Slow processes of neurons enable a biologically
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Abstract
Recurrent neural networks underlie the astounding information processing capabilities of the brain, and play a key role in many state-of-the-art algorithms in
deep reinforcement learning. But it has remained an open question how such
networks could learn from rewards in a biologically plausible manner, with synaptic plasticity that is both local and online. We describe such an algorithm that
approximates actor-critic policy gradient in recurrent neural networks. Building
on an approximation of backpropagation through time (BPTT): e-prop, and using
the equivalence between forward and backward view in reinforcement learning
(RL), we formulate a novel learning rule for RL that is both online and local, called
reward-based e-prop. This learning rule uses neuroscience inspired slow processes
and top-down signals, while still being rigorously derived as an approximation to
actor-critic policy gradient. To empirically evaluate this algorithm, we consider
a delayed reaching task, where an arm is controlled using a recurrent network of
spiking neurons. In this task, we show that reward-based e-prop performs as well
as an agent trained with actor-critic policy gradient with biologically implausible
BPTT.
Introduction
Deep reinforcement learning (deep RL) has formed the basis for the staggeringly successful recent
results in machine learning and AI [1, 2, 3]. A standard algorithm in deep RL is actor-critic policy
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gradient [4], where the network model outputs probabilities for each action (called the policy) and
also predicts the sum of future rewards (called the value). For tasks that require working memory,
recurrent neural networks (RNNs) are used, often in the form of LSTM units [5] in deep RL. These
recurrent networks are trained using backpropagation through time (BPTT) to maximize the expected
sum of future rewards while minimizing
But BPTT requires storing the intermediate states of all neurons during a network computation, and
merging these in a subsequent offline process with gradients that are computed backwards in time.
This makes it very unlikely that BPTT is used by the brain [6]. In addition, assigning credit to actions
necessitates simulating the environment until the outcome becomes evident, i.e. until the end of an
episode. This makes online implementation of actor-critic policy gradient difficult.
In this submission, we describe an algorithm called reward-based e-prop that solves both of these
problems. The result is a local, online RL rule that can be used to train RNNs. It can also be shown
to approximate the ideal learning rules based on gradient descent. This algorithm builds on an
approximation to BPTT called e-prop [7] and incorporates the advantages of the actor-critic method
into a learning rule that is both local and online.
This method derives its inspiration from experimental data in biology for how such a learning rule
could be implemented in a biologically plausible way. The dynamics of neurons are known to have
traces of past activity on a molecular level [8]. These traces record events that are known induce
plasticity in the presence of top-down learning signals [9, 10, 11]. These type of local traces are
referred to as eligibility traces in e-prop [7]. In addition, various kinds of top-down signals that are
specific for target population of neurons are known to exist [12]. Among them are signals that predict
upcoming rewards [13, 14] or movement errors in case of error-related negativity (ERN) [15]. These
signals constitute the learning signals of e-prop and the reward prediction error that emerges in the
context of reward-based e-prop.
Using such processes, and formulating online actor-critic policy gradient [16] using the mathematical
framework of e-prop leads us to reward-based e-prop. In reward-based e-prop, the weight updates can
be calculated at every time step without having to wait for all future rewards, without backpropagation
of signals either through time (online) or synapses (local). We demonstrate this learning rule on
a neuroscience inspired RL task (Fig. 1). We specifically consider the scenario where the agent
needs to remember early parts of an episode in order to produce a successful policy in later parts
of an episode. This requires the use of RNNs for working memory, and the ability to discover the
relationship between early observations and later actions.
Results
Reward-based learning In the RL setting an agent interacts with an environment. In our case, the
agent is implemented by a recurrent network, specifically a recurrent network of spiking neurons with
working memory (see Appendix for details), although the theory is generally applicable to any model
of recurrent network. This network receives observations xt from the environment, and interacts with
it by means of real-valued actions at . These actions are distributed according to a Gaussian centered
around the network output y t with a fixed variance σ 2 . The probability distribution of these actions
π(at |y t ) is the stochastic policy. In our setting, we restrict the actions to certain decision times
t0 , . . . , tn , . . . , and set π ≡ 0 at other times. The environment can provide a positive or negative
reward rt at any time t to inform the agent about favorable states.
The goal of reward-based learning is to maximize sum of discounted future rewards in expectation:
P
0
0
max E[R0 ], where we define the return at time t as Rt = t0 ≥t γ t −t rt . Here, γ ≤ 1 is known as
the discounting factor. This is achieved by the actor-critic variant of policy gradient, involving the
policy π (the actor) and an additional output neuron V t (with weights WjV,out ), predicting the value
function E[Rt ] (the critic). Both are learnt simultaneously by minimizing the loss function:
E = Eπ + cV EV ,
(1)
where EP
=
−E[R0 ] measures the performance of the stochastic policy π,
π
EV = E[ t 12 (Rt − V t )2 ] measures the error in value prediction, and cV is a hyper-parameter
chosen appropriately.
To improve the agent’s behavior, we minimize the loss function E using gradient descent on the
dE
network weights W . For this purpose, we can derive an estimator [
of the loss gradient with
ji

dWji
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reduced variance (using the policy gradient theorem [16]):
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Equation (2) can be seen as the typical formulation of an actor-critic algorithm. However, in its
current form, the value of this gradient cannot be computed in a biological plausible way:
A) the quantity Rt is not available at time t because its computation requires future rewards,
B) calculating the derivatives of the network output (log π, V ) with respect to the network input
and recurrent weights requires biologically implausible BPTT.
Solution to A): Backward view We can alleviate the first problem involving the computation of
Rt at time t by exploiting the equivalence between forward view and backward view in RL [16]. For
this purpose, we introduce a temporal difference (TD) error δ t = rt + γV t+1 − V t that allows us to
P
0
0
rewrite the error in value prediction by a sum over future TD errors: Rt − V t = t0 ≥t γ t −t δ t . If
we substitute this into the relevant part of equation (2), we obtain two sums over t and t0 . Because
the summation of t0 starts from t, we can reorganize and collect terms such that only past terms are
summed (commonly denoted backward view of RL [16]):
X
XX 0
X 0X 0
X 0
0
(Rt − V t )( · ) =
γ t −t δ t ( · ) =
δt
γ t −t ( · ) =
δ t Fγ ( · ) .
(3)
t

t
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In order to simplify notation, we introduce a temporal filter F that is defined as Fα (xt ) =
αFα (xt−1 ) + xt .

Solution to B): E-prop Computing the gradient dWd ji log π(at |y t ) + cV V t required in equain
rec
tion (2) with respect to input weights Wji
and recurrent weights Wji
in RNNs with BPTT is
biologically implausible. We approximate this gradient using e-prop [17] by ignoring both spatially
and temporally non-local interactions. This gradient is approximated as a product of learning signals
Ltj , which are specific to the post-synaptic neuron j, and synapse-specific eligibility traces etji :
\

d
log π(at |y t ) + cV V t = Ltj ētji ,
dWji

(4)

Here, we define ētji = Fκ (etji ) with κ being the time constant associated with the output neuron, and
the eligibility traces etji only depend on the activity that is local to the synapse. The eligibility traces
are formally defined as etji =

∂zjt
∂htj

· tji , using a so-called eligibility vector that is propagated forward

in time, according to the dynamics of neurons: t+1
ji =

∂ht+1
j
∂htj

· tji +

∂ht+1
j
∂Wji ,

where htj is the hidden

state vector and zjt is the observable state of the neuron model. This definition precisely captures the
dynamics of the hidden states. In particular, if the dynamics of the neurons contain slower processes
as our network does (see appendix), long lived traces arise that can help with the credit assignment
problem.
The learning signal Ltj =

∂ (log π(at |y t )+cV V t )
∂zjt

is the impact of neuron spikes zjt on log π(at |y t ) +

cV V t . Considering our Gaussian policy π, we obtain:
Ltj = −cV WjV,out +

X
k

π,out
Wjk

ykt − atk
.
σ2

(5)

π,out
where Wjk
and WjV,out are the output weights for the policy π and the value prediction V
respectively.
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Learning rule emerging from reward-based e-prop The learning rule emerging in equation (5)
solves major issues of biological plausibility in BPTT. There is no need to backpropagate through time
or store earlier network activity, and the algorithm can be implemented by online updates. Even the
sum over t in (5) does not need store every element of the sum. Instead the sum can be accumulated,
or every contribution can be applied directly.
With this definition of the learning signal (equation (5)), the deviation between the stochastic action
π,out
atk and its expected value ykt are fed back to neuron j with the same weights Wkj
that define ykt ,
and this symmetry also arises for WjV,out . To avoid such biologically implausible weight sharing
π
between the feedforward and the feedback pathways, we use fixed random feedback weights Bjk
, BjV
as in [18, 19]. Using a simple local plasticity rule on Bjk that mirrors the plasticity rule applied to
Wkj also leads to similar results. Putting together the results of equation (3), (4) and (5), we obtain
the learning rule for reward-based e-prop:

rec
∆Wji

=

−η

X



δ t Fγ Ltj ētji
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(7)

where η is a fixed learning rate.


Note that the filtering Fγ requires an additional eligibility trace per synapse. The term Fγ Ltj ētji is
identical to the eligibility traces commonly used in RL [16, 20], except that we use an approximation
for the true gradient of the loss instead. Additionally, [20] uses a linear feedforward model, whereas
we specifically address learning in recurrent neural networks. This term depends on the learning
signal and does not have the same function as the eligibility trace etji that are employed by e-prop.

Empirical evaluation of reward-based e-prop We tested reward-based e-prop on a task that is
representative of a common learning experiment paradigm in systems neuroscience: There an agent
has to learn a delayed goal-directed movement, consisting of a sequence of many 2-dimensional
continuous motor commands. The rewards are sparse and often arrive long after relevant actions have
been taken. The agent first receives a spatial goal cue (Fig. 1C), which is followed by a delay period
during which the agent has to remember the cue, and has to make sure the tip of the two-joint arm it
controls remains within a center region (indicated by a dotted circle) in order to avoid punishment.
The agent controls the arm movement by controlling the angular velocities of the two joints. After
the delay period, the agent receives a go-cue, which instructs that the agent has to move the tip of the
arm to the location that was indicated by the initial goal cue in order to receive a positive reward.
Note that the network was not given any forward- or inverse model of the arm but had to learn those
implicitly. The agent also required working memory to remember the goal cue from the beginning of
the episode until it received the go-cue. In addition, due to delayed rewards, credit assignment for
actions which led to the reward was non-trivial.
We used a recurrent spiking network with an additional working memory mechanism called an LSNN
(as in [17]) to control the arm. The overall architecture of the network, along with the components
that contribute to the weight update rule, are shown in fig. 1A.
Three sample trials after learning are shown in Fig. 1D. Fig. 1B shows that reward-based e-prop is
able to solve this demanding RL task about as well as policy gradient with biologically implausible
BPTT. This is due to the fact that the eligibility traces that arise in reward-based e-prop are able
to handle the long term credit assignment problem, while the slower dynamics of the neurons in
the network provide the working memory. Note that the credit assignment here occurs successfully
without any backpropagation of gradients through the entire history. We conjecture that variants of
reward-based e-prop will be able to solve most RL tasks that can be solved by online actor-critic
methods in machine learning.
4

Figure 1: Application of e-prop to RL. A) Learning architecture for reward-based e-prop: The
network input xt consists of the current joint angles and input cues. The network produces output yt
which is used to stochastically generate the actions at . In addition, the network produces the value
prediction, which, along with the reward from the environment, is used to calculate the TD-error δ t ,
An LSNN is the network model defined in the Appendix. The learning signals and the TD-errors
are used to calculate the weight update, as denoted by the green dotted lines. B) Performance of
reward-based e-prop and of a control where e-prop is replaced by BPTT, both for an LSNN consisting
of 350 LIF and 150 adaptive LIF (ALIF) neurons. Solid curves show the mean over 5 different runs,
and shaded area indicates 1 standard deviation. C) Scheme of the delayed arm movement task. The
red arrow points to the formerly visible goal. The arm always starts moving from the center of the
circle. D) Resulting arm movement in three sample trials after learning. The orange dot indicates the
position of the tip of the arm at the end of the delay period.
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Discussion
We have proposed a biologically plausible learning rule – reward-based e-prop – for RL that is both
online and local. The combination of reward prediction error and neuron-specific learning signal
has also been used in a plasticity rule for feedforward networks inspired by neuroscience [21]. But
in the case of reward-based e-prop, it arises from the approximation of BPTT by e-prop in spiking
RNNs tackling RL problems. Other previously proposed learning rules use the correlation of the
noisy output of network neurons with rewards to estimate the gradients of the policy [22, 11]. But
due to noisy gradient estimates, such learning rules are inefficient.
Since reward-based e-prop is based on a transparent mathematical principle, it provides a normative
model for signals that are abundantly present in the brain, but whose precise role is not very well
understood – eligibility traces, learning signals and reward prediction errors. Actor-critic policy
gradient combined with BPTT for RNNs has been shown to be very powerful in deep RL. Rewardbased e-prop approximates this, and so has the potential to be a very powerful online learning
algorithm for RL for a wide variety of tasks. Here, we have demonstrated that it can be used to
successfully train recurrent networks on a reinforcement learning task that requires complex arm
movements, working memory and long term credit assignment. In addition, we have demonstrated
this using a recurrent network model that is biologically realistic – using spiking neurons, and slower
processes very similar to that found in biology.
Future work would explore scaling up this algorithm to tasks of greater complexity and memory
demands. Furthermore, an online RL algorithm such as reward-based e-prop can also lead to a
qualitative jump in on-chip learning capabilities of neuromorphic chips.
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Appendix: Network model
Our approach is applicable to a general class of RNN models, including LSTMs. Here, we consider
recurrent spiking neural networks, where each neuron j is characterized by a membrane voltage vjt
that integrates synaptic inputs xt , and processes P
these by propagating
recurrent activity according
P
in t
rec t−1
to discrete time steps of 1 ms: vjt = αvjt−1 + i Wji
xi + i Wji
zi , using input weights
in
rec
Wji
and recurrent weights Wji
. Here, α relates to the decay of the membrane voltage with time
constants of 20 ms. If vjt exceeds a threshold, the neuron emits a spike zjt = 1 (otherwise zjt = 0)
and its membrane voltage is reset. We use an additional mechanism from [17], where some LIF
neurons in the network are enriched by adaptive thresholds that increase whenever the corresponding
neuron spikes, decaying back to a baseline with slower dynamics, having a time constant of 500 ms.
Networks of LIF and adaptive LIF (ALIF) neurons are termed Long short-term memory Spiking
Neural Networks (LSNNs). The output of such
is denoted as y t and its components are
P networks
a,out t
t−1
t
defined as leaky integrators: yk = κyk + j Wkj zj , where κ relates to a decay factor with a
time constant of 20 ms.
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