 and all others are zero.

783 The NxD matrix A(t) is updated at every timestep by A(t + 1) = 14(t) — nh(t)x,(t)", where the

784 plasticity rate n is now restricted to be positive, corresponding to an anti-Hebbian learning rule. Considering

785 one entry in this matrix and unrolling this recurrence, we find that

788 Ay (t + 1) = 24,(6) — nhy () x4, (£)
t
789 = A 45,0) =71 ) 27 By (8
t'=0
t
790 = =1 ) A R ()
t'=0

786 where the last equality holds if we assume that the network is in steady-state, so t is large, i.e. t - o, and
787 therefore 1°**4,,(0) - 0.

791 We can now consider the middle term of eq. 1, which we denote by ¢;(t). We consider it as a

792 random variable and compute its mean and variance. By definition, we have

D
793 f(®) = ) Ap(®x(0
k=1
D t-1
e =), <— n). At_l_t,hi(t’)xn+k(t’)> X1 ()
k=1 t'=0
t-1 D
= =0 ) AT R D () T () (2)
t'=0 k=1
795 In the case where x(t) is novel, x,,,(t") and x,,,(t) are independent Bernoulli random variables

796 that take on values +1 with probability %%. Thus, X; (t") = x4+ (t" ) x4 (t) is also a Bernoulli random variable

797 with the same distribution, zero mean and unit variance, so
t—-1 D

798 () =—1 ) AR D Xt
t'=0 k=1

799 Since the entries of x(t) are independent by definition, the X, (t") are also independent across k, so
800 summing over these indices, the variances add. Therefore, X(t') = Y2_; X, (t") is a random variable with

801 mean 0 and variance D, and
t—-1

802 ) =—nq Z At‘l‘t'hi(t’)X(t’)

t'=0
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803 Next, we need the statistics of the term h;(t"). Since it is a function of the random variable x(t), we
804 also consider it as a random variable. Let f, denote the fraction of stimuli reported as "novel" by the
805 network. Note that there are two ways for a network to report a stimulus as "novel" — by correctly identifying
806  a novel stimulus ("true negative"), or incorrectly identifying a familiar one ("false negative") — so if we let f
807 denote the true fraction of novel input stimuli, we have

808 fete = Pryf + Pen(L =) = (A = Ppp)f + (1 = Prp)(1 — f)

809  where Ppy, Ppy, Prp and Ppp are the true negative, false negative, true positive, and false positive rates,

810 respectively. Since by design there is exactly one hidden unit active for a novel stimulus, we have h;(t") =

811 1 with probability %ff and h;(t") = 0 with probability 1 — % So, h;(t") is a Bernoulli random variable with

812  mean % and variance %(1 - %) Now, we let H;(t") = h;(t)X(t"), so

t-1
813 g =—n ) A HE)
t'=0
814 Although h;(t") is, in principle, a function of x(t"), we assume they are independent. Since X(t') is

815 zero-mean, the mean of H;(t') is also zero. Using the identity var(XY) = var(X)var(Y) + var(X)E?[Y] +

816 var(Y)E?[X], which holds for independent random variables X and Y, we have that the variance of H;(t")

817 is fe%D. Finally, for convenience we can rewrite this as
f D t-1
eff’ —1-t'
818 g(®) = —n |12 ) g

t'=0
819 where &;(t") is a zero-mean, unit-variance random variable. Furthermore, we now see that by the Central
820 Limit Theorem ¢;(t) is a Gaussian random variable since we are considering the steady-state performance
821 at large t, so we can take t — co.
822 We can now compute the mean and variance of ¢;(t). First, since x,.,(t) is zero-mean and

823 independent of 4;,(t),

824 E[g(0)] = E ZAik(t)xmk(t)] =0

k=1

825 To compute the variance,
826 var(g;(t)) = E[e2(5)] — E?[g(t)] = E[e?(D)]

t-1
D '

827 =E|[ —n ’felf\; Z ATITEE ()

t'=0

[ ForiD t-1 fuD t-1
ff _q1—¢! ’ ff —1-t" "
[P A @) | - R Y e )

| t'=0 t''=0

2

828 =E
f D t—-1 t-1
829 == ) ) A B (5 ()
t'=0t'"=0
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830 In general, we have E[¢;(t")¢,(t")] =1 for t' =t" since §;(t') is a zero-mean, unit-variance random
831 variable. For t' # t”’, we again make a simplifying independence assumption. In principle, &;(t'") is not
832 independent of &;(t") since h;(t"") depends on h;(t") for t"" > t’ through the memory stored in the A(t)
833 matrix. This dependence, however, is sufficiently weak, so we let E[¢;(t")¢;(t")] = 0 fort’ = t". As a result,
834 the double-sum collapses and we have

t—1
D 1
835 var(g;(t)) = n? fe% Z 22(e-1-t)
t'=0
D1-— 2%
836 , fett
N 1-2?

837  where the second equality comes from the standard geometric series. As before, since we are considering

838  the steady-state with t — oo, we have y%* - 0, so

festD 1
839 var(g;(t)) = nzeTl —
840 Thus, for a novel input x(t) we can write
festD
. = —_— 3

841 for all i, where ¢ is a zero-mean, unit-variance Gaussian random variable, since ¢;(t) is Gaussian.
842 For a familiar stimulus, where x(t) = x(t —R), clearly x,,,(t") and x,..(t) are no longer

843 independent for t' = t — R. Thus, we consider this term separately, rewriting the sum in eq. 2 as

D t-1 D
844 g(t) = =A== ERp (¢ — R) Z Xnik(t = R) xppe(t) — 1 Z At_l_t’hi(t') Z Xk (") Xy (£)
k=1 t'=0 k=1
t'#t-R

845  Assuming no errors, by design, h;(t — R) = 1 for exactly one neuron i, since the stimulus at time ¢t — R was
846  guaranteed to be novel (we enforce that a stimulus is repeated at most once in this task). We consider the
847 statistics of &;(t) for this particular neuron. In the first term, the sum Y2_; x,,,«(t — R) x,,,(t) = D since by
848  assumption x,,,(t) = x,.(t — R) for all k. The second term has the same distribution as the one for a
849 novel input since we have only removed one term from the sum and t is large. Thus, for a familiar stimulus
850 we can write

851 g(t) =—nAR1D + & %

852  for exactly one value of i, where ¢ is a zero-mean, unit-variance random variable as before. For all other
853 values of i, eq. 3 holds.

854 Having established the statistics of the hidden layer input currents for a novel and a familiar
855 stimulus, we can now write down the conditions for the model to work, use them to find the optimal values
856 of the parameters and calculate the true positive and false positive probabilities, and compute the capacity

857  —the largest value of R for which the error is below a predetermined threshold. First, to ensure that exactly
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858 one unit is active for a novel stimulus (true negative), since we are using a step function nonlinearity, we

859 must have the largest input current take on a positive value,

fettD
K ———+b>0
860 n+ én N(1—/12)+
861 and second-largest to be below zero,
feteD
Kn-2 ————+b <0
862 n—2)+¢&n N(1—/12)+

863 Second, to ensure there are no units active for a familiar stimulus (true positive),

feseD

N(1_12)+b<0

864 Kn—nAR71D + &

865 For sufficiently large R, i.e. if nA®~1D < 2K, the third of these conditions implies the second. Since we are

866 interested in maximizing R, we only consider the first and third conditions. Furthermore, note that these

867 conditions are overparameterized. If we divide all three equations by n (e.g. let k = %,B = %), we can

868 eliminate this free parameter. In other words, for any value of n we can scale K and b proportionally to
869 satisfy the conditions, so for simplicity we choose n = 1. Similarly, the term Kn + b can be replaced by a
870 single parameter since for any choice of K we can rescale b to keep this sum constant. To ensure that the

871 condition nA®~1D < 2K holds for all R, we can choose K = D. For convenience, we also let b = gD and

feffD

872 N2

= a; D, the subscript indicating explicit dependence on A. Dividing both inequalities by D, the

873 conditions simplify to

874 n+aE+p>0n+f+mE—81<0

875 The accuracy, i.e. probability of a correct response, is given by P.orrect = (1 — f)Prp + fPpy. For
876 convenience, we compute the false positive instead of the true negative rate, noting that Pry = 1 — Pgp. The

877  false positive and true positive rates are given by

n+p n+p—AR1

878 PFP=]P)|:$<_ ],PTP=HD €<_—
ax a
879 Since ¢ is a standard Normal random variable, P[¢ < z] = %erfc (— \/%) SO
680 P 1 f<n+ﬁ>P 1 f<n+ﬂ—/1R_1>
=—erfc| —=), =—-erfc| ———
FP 2 (XA\/E TP 2 OIA\/E

881 We would now like to set the optimal values of 4 and g which maximize R, given a desired true

882 positive and false positive probability Pzp, Prp. Note that fixing these probabilities also fixes fo= f* =

883 (1= Pgp)f + (1 —Prp)(1 — f). Rearranging the previous equations, we get

n+ n+p— k1
4 = \/Eerfc'l(ZP;P),ﬁ—
a; a,

884

= V2erfc™1(2P;p)

885 The first equality sets the value for §. To determine A, we substitute g into the second equality to get

31


https://doi.org/10.1101/2021.03.21.436287

bioRxiv preprint doi: https://doi.org/10.1101/2021.03.21.436287; this version posted March 22, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

R-1

A
886 V2erfc=1(2Pgp) — = V2erfc™1(2P;p)

887  For notational convenience, let E = v2[erfc™*(2P;p) — erfc™*(2P;p)]. Using the definition of a; and f. =

888  f*,wehavel= fl - afND. Rearranging, we have
A
R-1

fr 2
889 1——— = E
( a%ND) “

890 Assuming N and D are large (so 1 is close to 1), we can use the first-order Taylor expansion exp(—z) =

891 1 — z for the term in parentheses (this will be necessary to get a closed-form expression for the optimal 1)
892  and solve for R

f* R-1 2NDa? 1
893 exp|l———="—— | =qE > R=1+ - 1n<—>
ayND 2 f o E

894  Setting Z—i = 0 and solving for 1 gives the optimum

896 A= 1 eE*/
B ND
895 Thus, the capacity of the optimized network is
ND
897 RmaX =1+ sz*

898  where f* and E are constants that depend on Pz, and Py, (f* also depends on the true fraction of novel

899  stimuli f). For instance, if we impose that Pz, = 0.01 and P7, = 0.99, with our value of f = § we get

ND
500 Rmax = 14 o Terf(@Pep) — erfe PP - [0 = Pip)f + (1= Pip)(1 = )]
ND
901 = 14 1645 — (—1.645)12[0.98F + 0.01]
0.017ND
902 =1+ 098F + 001
903 =1+ 0.026ND

904 It is clear that that the capacity scales in proportion to the number of plastic synapses in the network.
905 Furthermore, since d =n + D, i.e. D = d —log,(N), the capacity scales in proportion to the total number of
906 synapses d, as long as D > n.

907 Rax = O(ND) = O(N(d — n)) = O(Nd — NlogN)) = O(Nd)

908 Finally, note that the equations for Pp, and P;p are a function of f. due to the a, parameter, and
909  therefore recursively depend on Prp and Prp. We cannot compute the closed-form solution for these, but
910  we can approximate the values with arbitrary accuracy by iterating through this recurrence until
911 convergence to the fixed point. As the initial value for the recurrence, we use Prp and P, computed using
912 fof = f, i.€. @assuming no errors.

913
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914  Supplementary figures
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915
916 Figure S1. HebbFF and RNN comparison, matching total number of dynamic variables. (a,b) RNN performance as in Fig 2a-b,

917 with d = 25 and N = 625. (c,d) HebbFF performance as Fig 3a-b, with d = 25 and N = 25. The number of plastic synapses in the
918 HebbFF network N * d = 625 is the same as the number of recurrent units in the RNN, matching the number of dynamic variables
919 between the networks rather than the number of neurons. HebbFF still shows better generalization in both training scenarios.

920
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921
922 Figure S2. Validation of network from Bogacz and Brown (2003). (a) Performance of the anti-Hebbian network from (Bogacz and
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923 Brown, 2003) (d = N = 100) on the non-continual familiarity detection task. The network is shown P uncorrelated randomly generated
924 patterns, and tested on all the presented patterns as well as P novel ones. If the network's readout falls below a threshold, the
925 corresponding input is classified as "familiar," otherwise "novel." The threshold is set such that that exactly half of the test inputs are
926 classified as "familiar." The plot shows the network's performance for a range of learning rates n as a function of the number of patterns
927 presented. (b) Performance of the same network (n = 0.7) on the continual task. Plots show the probability distribution of the network's
928 readout for novel (red) and familiar (green) stimuli. Threshold for familiarity (vertical black line) is set such that the top f of outputs are
929 classified as novel (fraction f equal to proportion of novel stimuli in dataset), analogous to that in (Bogacz and Brown, 2003). Network
930 performance declines as the distributions get closer together for increasing dataset size T. For very large dataset sizes, e.g. T = 5000,
931 the readout for familiar stimuli is actually higher than that for novel, which causes overall performance (Fig. 3d) to fall below chance.
932
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933
934 Figure S3. Comparison of uniform and trained readout. (a) Generalization performance of a trained HebbFF network (d = N =
935 25) with a fully trainable readout matrix, i.e. a weighted average of the hidden layer activity (red) and a version where all the entries
936 of the readout matrix are constrained to be equal, i.e. a scaled average of the hidden layer (blue). (b) Distributions of the output unit
937 activity (prior to applying the nonlinearity) for a trained network, for several test values of R. The output distributions, as well as
938 performance, are almost identical for both versions of the readout. (c) Examples of the W, readout matrix, as well as the bias b, for
939 the weighted (top) and uniform (bottom) readouts. Values for both are negative, indicating a qualitatively similar readout mechanism.
940 Note that the weight matrices are plotted transposed for visualization.
941
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Figure S4. Idealized and HebbFF model differences. (a) Correlation between the hidden layer input currents due to static and
plastic synapses for the idealized model (left) and HebbFF (right) for novel (red) and familiar (green) stimuli as a function of delay
interval (d = 25, N = 32). In the idealized model, due to the split static and plastic synapses, the currents are uncorrelated for novel
stimuli and familiar stimuli at long delay intervals. At short intervals, the two input currents are anti-correlated, which enables repetition
suppression. In the HebbFF model, there is anti-correlation in both cases, although there is still less anti-correlation for novel stimuli.
(b) Performance of the idealized network on the continual familiarity detection task with familiar stimuli repeated either exactly once,
as used throughout this work (red), or multiple times (blue). Since there is exactly zero hidden unit activity for a familiar stimulus it
does not get reinforced in memory, and less likely to be recognized on its second and subsequent repetitions. (c) The HebbFF network,
trained to maximum capacity on the single-repeat task does not suffer any loss in performance due to multiple repeats.
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953
954 Figure S5. Behavior on augmented task. Panels correspond to the right-hand side plots of Fig 7(a-d), but for the classifier-

955 augmented HebbFF network (d = 25, N = 50) performing binary classification and familiarity detection simultaneously.
956
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Figure S6. Performance on real-world images. Subplots as in Fig 8, but using a trained fully-connected linear layer to transform

the activations of the CNN's penultimate layer into the inputs of HebbFF (Ri;ain = Riest = 19).
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