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Bacterial cells use run-and-tumble motion to climb up attractant concentration gradient in their environment.
By extending the uphill runs and shortening the downhill runs the cells migrate towards the higher attractant
zones. Motivated by this, we formulate a reinforcement learning (RL) algorithm where an agent moves in one
dimension in the presence of an attractant gradient. The agent can perform two actions: either persistent motion
in the same direction or reversal of direction. We assign costs for these actions based on the recent history
of the agent’s trajectory. We ask the question: which RL strategy works best in different types of attractant
environment. We quantify efficiency of the RL strategy by the ability of the agent (a) to localize in the favorable
zones after large times, and (b) to learn about its complete environment. Depending on the attractant profile and
the initial condition, we find an optimum balance is needed between exploration and exploitation to ensure the
most efficient performance.
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I. INTRODUCTION

Reinforcement learning (RL) is a branch of machine learn-
ing [1–6], where an agent makes a choice to execute suitable
actions to maximize its reward, while learning from its
past [7]. In previous studies RL has been used in many areas,
such as game theory [8], operations research, information
theory [9], statistical physics [7], etc. In recent years, RL
has been successfully used to understand and control differ-
ent aspects of many equilibrium and nonequilibrium systems.
Recently in [10,11] RL is used to predict the nucleation and
phase transition in two-dimensional Ising model. The results
obtained from RL were in good match with the predictions
from classical nucleation theory and from exact results. The
learning strategy were also used in nonequilibrium systems
like directed percolation in one and two dimensions [12] and
RL proved to be very successful in predicting the critical
points. In [13] an efficient RL strategy is used in active flow
control and recently RL is also used to navigate microswim-
mers to swim in response to hydrodynamic flow, shear flow,
and shear gradient [14]. It was found that swimmers use their
instantaneous orientation direction to obtain the optimal pol-
icy to perform efficient swimming in different environments.

In this work, we use reinforcement learning to study
a model that has been motivated by the phenomenon of
bacterial chemotaxis [15–17]. Certain bacteria like E.coli,
S.typhimurium, B.subtilis are known to show chemotaxis
where they can move along a chemical gradient in their en-
vironment [18–20]. When these microorganisms experience
concentration gradient of an attractant chemical in their sur-
roundings, they show a tendency to migrate towards regions
of higher attractant concentration [21–24]. This migration
happens via run-and-tumble motion, which is characterized
by persistent movement along a particular direction (run),
punctuated by abrupt change of direction (tumble) [25,26].
In a homogeneous attractant environment, after a large

number of runs and tumbles the net displacement of the cell is
zero. But in presence of an attractant concentration gradient,
runs in the favorable direction are extended and those in the
opposite direction are shortened, giving rise to a chemotactic
drift [27–31].

Among all types of microorganisms which show chemo-
taxis, E.coli is the most well-studied one [32–37]. The
signaling network inside an E.coli cell senses the attractant
concentration gradient in the extra-cellular environment and
regulates the run-and-tumble motion of the cell [38–41]. The
detailed structure of the network has been studied both ex-
perimentally and by using theoretical models [42–47]. The
spatial variation of attractant chemical across the cell body
is negligible due to small size of the cell [48]. Instead, E.coli
senses the spatial gradient by comparing the attractant level
experienced in the recent past and distant past along its run-
and-tumble trajectory [49–52]. If in the recent past attractant
level is higher than that in the distant past, it generally means
the cell is running up the concentration gradient. In that case,
the cell tends to run for longer. If on the other hand, recent
attractant level is lower than what the cell has experienced
earlier, it tends to tumble quickly and chooses a new random
direction to run. This mechanism allows the cell to accumulate
in the favorable region [53–56]. After a long enough time has
passed, the cell density becomes large in the region with high
concentration of attractant.

Motivated by this, in the present paper, we formulate a
reinforcement learning (RL) strategy where an agent performs
run-and-tumble motion in an environment with inhomoge-
neous concentration of attractant. For simplicity, we consider
one spatial dimension here. The agent can either persist mov-
ing in the same direction, or can reverse its direction. We
define a cost matrix which assigns a cost to each of these
two actions, depending on the recent history of the agent’s
trajectory. With a small probability ε the agent “explores”
its surroundings by performing a random action (persist or
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FIG. 1. Attractant concentration profile [L](x). Solid line corresponds to [L](x) = [L]0 + sin(2πx/λ) and dashed line corresponds to
[L](x) = [L]0 + sin(2πx/λ1) + sin(2πx/λ2). Here, [L]0 represents the background concentration, which also makes sure [L](x) never becomes
negative. Unless mentioned otherwise, we throughout use [L]0 = 5, λ = λ1 = 500, λ2 = 1000, system size L = 1000 with periodic boundary
conditions.

reverse) irrespective of its cost, and with the remaining prob-
ability (1 − ε), the agent “exploits” its previous learning
experience to decide its next action. The agent uses “Q-
learning” method to learn and optimize its action based on
its experience. Q-learning employs a nonsupervised learn-
ing method and it is a simple version of RL which is
based on optimizing a value function with respect to a given
environment [6].

We are interested in the long time behavior of the agent. In
particular, we measure the effectiveness of the RL algorithm
by evaluating the performance of the agent at large times. We
use different performance criteria like how strongly the agent
is able to localize in the high attractant zones, or how quickly
it is able to find the region where the attractant concentration
is highest, etc. The efficiency of the RL strategy can also
be measured from how well the agent has learnt about its
environment and whether this learning is used in its long
time behavior. If the agent is found to behave based on only
partial knowledge of its environment even after a long time
has passed, then the RL strategy is deemed rather inefficient.

We consider two different types of attractant concentra-
tion profiles. In one case all the concentration peaks are of
the same height, and in the other case they have unequal
heights. We use a sine function, and superposition of two
sine functions to represent these two cases (also see Fig. 1)
but our conclusions do not depend on the specific func-
tional forms used. We consider a uniform initial condition,
where the initial position of the agent is equally likely to be
anywhere in the system, and a nonuniform initial condition
where the agent starts from the vicinity of one particular peak
of the attractant profile. For an attractant profile whose peak
heights are equal, a uniform initial condition gives rise to a
long time performance that gets better with less exploration
(smaller ε) and higher learning rate. However, for a nonuni-
form initial condition, a competition between exploration and
exploitation ensues, which yields optimum ranges for explo-
ration parameter and learning rate at which the RL strategy is
most successful. When the attractant profile consists of peaks

of different heights, even a uniform initial condition leads to
optimal values for exploration and learning parameters. For
a nonuniform initial condition when the agent starts near the
lower attractant peak, we find that even after a long time, the
agent is not able to preferentially localize itself near the higher
attractant peak, unless exploration and learning parameters are
chosen from an optimal range. For optimal choices of these
two parameters, the long time behavior of the agent takes into
account its full environment. Outside this optimal range, RL
algorithm works inefficiently and the performance of the agent
dips. We also measure the mean first passage time of the agent
starting from the lower attractant peak to the higher peak. The
mean first passage time shows a minimum for specific values
of exploration and learning parameters. For these values the
agent acts as the most efficient searcher and finds the higher
peak in the shortest possible time.

In Sec. II, we describe the model in details and explain the
RL algorithm. In Sec. III, we present our results for the sine
wave attractant profile and in Sec. IV, we take up superposi-
tion of two sine waves. We include some concluding remarks
in Sec. V.

II. FORMULATION OF RL ALGORITHM

We consider a one dimensional system of size L with
periodic boundary condition across which a spatially varying
attractant concentration profile [L](x) is set up. A successful
RL strategy should allow the agent to efficiently localize near
the maxima of [L](x). Here, we mainly consider two scenar-
ios: one in which [L](x) has multiple maxima of the same
height, and the other in which different maxima of [L](x)
have different heights. We choose simple functional forms,
a sine wave and superposition of two sine waves to represent
the above two scenarios, although our results and arguments
for these two cases remain valid for any profile with equal
and unequal peaks, respectively. In Fig. 1, we plot these two
functions. For the sake of comparison we also consider a flat
attractant profile, where [L](x) is constant for all x.
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TABLE I. Table for model parameters.

Symbol Value

L 1000
�1 1
�2 2
p0 0.9
α Range [0, 0.5]
ε Range [0, 1]
λ 500
λ1 500
λ2 1000

A particle (or agent) can be in two different states, high
or low, depending on the local attractant level. If the attrac-
tant concentration at the location of the agent is equal to or
higher than the background level [L]0, the agent is assigned a
state “high,” and if the local concentration is lower than [L]0,
the state is “low.” The agent moves on the one dimensional
system, either leftward or rightward, with fixed velocity v. In
a time step dt its displacement is vdt . This sets the lattice
spacing in our system and we use |v|dt as the unit of length.
Time is measured in units of dt . During a time step, the agent
can perform two actions: persist or reverse, i.e., it can either
retain its current run direction, or it can start running in the
opposite direction. Below we describe how to calculate the
cost for each of these actions.

In line with the strategy employed by the bacteria during
chemotaxis, in our model, the agent calculates the cost for
each action based on its recent history. By comparing the
attractant concentration experienced in the recent past and dis-
tant past, the agent assigns a cost for persisting in the current
direction and reversing its direction. Define x1 ≡ x(t − �1)
as the position of the agent at a time �1 back in the past, and
similarly, x2 ≡ x(t − �2) with �2 > �1. If [L](x1) � [L](x2)
then we assign a cost 0 for persisting and cost 1 for reversing.
On the other hand, if [L](x1) < [L](x2), the cost for persisting
is 1 and cost for reversing is 0. This method of assigning
cost is consistent with the fact that in bacterial chemotaxis the
runs in favorable directions are extended and those in unfa-
vorable directions are shortened. Unless mentioned otherwise,
throughout this work we use �1 = 1 and �2 = 2, i.e., the
agent compares the attractant encountered between last two
time steps (see Sec. V also for a detailed discussion on this
choice). Our method of cost calculation also shows that the
background concentration [L]0 does not affect anything, since
we are only interested in the difference between [L](x1) and
[L](x2). In Table I, we show the relevant parameters.

In any run-tumble motion, the probability to tumble in a
given time step remains much less than the probability to keep
running. When these two probabilities become equal, it ceases
to be a run-tumble motion and becomes ordinary diffusion
instead. Consistent with this, we assume that at every time
step, the agent persists in the same direction with a probabil-
ity p0 � 0.5 and with the remaining probability (1 − p0) it
employs the RL algorithm to decide its course of action.

In RL algorithm with Q-learning, the information about
previous learning experience is encoded in the Q-matrix

whose row and column indices correspond to different states
and actions, respectively. For our model with two possible
states (high/low) and two possible actions (persist/reverse),
the Q-matrix is 2 × 2 dimensional, with rows (columns) rep-
resenting the states (actions). S = 1(2) corresponds to high
(low) state and A = 1(2) represent persist (reverse) action.
At each time-step the agent at state S estimates the cost of
both actions c[S, A] and estimates the Q matrix elements cor-
responding to the row S according to the formula

Qt+1[S, A] ← Qt [S, A] + α(c[S, A] − Qt [S, A]) (1)

with A = 1, 2, and the parameter α is called the learning
rate. The agent follows the ε-greedy algorithm, where with
probability (1 − ε) the agent exploits the previous learning
experience and selects the action for which the Q-matrix el-
ement is minimum. With probability ε the agent explores its
environment by choosing an action at random, irrespective of
its cost. If at time t the agent persists in the same direction,
then Qt+1(S, 1) is updated according to Eq. (1) and Qt+1(S, 2)
value reverts back to Qt (S, 2), since that action was not ex-
ecuted. Similarly, if the agent reverses its direction at time
t , then Qt+1(S, 2) is updated and Qt+1(S, 1) remains same as
Qt (S, 1). We start with the initial condition that at t = 0 all
elements of the Q-matrix are zero. Below we illustrate the
algorithm with a specific example.

(1) Suppose at time t the agent is found at position x(t )
with velocity v which can be ±1. With probability p0 the
agent persists in the same direction, and x(t + 1) = x(t ) + v.
No cost calculation is done in this case.

(2) With probability (1 − p0) the agent performs exploita-
tion or exploration. Let us consider the specific example,
where the agent is in the high state, S = 1 and that it had been
going uphill for some time in the past, such that [L](x1) >

[L](x2). Then the cost c[1, 1] for persisting is 0 and the cost
for reversal c[1, 2] = 1. The agent computes Qt+1(1, 1) and
Qt+1(1, 2) according to Eq. (1).

(3) With probability (1 − ε) the agent performs exploita-
tion. If Qt+1(1, 1) � Qt+1(1, 2), the agent persists in the
same direction with probability (1 − p0). If Qt+1(1, 1) >

Qt+1(1, 2), then the agent reverses its direction with proba-
bility (1 − p0).

(4) With probability ε the agent performs exploration. In
this case, it chooses one of the two actions randomly with
probability 1−p0

2 for each.
(5) If persistence is chosen (either in exploitation or in ex-

ploration), the position is updated as x(t + 1) = x(t ) + v, and
Qt+1(1, 1) is updated, while Qt+1(1, 2) is reassigned its old
value Qt (1, 2). If reversal is chosen, then x(t + 1) = x(t ) − v,
and Qt+1[1, 2] is updated but Qt+1[1, 1] goes back to Qt [1, 1].

In a similar manner, the steps for other cases, like [L](x1) �
[L](x2) or S = 2 can be outlined.

To test the above model, we consider the simple case of a
spatially homogeneous attractant environment. According to
our definition, the system can only be in S = 1 in this case,
and can never visit S = 2. Since [L](x1) = [L](x2) at all times,
persistence (reversal) cost remains 0(1) always. If we start
with the initial condition that all Q-matrix elements are zero,
then they remain zero at all later times. For any other choice of
initial Q, it is easy to see that Qt [1, 1] and Qt [1, 2] vanish for
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FIG. 2. The average run duration in a homogeneous medium is
inversely proportional to ε. The discrete points show simulation data,
and the continuous line shows analytical expression. Here we have
used p0 = 0.9.

large t , while Qt [2, 1] and Qt [2, 2] never change with time,
since that state is never visited.

From our algorithm described above, it follows that during
exploitation the agent can never tumble in this case. Velocity
reversal is possible if and only if the agent chooses reversal
during exploration. The tumbling probability then becomes
ε(1−p0 )

2 . The average number of steps between two successive
tumbling events, or the mean run duration is then 2

ε(1−p0 ) .
Therefore, in a homogeneous environment, we retrieve the
simple run-tumble motion with constant tumbling rate, as ex-
pected. We explicitly compare our calculation with simulation
results, in Fig. 2.

III. PERFORMANCE OF RL AGENT IN SINE WAVE
ATTRACTANT ENVIRONMENT

In this section, we present our results for the case when
the attractant concentration shows a sinusoidal variation in
space, as shown in Fig. 1 (solid line). In Fig. 3, we plot
the position distribution P(x) of the agent in the long time
limit. We find that RL algorithm can successfully generate
chemotactic behavior in this system, i.e., the particle is more
likely to be found near the maxima of the sine curve. However,
depending on the exploration parameter and learning rate,
interesting variations are observed.

A. Shortest run for a specific exploration parameter

In Fig. 4, we plot the mean run duration τ as a function of
ε and find a minimum. Our data also show that τ for ε = 0
and 1 have similar values, particularly when �1 and �2 are
small (purple squares). For ε = 1, the agent only explores
and never exploits. At every time step, the agent persists
in the same direction with probability 1+p0

2 and reverses its
direction with probability 1−p0

2 , irrespective of the local at-
tractant environment. In this case, its behavior is same as in
the homogeneous case. τ therefore has the value 2

1−p0
. For

FIG. 3. The position distribution of the agent after a long time
in a sine wave attractant profile. The agent localizes more strongly
near the two attractant peaks as ε decreases and/or α increases. Here
we have used uniform initial condition and �1 = 1, �2 = 2, and
p0 = 0.90.

our choice of p0 = 0.9 we find very good agreement with the
simulation data.

The ε = 0 limit on the other hand, means that the agent
never explores and only exploits at all times. When both �1

and �2 are smaller than τ , then during an uphill run, reversal
has cost 1 and persistence has cost 0. The agent in this case
persists with probability 1 until it reaches the point where
attractant concentration is maximum. Beyond this point, the
run continues as downhill run. Although the cost for persisting
now becomes 1 and reversal has no cost, the agent can still
persist with probability (1 − p0). The run terminates when
the agent has crossed an average number of 1

1−p0
steps after

crossing the peak. A new run starts in the opposite direction,
this time going uphill with zero tumbling probability, and after
crossing the attractant peak, the run again terminates after
an average duration of 1

1−p0
. This means in the steady state

FIG. 4. Mean run duration τ shows a minimum with ε. These
data are for sine wave attractant profile with p0 = 0.90 and
α = 0.001.
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FIG. 5. Uptake 〈C〉 decreases with ε and increases with α. In panel (a) we have used α = 0.001 and in (b) we have ε = 0.20. All other
simulation parameters are as in Fig. 3.

for ε = 0 the agent hovers around the peak of the attractant
concentration profile and the mean separation between two
successive tumbles, i.e., τ = 2

1−p0
, same as we found for

ε = 1. This is consistent with our data in Fig. 4 (purple
squares).

Note that equal values for ε = 0 and 1 means there has to
be some maximum or minimum in between. It is possible to
argue that τ must decrease with ε when ε is small but nonzero.
In this case, because of exploration, the agent has a finite
tumbling probability (1−p0 )ε

2 during an uphill run. During a
downhill run the tumbling probability is (1 − p0)(1 − ε

2 ). For
a simple run-and-tumble motion with these tumbling rates in
two directions, one can easily calculate the mean run duration
and show that it decreases with ε. Although in our present
system the dynamics involves additional steps like Q ma-
trix calculation, etc., the qualitative trend for small ε is still
captured by the above simplified description. This explains
the minimum of τ as a function of ε. In this argument, we
assumed small values of �1 and �2, such that most of the time
the comparison between recent and distant past is performed
within the same run. When at least one of �1 and �2 becomes
comparable to τ , above argument does not work very well. In
that case, we find (Fig. 4 green circles) some deviation of the
observed run duration from the analytical prediction 2

1−p0
.

B. Exploration-exploitation competition affects performance

To quantitatively evaluate the performance of the agent, we
define the following quantity, known as “uptake” [30,51]:

〈C〉 =
∫ L

0
dxP(x){[L](x) − [L]0}. (2)

Large uptake means in the long time limit the agent is more
likely to be found in regions with high concentration of at-
tractant, which indicates good performance. The maximum
possible value of uptake is reached when the agent is localized
at the peak of the attractant profile with all probability. It

follows from Eq. (2)) that the uptake in this limit is given
by [L](x)|max − [L]0. In the case of a sine wave attractant
profile which we consider here, largest possible uptake is
1. Similarly, the lowest uptake is obtained when the agent
localizes at the minimum of [L](x) with all probability. In
this case, the lowest uptake is −1. A negative uptake gen-
erally indicates a chemo-repellent environment (e.g., some
toxic chemical) from which the agent prefers to stay away.
When the uptake is zero, it means the agent is completely
insensitive to the concentration gradient present in its envi-
ronment and is equally likely to be found anywhere in the
system.

In Figs. 5(a) and 5(b), we plot the variation of uptake 〈C〉 as
a function of the exploration parameter ε and learning parame-
ter α, respectively. Here, we have considered a uniform initial
condition, i.e. the initial position of the agent is chosen from
a uniform distribution. We find that for a fixed α (ε) uptake
decreases (increases) with ε (α). These data are consistent
with our plots for P(x) shown in Fig. 3. Both the Figs. 3 and 5
show that increasing the learning rate α and/or decreasing the
exploration parameter ε helps the agent to strongly localize
near the peaks of [L](x). However, we show below that for
a different choice of initial condition, conclusions can be
different.

Note that larger α or smaller ε inhibit the agent from
sampling the whole environment. The agent remains confined
near the peak of [L](x). This can significantly affect its per-
formance if the initial position of the agent is in the vicinity
of one particular peak of [L](x) (instead of being uniformly
distributed over the whole system). In that case, the agent is
not able to visit the other peaks of [L](x) when α is too large
or ε is too small. This can have a potentially adverse effect
on the agent’s performance when [L](x) has peaks of different
heights. The agent may get stuck near a local maximum and
may not be able to reach the highest peak of [L](x) even after
a long time has elapsed. We explicitly consider such a case
in Sec. IV. For our present choice of a sinusoidal form of
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FIG. 6. Starting from the neighborhood of one attractant peak, the probability to find the agent near the other peak at large times. (a)
PR|R0 (t ) increases with t and saturates for large ε but as ε becomes small, due to trapping effect PR|R0 (t ) increases very slowly. Here, α is held
fixed at 0.001 (b) Similar effect observed as ε is held fixed at 0.1 and α is varied. But α-dependence is relatively weaker. (c) PR|R0 (t = t1) after
a large time t1 shows a peak as a function of ε. Peak shifts to smaller ε for larger t1. (d) PR|R0 (t = t1) also shows a peak with α. For larger t1

peak position shifts towards smaller α values. We have rescaled the data for t1 = 105 by a constant factor 6.77 in order to show both the plots
in the same scale. In (a) and (c), we have used α = 0.001 and in (b) and (d), ε = 0.1. Other simulation parameters are as in Fig. 3.

[L](x), all the peaks are of same height. Therefore, even if
the agent gets stuck near one peak, it will not affect a quantity
like uptake.

To capture the trapping effect, therefore, we define another
performance criterion, which measures if all the favorable
regions in the environment has been sampled by the agent.
Starting from the vicinity of one peak of [L](x), we measure
the probability to find the agent in the vicinity of another peak,
as a function of time. More specifically, we choose the initial
condition where the agent is equally likely to be located in a
region R0 with initial position lying in the range 0 < x < λ

2 .
As a function of time we measure the probability to find the
agent in the region R which is in the neighborhood of the next
peak with λ < x < 3λ

2 . We denote this probability as PR|R0 (t ),
which is expected to grow with time t and then saturate
as steady state is reached. However, as seen in our data in

Figs. 6(a) and 6(b) the saturation can be logarithmically slow
with time, specially when ε (α) is small (large). It is expected,
since going from one peak to another, the agent needs to
cross a region where [L](x) is quite small. This means the
agent has to execute long downhill runs which get increasingly
difficult for small (large) ε (α). For a logarithmically slow
relaxation, it is often not feasible to evaluate the performance
of the agent based on its steady state properties. Rather, the
behavior of PR|R0 (t ) for large times (but not large enough
to reach steady state) can be studied. If it is found that for
a certain large value of t = t1, the probability PR|R0 (t1) has
low value, then that means the agent has not yet learned about
its full environment, although a long time has passed. This
indicates inefficient learning. On the other hand, a large value
of PR|R0 (t1) means that the agent managed to learn about its
environment and determined its preference for a particular
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FIG. 7. Heat map of uptake 〈C〉 and PR|R0 (t = t1) in the ε-α plane. Here we have used t1 = 106. While uptake is highest in the small-ε and
large-α corner, PR|R0 (t = t1) reaches its maximum value for an optimal ε-α zone. Other simulation parameters are as in Fig. 3.

location based on this knowledge. The RL strategy in this case
is working well.

In Fig. 6(a), we plot PR|R0 (t ) versus t for different ε values
and a fixed α. As discussed in the previous paragraph, we find
for small ε the probability increases almost logarithmically
slowly with time but reaches high value eventually, whereas
for larger ε the probability quickly saturates but the saturation
value is lower. In Fig. 6(c), we plot PR|R0 (t = t1) as a function
of ε for fixed α and show that the probability has a maximum
value at a specific ε. In other words, the performance mea-
sured after a certain large time t1 is best at a specific ε value.
As t1 increases, the best performance is obtained at lower ε.
This trend is consistent with our expectation that eventually,
for t1 → ∞ PR|R0 (t = t1) will not depend on t1 anymore and
will saturate with time, with the highest saturation value ob-
tained for ε = 0.

We find a similar qualitative behavior when we keep ε

fixed and measure PR|R0 (t ) for different values of α. For small
α, the probability saturates faster but the saturation value
is low. When α is large, PR|R0 (t ) increases logarithmically
slowly and ultimately saturates to a large value for very large
times. When we measure PR|R0 (t = t1) for a large t1, we find
a peak at a specific α, as shown in Fig. 6(d). However, the α

dependence is rather weak, unlike the pronounced variation
against ε shown by PR|R0 (t ). In Fig. 7, we present the heat
map of two performance criteria, uptake 〈C〉 (for uniform
initial condition) and PR|R0 (t = t1) (for initial position in the
vicinity of one maximum of [L](x)) in the ε-α plane. While
uptake is maximum for smallest ε and largest α considered,
PR|R0 (t = t1) shows a peak for intermediate values of ε and α.

IV. ATTRACTANT PROFILE WITH DIFFERENT
PEAK HEIGHTS

In this section, we consider an attractant concentration
profile with two peaks of different heights, as shown by the
dashed line in Fig. 1. The functional form we consider here is

given by [L](x) = [L]0 + sin 2πx
λ

+ sin πx
λ

. We consider two
different initial conditions, where the initial position of the
agent is chosen from (a) a uniform distribution over the entire
system, and (b) a uniform distribution in the vicinity of the
lower peak (see Fig. 1, region shaded by red). Like the previ-
ous section, we are interested in the long time performance
of the agent for different choices of ε and α. Due to the
presence of high and low attractant peaks, the competition
between exploration and exploitation is more clearly visible
here. Even when we start from a uniform initial condition, for
low ε and/or high α, the agent may get trapped in the lower
attractant peak. Uniform initial condition makes sure that the
agent is equally likely to start from the vicinity of the lower
and higher attractant peaks. For those trajectories which start

FIG. 8. Position distribution measured after time t = 106 starting
from a uniform initial condition. The attractant profile has peaks of
unequal heights here. But for small ε and large α the agent shows
almost equal affinity for both peaks, even after a long time. Here we
have used p0 = 0.9, �1 = 1, and �2 = 2.
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FIG. 9. Uptake 〈C〉 measured after a long time t starting from uniform and nonuniform initial conditions. As a function of ε and α the
uptake shows a peak. For larger t , the peak shifts to smaller ε and larger α. In (a) and (b), we have used α = 0.001 and in (c) and (d), we have
ε = 0.1. Other simulation parameters are as in Fig. 8.

near the lower (higher) peak, the agent quickly localizes itself
at the lower (higher) peak, and remains trapped there for long
time when ε (α) is small (large). Thus even after a long time
the agent is not able to learn about its complete environment
and shows roughly the same preference for both peaks. Our
data in Fig. 8 show this trend clearly.

A. Performance peak for optimal ε and α

In Fig. 9, we plot the value of uptake, measured after long
times, for different choices of ε, α and starting with both types
of initial conditions. In Fig. 9(a) uptake at two different times
are plotted as a function of ε, and for a fixed α. These data are
for uniform initial condition. As explained above, even after
a long time, almost half of the population remains trapped
near the lower peak of the attractant, when ε is small. This
yields low value of uptake. On the other hand, when ε is
too large, the exploitation loses out to exploration and the
agent becomes less sensitive to the attractant gradient which

decreases uptake. For intermediate ε uptake shows a peak.
When a longer time has passed, a fraction of the population
which was trapped near the lower attractant peak, gets a
chance to find the higher peak. The uptake peak thus shifts to
lower ε values. Figure 9(b) shows the data for a nonuniform
initial condition (where the agent starts near the lower attrac-
tant peak, shown by the region shaded in red in Fig. 1). While
the qualitative behavior remains similar, the uptake peaks at
different times are much more pronounced here. This is not
surprising since the trapping effect is now felt by the entire
population. Figures 9(c) and 9(d) show the plots for uptake
measured at different times, as a function of α and for a fixed
ε, for uniform and nonuniform initial conditions, respectively.
In this case, for large α effect of confinement is felt more
strongly and uptake decreases. For very small α, learning
happens at a negligible rate, and the agent’s preference for
high attractant regions is low. Uptake is small in this limit too.
For an intermediate α uptake has a peak and with time that
peak shifts rightward towards larger α values.
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FIG. 10. Starting from a nonuniform initial condition, PR|R0 (t ) is measured for different ε and α. (a) PR|R0 (t ) increases with t and saturates
quickly when ε is large. However, as ε decreases the saturation comes at a later time and saturation value is also higher. Finally, for very small
ε, PR|R0 (t ) increases logarithmically slowly with time. (b) Similar trend is observed as ε is held fixed and α is increased. (c) PR|R0 (t = t1)
shows a peak as a function of ε and the peak position shifts leftward for larger t1. (d) The peak of PR|R0 (t = t1) in α similarly shifts rightward
towards larger α values when t1 is increased. In (a) an (c), we have α = 0.001 and in (b) and (d), we have ε = 0.1.

We also measure the conditional probability PR|R0 (t ), as
defined in Sec. III, for different ε-α value. Here, R0 represents
the region shaded by red in Fig. 1 and the region R is marked
by green shade. The agent starts in the neighborhood of the
lower peak of the attractant concentration and we measure the
probability to find it in the vicinity of the higher peak as a
function of time. The effect of trapping is much more pro-
nounced in this case. While for large ε or small α, Figs. 10(a)
and 10(c) show that the probability PR|R0 (t ) increases with
time and saturates quickly at a lower value, as ε decreases
and/or α increases, PR|R0 (t ) shows a much slower growth with
time, due to long trapping time of the agent at the lower peak.
Figure 10(b) plots the value of PR|R0 (t = t1) at a fixed time
t1 as a function of ε and we find a peak. As t1 increases, the
peak shifts to lower ε values. Figure 10(d) similarly shows
PR|R0 (t = t1) as a function of α and in this case peak shifts to
larger α values. These trends are consistent with our data in
Fig. 6.

In Fig. 11, we show, in the ε-α plane, the variation of
uptake and PR|R0 (t ), measured after a long time. We find both
these quantities reach a maximum value for an optimal range
of ε and α. This shows that the RL strategy employed in this
system works best in this range.

B. First passage time from lower peak to higher peak
of attractant profile

To further probe the role of exploitation-exploration com-
petition on the performance of the RL agent, we measure
its mean first passage time from the lower attractant peak to
the higher one. Starting from a local maximum, how long
the agent needs to find the global maximum, is an important
quantity to characterize its efficiency. For small ε the agent
is not able to explore its surroundings and remains trapped
near the local maximum. This increases its mean first passage
time. On the other hand, for ε → 1, the agent shows little

014106-9



PRAMANIK, MISHRA, AND CHATTERJEE PHYSICAL REVIEW E 111, 014106 (2025)

FIG. 11. (a) In the ε-α plane, heat map of 〈C〉 after time t = t1 starting from uniform initial condition. (b) Heat map of PR|R0 (t = t1) in the
same plane starting with nonuniform initial condition. We have used t1 = 108 here. Both plots show an optimum region on ε-α plane where
RL algorithm is working best.

affinity towards attractant peaks. In this limit, its motion is
mainly diffusive which also corresponds to a large value of
mean first passage time. For an intermediate ε, mean first
passage time shows a minimum [Fig. 12(a)]. For a given α,
there is an optimal value of ε for which the agent performs
the quickest search. Figure 12(b) shows the plot of mean first
passage time as a function of α, for a fixed ε. Even in this
case, we find an optimum α corresponding to the quickest
search.

V. DISCUSSIONS

In this work, we have considered an RL agent which is
exploring its environment via run-and-tumble motion. We
are interested in the question: under what condition the RL

strategy is most efficient. We quantify efficiency by the prob-
ability to find the agent in the attractant-rich region in the long
time limit, and also by how much the agent has learnt about
its environment. A successful RL strategy allows the agent to
quickly learn about its attractant environment and localize in
the favorable region. We find depending on the nature of the
attractant concentration profile, different RL strategies work
best.

In the case when all the concentration peaks are of the same
size, then starting from a uniform initial position, the agent is
able to localize most strongly near the peak regions when ex-
ploration rate is low and learning rate is high. However, when
the agent starts from the vicinity of one particular attractant
peak, then it remains trapped there and even after a large time
has passed, the agent is not able to learn about its complete

FIG. 12. Mean first passage time starting from the lower peak to the higher peak of the attractant profile. The quantity shows a minimum
as a function of both ε and α. For (a) α is fixed at 0.001 and for (b) ε is fixed at 0.7. All other simulation parameters are as in Fig. 8.

014106-10



RUN-AND-TUMBLE CHEMOTAXIS USING REINFORCEMENT … PHYSICAL REVIEW E 111, 014106 (2025)

environment if the exploration rate is low or learning rate is
high. In this case, an optimum range for these two rates works
best for the agent.

When the attractant profile has peaks of different sizes, the
exploration-exploitation trade off is even more pronounced.
Even when the initial position of the agent is uniformly dis-
tributed throughout the system, the agent is not able to learn
about its complete environment and gets trapped in nearest
attractant peak, for low exploration rate and high learning
rate. As a result, even after a long time has passed, the agent
may show same affinity for the lower and higher attractant
peaks, which is detrimental for its performance. An optimum
balance between exploitation and exploration helps the agent
overcome the trapping effect and show its best performance.
For nonuniform initial condition, when the agent starts near
the lower attractant peak, its probability to localize near the
higher peak after a long time, shows a maximum for interme-
diate rates of exploration and learning.

Our simple model has few limitations. For example,
there is an important difference between our cost calculation
method and the decision making process that an E.coli cell
follows during chemotaxis. As explained in Sec. II, our RL
algorithm just takes into account the sign of the concentration
difference experienced in the recent and distant past and does
not care about the magnitude of the difference. However, an
E.coli cell modulates its tumbling rate by taking into account
both the sign and magnitude of the difference in concentration
experienced in recent and distant past [32]. Most of our results
presented here are for the case when the agent uses attractant
levels at last two time-steps to read off the local gradient. This
is the best choice to read off the sign of the local attractant
gradient accurately. However, most of our qualitative conclu-
sions remain valid (data not shown) even for larger values of
�1 and �2, as long as they do not exceed typical run duration.
For very large �1 and �2, the memory goes too far back in
the past. The gradient calculated from [L](x1) − [L](x2) may
not accurately represent the current environment since the
agent may have reversed its direction once or multiple times
meanwhile.

Throughout this work, we have considered one spatial di-
mension. Many experiments measure run-tumble motion of
E.coli in narrow microfluidic channel whose width is com-
parable to or smaller than typical run length [46,57–59], and
therefore, the motion effectively takes place in one dimen-
sion. However, it is an interesting question to ask whether
in a more natural setting, where the cell moves in two or

three dimensions, our RL description might work. In two
dimensions, for example, after each tumble the direction of
the cell is randomized. Therefore the effect of a tumble can
not be simply described as velocity reversal, as we have
done in the present model. In this case, one can classify
the actions of the RL agent as “persist” and “randomize,”
where the former means persisting in the same direction,
and the latter means choosing a random direction. During
exploration, the agent can either persist or randomize with
equal probability. Note that the possibility of randomizing
direction after each tumble means that the trapping effect seen
in Figs. 6 and 10 is expected to be weaker in two dimen-
sions. Indeed, our preliminary data (not shown here) indicate
that even when the exploration parameter ε is significantly
small, the agent is able to escape a local attractant peak and
explore its full environment. This affects the exploration-
exploitation competition and exploration starts winning over
exploitation at a much lower ε value, compared to what we
have seen in one dimension. However, we verify (data not
shown) that apart from some quantitative differences, all our
qualitative conclusions remain valid in higher dimension as
well.

Possible future directions include generalizing our simple
model where state description can have a finer resolution
(instead of only two possible values, high and low), or cost
function can be assigned real values instead of 0 and 1, or
using a learning parameter which evolves with time, etc. Also,
the current study is limited for a single particle in a time-
independent environment, the study can be extended for many
interacting particles moving in an environment that changes
with time. Expanding the model for the case where particles
also learn from each other might be interesting to explore in
future studies.
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