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Abstract

Bidirectional planning refers to a form of goal-directed decision-making process that combines forward and backward planning.
Forward planning expands decision trees from the current state towards simulated futures, while backward planning starts the tree
expansion from specific goal points in the opposite direction. Previous research has highlighted the impact of Pavlovian approach
bias on behavior, showing that animals move towards appetitive outcomes regardless of the appropriateness of such behavior
for achieving those outcomes. However, it remains unexplored whether the Pavlovian approach influences behavior by biasing
backward planning. This research introduces a spatial navigation task to investigate the involvement of backward planning in
humans’ action-selection process and to determine whether the Pavlovian approach biases behavior through backward planning.
The results reveal the behavioral signature of backward planning in humans and show that Pavlovian approach bias can influence
both forward and backward planning, leading to decisions that are not necessarily instrumentally more efficient. Additionally,
we developed a bidirectional planning algorithm based on reinforcement learning to simulate the participants’ decisions. The
simulation results suggest that the observed behavioral patterns can be parsimoniously explained by assuming that the Pavlovian
approach bias acts as a pruning mechanism when expanding decision trees in both forward and backward directions.
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1. Introduction

Goal-directed behavior in humans is fundamentally underpinned by decision-making processes and reinforcement
learning mechanisms [20]. In the realm of decision-making, individuals are confronted with a myriad of choices
and are tasked with selecting the option that maximizes expected utility. Although the outcomes of these choices
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can manifest as either rewards or penalties, reinforcement learning algorithms serve to update these utility estimates,
thereby optimizing subsequent decision-making efforts.

One primary strategy employed for this purpose is forward planning, characterized by the extension of decision
trees from an initial state to multiple potential future states [25]. This form of planning involves a chronological
ordering of steps, effectively serving as a temporal framework for strategic planning [2]. However, this unidirectional
approach may not encapsulate the full spectrum of human planning strategies. An alternative methodology, termed
backward planning, has been examined in artificial intelligence literature [23]. This approach initiates the decision-
making sequence from the goal state and works backward to identify the sequence of actions required to reach the
intended outcome [29]. Furthermore, certain empirically observed behavioral phenomena in both animal models and
human subjects, such as outcome-specific Pavlovian-to-instrumental transfer and differential outcome effects, may be
accounted for by the incorporation of backward planning [1].

Computational demands inherent in the accurate evaluation of action sequences necessitate significant cognitive re-
sources, which are inherently limited in biological agents. Consequently, exhaustive evaluation of decision trees—be it
through forward-only or backward-only planning—is computationally infeasible. This limitation necessitates a con-
trol mechanism to regulate the depth and directionality of tree expansions for optimized planning outcomes. Prior
research has indicated that artificial agents employing bidirectional planning mitigate this limitation by pruning the
depths of both forward and backward decision trees. This balanced allocation of computational resources across both
planning directions has been shown to enhance planning efficiency, as compared to solely employing deep forward or
backward planning strategies [1].

Human decision-making is a complex process governed by multiple learning mechanisms. One such mechanism,
instrumental planning, plays a pivotal role in shaping goal-directed behavior [22]. This form of learning involves
establishing associations between potential actions and their consequent outcomes to identify the most advantageous
sequence of actions. In contrast, Pavlovian learning represents a more instinctual form of behavioral guidance. It
influences instrumental planning but operates independently of the outcome. These Pavlovian influences manifest as
evolutionarily hardwired responses, typically characterized by an approach toward rewarding stimuli or an aversion
to actions that predict negative consequences [28, 3, 13, 10].

While the Pavlovian valuation system can confer adaptive advantages in scenarios requiring rapid action or inhi-
bition—such as abruptly stopping to avoid an oncoming vehicle—these heuristic responses generally yield quicker
decisions than the deliberative instrumental processes, which necessitate data accumulation through environmental
interaction [17]. However, the Pavlovian approach bias is not without its pitfalls. It can precipitate maladaptive deci-
sions with detrimental long-term consequences, such as relapsing into smoking or drug use after prolonged abstinence
[12], exhibiting alcohol-seeking behavior in the presence of associated cues [18, 27], or indulging in unhealthy foods
despite dietary restrictions [4]. Thus, an empirical investigation into the interplay between Pavlovian and instrumental
mechanisms across varied contexts holds the promise of enriching our understanding of human behavior.

While existing studies have elucidated the influence of the Pavlovian approach bias on forward planning [14], the
impact of this bias on backward planning remains largely unexplored. Understanding the role of Pavlovian processes in
decision-making is pivotal for dissecting how individuals engage in sequential choices during spatial navigation tasks
[11]. Such insights also have the potential to augment our comprehension of action control mechanisms. Therefore,
the primary objective of this research is to scrutinize the interplay between goal-directed planning and Pavlovian
biases within the context of navigation tasks, with a particular focus on ascertaining how the Pavlovian approach bias
modulates decision-making in backward planning scenarios.

This paper pursues the following hypotheses: (1) human decision-making in navigation tasks incorporates a forward
planning strategy that is subject to modulation by the Pavlovian approach tendency; (2) a backward planning strategy
is also employed by humans and is similarly influenced by the Pavlovian approach tendency; and (3) although both
planning strategies are subject to Pavlovian biases, the impact is more pronounced in forward planning. To empirically
test these hypotheses, we have devised a spatial navigation task incorporating Pavlovian approach cues. The task
utilizes maps from simplified car racing games, into which Pavlovian approach cues have been integrated.
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2. Related Works

Numerous studies have explored the multifaceted learning mechanisms in the brain that govern decision-making,
categorizing them into Pavlovian and instrumental systems. Pavlovian learning, often studied through conditioning,
occurs when an unconditioned stimulus becomes associated with a conditioned stimulus. Pavlovian learning can also
refer to Pavlovian biases that are innate, pre-encoded responses in the brain that have been shaped through evolution.
These biases can influence behavior automatically. Instrumental learning, consisting of habitual and goal-directed
controllers, involves learning from action consequences to maximize rewards and minimize punishments. While these
systems can operate independently, they also interact intricately, with the Pavlovian system exerting a directional
influence on instrumental decision-making, regardless of whether this impact is positive or negative.

[6] investigates the interaction between habitual and goal-directed systems, proposing they compete based on uncer-
tainty, with the brain arbitrating between them according to their situational accuracy. The study suggests a Bayesian
approach to understand how the brain balances these systems to maximize rewards while minimizing computational
costs. [8] explore how Pavlovian responses can disrupt instrumental actions aimed at obtaining rewards, underscoring
the complexity of behavioral control and the need for nuanced models accounting for these interactions.

Instrumental learning often involves forward planning, expanding decision trees to determine optimal action se-
quences. [14] examine how Pavlovian processes influence instrumental behavior, showing Pavlovian responses shape
actions by promoting or inhibiting behaviors based on predicted rewards or punishments. This highlights Pavlovian
modulation of forward planning. [15] demonstrate how Pavlovian systems prune decision trees, simplifying decision-
making, even when counterproductive, typically in response to losses. This illustrates a fundamental interaction be-
tween Pavlovian and goal-directed systems affecting decision-making efficiency.

[1] studied bidirectional planning, a model where forward and backward planning operate simultaneously to opti-
mize decision-making. This Al-based approach enhances planning efficiency by expanding decision trees from current
and goal states. [24] present a model optimizing decision-tree expansion, balancing speed and accuracy. The model
predicts behavioral outcomes like time-pressure impacts on planning depth and reward effects on planning direction.
[16] investigate hippocampal reactivations in reward-based learning, presenting a bidirectional search model incorpo-
rating forward and backward trajectory sampling to explain reactivation patterns. The model shows how reactivations
contribute to updating and stabilizing state-action values for adaptive behavior and learning.

In summary, Pavlovian mechanisms encourage reward-aligned actions while discouraging those with anticipated
negative consequences [21]. Pavlovian biases significantly influence forward planning [14], often leading to sub-
optimal decisions. However, their impact on backward planning is largely unexplored. We aimed to fill this gap by
examining Pavlovian biases in bidirectional planning, crucial for understanding behavioral phenomena like Pavlovian-
to-instrumental transfer and differential outcome effects [1].

3. Materials and Methods
3.1. Experiment

To examine the influence of Pavlovian approach cues on human decision-making in both forward and backward
planning, we designed a spatial navigation task utilizing various maps from simplified car racing games. Approach
cues were strategically embedded near the starting and goal positions on these maps to assess their impact on both
forms of planning. Figure 1 showcases sample maps, categorized into five distinct classes: symmetric, nonsymmetric,
forward, backward, and bidirectional maps. It should be noted that the varying path colors and yellow arrows are
included solely for visualization purposes; in the actual experiment, all paths were uniform in color, and no arrows
were present. For the sake of simplification in this paper, paths featuring Pavlovian approach cues are referred to as
green paths, while those devoid of such cues are termed red paths. Furthermore, in each map, the goal point is situated
at the northern end, the starting point at the southern end, and all paths are of identical length across all map classes,
with the exception of the nonsymmetric maps.

Figure 1A-B present examples of forward and backward maps, respectively, with approach cues strategically po-
sitioned near the start and goal points. In the forward map, as indicated by the arrows, expansion of the decision tree
from the starting point towards the goal state suggests that the green path brings the decision-maker geographically
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closer to the goal. Conversely, the red path appears to increase the geographical distance from the goal. This config-
uration may elicit a sense of approaching or withdrawing for the decision-maker, depending on the chosen path. In
contrast, in the backward maps, the decision-maker, when thinking from the goal state towards the starting point, may
find that the red path increases the geographical distance between the start and goal points. This could potentially bias
the decision-maker towards selecting the green path, which conveys a sense of approaching.

Additionally, we constructed maps featuring approach cues positioned proximally to both the start and end goal
points, as illustrated in Figure 1C. These maps serve a critical function in elucidating the dynamics of bidirectional
planning. A fundamental objective of this experiment is to assess whether the Pavlovian influences exert a more
pronounced impact on decision-making in the context of bidirectional planning compared to unidirectional forward
or backward planning.

Since the two available paths are identical in length in forward, backward, and bidirectional maps, there should
be no inherent goal-directed preference favoring one path over the other based solely on distance. The distinguishing
factor lies in the positioning of the Pavlovian approach cues. The primary objective of this investigation is to determine
whether the presence of these cues can influence participants’ goal-directed decision-making.

To evaluate participants’ choices in the absence of Pavlovian cues, we created a set of neutral maps, devoid of
such cues. These neutral maps are divided into two categories: symmetric and nonsymmetric maps, as illustrated in
Figure 1D and Figure 1E, respectively. In the symmetric maps, both available paths are identical in length, offering no
inherent directional preference. Conversely, in the nonsymmetric maps, one path is noticeably longer than the other,
thereby introducing a variable that could influence goal-directed decision-making.

A B [ D E
' 1
A
Forward Backward  Bidirectional ~Symmetric NonSymmetric
F
m Left or Right?
800 ms 1000-2500 ms 1000 ms Subject response

Fig. 1: The designed maps and the experiment. (A, B, C): Three samples maps in which Pavlovian approach cues are embedded close to the start
point (blue point) and or the goal point (gold star). (D, E): Neutral maps with no Pavlovian cues. (F): The experiment architecture

3.2. Tasks Description

To address our three primary hypotheses, we implemented an experiment as depicted in Figure 1F. A total of 30
participants were recruited for online participation. Participants were instructed to evaluate two paths on each map
and identify which one would lead them to the goal state more quickly. Responses were registered via the right or
left keys on the participants’ keyboards. Beyond the principal hypotheses, this study also explores the influence of
three secondary factors: map appearance time, map length, and the intensity of the Pavlovian approach cues. The
experiment was partitioned into three distinct tasks, each undertaken by a separate subset of 10 participants. Each
task assessed the influence of Pavlovian approach bias across all three planning paradigm. Additionally, within each
task, the effect of one of the aforementioned secondary factors was examined. To provide a baseline, 24 neutral maps
devoid of either forward or backward cues were also included in the experimental design. The study’s procedures
received ethical approval from the Ethical Committee of Tarbiat Modares University.

Task 1: To probe the influence of map appearance time on participants’ decisions, two categories of maps were
devised: slow and fast maps, with the appearance time of 2.5 seconds and 1 second, respectively. Within each category,
participants were exposed to 8 purely forward, 8 purely backward, and 8 mixed forward-backward maps, along with
their mirrored versions for counterbalancing purposes. This yielded a total of 96 maps (2 * 8 * 3 % 2), in addition to 24
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neutral maps. Task 2: The aim of this task was to examine the influence of path length on the Pavlovian approach bias
across different planning strategies. Accordingly, two categories of maps were introduced: short and long maps. These
were created by equally altering the length of the left vertical street and its corresponding right street in each map. The
number of maps used in this task was identical to that in Task 1. Task 3: This task sought to assess whether the length
of the approaching or withdrawing segments within the maps affected participants’ path selection. To this end, two
categories of maps were generated: compact and sharp. These categories were created by modifying the length of the
streets under the yellow arrows, as illustrated in Figure 1A-C. The number of maps was consistent with Tasks 1 and
2. In summary, the study utilized 6 distinct categories of maps: Fast, Slow, Short, Long, Compact, and Sharp. Each
category comprised 5 different classes of maps: forward, backward, bidirectional, symmetric, and nonsymmetric.

4. Results

4.1. Statistical Analysis

Figure 2 summarizes the data collected from the three experimental tasks. Probabilities of path selection in sym-
metric and nonsymmetric maps across all subjects and tasks are depicted in Figure 2A and Figure 2B, respectively.
In symmetric maps, the probability of path selection aligns with chance levels (p = 0.17172), as participants were
instructed to make random selections if they perceived no difference between paths. In nonsymmetric maps, the prob-
ability of selecting the shorter path is significantly higher than choosing the longer path (p < 0.001), suggesting that
participants adhere to goal-directed strategies, opting for shorter paths in the absence of Pavlovian cues.

Figure 2C presents the probabilities of choosing the green paths (those with Pavlovian approach cues) for each
type of planning across all tasks. The data reveals that the likelihood of choosing green paths exceeds 0.5 in all classes
(forward: p < 0.001, backward: p = 0.006, and bidirectional: p < 0.001), suggesting the presence of an additional
influencing factor beyond goal-directed mechanisms. Given that no other elements in the maps could affect choice, it
can be concluded that Pavlovian approach cues biased subjects’ goal-directed decisions, leading to a higher frequency
of green path selection. Figure 2C also shows the likelihood of choosing green paths is higher in the forward class than
in the backward class (p = 0.033), indicating a stronger influence of Pavlovian approach bias in forward planning.
Similarly, the probability of opting for the green path in bidirectional planning exceeds that in forward planning
(p = 0.002).

Figure 2D-F present the behavioral analyses of subjects in Tasks 1-3, respectively. In Task 1 (Figure 2D), the
probability of choosing green paths over red ones is significantly higher across all planning classes (p < 0.001), and
this probability is further elevated in the slow category compared to the fast category (p = 0.021), suggesting that
the influence of Pavlovian approach bias on goal-directed decisions is more pronounced when subjects have more
time for planning. Figure 2E, the probabilities of selecting green paths exceed 0.5 in all cases (p < 0.001), indicating
that Pavlovian approach bias influences goal-directed decision-making by skewing subject choices toward green paths.
Moreover, the probabilities of opting for green paths in all three planning classes are higher in sharp maps compared to
compact maps (p = 0.019), suggesting that more intense approach bias leads to greater influence on subject decisions.
In Task 3 (Figure 2F), which examines the influence of map length on the interplay between Pavlovian approach
and goal-directed decision mechanisms, the probabilities of selecting green paths consistently exceed 0.5 across all
planning classes (p < 0.001). Additionally, the likelihood of choosing green paths is higher in short maps compared to
long maps for all three classes (p = 0.041), suggesting that the impact of Pavlovian approach cues on decision-making
is more pronounced when maps are shorter.

In summary, the statistical analysis confirms our initial hypotheses. The data indicates that subjects employ forward,
backward, and bidirectional planning strategies in our navigation task, and each form of planning is subject to influence
from the Pavlovian approach bias, with subjects demonstrating a preference for paths with approach cues. The extent
of Pavlovian influence varies, being more potent in forward planning than in backward planning, and even stronger in
bidirectional planning.
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4.2. Simulation

Reinforcement Learning (RL) serves as a computational framework for the theory of adaptive optimal control,
which aims to identify the most effective sequence of actions to achieve a specific goal [26]. Within the RL paradigm,
there are two primary learning approaches for understanding reward mechanisms: Model-Based Reinforcement Learn-
ing (MBRL) and Model-Free Reinforcement Learning (MFRL). These approaches are particularly relevant for explor-
ing goal-directed and habitual learning, respectively [6, 9].

This study concentrates exclusively on MBRL as the decision-makers have access to a complete map of the en-
vironment. In MBRL might also assume that the agent encodes the task’s structure by storing associations between
the current state, chosen action, subsequent state, and outcomes. This information is then utilized to form a cognitive
map, which serves as a tool for prospective planning [7]. However, navigation tasks present unique challenges for
achieving consistent stimulus control. Spatial behavior may not solely depend on goal-directed mechanisms but could
also be influenced by the Pavlovian approach or specialized geometric cognition systems [9].

In the context of MBRL, an agent leverages its understanding of environmental dynamics and engages in prospec-
tive mental simulations to extend its decision tree from the current state into a simulated future. Conversely, during
backward planning, the agent backpropagates the anticipated rewards from the goal state toward the initial state [1].
Under typical conditions—absent of Pavlovian biases or other pruning strategies, one would expect the agent to uni-
formly expand the decision tree across all available branches. However, as observed in the previous subsection, the
presence of Pavlovian approach bias disrupts this symmetry. To account for this in our simulation, we propose that
Pavlovian tendencies prompt the agent to unevenly extend its decision tree. Specifically, branches containing Pavlo-
vian approach cues are expanded more deeply compared to those without such cues. This notion aligns with previous
research, suggesting that agents, under the influence of Pavlovian biases, develop trees with varying depths across
available branches during forward planning [24]. Similarly, we propose that in backward planning, the decision tree
will not be uniformly expanded across all branches. Instead, the tree’s depths will vary depending on the presence or
absence of Pavlovian approach cues. Specifically, we hypothesize that the Pavlovian tendency will exert a selective
influence during the reward backpropagation process. In branches containing Pavlovian approach cues, the agent is
hypothesized to backpropagate the rewards more deeply compared to branches devoid of such cues.

Accurate path evaluation often demands deep planning, a process that can be computationally expensive given the
constraints of time and cognitive resources. However, the planning horizon can be effectively extended with minimal
cognitive expenditure through the use of bidirectional planning. Bidirectional planning offers a resource-efficient
approach by allowing forward and backward planning trees to intersect at a point somewhere between the start and
goal states. This reduces the necessity for each tree to be expanded to its full depth, thereby conserving cognitive
resources. The overlapping of forward and backward planning trees also permits the reciprocal sharing of evaluations.
That is, insights gained through backward planning can be utilized to inform and enhance the forward estimation of
action values [1]. In essence, bidirectional planning serves as a mechanism that enables more efficient decision-making
by facilitating the exchange of information between forward and backward planning processes.

5. Algorithm Development

RL theory has frequently been employed in neuroscience to elucidate forward planning [19, 5, 25]. To elucidate the
observed behavior from our experimental findings, we employ a simulation based on the framework of a Markov
Decision Process (MDP) in order to develop our RL algorithm. An MDP is characterized by the tuple (S,A, T, R, y);
where S is a finite set of states the agent can occupy, A signifies the set of actions available to the agent in each state,
T(s,a, s") represents the transition probability, describing the likelihood of moving from state s to s* when action a
is taken in state s. R(s, a, ") is the reward function, which quantifies the reward obtained by the agent for executing
action a in state s and transitioning to state s’. y is the discount factor, which balances the weight between immediate
and future rewards. The agent aims to discover an optimal policy &, which maximizes its long-term expected reward.

This objective is encapsulated by the state-action value function, represented as Q7 (s, a). This function calculates
the expected sum of future rewards, starting from a given state s and taking action a, as defined in Equation 1.
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This function can be determined using its respective Bellman equation as defined in Equation 2. Where V7(s") =
max, Q(s’,a’). The policy at any given state selects the action that maximizes the value of Q0" (s, a).

Q"(s,@) = Ex[ ) Y RiutlS1 = 5,4, = a (1)
k=0
Q" (s,a) = R(s,a) + Z T(s'|s,ayyV*(s") 2)

As previously mentioned, our model assumes that the agent has full knowledge of the maps. Therefore, MBRL
serves as a suitable framework for the decision-making process. Value iteration is a specific MBRL algorithm that
estimates the state value function, or alternatively, uses Equation | to directly compute the state-action value function
[26]. Conventional MBRL algorithms typically use one-step prediction. To accommodate forward, backward, and
bidirectional planning, we will need to adapt this standard update rule.

In the context of forward planning, we posit that the agent expands its decision tree into the future up to a finite
number of steps, reflecting the agent’s computational limitations or cognitive capacity for tree expansion. Moreover,
the depth to which the decision tree is expanded can vary across different branches or paths. To illustrate this, consider
Figure 3A, which depicts a simple map with two paths leading from a start state to a goal state. Each circle represents
a discrete state. At each state, the agent has two potential actions: move one step forward or move one step backward.
The reward associated with each action is zero, except for actions that lead to the goal state, which carry a specific
positive reward. In our model, we suggest that the subject expands the decision tree along the green path to a depth
denoted by d‘é’: (superscript f and subscript g refer to forward planning and green path, respectively) and along the red

path to a depth of d{ (subscript r refers to red path), such that the sum of both di: + df does not exceed the agent’s
capacity for forward planning. The greater the depth to which the tree is expanded in either direction, the higher the
likelihood that the forward planning will either reach the goal state or intersect with the evaluations from backward
planning somewhere in the middle of the map.

To incorporate the influence of Pavlovian approach bias into our model, we posit that the agent is more likely to
expand the decision tree more deeply along the path that contains Pavlovian approach cues compared to the alternative
path. In other words, the probability of extending the decision tree along the green path is higher than that for the red
path. To account for the effects of the Pavlovian approach bias, we hypothesize that this difference in the expansion
depths is modulated by this bias. Under these assumptions, we can modify Equation 2 for both the green and red
paths as follows in which the subscript s in s, denotes the start point, and the subscript g and » denote green and red,
respectively.

1

v s
Qf(ss,ag) =rg+yr + .. +y% Tyt y% V"(sd;) 3)

-1

f f
O/ (sy,a,) = ro +yry + ... + Y rgoy Y V”(sd{) (@)

In the case of backward planning, the agent also has computational constraints, limiting the depth to which it can
backpropagate the goal state’s rewards towards the starting state. Similar to forward planning, we assume that these
backpropagation depths can vary between paths. For instance, in the map depicted in Figure 3A, the agent might
backpropagate to a depth of dg in the green path and @” in the red path (superscript b refers to backward planning).
Here, the constraint is that the sum di,’ + d” should not exceed the agent’s total capacity for backpropagation.

Deeper backpropagation increases the likelihood that the agent’s backward planning will either reach the start
state or intersect with the forward planning tree. In the context of Pavlovian approach bias, this tendency influences
the agent’s backward planning by promoting deeper backpropagation of rewards in the path with the approach cue,
compared to paths without it. In other words, the agent is more likely to backpropagate rewards in the green path
than in the red path. Similar to forward planning, where future rewards are discounted, rewards are also discounted
in backward planning. The updated value functions for backward planning can then be represented by the following
equations, where m and n represent states that are m and n steps away from the goal state along the green and red
paths, respectively; and the term 7, stands for the reward associated with reaching the goal state.

Vg(sm) = ’ymrgoal , M= 1, 2, ...,dg (5)
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Vf(sn) = ynrgoal , h= 1, 2, ,d,lf (6)

These equations take into account the Pavlovian bias by allowing for different depths of backpropagation in the
green and red paths. This enables the model to capture the observed behavior wherein agents are more likely to choose
the green path due to the influence of Pavlovian approach cues.

In bidirectional planning, we propose an approach where the agent expands its forward decision trees subject to the
constraint dg + df < ¢/, and backpropagates its reward in the backward planning subject to dg +d’ < ¢’ Here, ¢/ and
c? are the respective capacities for forward and backward tree expansion. Additionally, the total capacity constraint is
given by ¢/ + ¢? < ¢ In scenarios where the forward and backward trees meet at some point in the middle of the
map, the information gathered via backward planning is used to inform the forward planning process. Specifically, the
agent expands the forward tree to a depth d’™  which represents the depth of the branch in the green path from the start
point to the meeting point. Similarly, the agent backpropagates the reward to a depth d””, representing the depth of the
branch in the green path from the goal to the meeting point (superscript m refers to meeting point). The updating rule
for state-value function can be defined as Equation 7, where Q”“(s;, a,) represents the value of taking action a, (the
action that leads to the green path) at the starting state s, when the agent employs a bidirectional planning strategy.
Here, V.4, can be computed as Equation 8.

Q" (ss ag) = ro +yri + ... + 9% \r 1+ Vina 7)
Vinax = max[V (s, V(s )] (8)

Here, V? (Sdgm) and V/(s /) represent the value functions for the states that are dg’” and dgm steps away from the
8
goal state along the green path in backward and forward planning, respectively. V* (Sdgm) can be formulated as follows,

where 1, is the reward associated with reaching the goal state, and ydgm is the discount factor raised to the power of
the depth of backpropagation in the green path.

bm
V2(sgm) = Y% reou ©)

Equation 7 illustrates a key aspect of bidirectional planning. In this framework, rather than extending the forward
decision tree to a fixed depth d’, the agent expands the tree only up to a depth dgm < dg . At this point, the agent can
do one of two things: either bootstrap the value of the state s,/ using its own forward-estimated value or leverage the

8

value estimated through backward planning for the state Som-
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the green path across non-neutral maps. (D, E, F): The probability of choosing the green paths in non-neutral maps in each task
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6. Simulation results

Simulated task 1: This task aims to replicate the conditions of experimental Task 1 by varying the appearance time
of the maps. The hypothesis is that having more time to make a decision allows for deeper tree expansions within
the given computational capacity of the agent. To model this, we manipulated the tree expansion capacity such that
cFast < ¢Sl To isolate the effect of this capacity change from the inherent Pavlovian bias, we set the probability of
expanding trees in the green paths to be the same for both fast and slow maps. Mathematically, this is represented as
follows where 77" “Na, | s5) and s I”W(ag | s5) are the probabilities of choosing the green action when the map appears
for a fast and slow map, respectively.

7 (aglsy) = 7817 (aylss) > 0.5 (10)

To capture the influence of Pavlovian cues on agent behavior, we assigned the probability of selecting the green
paths at greater than 0.5, reflecting the embedded approach cues in these paths. Additionally, the likelihood of reaching
the goal state in forward planning (or the starting point in backward planning) increases with the depth of the decision
trees expanded by the agents. Therefore, longer trees allow the Pavlovian approach cues to exert a stronger bias on the
agents’ goal-directed decisions.

Figure 3B presents simulation outcomes that align closely with the experimental data displayed in Figure 2D.
First, the probability of opting for the green paths across backward, forward, and bidirectional planning is consistently
above 0.5, corroborating the idea that Pavlovian approach cues exert a bias on agent decision-making. Second, the data
reveals that the tendency to choose the green path is higher in forward planning as compared to backward planning.

Simulated task 2: In this task, we aim to capture the more pronounced Pavlovian bias observed in the second
experimental task. To do this, we assigned a higher probability for tree expansion in the sharp maps compared to the
compact maps, as indicated by Equation 11.

7P (ag|s,) > 7P (ag|ss) > 0.5 (11)

However, given that both map types have the same length and allow for the same decision-making time, the ex-
pansion capacities were kept identical: cCo"Pac! = ¢Sharp - Al other simulation parameters were consistent with those
outlined in the previous sections. The findings from this simulation, displayed in Figure 3C, closely align with the ex-
perimental outcomes presented in Figure 2E. Note that to achieve the conditions specified in Equation 11, the weights
for the SoftMax policy can be manipulated in the following way, where w, and w, show the weighs assigned to green
and red paths, respectively.

" Q0s.)

(s, ag) = 3> we > w, (12)

e Q(ss.ag) 4 owrO(ss.ar)

Simulated task 3: In Simulated Task 3, we focused on examining how the map lengths could differently influence
the agent’s decisions under constraints of limited expansion capacities. To isolate the effect of map length, we assigned
equal capacities for both short and long maps: c-"8 = ¢5"" Additionally, to account for the influence of Pavlovian
cues embedded in the green paths, we set the probability for tree expansion along the green paths to be higher than
for the red paths. The outcomes of this simulation, displayed in Figure 3D, closely align with the experimental results
presented in Figure 2F.
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Fig. 3: Simulation results. (A): A sample map used in the simulation. (B, C, D): The mean probability of choosing the green path in the three
simulated tasks
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In summary, the simulation results provide multiple insights into the role of Pavlovian cues in decision-making
under different planning conditions. First, the Pavlovian approach bias has a stronger influence on forward planning
compared to backward planning and has an even greater effect in bidirectional planning than in either of the unidirec-
tional methods. Second, the more capacity the agent has for tree expansion in both forward and backward directions,
the greater the influence of the Pavlovian approach bias on decision-making. This is due to the increased likelihood
of the decision trees reaching the goal state in forward planning and the starting point in backward planning, thus
amplifying the Pavlovian bias. Third, the greater impact of Pavlovian cues on forward planning relative to backward
planning is attributed to the larger expansion capacity we allocated for forward planning. Furthermore, the possibility
that forward and backward planning trees might intersect somewhere in the middle of the map amplifies the Pavlovian
influence in bidirectional planning compared to either forward or backward planning alone. Finally, the simulation
results validate our research hypothesis and demonstrate the effectiveness of our proposed MBRL algorithm for cap-
turing the complexities of bidirectional planning under the influence of Pavlovian approach bias.

7. Conclusion and Future Directions

We designed a navigation experiment with Pavlovian approach cues near the start and end points of the maps to ex-
plore how these cues influence forward, backward, and bidirectional planning in a navigation task where participants
selected between two paths. The experimental data confirmed that humans engage in backward planning and that all
three forms of planning are susceptible to Pavlovian approach cues, often leading to choices that may not necessarily
be better choices.. The data indicates varying degrees of Pavlovian influence across planning types, with the least
impact on backward planning, moderate influence on forward planning, and the most significant impact on bidirec-
tional planning. We examined the influence of map length, decision-making time, and approach cue size on different
forms of planning. Our analysis revealed that reducing map length, extending decision-making time, and increasing
approach cue size all amplify the impact of Pavlovian approach bias on instrumental planning.

To model the observed behaviors, we proposed an algorithm for bidirectional planning within the framework of
MBRL. We incorporated the Pavlovian approach bias into the algorithm as a weighting factor for the RL agent’s Soft-
Max behavioral policy. Specifically, this allows the agent to be more inclined to choose paths that include Pavlovian
approach cues. In other words, the algorithm assigns a higher probability to the expansion of deeper decision trees
along paths that include these cues as opposed to paths that do not. Our simulation results indicate that the stronger
the approach cue, the greater the weight given to the corresponding action. Importantly, these simulation outcomes
align well with our experimental data. Additionally, the influences of the three aforementioned factors were modeled
by adjusting the depth of the decision trees and their expansion capacity. This concept of bidirectional planning can
also be contextualized within the framework of the information sampling phenomenon as described by [13]. While
decision trees can grow exponentially with increased depth, constraints such as working memory limitations and com-
putational resources set boundaries on how deep these trees can be. Instead of solely expanding deep trees in just a
forward (or solely backward) direction until reaching the goal (or starting point) for evaluation, bidirectional planning
samples shallower trees in both directions. This strategy optimizes working memory utilization: the capacity is allo-
cated towards efficient bidirectional planning rather than deep singular directional planning. This is because backward
planning allows for the transfer of learned information to forward planning.

In conclusion, our study highlights the importance of considering Pavlovian influences on bidirectional planning
and provides a computational framework to model this effect. This work could be extended by designing tasks to test
the hypotheses under sequential decision-making paradigms and incorporating reward and state prediction errors to
improve the learning of cognitive maps. Investigating the interplay between Pavlovian cues, habitual learning, and
goal-directed control would provide a more comprehensive understanding of the decision-making process. Exploring
engineering applications for the proposed algorithm and modeling Pavlovian innate responses as a rule-based sys-
tem, or a pretrained neural network integrated with instrumental learning could lead to more biologically plausible
representations and practical utility in fields such as robotics and autonomous navigation.
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Appendix A. Proposed Bidirectional Planning Algorithm under Pavlovian Approach Bias

Algorithm 1 Initialization and Setup for Bidirectional Planning under Pavlovian Approach Bias

23:
24:
25:

R A A S

Initialize V to a zero vector of size env.n_states

Initialize Q to a zero matrix of size env.n_states X env.n_actions

Sety

Set capacityspral

Set capacity forwara to be larger than capacitypaciward

Compute capacitypackward < Capacityspal — CAPacity forward

Set PPavlovianBias > 0.5

depthPBFS > depthNPBFS — DepthDeSign(capaCityforwardv PPavlovianBia.v)
depthPBFG, dep[hNPFG — DepthDeSign(capaCityba(:kwara'7 PPavlavianBia_y)

if agent.task =" slow_fast’ then

Set agent.capacity[’ slow’] to be greater than agent.capacity|’ fast’]

Ensure Qs[nw[s.vmr[][agreen] is greater than Qfas[[ssmrt] [agreen] >0.5
else if agent.task =" sharp_compact’ then

Set agent.capacity|’ sharp’] equal to agent.capacity|’ compact’]

Ensure Qsharp [ssmrt”agreenj is greater than Qcampact[Sxtart”agreenj > 0.5
else if agent.task =" short_long’ then

Set agent.capacity|’long’] equal to agent.capacity|’ short’)

Ensure Qgnore[$stare] [agreen] is greater than Qlong [sstare] [agreen] >0.5
end if

call BidirectionalPlanning(V, Q)

> Discount factor

> Total working memory capacity of the agent
> Forward capacity is prioritized

> Calculate remaining backward capacity

> Probability of Pavlovian bias

> PBFS: Pavlovian branches from start state

> NPBFS: Non-Pavlovian branches from start state
> PBFG: Pavlovian branches from goal state

> NPFG: Non-Pavlovian branches from goal state

> Green refers to branches containing Pavlovian cues

Algorithm 2 Bidirectional Planning Algorithm

4.

10:

12:

function BipiREcTIONALPLANNING(V, Q)
s « env.reset()
V, Q « RewardBackpropagation(V, Q)
while True do
V, Q « ForwardPlanning(s, V, Q)
a < SoftmaxActionS election(s)
s’,r,done « env.step(a)
if done then
break
end if
end while
end function
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Algorithm 3 Helper Functions for Bidirectional Planning

function DepTHDESIGN(capacity, PpayiovianBias)

depthpayiovianBranch < 0
for ¢ « 0 to capacity — 1 do
if random.random() < P payiovianBias then
depthi’avlovianb‘ranch — depthPavlovianBram'h +1
end if
end for
depthyonpaviovianBranch < capacity — depthpayiovianBranch
return depthPavla\)ianBranrh 5 depthNanPavlovianBranch

end function
function REwaRDBAckPROPAGATION(V, Q)

15:

21:

24:

VIsgoatl < Tgoal
for branch in env.branchessgm, do
for i < 0 to len(branch) do
s « branchli]
V[s] &y = V[sgoul]
end for
end for
for s in env.states do
for a in env.actions[s] do
s’,r,done « env.step(a)
Qls,al «r+y=*V[s]
end for
end for
return V, Q

end function
27: function FORWARDPLANNING(s, V, Q)

30:

33:

36:

for a € env.actions[s] do
Ybranch <~ 0
for d < 0 to depthp,yncn do
s’,r,done « env.step(a)
Tbranch €= Tbranch t Yd *F
s — s
Q « UpdateQValues(Q, s, a, rpranchs S’)
end for
end for
V « UpdateVValues(V, Q)
return V, O

39: end function
function UppATEQVALUES(Q, s, d, Fbranchs S )

42:

Qls, al « max(Q[s, al, Foranch + 7 * V[s'])
return Q0

end function
function UppateV VaLUES(V, Q)

45:

V[s] <« max(Q[s, :])
return V

end function
48: function SOFTMAXACTIONSELECTION(Q, S, PpaviovianBias)

51:

54:

Wgreen[s] = a - Ppaviovian + b
Wred[s] = ¢ Wgreen[s]
vareenls]-Qls.agreen]
Pageen < arcen s Olsagreen] 4 greq ST Ols-roq]
P“red —1- Pﬂgreen

a < choose dgreen With probability P,
return a

otherwise dreq

dgreen >

end function

> a,b > 0 are hyperparameters
>0 < ¢ < 1is a hyperparameter




