
1. Implementation 

In our model, we store two  arrays: one called _ , tracking the current amount of 𝑁𝑥𝑁 𝑓𝑜𝑜𝑑 𝑔𝑟𝑖𝑑
food in each cell (capped at 100), and another called _ , which holds a nonnegative 𝑏𝑎𝑐𝑡𝑒𝑟𝑖𝑎 𝑔𝑟𝑖𝑑
real value denoting the bacteria population in that cell. We begin each time step by applying a 
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capacity of 100. With a small probability (1 %), a random “reseeding” event increments the food 
in a cell by +1, allowing even depleted cells to recover. Next, we model diffusion by letting a 
fraction ​ of each cell’s food flow into its four neighbors (and an equivalent fraction flow in 𝑑

𝑓

from those neighbors). 

Following these food updates, the bacteria consume any available food at a rate . 𝑐
𝑏
 𝑥 (𝑏𝑎𝑐𝑡𝑒𝑟𝑖𝑎)

If the amount of food in a cell meets or exceeds this requirement, the bacteria all survive and the 
cell’s food is reduced accordingly. If not, the bacteria that cannot eat effectively starve, so only 

 individuals remain, and the cell’s food is set to zero. Next, the bacteria that survive reproduce 𝑓
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according to . Finally, we apply a diffusion step for the bacteria as well, 𝑏
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allowing a fraction dbd_bdb​ of each cell’s bacterial population to move to its four neighbors. 
This entire sequence - logistic food growth, reseeding, food diffusion, consumption/starvation, 
reproduction, and bacteria diffusion - is implemented in the  method to advance the system 𝑠𝑡𝑒𝑝
by one-time step. 

 

2. Tests  

The outputs are shown in the code. I analyze the outputs here. 

Test 0: Default Small Grid 

This test uses moderate parameters and initializes the grid with a mix of low‐to‐medium food (0 
to 10) and a small fraction of cells containing bacteria. Over the five steps, the results show that 
cells initially high in bacteria cause local food depletion and, if consumption exceeds available 
food, some bacteria starve. Meanwhile, food diffuses from neighboring cells and undergoes 
logistic growth, so certain cells replenish as the simulation progresses. By the fifth step, we see 
some cells stabilizing with moderate food and bacteria levels, matching expectations that neither 
species completely overwhelms nor crashes under these balanced parameters. 

 



Test 1: Minimal Food 

Here, we begin with almost no food across the grid (range 0 to 1) but a relatively high fraction 
(40%) of cells containing bacteria. Unsurprisingly, many bacteria starve rapidly because most 
cells do not have enough food to support them. We observe the bacteria populations dropping in 
early steps, while the surviving bacteria are only those lucky enough to be in cells where logistic 
growth or random reseeding provides enough sustenance. This test confirms that our 
consumption logic (and the starvation mechanism) behaves as expected in near‐zero‐food 
conditions. 

 

Test 2: Plentiful Food 

In this scenario, each cell starts with a high level of food (30 to 50) and a moderate bacteria 
fraction. Over five steps, the printouts show that while bacteria consume significant amounts, 
food never exceeds its 100‐unit cap. The bacteria that do find abundant food reproduce quickly, 
but also diffuse out. Ultimately, we see most cells retaining well‐above‐zero food, 
demonstrating that strong initial resources, plus logistic growth and occasional reseeds, keep the 
system far from starvation. This confirms that even under resource‐rich conditions, food 
consumption is bounded and does not exceed capacity. 

 

Test 3: No Bacteria 

Here, we initialize cells with moderate food but set the bacteria fraction to zero. Since there is no 
consumption at all, food merely grows logistically and occasionally gains an extra +1 from 
reseeding. The output shows that every cell’s food level steadily rises but remains under the 
capacity limit. Because no bacteria are present to consume it, these grids converge toward (but 
never exceed) the maximum. This passes the check that, in the absence of bacterial activity, the 
food distribution evolves solely by its growth and diffusion rules and respects the 100‐unit cap. 

 

 

 

 

 

 



3. Simulations 
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Figure 1: At the very beginning of the simulation, food is randomly scattered between 0 and 50 
units per cell (depending on our chosen initialization), and bacteria appear in about 10% of cells 
with small populations. The left panel shows the initial food distribution, while the right panel 
shows the initial bacteria distribution. 
 

 



Figure 2: After almost 100 steps with parameters 
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evolved to a mostly near‐uniform background with some patchy regions, while the bacteria grid 
shows a scattered but persistent population. The left panel depicts the food distribution at step 
98, and the right panel depicts the bacteria distribution at the same time. 
 
We create these visualizations by instantiating our  class with the 𝐵𝑎𝑐𝑡𝑒𝑟𝑖𝑎𝐺𝑟𝑜𝑤𝑡ℎ𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛
default constructor, which has moderate rates for food/bacteria growth, diffusion, and 
consumption. After calling , we generate an animation with _𝑠𝑖𝑚. 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒() 𝑎𝑛𝑖𝑚𝑎𝑡𝑒

_ _ _ _ . 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑗𝑠ℎ𝑡𝑚𝑙(𝑠𝑖𝑚,  𝑡𝑜𝑡𝑎𝑙 𝑠𝑡𝑒𝑝𝑠 = 100,  𝑠𝑡𝑒𝑝𝑠 𝑝𝑒𝑟 𝑓𝑟𝑎𝑚𝑒 = 1,  𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 = 200)
Running this code in a Jupyter notebook displays a frame‐by‐frame evolution of how the food 
and bacteria grids change over time. 
 
From step 0 to step 98, we observe that initially abundant (but unevenly distributed) food gets 
partly consumed by the bacteria and diffuses to neighboring cells. Some bacteria thrive where 
food is plentiful and quickly reproduce, creating clusters. In other regions, lack of food forces 
bacteria to starve. Over time, we see a patchy but relatively stable distribution emerge, with the 
food recovering through logistic growth and occasional reseeding, while bacteria adapt their 
population sizes to local resources. By step 98, this interplay results in a broad background of 
near‐saturated food (just below the capacity of 100) with scattered bacterial “hot spots,” each 
feeding on the replenishing patches of food. 
 
Attempting Wave‐Like Patterns with a Single Bacterium 

After experimenting with random initial conditions (Figures 1 and 2), we next created a more 
controlled setup to provoke wave‐like or spiral patterns. Specifically, we filled every cell of the 
grid with a uniform amount of food (100 units per cell) and placed only one bacterium (5 units) 
in the center. The rationale was that, with an initially homogenous resource layer, a single 
bacterial “seed” might produce outward‐moving consumption waves or swirling patterns when 
combined with diffusion and reproduction. 



 
Figure 3: We start with an entire solid green grid corresponding to the uniform 100 units of food, 
while the bacterium grid is entirely black except for a single bright dot in the center. After around 
2,000 steps, we see characteristic wave‐like or “spiral” shapes on the food grid - light areas 
indicate cells that still hold near‐maximal food, while dark regions indicate recently consumed 
patches. Meanwhile, the bacteria distribution forms complementary swirls of higher density 
where food has just been exploited, leaving behind partially starved areas. I changed the color of 
bacteria to gray because it was difficult to see spirals in red. 
 
This outcome arises because diffusion and bacterial reproduction create a traveling front: the 
bacteria locally consume food until it depletes, then the hungry wavefront moves (diffuses) into 
neighboring cells that still have resources. Simultaneously, fresh food regrows logistically where 
bacteria have moved on. The result is a dynamic interplay of local depletion and regrowth that 
paints swirling, high‐contrast patterns in the grids. From a modeling standpoint, this highlights 
how starting from a single “seed” in a uniform resource environment can reveal emergent pattern 
formation - an effect that is less obvious when initial food and bacteria are randomly scattered. 
 
 
4. Time‐Series and Spatial Distribution Analysis 
 
Having looked at snapshots of the system under various initial conditions and parameter settings, 
I next wanted to track how average population levels evolve over time and how food/bacteria 
end up distributed across all 40,000 cells in our 200×200 grid. Below, I show both time‐series 
curves of the average food and bacteria, as well as final histograms indicating each cell’s state 
after 10,000 steps. 
 



Figure 4:  This shows a time series of average food and bacteria, alongside the final distributions 
across a  grid, using parameters  200𝑥200
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compared to the consumption and bacteria growth rates, food replenishes so quickly that cells 
rarely remain depleted for long. As a result, we observe that the average food settles around a 
high equilibrium value, and the bacteria population, though sustained, remains moderate. The 
histogram at the end shows a pronounced cluster near the maximum food capacity (close to 100) 
for many cells, while most bacteria concentrations remain either low or moderate, reflecting 
occasional local depletion where strong bacterial clusters form. 
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which the food growth rate is significantly reduced. With insufficient replenishment, the system 
experiences a near crash: both food and bacteria rapidly drop almost to zero and remain low for 
the remainder of the simulation. The final food histogram confirms that most cells end up with 
very little food, while the bacteria distribution similarly skews near zero. This outcome 
highlights how, when ​ is too small relative to consumption, bacteria cannot be maintained in 𝑔

𝑓

any substantial density. 
 



 
 
Figure 6: Here , both the food growth (𝑔
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and diffusion increase. Food spreads widely across the grid, yet it is consumed at a substantial 
rate . Early in the run, we see noticeable oscillations as regions become momentarily (𝑐

𝑏
= 0. 8)

depleted, then refill via diffusion. Over time, an intermediate balance emerges, with moderately 
high average food levels and a lower but persistent population of bacteria. The final histograms 
reflect a widespread. Many cells accumulate food near capacity (thanks to rapid diffusion), but a 
significant fraction show partial or minimal food due to high local consumption by bacteria. 
Bacteria remain scattered, with small pockets reaching moderate densities. 
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bacterial reproduction and diffusion. Early in the simulation, bacteria surge wherever food is 
sufficiently available. As these local patches of bacteria grow and consume resources, they may 
collapse if diffusion and logistic growth do not replace the food quickly enough. Meanwhile, 
bacteria themselves diffuse widely, sometimes recolonizing food‐rich areas. The time series 
often shows notable spikes or wave‐like fluctuations as bacterial clusters expand and contract. In 
the final snapshot, the food histogram might have peaks at both low and high values (reflecting 
local depletion vs. unexploited cells), while the bacteria histogram tends to have a more 
spread‐out shape, indicating that some cells house dense populations and others have very few 
bacteria. 
 



In all of these parameter sweeps, each plot shows how the average amount of food and bacteria 
per cell evolves over 10,000 steps on a  grid, along with final histograms of the food 200𝑥200
and bacteria distributions. Several common patterns emerge. A large food growth rate (𝑔

𝑓
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compared to consumption  and bacterial growth  generally maintains abundant food, (𝑐
𝑏
) (𝑔
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thus stabilizing a moderate‐sized bacteria population but rarely allowing it to overrun the 
system. Conversely, a small  can push both species toward near‐zero if consumption outpaces 𝑔

𝑓

replenishment. Diffusion (  or ) controls the spatial character of these dynamics: higher 𝑑
𝑓

𝑑
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diffusion yields more uniform distributions and can quickly refill depleted areas, while lower 
diffusion fosters localized pockets of intense consumption and bacterial growth. Finally, the 
relative rates of bacterial growth  and consumption  determine whether bacteria can (𝑔

𝑏
) (𝑐
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surge to high densities or remain at minimal levels. By tuning just these few parameters, one can 
produce a wide range of outcomes: from high‐food, low‐bacteria “stable” states, to 
near‐starvation scenarios, or balanced oscillations that may form striking spiral or wave‐like 
patterns in the grid. 
 
 
5. Parameter Sweeps and Final Population Analysis 
 
In the previous section, we visualized how food and bacteria populations evolve over time under 
a fixed parameter set by plotting time‐series curves and spatial distributions. That approach 
highlighted the dynamics of the system - how cells transition from their initial states to a 
(possibly) stable or oscillatory configuration. In this section, we shift our focus to how the final 
outcome of the simulation depends on a single parameter: rather than watching a time series for 
one chosen parameter set, we run multiple simulations (each for a large number of steps) under 
different values of a parameter, then record only the final (converged) average populations of 
food and bacteria. 
 

We created a function called _  (initial parameters: 𝑝𝑎𝑟𝑎𝑚 𝑠𝑤𝑒𝑒𝑝
 that receives the name of (𝑁 = 100,  𝑔
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the parameter to vary (e.g.,  or ) and a range of values to test. For each value, it re‐initializes 𝑔
𝑓

𝑔
𝑏

the , runs it for a specified number of steps (e.g., 2000 or 3000, 𝐵𝑎𝑐𝑡𝑒𝑟𝑖𝑎𝐺𝑟𝑜𝑤𝑡ℎ𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛
enough for the system to stabilize), and then measures the mean of each grid. By calling _𝑝𝑎𝑟𝑎𝑚

 with arrays like , we explore 21 evenly spaced points, ranging 𝑠𝑤𝑒𝑒𝑝 𝑛𝑝. 𝑙𝑖𝑛𝑠𝑝𝑎𝑐𝑒(0, 1, 21)
from  to  This is broad enough to capture changes from minimal to maximal rates or 0. 0 1. 0.
probabilities but still computationally feasible. We then visualize the final means of food and 
bacteria using a function _ _ , producing straightforward 2D plots: the 𝑝𝑙𝑜𝑡 𝑝𝑎𝑟𝑎𝑚 𝑠𝑤𝑒𝑒𝑝
parameter values on the ‐axis, and the resulting mean populations on the ‐axis. 𝑥 𝑦



 
Figure 8: Results for Bacteria Growth ( . The figure displays how the final (mean) 𝑔

𝑏
)

populations of food (green curve) and bacteria (red curve) change when the bacteria growth rate 
​ is swept from  to . We observe that for extremely small ​, the food remains quite high 𝑔

𝑏
0 1 𝑔

𝑏

while bacteria stay near zero; as ​ increases slightly above zero, the system still quickly 𝑔
𝑏

depletes most food, driving the final bacteria to negligible levels. Above a certain threshold, the 
bacteria do not manage to expand sufficiently before consumption limits their growth. 
Ultimately, the entire system collapses to a near‐zero bacteria state across most ​ values, with 𝑔

𝑏

food likewise dropping for moderate rates. It highlights that in these particular default settings, 
neither the food nor the bacteria can stably coexist if the bacteria’s reproduction rate is 
non‐trivial, unless some other parameter (e.g., food growth) offsets that consumption. 
 
 

 



Figure 9: Results for Food Growth ( ). Figure 2 shows what happens when we sweep the food 𝑔
𝑓

growth rate  from  to . Unlike the near collapse in the  sweep, here we see a smooth 𝑔
𝑓

0 1 𝑔
𝑏

upward trend for both final food and bacteria as  increases. Around lower values of   (below 𝑔
𝑓

𝑔
𝑓

0.2), the final populations remain small - food does not regenerate fast enough, and bacteria 
starve. However, as  climbs beyond 0.3 or 0.4, more food accumulates, enabling the bacteria 𝑔

𝑓

population to flourish as well, leading to an overall higher equilibrium in both species by the 
time . 𝑔

𝑓
= 1. 0

 

 
Figure 10: Results for Consumption ( ​). Figure 3 explores the final outcome when we vary the 𝑐

𝑏

consumption rate  from  to . Initially, at very small , bacteria need little food, so they can 𝑐
𝑏

0 1 𝑐
𝑏

expand rapidly, yielding a high final bacteria population. Food is quickly consumed if it’s 
available but never fully collapses because the consumption rate remains small. As  increases, 𝑐

𝑏

bacteria start requiring more resources. They fail to secure enough food in many cells, leading to 
decreased final bacteria. Interestingly, the final food curve hovers in a moderate range and can 
even rise a bit for some mid‐range  values, reflecting partial depletion followed by regrowth. 𝑐

𝑏

Past a certain point, however, bacteria remain relatively low because they consume too much (or 
too quickly) and eventually starve in many regions. 
 
 
I also tested sweeping the diffusion parameters of food ( ​) and bacteria ( ) in , but the 𝑑

𝑓
𝑑

𝑏
[0, 1]

outcomes (shown in the final two plots in the code) were less nuanced under our default rates. 
Both curves typically collapse to near‐zero or saturate. I found that near  or , the 𝑑

𝑓
= 0 𝑑

𝑏
= 0

system leaves food or bacteria stuck in local patches without significant mixing, sometimes 



yielding large disparities. Conversely, at  or , strong diffusion rapidly 𝑑
𝑓

= 1 𝑑
𝑏

= 1

homogenizes each grid, leading either to near‐uniform depletion (if consumption is high enough) 
or uniform persistence (if growth dominates). Even intermediate diffusion values (like 

 - I made separate graphs to test this out) produced similar end states in these 𝑑
𝑏

= 𝑑
𝑏
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default conditions, suggesting that other parameters (such as ​ or ​) overshadow diffusion’s 𝑔
𝑓

𝑐
𝑏

role in shaping final outcomes (as we saw in Figures 8 and 9). 
 
In the last section, we tracked how the system’s state evolves step by step under a single 
parameter set, observing whether it stabilizes or oscillates over time. This time‐series 
perspective focuses on when and how cells transition from their initial conditions to a final 
configuration. By contrast, the parameter sweeps reported here show what final states the system 
settles into when one specific parameter is varied across a range of possible values - while all 
other parameters are kept at their default. Where time‐series analyses answer “How does the 
system behave from step 0 to step 10,000 for a fixed parameter set?”, the sweeps address “How 
do the end‐point populations shift if we tweak one parameter from 0.0 to 1.0 (or beyond) and 
allow each scenario to run long enough to converge?” 
 
From these sweeps, it is clear that food growth  and consumption  strongly determine (𝑔

𝑓
) (𝑐

𝑏
)

whether the system settles into a near‐zero population “crash” or a moderately thriving 
coexistence. In contrast, diffusion  and  showed relatively subtle effects under the same (𝑑

𝑓
𝑑

𝑏
)

default assumptions: either homogenizing the grid (at high diffusion) or leaving resources and 
bacteria in localized patches (at low diffusion), without drastically altering the fundamental 
population levels. Overall, these results highlight how the interplay of growth, consumption, and 
diffusion drives the final distribution of food and bacteria, ranging from near‐desert outcomes to 
stable, partially populated states. 
 
 
6. Theoretical Analysis 
 
In this section, we aim to derive a simple mathematical relationship that connects certain model 
parameters - particularly the food growth rate , the bacteria consumption rate   ​, and the 𝑔

𝑓
𝑐

𝑏

bacteria reproduction rate   ​ - to observable outcomes such as the average amounts of food and 𝑔
𝑏

bacteria once the system has stabilized. This theoretical viewpoint is valuable because it offers 
insights into the model’s behavior without exhaustively running large‐scale simulations for 
every parameter setting. In other words, if we can find a reasonable formula or approximate 
equilibrium condition, we might identify thresholds (e.g., a minimal  needed to avoid 𝑔

𝑓

population collapse) and stable states (e.g., a high‐food, moderate‐bacteria equilibrium), all 



from a few equations. This approach complements our simulation‐based approach in the last two 
sections by providing a higher‐level understanding of how parameters interact to shape the final 
outcome. 
 
Simplified Mathematical Relationship 

We begin by specifying which parameters and observable quantities we want to tie together. The 
main parameters in our model are  (food growth rate), which drives the logistic growth of food 𝑔

𝑓

in each cell, , (bacterial consumption rate), governing how quickly bacteria consume available 𝑐
𝑏

food, and  (bacteria growth rate), indicating how quickly the bacteria population reproduces 𝑔
𝑏

after eating. 

On the output side, we focus on  (the final or “equilibrium” average food across all cells) and 𝐹*

 (the final average bacteria). Although local cell‐to‐cell variations exist, a mean‐field 𝐵*

approximation captures the broad trends by treating every cell as if it experiences the same 
average conditions. 

To formalize this mean‐field view, let  represent the average food across all cells at time  𝐹(𝑡) 𝑡
and  represent the average bacteria. We ignore spatial heterogeneities and random reseeding 𝐵(𝑡)
for simplicity, writing approximate difference equations that mirror the logistic growth, 
consumption, and reproduction steps: 

​ ​ ​ ​ (food update) 𝐹
𝑡+1

≈ 𝐹
𝑡

+ 𝑔
𝑓
𝐹

𝑡
(1 −

𝐹
𝑡

100 ) − 𝑐
𝑏
𝐵

𝑡

​ ​ ​ ​ ​ (bacteria update) 𝐵
𝑡+1

≈ 𝐵
𝑡

+ 𝑔
𝑏
𝐵

𝑡
−  .  .  .  

 
In the first equation, the term  models logistic growth of food (capped at 100), 𝑔

𝑓
𝐹

𝑡
(1 − 𝐹

𝑡
/100)

while  approximates total consumption by the bacteria. In our partial‐starvation approach, if 𝑐
𝑏
𝐵

𝑡

the consumption needed exceeds newly grown food, we reduce  to zero and allow only the 𝐹
fraction of bacteria that managed to eat to survive. This lumps local, cell‐by‐cell starvation into 
a single global fraction, which can be harsher or more forgiving than the actual simulation’s 
spatially distributed survival. The second equation (for _ would also include a starvation 𝐵

𝑡+1

effect if not enough food is present. However, for a first-pass mean-field model, we might treat 
consumption simply as a net loss or factor it into the term . By combining or refining these .  .  .
approximate equations, we can look for equilibrium conditions: 

                  ​     ​ ​  𝐹
𝑡+1

= 𝐹
𝑡

= 𝐹*,        𝐵
𝑡+1

= 𝐵
𝑡

= 𝐵*

 



Solving for  in terms of  reveals which combinations of growth and (𝐹*,  𝐵*) 𝑔
𝑓
,  𝑐

𝑏
,  𝑔

𝑏

consumptions allow for stable coexistence. If it turns out that a large consumption rate  and a 𝑐
𝑏

small food growth rate  force the system to a trivial equilibrium , then we can 𝑔
𝑓

𝐹* ≈ 0,  𝐵* ≈ 0

interpret that as a “collapse” threshold. On the other hand, if  is sufficiently large relative to  𝑔
𝑓

𝑐
𝑏

or if  is moderate, the system may reach a non-trivial equilibrium  where both 𝑔
𝑏

(𝐹*,  𝐵*)

populations stay above zero. In fact, from a net perspective, if    is too small, total 𝑔
𝑓
/𝑐

𝑏

consumption outstrips logistic replenishment, guaranteeing a crash. Conversely, once ​ 𝑔
𝑓
/𝑐

𝑏

exceeds some critical ratio, the bacteria population can persist or grow. This ratio is approximate 
- ​ also matters - but highlights that balancing food inflow and consumption is central to stable 𝑔

𝑓

coexistence. 
 

Even if the exact solution for  proves complex, reasoning about these approximate (𝐹*,  𝐵*)
equations clarifies why, for instance, a minimal   is needed to sustain bacteria, or why 𝑔

𝑓

increasing ​ can destroy that equilibrium. Such a simplified analysis, while not capturing every 𝑐
𝑏

spatial detail (such as local starvation patches or diffusion differences between neighboring 
cells), is often enough to predict major phase transitions, like moving from a near‐desert 
outcome to a stable coexistence, without performing dozens of simulations. 
 

Comparison to Empirical Simulation Results 

Having established a mean‐field (MF) model in which we treat the entire grid as a single 
“average cell” (with average food F and average bacteria B), we next compared the MF 
predictions against the actual simulation’s final states under four different parameter 
configurations. These configurations varied the food growth rate ( ), the bacterial growth rate 𝑔

𝑓

, or the bacteria consumption rate ( ), all while the simulation itself included local (𝑔
𝑏
) 𝑐

𝑏

diffusion, partial starvation, and random reseeding. Our goal here is to see whether the simplified 
equations truly mirror the more detailed spatial model and to glean further insight into thresholds 
and stable states that the mean‐field approach might reveal. 

In practice, we observed that the mean‐field code often produced either a collapse to 

 for all parameter values, or a saturated equilibrium (e.g., very large  or ) (𝐹*,  𝐵*) = (0, 0) 𝐹* 𝐵*

for every parameter value, whereas the simulation displayed more nuanced outcomes - varying 
from near‐zero populations, to modest coexistence, to surprisingly large surges in food or 
bacteria. 



This discrepancy arises because our mean‐field approach lumps the entire system into a single 
equation. If, at any step, the bacteria’s total consumption demands exceed the newly grown food, 
the MF model effectively starves almost all bacteria at once. Subsequent steps cannot recover, 
and the system remains at ( ). By contrast, the actual simulation has local patches 𝐹 = 0,  𝐵 = 0
where food remains abundant, or pockets of bacteria that find just enough resources to survive. 
Over multiple spatial cells and repeated reseeding, these pockets can regrow, diffusing outward 
into areas of the grid that have had time to recover. Hence, the real system might persist with 
moderate or even high average bacteria - despite the mean‐field logic dictating a complete crash. 

Conversely, we also see parameter sets where the mean‐field saturates around high , (𝐹*,  𝐵*)
whereas the real simulation hovers at moderate or even lower values. There, the single‐cell 
perspective ignores local wavefronts of consumption and diffusion that dynamically keep overall 
food from saturating, or it neglects the partial starvation that might occur at the cell level. 
Additionally, random “+1” reseeding in the simulation can create local bursts of resource that 
keep the bacteria from uniform exhaustion. In short, the spatial simulation tends to produce more 
complicated “patchy” or wave‐driven patterns that defy a one‐number‐per‐step approach. 

Still, the mean‐field approximation usefully shows a fundamental threshold competition. If  is 𝑔
𝑓

sufficiently large relative to ​ and ​, one may expect a nonzero equilibrium of both food and 𝑐
𝑏

𝑔
𝑏

bacteria. If consumption or bacterial growth outstrips the net food replenishment in the mean 
sense, the system collapses. 

In the real simulation, local mechanisms soften or shift these thresholds, but broadly the same 
idea holds: above some minimal ​, the population surges; below that, it crashes. Our 𝑔

𝑓

partial‐starvation equations capture some aspects of these transitions - highlighting how a small 
difference in ​ can cause a qualitative change from near‐desert states to thriving coexistence. 𝑔

𝑓

 



Figure 11: I adjusted the parameters 4 times to see the difference (this exact figure is of the first 
parameters. I tested other 3 parameter changes as well but did not include all the figures). I first 
varied the food growth rate  at fixed ​ and ​, observing that both the MF and the actual 𝑔

𝑓
𝑐

𝑏
𝑔

𝑏

simulation recognized a threshold beyond which bacteria thrived. However, the MF often 
collapsed or jumped to near‐capacity, while the simulation maintained a more moderate 
outcome. When we increased the bacteria growth rate , the MF would sometimes starve 𝑔

𝑏

everything at once, whereas the detailed simulation formed patchy or wave‐like patterns 
allowing some bacteria to persist. In a third sweep, raising the consumption rate  again drove 𝑐

𝑏

the MF to  for most settings, while the simulation occasionally found localized (𝐹*, 𝐵*) = (0, 0)
pockets of survival. Finally, using shorter or longer max iterations in the MF approach shifted 
whether it converged to a very high equilibrium or zero, but rarely produced the same moderate 
results seen in the simulation.  

Overall, the MF equations reveal how a balance of logistic food growth, consumption, and 
reproduction can tip the system into crash or coexistence, yet the real simulation’s local diffusion 
and partial starvation smooth out these extremes - leading to less abrupt but still 
parameter‐sensitive outcomes. 

Examining the four parameter sweeps we performed, we indeed see that the simulation typically 
has a lower or more moderate final food and bacteria than the fully “optimistic” mean‐field 
would predict, or else it avoids the harsh all‐or‐nothing crash predicted by the MF code. This 
underscores how ignoring spatial granularity can lead to more extreme equilibria. Nonetheless, 
we can glean phase‐transition‐like insights from the mean‐field: for instance, once ​ passes 𝑔

𝑓

 in our runs, the simulation’s bacteria population begins to grow significantly, ∼ 0. 4 − 0. 5
roughly mirroring the mean‐field’s statement that “enough food growth triggers stable 
coexistence.” 

Throughout this report, we have progressed from the detailed implementation and testing of our 
bacteria-food simulation, through dynamic time-series and spatial distribution analyses, to 
systematic parameter sweeps that reveal the long-term equilibria of the system. These empirical 
sections illustrate how local interactions, diffusion, and random reseeding produce complex 
patterns and oscillatory behaviors in a spatially extended system. In parallel, our theoretical 
analysis - with its simplified mean-field model - provides a higher-level perspective by distilling 
these dynamics into key thresholds and equilibrium conditions. Together, the empirical and 
theoretical approaches form a coherent narrative, demonstrating that while local effects moderate 
the extremes predicted by a global average, the balance between logistic food growth and 
bacterial consumption/reproduction ultimately governs whether the system collapses or sustains 
stable coexistence. 

 



AI Statement: I used an AI tool to assist in debugging my code and refining my approach. For 
example, when my mean-field model was always returning zero, the AI helped me identify that I 
needed to store the iterative values in lists to capture the full evolution of the system, rather than 
just the final step. Additionally, the tool provided suggestions on how to better compare the 
theoretical predictions with the empirical simulation results, clarifying concepts like partial 
starvation and threshold effects. I used the AI in a similar way for aspects of the empirical 
simulation, treating it as a research resource to inspire and validate my own coding and analytical 
decisions. 


































































