Discussion

® We also proposed asynchronous versions of MAP Propagation and Weight
Maximization, called asynchronous MAP prop and Weight Maximization with
traces respectively

® Derived from global REINFORCE, both algorithms retain certain properties
relevant to biological plausibility of REINFORCE:
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Though backpropagation underlies nearly all deep learning algorithms, it is generally regarded as being biologically implausible. An alternative way to train an artificial neural
network is through making each unit stochastic and treating each unit as a reinforcement learning (RL) agent, and thus the network is considered as a team of agents. As
such, all units can learn via REINFORCE, a local learning rule modulated by a global reward signal that is more consistent with biologically observed forms of synaptic
plasticity. However, this learning method suffers from high variance and thus very low speed of learning. The high variance stems from the lack of effective structural credit Local
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assignment. This paper reviews two recently proposed algorithms to facilitate structural credit assignment when all units learn via REINFORCE, namely MAP Propagation Learning Rule Ieartrrr:ang c;iiikg?g;s ;ggzztaﬂ.(:g

and Weight Maximization. Experiments show that both algorithms can learn significantly faster than a network of units learning via REINFORCE. In contrast to Global REINFORCE lf/ " I ‘/u I

backpropagation, both algorithms retain certain biologically plausible properties of REINFORCE, such as having local learning rules and the ability to be computed MAP Prop. % x x

asynchronously. Therefore these algorithms may offer insights for understanding possible mechanisms of structural credit assignment in biological neural systems. Asy. MAP Prop. % « v
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Though it is common to use backprop to train an artificial neural network We propose two algorithms, namely maximum a posteriori (MAP) Backprop x x x

(ANN), backprop is generally regarded as biologically implausible.
Alternatively, we can view an ANN as a team of reinforcement learning
(RL) agents by letting each unit implement an RL algorithm that learns via
the same global reward signal! broadcast uniformly to all the units. In the
simplest case, the units explore independently by means of independent
random noise injected into their actions. Here we use REINFORCE as the RL

propagation (Chung, 2021) and Weight Maximization (Chung, 2022) , that
reduce the variance of global REINFORCE efficiently.

MAP propagation - MAP propagation replaces the actions of hidden agents
(i.e., agents that are not in the last layer) with their most probable action
conditioned on the action of output agents (i.e., agents in the last layer) and

Computational advantages — agents trained by MAP prop have more
effective exploration than when RL relies on backprop for learning policies or
value functions; Weight Max. can be applied to train discrete-valued units
instead of only differentiable units

Experiment Results

algorithm for each unit, and we call this ANN learning method Global the state, before applying global REINFORCE. Equivalently, defining the ® Applied both algorithms to train an actor-critic network in three RL tasks
REINFORCE. Williams [1] showed that for feedforward ANNSs, this method energy function as the negative log-probability of agents’ action conditioned ® The actor-critic network is a two-hidden-layer ANN with 64 and 32 units in the
changes weights according to an unbiased estimate of the gradient of the on the state, MAP propagation minimizes the energy function of the network first and the second hidden layer respectively
expected global reward signal. | w.r.t. actions of hidden agents before applying REINFORCE. ® Both algorithms are significantly faster than the Global REINFORCE
— : % baseline, and the learning speed is comparable to backprop
;E T r’f E—; :: Weight Maximization - We define the outgoing weight of hidden agent i as CartPole oo Acrobot
P i) T R the vector of weights connecting from that agent to agents in the next layer. 2007 == e
E p; . ?}’.E Weight Maximization replaces the external reward signal R to each hidden % 4007 ~120 | f/
o | agent by the change in the squared L? norm of its outgoing weight. This is E >0 ~140 1
based on the heuristic that this norm roughly reflects the contribution of the %izz —1607
agent in the network. For example, if the hidden agent on layer L — 1 is useful . . | | | | :;zz | | | | | |
Fiee xR oo o i Sl iR, in guiding action, then the output agent should learn a large weight 200 400Epis§c?§ 800 1000 100 200 Epfsize 400 500
Farley and Clark (1954) associated with it. With the replaced reward signal, each hidden agent is LunarLander
A Long History - Farley and Clark (1954) implemented a team of RL units in trying to maximize the norm of its outgoing weight, or intuitively, its 2001 —— REINFORCE
the first simulation of ANN learning on a digital computer. Tsetlin (1973) contribution within the network. This allows a more targeted structural credit 100 T et Mo with trace
introduced teams of RL agents (called learning automata); Narendra and assignment by giving each hidden unit a different reward signal. We prove 7 T Rey MR prop
Thathachar (1974, 2012) surveyed following work: Barto (1985, 1986) that Weight Maximization is approximately following gradient ascent in —100 1 / — giékgggipmp
explored this approach to training multi-layer ANNs; and Barto and Jordan rewards in expectation. —29%
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Example — A single Bernoulli-logistic unit Episode

(1987) presented this approach as an alternative to error back propagation,

which had appeared that same year. The simplicity of the approach, along 1. We sample the action from a Bernoulli Running average returns over the last 100 episodes in four RL tasks. REINFORCE, Weight
S : . P » . istri ion A~ B wher — Q) Max and STE backprop use Bernoulli-logistic units; MAP Prop uses normally distributed units, and

with its slow learning rate, led some to call it the “naive method” for training d ?t bUt.O | er(p). . ere p U(ZLWLS_J, backprop uses Rectified Linear Units (ReLU).

ANNS. this action A is multiplied by the outgoing
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