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Abstract
The question of how animals and humans can solve arbitrary goal-driven problems remains open. Reinforcement learning (RL)
methods have approached goal-directed control problems through model-based algorithms. However, RL focus on maximizing
long-term reward is inconsistent with the psychological notion of planning to satisfy homeostatic drives, which involves setting
goals first, then planning actions to achieve them. Optimal control theory suggests a solution: animals can learn a model of the
world, learn where goals can be fulfilled, set a goal, and then act to minimize the difference between actual and desired world
states. Here, we present a purely localist neural network model that can autonomously learn the structure of an environment and
then achieve any arbitrary goal state in a changing environment without relearning reward values. The model, GOLSA, achieves
this through a backwards spreading activation that propagates goal-values to an agent. The model elucidates how neural
inhibitory mechanisms can support competition between goal representations, serving to push needs-based planning versus
exploration. The model performs similar to humans in canonical revaluation tasks used to classify human and rodent behavior
as goal-directed. The model revaluates optimal actions when goals, goal-values, world structure, and need to fulfill drive changes.
The model also clarifies a number of issues inherent in other RL-based representations such as policy dependence in successor
representations, while elucidating biological constraints such as the role of oscillations in gating information flow for learning
versus action. Together, our proposed model suggests a biologically grounded framework for multi-step planning behaviors
through consideration of how goal representations compete for behavioral expression in planning.
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Introduction

Actions derived from habits and reflexes offer a surprising
amount of power for producing successful behavior, and they
require minimal cognitive control for production. This re-
duced complexity, however, renders them inflexible because
they are driven predominantly in a stimulus reactive mode
within an environment. Such inflexibility is insufficient for
supporting all behaviors, particularly when the cached actions
will not lead to successful goal-driven outcomes (Dolan and
Dayan 2013). The capacity for goal-oriented and flexible con-
trol behavior is abundantly recognized across species and
thought to involve learning an internal model of the

environment (Dayan and Berridge 2014). Early evidence for
model-based behavior was Tolman’s (1948) latent map learn-
ing and demonstrations showing animals can plan novel ac-
tions without significant relearning. Humans and animals can
also readily replan actions when reward, optimal policies, and
environmental structure change (Alvernhe et al. 2011;
Momennejad et al. 2017; Daw et al. 2005). These findings
have generally converged on a conception of cognitive plan-
ning of novel actions as a goal-driven behavior that uses a
mental simulation with an environmental model (Behrens
et al., 2018; Daw and Dayan 2014; Ivey et al. 2011). How
this occurs has been proposed to involve animals and humans
employing representations of goals, actions, and rewards that
operate in conjunction with an environmental (map) represen-
tation of task space (Behrens et al. 2018; Epstein et al. 2017;
Tolman 1948; Wilson et al. 2014). Despite empirical and the-
oretical implications, there is a dearth of models providing a
biological account of how goals guide flexible planning be-
havior in both spatial and abstract cognitive task spaces.
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Explicitly, several key questions are (1) what biologically
plausible planning mechanisms work in service of goals, (2)
how do environmental and reward or goal representations
support flexible planning, and (3) how do constraints and
the need to fulfill multiple goals compete for control during
planning?

Solving this issue requires brain mechanisms that can sup-
port planning novel actions towards new goals, away from
devalued rewards, or when encountering changing environ-
ments. Models of goal-directed control are typically formulat-
ed with model-based reinforcement learning (MBRL; Doll
et al. 2012; Sutton and Barto 2018). MBRL allows prospec-
tive planning through simulating possible future scenarios
based on representations of rewards within environmental
maps and the model of task space (Daw et al. 2005; Daw
and Dayan 2014). An advantage to model-based control is
flexibility in replanning when task variables such as reward
or environment structure change. Because planning with
MBRL problems involves either extensive dynamic program-
ming or exhaustive tree search (Niv et al. 2006) for estimating
rewarding states far into the future, this is problematic for
resource constrained biological systems (Huys et al. 2012;
Simon 1956). These issues leave the biological feasibility un-
derlying MBRL planning uncertain (Daw and Dayan 2014).

Growing evidence indicates some model-based computa-
tions are tractable through operations similar to model-free
RL, thus reducing computational complexity. The successor
representation (SR; Dayan 1993) has been proposed as a via-
ble mechanism that could circumvent these issues with ex-
haustive planning in full model-based control (Gershman
2018; Momennejad et al. 2017). The SR operates through
learning and caching expectations about which states will be
visited over a future horizon from any given state. The SR’s
biological motivation partly rests on findings indicating
model-based processes are linked to the Dopaminergic learn-
ing circuit originally constrained to explanations of model-
free RL (Russek et al. 2017). Experimental and modeling
studies have shown that humans and agents using an SR could
solve reward re-valuation problems thought originally to re-
quire full model-based evaluation (Momennejad et al. 2017;
Russek et al. 2017). This instance of goal-directed control
emerges because the SR separates expectations of state visita-
tions from rewards, affording it representational flexibility
(Dayan 1993).

There are several points to consider with the both the SR
and model-based RL that, presently, leave issues open about
the computations underlying goal-based (re)planning. The SR
alone can only solve replanning problems involving revalua-
tion of already rewarding and visited states (Russek et al.
2017). However, humans are capable of several replanning
behaviors not predicted by the SR alone and call on model-
based control (Momennejad et al. 2017). The SR restriction
occurs because it learns its expectancies on-policy, evaluating

expected future states contingent on a fixed policy that was
reinforced. This policy dependence makes SRs inflexible if
new states not predicted under the SR become required to
acquire reward. For example, this can occur in detour prob-
lems when the previously available state transitions are
blocked. To overcome this limitation, model-based and SR
hybrids are necessary to explain other replanning behaviors
such as policy change for visiting states that are not expected
under the SR or a change in task environment structure
(Russek et al. 2017). This indicates human planning involves
more than a policy dependent predictive map.

The focus of RL models maximizing an arbitrary future
reward from a state also juxtaposes with planning as motivat-
ed by time-varying goals and needs, as understood psycholog-
ically (de Wit and Dickinson 2009; O’Reilly 2020). Therein,
desired outcomes contextualize the expected states of an agent
such as sating hunger, and drive the optimal actions needed to
reach those states. A goals-first planning system as devised in
optimal control or planning algorithms employ backwards
induction or search by starting at a goal and finding the opti-
mal state-based controller (Bertsekas, 2010; Todorov 2009).
Desired outcomes should influence choice. RL methods using
forward solutions to optimize reward expectations are incon-
sistent with this notion of goal-directed behavior.

Psychological evidence for backward, goal-based search
comes from studies of cue-induced physiological states such
as drug cravings leading to seeking actions (Dayan 2009),
Pavlovian instrumental specific transfer with goals increasing
actions that produce it (Dickinson and Balleine 1994), and
even reaching towards a spatial goal (Liu and Todorov
2007). Goals can be construed as inducing behaviors that ful-
fill drives such as hunger or avoiding pain, and represent a
form of cognitive or physiological setpoint (Hull 1943;
Juechems and Summerfield 2019; O’reilly et al. 2014).
Nonetheless, a neuronally plausible model that accounts for
flexible, goals-based planning remains to be established.

Here, we present the Goal-Oriented Learning and
Sequential Action (GOLSA) model. GOLSA illustrates one
way a neural system could plausibly learn to navigate an en-
vironment in pursuit of goals in line with optimal control
solutions. The network is comprised of continuous-time dy-
namic model neurons that utilize associative learning to con-
struct a neural representation of an environment’s state space.
GOLSA’s planning mechanism builds on the core premises of
optimal control applied to goal-directed control. GOLSA
demonstrates how these mechanisms support planning to goal
states that fulfill agent needs or drives. The model’s notion of
goals is motivated by drive-reduction theory applied to moti-
vation (Hull 1943). GOLSA can solve both a plethora of plan-
ning and replanning problems that are similarly performable
by humans and animals. It can flexibly plan when faced with
changes in goal or environmental structure, over spatial and
nonspatial problems, and plan with respect to state-dependent
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drives or goals. Two core intuitions emergedwhen elaborating
this system. First, solving goals- and drives-based planning
akin to optimal control involves a mechanism that spreads
backwards as an activity gradient from goals to an agent’s
adjacent states. The other intuition regards the dual-roles prob-
lem wherein the same neural layers are involved in multiple
time-dependent task phases as planning and action or learning.
This problem is elaborated by findings showing prefrontal
cortex (PFC) activation supports goal representations and
goal-directed planning, and that its neurons encode multiple
task aspects (Badre and Nee 2018; Botvinick and Cohen,
2014). Solving this problem requires a mechanism to control
the flow of pre-synaptic information to these areas at the ap-
propriate time. GOLSA solves this problem through an oscil-
latory gating and inhibition system like cross-frequency cou-
pling found in human and animal electrophysiology
(Bonnefond et al. 2017).

Methods

GOLSA Model

GOLSA (Fig. 1) provides a novel account of goal-directed
behavior that can handle many of the same tasks as reinforce-
ment learning algorithms, by implementing processes akin to

optimal control theory through Hebbian learning, and neural
oscillations. GOLSA agents can select any known state as a
goal to pursue rather than “reward.”A state is defined here as a
particular set of conditions of the agent and its environment,
which can be operationalized as a unique vector. States are
represented by corresponding neurons in GOLSA. Goal states
can be imposed externally or selected based on drive-
reduction principles (Hull 1943). Once selected, a gradient
of activity across the map is established and has a peak at
the goal location. The network proceeds by selecting a state
adjacent to the current state. The choice of adjacent state is the
one that brings the agent closest to the peak of the gradient. An
action is then chosen to move the agent to the desired next
state. This process is repeated until a goal is reached. All
learning in the model is essentially Hebbian, satisfying con-
straints of localist representation and broader neural plausibil-
ity. The model is conceptually similar to the A* (Hart et al.
1968) and Dijkstra (Dijkstra 1959) algorithms commonly
used in consumer GPS navigation devices, although the
GOLSA model differs in that it respects neurobiological con-
straints (Supplementary Material).

Figure 2 a shows the overall architecture of the model.
Each red box in Fig. 2 b represents a layer of rate-coded
artificial neurons. Depending on the layer’s function, each unit
represents either an environmental state, an action the agent
can take, or a state transition. The gray ovals represent nodes

*

Adjacent States

Next Desired State

Action to achieve 
next desired state

Proximity to Goal

Goal State InputCurrent State Input

Fig. 1 GOLSAmodel intuition. Themodel takes as input the current state
and goal states and generates as output an action to move closer to the
goal state. The model represents each state with a corresponding neuron
in a given layer, and neurons representing nearby states that can be
reached with a single action also share a synaptic connection. All state
layers have representations of all possible states. The proximity to goal
layer diffuses activity backward from the activated goal state. The current

state input activates all adjacent states unit representations that are one
step away from the current state. The next desired state is simply the unit-
wise product of activities of the adjacent states and proximity to goal
layers, so that the most active unit represents the state that can be reach
in one step and is closest to the goal state. Other model components (not
shown) map the next desired state to an action aimed at achieving that
state
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which provide external input or control signals to the model
that are not represented in terms of neural activity. Many of
the projections between model layers are hard-coded one-to-
one mappings, though several key projections are fully plastic
and instantiate the synaptic weight learning processes de-
scribed in detail below.

GOLSA Algorithm

The GOLSA model’s behavior can be described by the fol-
lowing algorithm.

1. Determine which states can be reached from the current
state.

2. Identify one of these states that will best bring the agent
closest to the current goal.

3. Take the action that will likely implement the transition
between the current state and the desired next state.

The two minimum components learned for this algorithm
are the adjacency structure, i.e., the topology of the state space
and the mapping from transitions to actions. This information
is instantiated in the connections of three key projections be-
tween layers in the network: from current state to adjacent
states, from goal gradient to itself, and from transition output
to action input. Informally, core aspects of GOLSA planning
processes can be seen as a neural realization of a particular
class of algorithms for optimal control solutions to model-
based planning.

Here, we link these core GOLSA operations to previous
algorithmic solutions for solving Markov decision processes
(MDP). Notably, typical MDP solutions often involve solving
the Bellman equation through dynamic programming to de-
rive a value function and a nonlinear action function that max-
imizes future reward (Sutton and Barto 2018). In contrast,
GOLSA uses an interaction of adjacency information and
the backward diffusing goal-gradient which closely aligns
GOLSA with Todorov’s (2009) algorithmic framework for

Fig. 2 a Schematic overview.
The right box encapsulates Fig. 1
above, while the left box depicts
the desired transition (conjunction
of current state and desired next
state), which activates a
corresponding action (i.e., an
inverse model). This in turn
causes changes to the current state
of the agent in the environment. b
Full diagram of core model. Each
rectangle represents a layer and
each arrow a neural projection.
The body is a node, and two
additional nodes are not shown
which provide inhibition at each
state-change and oscillatory con-
trol (below and Supplementary
Material). The colored squares
indicate which layers receive in-
hibition from these nodes. Some
recurrent connections not shown
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solving optimal control problems. Todorov (2009) demon-
strated that if the value function of Bellman equation is
exponentiated, this removes the nonlinear maximization prob-
lem. The linearized solution then becomes a soft-
maximization process compatible with interactions between
biological neurons (Maass 2000). This important insight af-
fords optimal control solutions that are formally equivalent to
inferential message passing algorithms for graphical models
such as the forward-backward algorithm (Attias 2003; Levine
2018). The overlap of GOLSA and Todorov (2009) like
forward-backward solutions to optimal control can be seen
at several levels, which we describe qualitatively rather than
via formal derivation for expositional simplicity.

Both GOLSA and Todorov (2009) use forward-backward
interactions to solve for a next desired state or optimal succes-
sor state transition. This occurs through both the types of
representations and their interaction. Representationally,
both GOLSA and Todorov (2009) separate mappings of tran-
sitions between nonterminal (nongoal) states and nonterminal
to terminal (goal) states. GOLSA’s approximate equivalents
are the adjacency and goal-gradient, respectively. GOLSA’s
desired transition is computed via the desired next state, which
emerges through the interaction of both the forward steps by
the adjacency and backwards goal distance through the goal-
gradient. In GOLSA, the adjacency matrix passes a forward
message from state s to s’ and approximates p(s’|s) as uniform
with a matrix inverse equivalent to a random-walk successor
representation. The effect of this forward-backward interac-
tion is GOLSA agents ameliorate the policy-dependence is-
sues that limit the SR for sufficiently explaining human plan-
ning behavior. Note, in the forward-backward algorithm, the
backwards process is like the backward induction process
used in standard dynamic programming. Advantageously,
and unlike dynamic programming, the GOLSA and Todorov
(2009) solutions offer a computationally feasible neural solu-
tion. Neither requires exhaustive forward searches for plan-
ning found in MBRL or several dynamic programming (value
or policy) iterations for online policy control or when a goal
changes.

Below, we present a simple example of how these process-
es drive model activity after successful learning, followed by
an explanation of the learning process. For simplicity, the
model activity will generally be described in the context of a
six-state grid world arranged as shown in Fig. 3, where each
state can be reached from the states physically adjacent to it.
Although this appears identical to a simple 2D navigation
problem, the approach generalizes to high dimensional states
representing arbitrarily complex problems. A more complete
description of the model is in the Supplementary Material.

Figure 3 illustrates the basic mechanisms of the algorithm
with a simple example. Each of the four maps of the environ-
ment corresponds to one of the layers in the network, and each
of the six boxes in the map represents the corresponding unit

in the layer. Each layer represents the same six states. The
colors indicate the level of activity expected in each unit for
a trial in which the agent starts in state 1 and has the goal of
navigating to state 6.

For the representation of the current state, only the unit
corresponding to the agent’s actual location should be active
(Fig. 3). The representation of adjacent states includes all and
only the states reachable from the current state, including the
current state itself.Within the adjacent-states layer, the current
state is actually more active than the adjacent states to facili-
tate learning (Supplementary Materials). The goal gradient
has a peak of activity at the goal location (state 6) and then a
smoothly decreasing level of activity diffusing outward from
the goal to representations of preceding states (this allows that
some state transitions may only be possible in one direction
and not bidirectional). This representation encodes each
state’s distance from the goal as a pattern of activity. The goal
gradient and adjacent-state representations interact to produce
a representation of the next desired state. The pattern of activ-
ity in this layer answers the question, “Of all the states adja-
cent to the current state, which shows the most activity in the
goal gradient?” Here, there are two states that are both adja-
cent to the current state and equally close to the goal state. In
the actual network, a winner-take-all (WTA) system breaks
the symmetry and selects a single state to move to next. Using
the current state and the next desired state, the network iden-
tifies the appropriate transition to implement and then takes
the appropriate action based on a learned association between
actions and transitions. If the goal gradient is thought of as a
three-dimensional hill, the model climbs the hill by succes-
sively enacting the transitions that move the agent as far up the
hill, and towards the goal, as possible.

Learning

The core model, described above, depends upon learning in
three projections, namely from current state to adjacent
states, from goal gradient to itself, and from transition output
to action input (Fig. 2b). All other connections utilize hard-
coded mappings with a one-to-one or simple combinatorial
structure.

During early learning, the agent lacks knowledge about the
structure of the state space and will therefore be unable to
determine an appropriate next desired state or the action re-
quired to take an appropriate transition. Without determining
the correct transition, the agent will obviously fail to take the
appropriate actions to reach the goal. In our implementation of
the model, after 300 time steps without taking an action, the
agent “explores” by taking the available transition that has
been implemented least often. Figure 4 shows model activity
over the course of the first transition in a trial prior to any
learning with the same starting and goal states as in Fig. 3,
namely state 1 and state 6.
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As shown in Fig. 4 (time steps 0–600), the adjacent-states
layer initially mirrors the current-state layer, while the goal-
gradient alternates between a simple representation of the cur-
rent state and the current goal. Without the necessary

information to determine the appropriate next state, the agent
explores, moving down into state 2. This results in learning in
both the projection from current state (the State 1 unit) to
adjacent states (State 2 unit) and the recurrent projection in

Before learning

Fig. 4 Time Steps 0–600: Layer activities related to determining the
desired next state during the first step of the first trial during learning.
As described in Fig. 3, the model is starting at state 1 with the goal of state
6. No states are known to be adjacent so only current state activity is
present there in the adjacent layer. After the first transition, the goal
gradient learns as an oscillatory signal (describe below) provides input
from the current State, which is now state 2. The model thus learns (in

connections within the goal-gradient layer) that state 1 can precede state
2. All time steps 0–1200: Network activity related to determining the next
state during the entire first trial, before learning has occurred. The trial
continues until the agent reaches the goal state via random exploration.
Note that when the agent reaches state 6, the goal, the entire trajectory is
encoded in the goal-gradient layer. All previously visited states are active
in order of their proximity to state 6

Fig. 3 GOLSA model example and illustration of important model layer
activities for selecting the desired next state. Each box corresponds to a
unit in the appropriate layer and more red units are more active. In the
current-state layer, only the unit corresponding to the agent’s state is
active. In the adjacent-states layer, units representing states one step away

are also active, but less so. Each unit in goal-gradient in rough proportion
to the proximity to the goal state. When these two maps are integrated in
next desired state, the state(s) which bring the agent one step closer to the
goal are activated
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goal gradient (from State 2 unit to State 1 unit). Only the latter
has a visible effect on the activities here because the goal
gradient represents backward transitions while the adjacent-
states layer looks forward into the future. Because the model
does not assume that all transitions are bidirectional, it does
not yet know that it is possible to move from state 2 to state 1.
The goal gradient, on the other hand, now contains unit 2
activity during the learning phase, indicating that the model
(specifically the goal-gradient layer) now knows that if it
needs to get to state 2, it can do so via state 1.

The activity across the full first trial, shown in Fig. 4, dem-
onstrates how the gradient continues to expand with experi-
ence. Because the agent happened upon the goal state, the trial
ended. Note that until the agent actually reaches the goal state,
no unit is active in next desired state and therefore no desired-
transition is specified. This is because during most of the trial,
no units were active in the goal-gradient during the action-
phase of the oscillation at the same time that the corresponding
unit was active in adjacent-states. Once the agent reaches state
6, this is no longer true and state 6 becomes the desired state
and the 6-to-6 transition unit is activated.

For most of this trial, no desired next state was specified.
Therefore, the network could not select a desired transition to
implement with an action. This is shown in Fig. 5 with the lack
of activity in desired transition and action output for most of the
trial. Recall that transition layers dedicate one unit to each com-
bination of starting and next states, such that there are 36 units in
each transition layer for this simulation. Unit 1 represents the
transition from state 1 to state 1 while unit 36 represents the
transition from state 6 to state 6. Unit 36 becomes active at the

end of the trial, when a unit finally becomes active in next desired
state and the agent both currently inhabits state 6 and desires to
be in state 6 at the next step.

On the next trial (Figs. 6 and 7), the agent is able to use the
updated weights to walk the same path to the goal more quick-
ly and without using forced exploration.

On this trial, the goal-gradient and adjacent-states layers
contain enough information to activate the correct unit in next
desired state and therefore in next desired transition. The
agent’s exploration in the previous trial taught it which actions
implement those transitions, so activity is present in action
input during the acting phase (the smaller peaks) in addition
to the previous action information during the learning phase
(the larger peaks). This activity accumulates in action output,
which eventually triggers the body node to effect an action.
The following section addresses the learning laws which al-
low the agent to move from blindly exploring in first trial to
effectively navigating to the goal in the second trial.

Oscillations

The constraint of biological plausibility leads to a problem
with learning the mapping from desired state transitions to
actions. Specifically, the dual-roles problem requires the same
projection, e.g., the mapping from desired state transitions to
actions, to be presented with different information at different
times, within a single event, for learning vs. performance.
Consider that when a desired transition node is active, indicat-
ing a desired transition from, say, state 1 to state 3, the action
(A) that is generated may instead cause a transition from state

Before learning
Fig. 5 Network activity in layers
related to action selection during
the first trial during learning,
before learning has occurred.
Note that transitions are
numbered such that transition 1 is
from state 1 to state 1, transition 6
is from state 1 to state 6, transition
7 is from state 2 to state 1, etc.
Because no next state is specified
during most of the trial, no
transition is specified and no
action is activated

478 Comput Brain Behav  (2020) 3:472–493



After learning
Fig. 7 Network activity in layers
related to action selection during
the first trial during learning. In
the first trial, shown in Fig. 5, a
desired transition was not
specified for most of the trial
because a next desired state was
not selected. In this trial, the
specification of a next desired
state (Fig. 6), results in the speci-
fication of a transition in desired-
transition (TransDes), which
drives the appropriate actions
compared to pre-learning where
no actions were selected (Fig. 5)

After learning
Fig. 6 Network activity in the
layers responsible for goal
selection during the second trial
after learning. The agent utilizes
the past experience in the
environment to navigate back to
the goal path. In each state, the
appropriate next state is
determined based on the activities
in the adjacent-states layer and the
goal-gradient layer. Gradient ac-
tivity is only used during an os-
cillatory phase in which the goal
rather than the current state is an
input to the gradient
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1 to state 2. In that case, it would be inappropriate to strength-
en the active synaptic weight from a node representing the
desired transition (1➔3) to the action A, based purely on a
Hebbian principle of coactivation. Instead, we would like to
activate a node representing the actual transition (1➔2), and
then strengthen its projection to the actual action A. This leads
to another problem, which is that if we activate a representa-
tion of the desired transition (1➔ 2), what is to prevent that
from activating some other action inappropriately? All of this
suggests that the network must operate in two distinct modes,
i.e., learning vs. acting. During the acting mode, the desired
state transition must activate an action, which will then be
generated. During the learning mode however, two changes
must be made. First, the activity pattern of the desired transi-
tion layer must be changed to represent the actual transition
that just occurred, instead of the desired transition. Second,
the action generating layer must have its output disconnected,
so that it cannot generate an inappropriate action during learn-
ing. To fulfill this requirement, we posit an oscillatory mech-
anism that rapidly switches the network between the learning
and acting modes described above, with cell activities reliably
linked to an oscillatory cycle (Klausberger and Somogyi
2008). The details of this mechanism, and its application to
the three learned connections in the model, are described in
the Supplementary materials.

Results

Small Environment

Over the course of multiple trials, the GOLSA model learns
how to accurately navigate its environment to reach any goal
state from an arbitrary starting state. Notably, it can generalize,
learning to reach goal states without having been on those
states as goals. With a constant goal and starting state across
trials however, the model would simply repeat the first path it
found via random exploration. To counter this tendency, the
model was run with alternating starting and goal states. On
each trial, it attempted to get from one corner of the small 6
state environment to the other, forcing the agent to take dif-
ferent paths to reach its goals. The agent also had a 20%
chance to randomly take a relatively unexplored transition
when attempting to take a known state transition. A trial was
ended shortly after the goal was reached, or after 4000 time
steps, with each time step equal to 50msec (t = 200 s total) if it
was not. Figure 8 shows how the average time to complete a
trial and the overall error in the learned projections decreased
over the course of 18 trials. The entire sequence of trials was
repeated 50 times.

As expected, the time taken in each trial diminished rapidly
to a minimum of about 30 time steps, though random explo-
ration sometimes moved the agent off course making each

trial take longer. The total sum squared error in the learned
weight projections also diminished rapidly over the course of
the trials, though failed to completely reach zero because some
transitions were never explored. If the model were run for an
extensive number of trials, it would eventually explore and
learn all possible state transitions due to 3 properties. First,
there is a random exploration term that will eventually cause a
change in trial course. Second, there is noise in the choice
probability as well that will eventually make the agent become
adjacent to an unexplored transition. Third, the agent is
empowered to explore unknown transitions. These 3 factors
in combination ensure that with infinite time, the agent would
explore the whole state space with a nonzero probability.

Tower of Hanoi

The GOLSA model can also learn to navigate larger, real-
world problems. To demonstrate this, we taught the model
to complete the Tower of Hanoi puzzle. The Tower of
Hanoi consists of three differently sized discs on three pegs.
The typical starting configuration is all three discs on the left-
most peg. For a position to be legal, smaller discs cannot be
below bigger discs. On each step, participants move the top
disc from one peg to another, with the typical goal state being
all three discs stacked on the rightmost peg. There are 27 legal
states in the three-disc Tower of Hanoi. These states can be
arranged into a graph where each node constitutes a legal state
and each link represents a valid move.

To put the problem into a format that the GOLSA model
can complete, each possible legal configuration was consid-
ered a state. There were 6 possible actions, each defined as
attempting to move the top disc from one peg to another. The
only time this “action”would fail is if there was in fact no disc
on the “from” peg, in which case the action could still be taken
but would not result in a state transition.

The architecture used was very similar to that used in the
small six-state grid world, but with larger layers containing
units to represent each of the 27 states or 729 transitions. The
decay parameter on the goal gradient was also changed from
0 to 1 (effectively turning off the decay), allowing goal-related
activity to diffuse more broadly through the network. Without
this change, the decay would overwhelm the relatively small
effect of goal activity passing backward through many states
in a trajectory. While the gradient could still be successfully
established after exploration-based learning, a single learned
trajectory could not be reliably followed even if repeated
many times. After removing the decay term (and adjusting
the learning thresholds accordingly), however, the gradient
is much more sensitive.

Learning proceeded in a similar fashion to that used in the
small gridworld. While the three discs on the right peg consti-
tute the typical goal state for the Tower of Hanoi, a major
strength of the GOLSA model is its ability to navigate to
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any desired state. To facilitate learning the entire state space,
we rotated starting and goal states across three configurations.
During these different configurations, the agent attempted to
move from one corner of the state space shown in Fig. 9 a
clockwise to the next corner. Max trial length was 200 time
units (4000 timesteps at dt = .05), while the agent could re-
main stuck for a maximum of 15 time units before exploring.
Though the environment was significantly larger than the six-

state grid-world, the model quickly learned the state space and
required actions. This is illustrated in Fig. 9 b. These results
show GOLSA agents could readily learn the tower of Hanoi
task, and do so using state space knowledge rather than storing
an explicit policy.

There is one major way in which GOLSA diverges from
human performance on this task. Humans performing this task
will often make moves that create a configuration that is

Fig. 9 a Graph representation of the Tower of Hanoi state-space. States
are numbered according to their representation in the model (e.g., state 22
is represented by the 22nd unit in current state, adjacent states, etc.
Figure adapted from Knoblock (1990). b Top: Average time taken to
the goal as a function of the number of trials since learning began. The

learning process was repeated 50 times and the shaded area represents the
standard deviation across those 50 trial sequences. Bottom: Total sum
squared error of the learned weights (actual – ideal) in the three key
projections described above

Fig. 8 Top: Average time taken
to the goal as a function of the
number of trials since learning
began, in the six-state gridworld
problem. The learning process
was repeated 50 times and the
shaded area represents the stan-
dard deviation across those 50
trial sequences. Bottom: Total
sum squared error of the learned
weights (actual – ideal) in the
three key projections described
above
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visually like the goal but is actually many steps away from the
goal in state space topology (Welsh et al. 1995). This does not
emerge in GOLSA because the agent only learns the topology
and its viable transitions. Humans likely represent the problem
space in multiple formats, including a visual representation of
the goal in addition to a cognitive map representation like
GOLSA (Goel & Grafman 1995). The true and visual repre-
sentations clearly imply two different distances from a state to
a goal in the Hanoi task. The visual representation causes
humans to make sub-optimal moves towards the goal
(Welsh et al. 1995). GOLSA’s focus on planning could be
brought into closer alignment with human sub-optimal behav-
ior by the addition of a visual layer representation that com-
petes with the internal state space map during planning.

Latent Learning, Revaluation and Replanning Tasks

The GOLSA model is also able to produce key aspects of
novel action or replanning behavior in humans or animals that
has been used as evidence for planning using both cognitive
maps and model-based behavior. We simulated GOLSA on a
suite of tasks and environment that were inspired by Tolman’s
original studies and others (Russek et al. 2017; Momennejad
et al. 2017) examining the capacity of model-based RL or the
successor representation (SR) to support re/planning. The map
used in these simulations is shown in Fig. 10. It contained 22
viable states. The network architecture and settings were iden-
tical to that for the Tower of Hanoi task.

In the simulations below, we focus on model behavior pre-
ceding and following different revaluation scenarios.
Learning was performed akin to latent learning in typical
cognitive map experiments (Russek et al. 2017). There was
no goal or “reward” during this time, just exploration for
structure learning. The agent explored the state space for 30
trials, with a max time of 300 timesteps per trial. The model
took approximately the same number of trials here to learn the

requisite layers, e.g., adjacency, as it did in the Tower of
Hanoi.

Goal (Reward) Revaluation

The first task variant we considered using this maze was a
form of reward or goal revaluation (Fig. 11). In this task, the
agent first learns the map, then is notified a goal exists in a
certain state. The agent readily approaches the goal (Fig. 11,
left) on this first trial because the goal activates the gradient
layer right away. After several trials, the goal location is
switched (Fig. 11, right). Because GOLSA’s planning is not
linked to a particular action policy, the agent directly navigates
to the new location and solves the replanning problem on the
first trial following a goal switch. This is because replanning
involves a change in goal, but no change in the environment.
The model results recapitulate human’s typical successes at
solving this type of replanning task (Momennejad et al. 2017).

Transition Revaluation: Barrier Task

Another revaluation task variant that is useful for considering
replanning mechanisms is when the structure of the environ-
ment changes. This is often done by impeding the typical
travel path from start to reward. The agent first learns and then
solves going to the goal position. It always chooses the
shortest path, through the middle hall, in this scenario. By
blocking the path on the 31st trial, the agent must learn the
transition is no longer viable and must replan on the next trial.
The model exhibits the human capacity to exhibit zero-shot
revaluation in these tasks. GOLSA can solve the replanning
problem immediately. This was achieved by nulling the
weights of the blocked state in the adjacency and gradient
layers to its connecting states. This is a simplification of
one-shot learning (i.e., long-term depression at a synapse) that
a particular state transition is no longer possible. Changing
this mapping leads the agent to readily solve the replanning
problem by taking a different path to the goal (Fig. 12, right
side). While GOLSA can solve this like humans, RL formu-
lations require amodel-based agent to recompute an SR online
(for example, see Russek et al. 2017). Our finding suggests
that one manner humans may solve these tasks is by
representing the whole state space, rather than just those states
linked to a particular action policy.

Policy/Goal-Competition Revaluation

A challenge for several models of planning and learning, par-
ticularly in using the SR, is the learning is on-policy. This
means the map of expected occupancies through the SR is
biased by the previous action policy developed during learn-
ing and does not reflect the “optimal” actions. This issue sty-
mies their ability to solve a type of replanning task dubbed

Fig. 10 Graph representation of the maze (top), which the agent explores
to learn the structure independent of a goal
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“policy revaluation” (Russek et al. 2017). This task involves
learning original goals or rewards are in a given state (Fig. 13
left), and later a new goal or reward is introduced at a new
state and has a higher value. The expectation is if the agent
represents the whole state space and acts optimally within it,
they should pursue the more rewarding goal. Humans are
often capable of solving these tasks and often make choices
to progress them towards the new, more rewarding goal state
(Momennejad et al. 2017). Here, we refer to it as goal com-
petition because GOLSA does not learn specific or cached
policies. GOLSA can solve these problems readily because
rewards or goals are separated from the state-space map and
are divorced from a specific policy. This engenders GOLSA
agents to traverse the space using the goal-gradient rather than
following an on-policy state expectation such as the successor.
This result is shown in Fig. 13, indicating the agent navigated
towards the higher value goal in 70% of revaluation trials.
Thirty percent of the time the agent still went towards the
lower value goal. This result repeats the fact that enacting
choices towards a goal is driven both about value and prox-
imity to that goal. Mechanically, this happens through

competition andWTA dynamics in the goal layer. The “larger
valued” goal at certain input ratios effectively inhibits the
“smaller valued” goal, leading the agent to enact a goal-
focused plan. The effect of this competition on goal-layer
representations can be seen in Fig. 13 (top activity trace).
This indicates the model solves the problem not solely in a
greedy manner. Agent actions and pursued goals are deter-
mined by both relative weight and distance of goals during
this revaluation. These results recapitulate the important point
that humans do not always pursue the most rewarding state.

GOLSA Engages State-Specific Drives Through Goal
Competition

The demonstrated model capacity, thus far, show GOLSA’s
flexibility to plan and solve replanning problems in a way like
humans. These components scaffold a model framework to
examine how planning might occur with multiple, time-de-
pendent, and competing drives that propagate down to goal-
state selection. With multiple competing drives that are satis-
fied in different states, agents must deal with an

Fig. 11 Goal revaluation
(switching) task. In both left and
right maps, the green arrows
depicting policy taken by agent in
> 95% of trials. In the left map,
agent approaches goal placement.
The right map depicts the agent
action on the first trial after the
goal switches

Fig. 12 Transition revaluation
task. In both left and right maps,
the green arrows depicting policy
taken by agent in > 95% of trials.
In the left map, agent approaches
goal placement. The right map
depicts the agent action on the
first trial after they learn the state
space changes with inclusion of a
barrier
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interdependent planning problem. For example, an agent with
a pressing drive (e.g., hunger) may need to navigate towards a
goal state that puts them more distant from other goal-
fulfilling states. Thus, proper planning requires agents to not
act greedily or merely approach the closest goal-state.

The GOLSA framework achieves a mapping of drives to
goals to affect planning through an additional drives layer.
The agent learns that different drives map on to different
goal-states the same as other simulations (Fig. 14). In effect,
certain drives can only be satisfied by visiting those states
(Fig. 14). The drives layer follows a function that accumulates
activity to a threshold, which is suppressed once that goal state
is reached (Hull 1943). The drives layer does not have com-
petition. The motivation for this, by example, is that active
drives such as hunger and desire for entertainment can co-
exist without necessarily suppressing one another. Planning

decisions about which drives to pursue reside in the interac-
tion of drives to goal state and goal gradient. Specifically, the
drives specify the need and gradient specifies the ‘distance’ to
the goal state. GOLSA uses this interaction to select the order
of which drives to fulfill. Therefore, GOLSA does not act
greedily regarding distance to goals.

We demonstrate GOLSA’s ability to exhibit drive to goal-
based planning through 4 simulations. In both sets, the state-
space was the same as the above replanning tasks. In these
simulations, we consider both the relative starting level of
different drives and the agent starting position. This combina-
tion was done to demonstrate how GOLSA weights the drive,
goal state, and gradient interaction to pursue different goals.
The simulations included 3 states in the drives layer. The drive
layer had as many units as there were drives. These were
initially connected all-to-all to goal layers for learning (see

Fig. 13 Policy revaluation task.
In both left and right upper maps,
the green arrows depicting policy
taken by agent in > 95% of trials.
In the left map, the agent
approaches the original goal. The
right map depicts the agent action
on the first trial after they learn a
larger reward is in a new location.
The bottom twomaps indicate the
policy taken by the agent 70%
(top) and 30% (bottom) of the
time when both rewards are of-
fered together. The right traces
show the representative activation
plots of the goal layer units on
trials corresponding to 70% ac-
tions towards larger reward (top)
and 30% actions towards smaller
but closer reward (bottom)
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supplementary materials). The agent learned the mapping of
drives to goal states through a latent learning process similar
to the above “Tolman” map replanning tasks (Fig. 14).

The first 2 simulations placed the agent at the same starting
position as previous replanning simulations (see Fig. 14). In
the first simulation, the closest (blue) and 2nd closest (green)

drives were set to the same lower starting value (0.1). The
furthest drive state (red) was set to the highest. The order of
pursued goals is seen in Fig. 14 activity traces. When a goal
was achieved, a drive layer activity became suppressed and
the agent went on to other goal-fulfilling drive. Essentially, the
agent went to the most distant but pressing drive goal-state

Fig. 14 Overview of drives linked to goal states and how it affects
planning. a Example network connectivity between drives and goal-
state layers. b Layout of environment and drive to goal states agent had
to learn through exploration and reinforcement. c Representative activity
trace in drives (left) and goal-state (right) layers when drives two drives
started off at same level and the other larger. d Representative activity

trace in drives (left) and goal-state (right) layers when all drives started
off at different levels. c and d show how the relative drive level, agent
position, and distance to those drives changes planning order. In activity
traces, when a goal was reached, the activity in the drives layer was
suppressed that inevitably removed excitation to the goal-states layer

485Comput Brain Behav  (2020) 3:472–493



first (red). The agent then traversed to the blue and green
coded states in that order. The agent behavior with all drives
starting off at different levels is seen in the 2nd simulation
(Fig. 14d), with the closest (blue) state drive starting at the
lowest level (Fig. 14). Thus, given the agent starting distance
to goals and their drive states, it planned towards the furthest
goal (red) first. These simulations show how high drives move
the GOLSA model to flexibly plan first towards distant states
in lieu of close goal-states that will not fulfill pressing drives.

A second set of simulations (Fig. 15) was done to further
demonstrate how the interaction of drive and goal distance
influence planning behavior by changing the agent start state
(Fig. 15a). The agent started in a middle state. The first sim-
ulation involved the blue and green drives starting at the same
value. Unlike the first simulations, the agent distance to goal
states and drive values caused the agent to move towards the
blue and green states first (Fig. 15b, c). By manipulating the
relative green and blue starting drive states, we more clearly
demonstrate the agent will pursue a path of goal states that is
driven by the interaction of drive need and distance. Even
though the red drive was highest in both these simulations,
the agent holds off the highest drive till the end (Fig. 15b, c).
Together, these drive-based simulations show how the
GOLSA model flexibly plans in a goal or drive directed man-
ner that respects the topology of the state space and placement

of drive fulfilling states. GOLSA inherently solves a cost driv-
en planning problem through interaction of drive level and
goal distance.

Discussion

Here, we present a biologically plausible solution to goal-
directed planning through a localist neural network named
GOLSA. The model uses biologically realistic rate equations,
with online plasticity driven solely by local information as
opposed to dedicated learning periods (Guerguiev et al.
2017). Learning occurs through Hebbian principles, modified
by eligibility traces and oscillatory dynamics. GOLSA ac-
quires an environmental map to plan towards goals through
a backwards spreading activation mechanism. GOLSA can
navigate simple environments, abstract environments like
Tower of Hanoi, while producing flexible planning and
replanning towards any goal. GOLSA can also solve a host
of other revaluation tasks similar to human’s capacity to re-
plan in drive- or reward-dependent manner. GOLSA delivers
this flexible control through two key components. First is
learning state space topology separate from rewards, goals,
or actions. Separating representations enables GOLSA to
transfer the representation of the state-space to solve novel

Fig. 15 a Layout of environment with agent position changed compared
to first drive to goal simulation. b Representative activity trace in drives
(left) and goal-state (right) layers when drives two drives started off at

same level and the other larger. c Representative activity trace in drives
(left) and goal-state (right) layers when all drives started off at different
levels
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problems. The second component, supporting planning, is the
hill-climbing approach in which an agent ascends a gradient
distributed across state-space with a peak at the goal.

Goals and Drives

A core GOLSA component was addressing how a motivated,
goals-first neural system could operate. We propose that the
model’s design of desired goal states exhibiting a backwards
driving effect on behavior accords with how goal-directed
planning is conceptualized psychologically (de Wit and
Dickinson 2009), with internal drives consistent with homeo-
static set-point regulation (Hull 1943; Toates 1986) and drive
to states associates formed through reinforcement. The brain
must first assess motivations or drives from essential homeo-
static needs. These drives are then prioritized to then set goals.
Importantly, this contrasts with the RL model focus of plan-
ning based on maximum long-term reward from a given state
(Sutton and Barto 2018). Effectively, GOLSA decides be-
tween which goals to pursue and plans using competition
between goal states. The competition process is influenced
by interactions of drive setpoints and goal distance.
Combining this interaction with lateral inhibition to imple-
ment winner-take-all competition in the drives layer allows
GOLSA to pursue goal states more out of the way if the drive
for that state is higher. This captures another aspect of behav-
ior not captured by RL models. Animals or humans will pur-
sue states that fulfill high drives, while avoiding other states
with higher but unneeded reward offers (Balleine &
O’Doherty 2010). Interactions of goal distance and drives also
reproduce the observed behavior that animals will also plan a
“route” of actions based on the combined distance and press-
ing need of a drive (Salamone and Correa 2012). This emer-
gent planning essentially captures anticipatory behavior ex-
hibited by living agents that trade-off drive need and goal
proximity. GOLSA does not act greedily by merely ap-
proaching the largest offer but is motivated to pursue the most
pressing drive given its proximity to other goal states.

The issue of multi-dimensional motivated drives is a nota-
ble problem for RL models, as they have a singular objective
focus on maximizing long-term reward regardless of the
agent’s internal state. Therefore, planning within RL frame-
works do not sufficiently explain goal-directed human and
animal tendencies to ignore high-offers in favor of lower-
offer but needed states. GOLSA captures this effect through
interaction of drive set-point, goal distance, and state space
topology. RL frameworks were recently extended to capture
motivational and homeostatic drive effects (Keramati and
Gutkin 2014). This model proposes RL reward mechanisms
are equated with physiological distance to satiating an agent’s
drive. This effect of reward as homeostatic drive setpoint dis-
tance is like our drives layer. Unlike GOLSA, though, a bio-
logical implementation of the RL model (Keramati and

Gutkin 2014) remains undetermined. Additionally, the RL
model relies on several post hoc parameterizations that are
biologically undetermined (e.g., distance weighting) and un-
dermine its putative normative claims.

Algorithmic and Biological Differentiation

Algorithmically, GOLSA is most similar to solving optimal
control through forward-backward algorithms underlying lin-
ear Markov decision problems for model-based control
(Todorov. 2009). Essentially, GOLSA adjacent-state activity
constitutes a one-state forward sweep from the current state.
This interacts with the backward process that is analogous to a
parallel sweep propagating information from all goals across
all paths. Biologically, this mechanism recapitulates findings
of parallel activations in prefrontal cortex (PFC) encoding
sequential action plans (Averbeck et al. 2002; Mushiake
et al. 2006) and future goal-states in primate PFC
(Genovesio et al., 2012a; Yamagata et al. 2012). GOLSA’s
desired next state layer approximates the soft-max solution to
these forward-backward interactions. Lateral inhibition
strength in this layer implements a control gain like a soft-
max temperature, with gain controlling trade-offs between
forward information and the states linked to goals.
Therefore, unlike typical RL applications, GOLSA is softly
biased towards the random action policy implied by the adja-
cency. The goal-gradient interaction works against this bias,
with the efficacy determined by the strength of the gradient at
adjacent states and degree of lateral inhibition. This type of
trade-off regularization is reminiscent of the notion of cogni-
tive control driving actions in the face of automatic biases
(Botvinick and Cohen 2014). An important future question
is how this meta-control problem of setting this gain trade-
off parameter is driven at a normative and neuromodulator
level. The multiplicative nature of control gain suggests a
neuromodulatory, possibly dopaminergic, mechanism
(Wunderlich et al. 2012). Speculatively, if dopamine modu-
lates this trade-off, this predicts dopaminergic encoding of
variables governing control motivation (Berke 2018) distinct
from the classic reward prediction error (Roesch et al. 2007;
Schultz et al. 1997); this is consistent with the idea that find-
ings that dopaminergic manipulations typically alter task per-
formance variables such as cognitive effort (Westbrook et al.
2020), increases in model-based planning (Wunderlich et al.
2012) and action vigor (Beierholm et al. 2013). In GOLSA,
this explanation emerges because goal “value” is already con-
veyed by the backward gradient, This component of GOLSA
delivers a connection to human behavior not explicated by
standard MBRL solutions: a biological control mechanism
that allows task- and individual-level tuning of the trade-off
between prior state expectations and goal-driven behavior.

At an algorithmic level, the Todorov (2009) formulation
was also recently adopted to explain several findings about
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human behavior in revaluation tasks and cognitive control
tasks (Piray and Daw 2020); the model was referred to as
linear RL to note the change in parameterization of the
Bellman equation introduced by Todorov (2009). Piray and
Daw (2020) show the algorithm indeed solves the problems
like GOLSA. However, they use a representation of state vis-
itation expectation based on a prior or default policy—similar
to a successor—which they call the default representation.
GOLSA instead relies on an adjacency rather than state ex-
pectation, and GOLSA offers an answer to biological imple-
mentation regarding planning through backwards goal propa-
gation. This is an imperative component of planning not ad-
dressed in Piray and Daw (2020) or the original work
(Todorov 2009). An important issue is future empirical vali-
dation of differences in proposed representational formats of
states.

GOLSA along with some RL models can complete the
revaluation tasks considered here. These tasks are useful be-
cause they provide a benchmark comparison between models
and human or rodent behavior and have been used to elucidate
whether hybrid SR and other RL mechanisms can achieve
them. For example, Russek et al. (2017) used the revaluation
tasks to test standard SR models, SR-MB, and even SR-
DYNA variants that use “offline”model-based replay to plan.
In Table 1, we provide a checklist comparing human capacity
for solving these tasks with GOLSA and RL models
employing an SR alone to SR hybrid variants, and full stan-
dard model-based RL with dynamic programming.

The table points out that humans and animals can solve
these revaluation tasks, as can GOLSA, SR-DYNA, and full
MBRL. Despite using a transition model, the SR alone or SR-
MB combinations cannot solve all of these because its expect-
ed future states are policy dependent. However, policy reval-
uation can be accomplished by using a weighted combination
of pure MBRL and an SR (Momennejad et al. 2017). This

combination was shown to reproduce the fact that in experi-
mental settings, humans only successful revaluated choices
under policy changes approximately 50% of the time. Pure
MBRL would predict close to perfect revaluation, unlike
humans. Even though GOLSA has no SR and is more akin
to model-based, it also exhibited a human like trade-off at 70/
30 using current parameters (Fig. 13). Notably, this happens
without an explicit SR and predicts that this trade-off could
emerge from inhibitory goal-competition rather than differing
MBRL and SR representations. This does not rule out the
utility or viability of an SR. An SR could provide agents with
a computationally inexpensive prediction of how to act in each
state without planning in a full world model. Additionally, an
SR could be added into GOLSA by amending the adjacency
weight learning with local rewards and a change of learning
law. Changing the adjacency representation to an SR with a
biased policy suggests GOLSA could also capture reward-
dependent planning biases (Momennejad et al. 2017). SR-
Dyna achieves flexibility akin with MBRL and GOLSA by
performing offline replay of previous trajectories to update an
SR using both states and actions. An important caveat is that
SR-DYNA must perform substantial replay events between
each decision to produce these flexible evaluations. It remains
an open experimental question as to what extent and when
online planning in GOLSA (or MBRL) versus offline replay
updates in DYNA underlie human and rodent brain planning.

A clear commonality among RL models successful across
all these revaluation tasks is they are off-policy or approxi-
mate the optimal policy. GOLSA is also “off-policy” and ap-
proximates optimal, but not in the traditional RL sense of
learning a policy through online or offline optimizing of Q-
values. Because GOLSA uses lateral inhibition and self-
feedback inhibition in the desired next state dynamics, this
approximates a soft-(max)optimality decision function. The
soft-optimality of GOLSA is a major way it differs from

Table 1 Comparisons of GOLSAwith SR model variants, model-based RL, and human performance on canonical learning and choice tasks, whether
they work with multiple goal decisions, and their on- or off-policy learning
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MBRL and SR-DYNA as well, where the latter two use hard
maximization to choose a Q-value (MBRL) during value iter-
ation or offline model-based simulations (SR-DYNA; Russek
et al. 2017; Sutton and Barto 2018). This soft-optimality may
offer a biological, architectural explanation for why humans
and animals may not always take the maximizing state-action
predicted by hard-maximizing MBRL or DYNA methods.
Soft-optimality balances the desirability of a next state over
the influence of all states in a way that encourages the agent to
explore when the overall desirability is not high, but exploit
when it is. This is clearly seen when multiple drives are con-
sidered. To see this, note that a low drive and high drive could
render similar differences in activation between desired next
states but their absolute within unit activation will differ and
so will the effect of stochasticity and competition in choice.

To clarify GOLSA differences from other models, in
Table 1, we note that GOLSA is differentiated from other
RL formulations in terms of how it handles multiple goals or
drives. For clarity, the RL models compared to GOLSA, as
well as Keramati and Gutkin (2014), do directly handle multi-
drive competition by treating them as homologous with the
reward function. However, GOLSA differs in that any state
can be considered a goal, regardless of reward, neutral, or
aversive outcome. GOLSA’s variant of reward-independent
goal-state setting also accords well with common understand-
ings of ecologically grounded notions of reward: it is sparse,
and goals are often set without any reward per se.

These algorithmic connections clarify that GOLSA has
overlap with MBRL, while differing in how optimality
emerges. Relevant differences for understanding neural repre-
sentations supporting planning also exist between how
GOLSA, Todorov (2009), and standard MBRL solutions
solve for actions with respect to state transitions. MBRL uses
symbolic actions (e.g., left or right) through the transition
probability (p(s’|s, a)), comparing all actions in a given state
Q(s,a). Todorov’s (2009) solution represents the optimal tran-
sition as p*(s’|s). This approach equates optimal transition
with optimal action by removing symbolic action. However,
this equivalence means planning actions with stochastic tran-
sitions are not viable without amendments. In contrast,
GOLSA’s approach rests on first solving for the desired next
state (s’). This layer’s mutual inhibition and WTA dynamics
approximate a soft-max state selection similar to p*(s’|s).
GOLSA diverges from Todorov (2009) by determining which
explicit symbolic action will likely elicit that desired transition
(p(a|s’,s)). This allows extensions of GOLSA to map actions
probabilistically to stochastic transitions. GOLSA could be
adapted to plan with stochastic transitions by changing learn-
ing laws to allow bidirectional weights changes in the adja-
cency, gradient, or desired transition layer weights with re-
spect to action weights. This issue is not critical for many tasks
like navigation where the relation between control and transi-
tion is deterministic.

Comparisons between predicted representations in
GOLSA and MBRL also speak directly to biological repre-
sentation of goal-directed control and planning. These models
predict different information carried by neural units and syn-
aptic weights state transition and linked action representations
(Behrens et al. 2018). MBRL predicts cells representing (s,a)
conjunctions with transition probabilities in synaptic weights,
with the conjunction indexing the joint conditioned probabil-
ity in the transition matrix p(s’|s, a). GOLSA units represent
desired state-transition conjunctions (ss’) and action selection
as p(a|s,s’). Indeed, application of Bayes rule shows the
MBRL representation is not required to solves these problems
as the transition matrix partitions into the GOLSA representa-
tions of p(a|s,s’) and p(s’|s) normalized by p(a|s). The question
is whether there is stronger biological evidence in for either
type of representation that could further validate either model.
Several studies have established strong links between hippo-
campal ‘map’ representations and prospective planning activ-
ity supported by rodent and human place cells (O'Keefe and
Nadel 1978; O’Keefe et al. 1998; Ekstrom et al. 2003).
GOLSA representations of desired transition conjunctions ac-
cord with a hippocampal prospective representations and
longstanding propositions that place cell connections repre-
sent state transitions (p(s’|s); Poucet et al. 2004) or the cells
could themselves encode conjunctive transitions (ss’;
Gaussier et al. 2002). The imperative is these prospective rep-
resentations are independent of action encoding. Growing ev-
idence provides support for the latter in hippocampal place
cells, indicating that units encode expected state transitions
like an SR or ss’ conjunctions (Stachenfeld et al. 2017). We
take this as evidence that GOLSA’s representation for solving
goal-directed state transitions more closely aligns with hippo-
campal place cell patterns than MBRL.

Turning state transition activity into action selection could
occur through hippocampal projections to ventral striatum
(shell) via transmission of state transition information. We
suspect that synaptic weights bridging hippocampal-striatal
interactions could support GOLSA’s proposed action selec-
tion (p(a, s’, s)) process. The evidence for this is based on
fMRI showing striatum encodes model-based predictions
(Daw et al. 2011), and other fMRI (Guitart-Masip et al.
2012), electrophysiology (Lau and Glimcher 2008), and caus-
al manipulation of striatum (Tai et al. 2012) indicating striatal
neurons encode action values and learning.

Dual-roles, Oscillations and Informational Gating

Developing biological models that capture how both learning
and action are represented are faced with a dual-roles prob-
lem. For the same layers to participate in both planning and
acting or learning online, these neurons need a mechanism to
gate the projection of different input at different times. In
GOLSA, for example, updating recurrent connection weights
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in the goal-gradient uses goal layer input during planning and
current state input during learning. Our solution to the dual-
roles problem was motivated by studies showing cognitive
processes such as working memory, attention, sensorimotor
integration, memory retrieval versus encoding, and behavioral
timing (Berger 1929; Caplan et al. 2003; Cavanagh and Frank
2014; Coon et al. 2016; Herrmann et al. 2004; Palva et al.
2010; Roux and Uhlhaas 2014) are putatively linked to oscil-
latory gating and inhibition mechanisms.

GOLSA uses an oscillatory gating mechanism as a solution
to open and close pre- to post-synaptic projections based on
oscillatory phase. Effectively, this controls the temporal win-
dow for updating new information versus maintenance of in-
formation necessary for actions. This phase-based oscillatory
coupling mechanism is indeed found in humans and animals
as cross-frequency coupling (Canolty and Knight 2010; Roux
and Uhlhaas 2014). Furthermore, our utilization of oscillatory
gating supports current theorizing that suggests cross-
frequency coupling underwrites neuronal communication via
phasic windows (Bonnefond et al. 2017).

We also hypothesize that if the dual-roles issue is indeed a
problem, then neurons in prefrontal cortical (PFC) regions
implicated in goal-directed control (Genovesio et al., 2012b;
Passingham and Wise 2012) should encode separate task
phase information. There is indeed evidence that the same
neurons activate in planning and action execution phases of
a task (Mushiake et al. 2006). Additionally, core variables
underlying goal-based planning are found distributed across
PFC regions such as orbitofrontal and anterior cingulate
(ACC) or dorsolateral PFC which have been shown to repre-
sent planning involving world models (Schuck et al. 2016),
predicted future states (Wimmer and Büchel 2019), and infer-
ring what goals are valuable (Jones et al. 2012) and distance to
goals (Juechems et al. 2019). Physiologically, these same PFC
areas are also exhibit cross-frequency coupling across the cor-
tex (Voloh et al. 2015). The prediction then is that GOLSA
computations involving gating such as goal-gradient and their
interaction with drives should be represented across PFC re-
gions and the hippocampus, especially the orbitofrontal cor-
tex. Empirical evidence showing distance to reward based on
spatial goals is encoded in the orbitofrontal and hippocampus
supports this intuition (Wikenheiser et al. 2016; Gauthier and
Tank 2018).

Other proposals for how neural circuits solve planning
tasks with world models have aimed to implement MBRL
directly, while altogether sidestepping the key oscillatory gat-
ing and inhibition mechanisms in GOLSA. A core example is
Friedrich and Lengyel’s (2016) spiking neuron network real-
ization of model-based RL. Their neurons represented state-
action (SA) conjunctions and synaptic weights representing
transition probabilities (T(s, a, s’). However, they note that
the same neurons involved in planning must later be activated
during action akin to the dual-roles operation of GOLSA’s

goal- or current-state to gradient projection. Their network,
though, has no plausible method of determining its past and
current state but knowledge of the current state is required in
action selection. Their model relies crucially on external,
nonneural signals about critical information for learning and
task phases making the underlying neural processes
supporting their model biologically uncertain. Additionally,
Friedrich and Lengyel (2016) argued that goal-gradient
spreading activation models that encode goal distance like
ours could not handle cases with multiple goals and re-valua-
tion. However, we show this mechanism works during several
types of replanning and for decision-making with multiple
goals or time-dependent drives. Empirically, there is evidence
that the ACC and OFC represent distance to goals similar to
our backwards gradient spreading activation (Juechems et al.
2019). This is further bolstered by indications that OFC rep-
resents a cognitive map that may be prioritized towards goals
or valuable states (Wikenheiser et al. 2016) These compari-
sons suggest that GOLSA’s representations, utilization of os-
cillatory gating, and backwards goal-gradient mechanism
align better with current neurophysiology and imaging com-
pared to MBRL network models.

Notably, GOLSA is not the first model to deal with the
dual-roles problem. The Leabra framework (O’Reilly and
Munakata 2019), like the GOLSA model, uses a two-phase
system to generate activation and then learning signals for
updating the network weights. Additionally, GOLSA utiliza-
tion of oscillations differs from Leabra because it uses them
for more than a clocking of phases, but also acts to gate the
inflow of information between layers, e.g., switching between
actual vs. desired state transitions. A takeaway from both ours
and the Leabra framework providing solutions to the dual-
roles problems suggests an important biological constraint that
should be considered in assessing the biological plausibility of
algorithmic models.

Extensions to GOLSA

In its present form, the model can only navigate discrete state
spaces. One solution to extend GOLSA’s capacity is to tessel-
late the continuous space into discrete regions or future
GOLSA iterations could employ a distributed representational
frameworks or function approximation that offer a superior
level of capacity without needing to expand the number of
states (Eliasmith and Anderson 2003). Another issue is large
state spaces can distort the gradient, which is necessary for
model function. For example, in big spaces, the unit activity
from interconnected units will become a lot smaller given the
representations of firing span 0 to 1. This closeness of activity
in close states makes differentiating connections susceptible to
noise. One solution is solution is building a hierarchical struc-
ture or temporal abstractions such as options in RL (Sutton
et al. 1999). This would allow planning over sub-tasks with
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their own gradient and would drastically reduce the state-
space size.

Because only positive weight changes were learned in the
goal-gradient layer, this impedes GOLSA easily adapting to
changing environmental topology and planning with stochas-
tic transitions. In the results, we focused on replanning under
changes, and instituted environment changes by zeroing out
gradient and adjacency weights for blocked states. However,
an online solution is to signal the difference between desired
and actual state transition representations and send that signal
back to the state representations in the goal-gradient and
adjacent-states layer as an active forgetting signal. Despite
future improvements, GOLSA provides a model framework
goal-directed planning and control that is algorithmically mo-
tivated and unique, provides a biologically feasible systems-
level explanation of human planning behavior and mecha-
nisms that RL models have yet to deliver, and maps onto
expected representations of single neurons in hippocampal
and striatal model-based control networks.
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