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Abstract:  Online  parameter  adaptation  and  biomass  protection  can  alter  a  continuous  fermentation 
differently during steady operation,  activity loss and startup.  We execute a two-state Monod chemostat 
simulation with 24 independently fitted kinetic models, five conditions and four dilution policies, giving 480 
eighty-hour episodes.  The policies are a  frozen steady optimum, an online adaptive steady optimum, a 
protected  adaptive  rule  and  a  truth-informed  protected  reference.  No  predictive  controller,  physical 
fermentation  or  organism-specific  dataset  is  claimed.  After  a  maximum-growth drop,  mean cumulative 
biomass harvest is 25.54 for the frozen rule, 34.48 for adaptation and 37.78 for protected adaptation in 
normalized units; only the frozen rule crosses the biomass floor. Under substrate-poor startup, protected 
adaptation yields 86.07 versus  frozen 77.13 and truth-informed reference 78.58,  demonstrating that  the 
reference is not a finite-horizon optimum. Adaptation instead reduces harvest under optical drift. The lower 
growth value used for protection is a heuristic, not a validated confidence bound or safety certificate. All 
figures and performance quantities are reproducible synthetic outputs, with a generated laboratory scene 
excluded from quantitative evidence.
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1 Continuous operation and the value of adaptation
Continuous fermentation creates a direct coupling between production and biomass retention. Increasing 

dilution can harvest more cells per unit time, but it also removes the population responsible for converting 
substrate. A dilution chosen from a nominal steady-state model may remain attractive during stable operation 
and become excessive after growth activity declines. Online adaptation offers a response, yet an estimator can 
also react to measurement drift or a transient that its simplified update does not describe well. The question is 
therefore not whether a parameter changes, but whether changing the dilution on the basis of that estimate 
improves the complete trajectory. The early chemostat description [1] and continuous-culture analysis [2] 
establish the physical setting for this balance.

This numerical study asks when a simple online growth update adds value to a steady-productivity policy 
and whether an additional biomass-dependent dilution cap changes that value. We execute a two-state Monod 
chemostat with four policies under nominal operation, an activity drop, an affinity change, optical drift and 
substrate-poor startup. Every quantitative observation, kinetic training pair and process trajectory is synthetic. 
There is no organism-specific recipe, laboratory culture, pilot vessel or physical sensor run. The model is a 
controlled example that permits the policy mechanisms to be inspected without attributing performance to an 
unreported fermentation experiment.
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The distinction between steady optimization and transient control is central. A dilution that maximizes 
equilibrium  biomass  harvest  need  not  maximize  harvest  over  an  80-hour  episode  beginning  far  from 
equilibrium. An adaptive policy can also use its estimate in a way that is beneficial for one disturbance and 
harmful for another. Our four rules are deliberately simple: a frozen equilibrium optimum, an online adaptive 
equilibrium optimum, that adaptive rule with a protective cap and a reference using true kinetic parameters in 
the same protected construction. None solves a receding-horizon optimization problem. The truth-informed 
rule is consequently a reference for information access, not an upper bound on achievable finite-horizon 
production.

The topic  connects  to  a  substantial  modeling tradition.  Hybrid  first-principles  neural  models  [3]  and 
process  modeling with prior  knowledge [4]  combine mechanistic  structure with data-based components. 
Recent work uses historical fermentation data for hybrid modeling and predictive control [5], and a 2025 
preprint develops adaptive predictive control for fed-batch cultivation [6]. Those methods motivate careful 
separation of learning, model structure and executed command. The present calculation does not implement 
their architectures or claim their guarantees. It tests a small transparent adaptation rule that can be reproduced 
from the equations and code supplied here.

The contribution is an executed comparison rather than a prospective protocol. Twenty-four independent 
nonlinear  kinetic  fits  initialize  480 control  episodes  across  five  conditions  and four  policies.  We report 
cumulative biomass harvest, substrate outflow and actual biomass-floor crossings. Results include favorable 
and unfavorable adaptation outcomes and a startup case in which protected adaptation exceeds the truth-
informed reference on finite-horizon harvest.  The analysis explains that result without treating imperfect 
parameter estimates as intrinsically superior to true kinetics. A generated laboratory scene provides visual 
context but supplies no training data, process measurements or performance evidence.

Figure 1. Generated laboratory illustration at left, excluded from all quantitative evidence; executed synthetic kinetic families 
and equilibrium productivity at right. The photograph-like scene does not depict a performed experiment.
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2 Synthetic process and equilibrium objective
The plant contains biomass concentration X and growth-limiting substrate concentration S in a constant-

volume, perfectly mixed vessel.  Dilution D represents matched feed and harvest flow divided by vessel 
volume.  Feed substrate  concentration is  ten normalized units  and biomass  yield is  0.5.  Specific  growth 
follows a saturating Monod form with maximum growth m and affinity constant K. The nominal values are 
0.42 per hour and 0.5 respectively. These normalized concentrations define a numerical process family. They 
are not calibrated to a species, medium or actual reactor. The time unit is hours, making dilution and growth 
rates directly comparable within the model.

μ(S )=mS / (K +S ) (1)

d X / d t = [ μ(S )-D ]X (2)

d S / d t =D (Si n - S )- μ(S )X /Y (3)

The  model  omits  maintenance,  inhibition,  product  formation  and  population-density  effects.  Pirt's 
maintenance analysis [7], the Contois relation between population density and growth [8] and inhibitory-
substrate modeling [9] identify mechanisms outside this construction. Luedeking and Piret's fermentation 
kinetics  [10]  also  distinguish  product  formation  from biomass  growth.  We therefore  call  the  integrated 
biomass outflow harvest rather than claiming a product titer or metabolite yield. These omissions are not 
hidden inside a  learned correction.  They delimit  the  numerical  question:  how a simple  growth-adaptive 
dilution interacts with biomass and substrate dynamics when the declared plant family is known.

For a positive steady state at a constant dilution below the washout boundary, growth equals dilution. 
Solving the Monod relation gives the equilibrium substrate concentration, and the substrate balance then 
gives biomass. Multiplying biomass by dilution yields the steady biomass-harvest rate. Differentiating that 
expression produces the unconstrained interior optimum used by the steady policies. The optimum depends 
on the maximum growth and affinity estimates but not on a predicted future trajectory. It is a static operating 
target. The derivation applies to the declared model and should not be transferred to a fermentation with 
inhibition, varying yield or additional oxygen constraints without rederiving its objective.

S*=K D / (m -D ) (4)

X*=Y (Si n - S
*) (5)

D*=m [1-√ {K / (K + Si n )}] (6)

The  nominal  optimum  is  approximately  0.328  per  hour.  It  is  feasible  below  the  nominal  washout 
threshold, but it exceeds the maximum growth after the activity-drop condition changes m to 0.14. A frozen 
policy can then remove biomass faster than even substrate-saturated growth can replace it. This relationship 
predicts a qualitative failure mechanism before simulation. It does not quantify the finite-horizon loss, the 
recovery time of an adaptive rule or the effect of a biomass-dependent cap. Those quantities require the 
executed trajectories. The equilibrium curve in Figure 1 is therefore analytical context, whereas the later 
figures and tables describe actual numerical episodes.

State integration uses a fourth-order Runge–Kutta scheme with 0.1-hour steps. Each dilution command is 
held for one hour, during which ten integration steps are taken. Positivity is checked after every step and all 
executed states remain positive. This is a numerical consistency check, not a proof of positivity for every 
possible parameter or command. There is no stochastic process noise in the plant. Variability comes from 
independently fitted training data and noisy biomass observations used by the controller. The deterministic 
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truth-informed trajectories are consequently identical across replicates in conditions where its state-dependent 
protection is inactive and observations do not affect commands.

The normal initial state is biomass 0.7 and substrate six. Substrate-poor startup instead begins at biomass 
0.48 and substrate 0.02, close to the diagnostic biomass floor 0.45. Initial biomass is above the floor in every 
case.  The  floor  is  not  a  washout  definition  or  a  biological  viability  threshold.  It  is  an  explicit  control 
diagnostic chosen for this synthetic process. A trajectory can remain above it while suffering poor harvest, 
and crossing it does not immediately make biomass mathematically zero. Keeping this distinction permits the 
experiment to report production and retention separately rather than equating any one threshold with the 
whole process outcome.

Table 1. Executed synthetic chemostat and learning design. Biomass and substrate are normalized concentrations.

Quantity Value Role

Nominal kinetics Maximum growth 0.42 per h K 
0.5 Monod function with yield 0.5

Feed substrate 10 normalized units Constant feed concentration

Training per replicate 100 substrate growth pairs Noisy kinetic data independent of control

Training noise SD 0.008 per h Nonlinear least-squares fit of two parameters

Control episodes 24 replicates 5 cases 4 rules 480 paired numerical policy episodes

Integration and control 0.1 h and 1 h RK4 state integration and held commands

Biomass floor 0.45 normalized units Diagnostic threshold used by protected policies

3 Kinetic fitting and online information
Each of 24 replicates begins with 100 independently sampled substrate values between one and nine. Their 

growth labels follow the nominal Monod relation plus independent normal noise with standard deviation 
0.008 per hour. A bounded nonlinear least-squares fit estimates maximum growth and affinity. The lower 
bounds are 0.05 and 0.03, and upper bounds 0.8 and four respectively. This is an actual executed fit, not a 
coefficient selected to match a desired control result.  Its data are independent of the subsequent control 
trajectories. The fitted maximum growth has mean approximately 0.42001 and standard deviation 0.00188; 
the fitted affinity has mean 0.50015 and standard deviation 0.02109.

(m̂ 0 , K̂ )=ar gmi nm,K∑i [ gi -mSi / (K + Si )]
2 (7)

The substrate sensor is  exact  in this  study. Biomass observation is  the actual  state multiplied by the 
exponential of a normal innovation with standard deviation 0.015. The same innovation sequence is shared 
across  the  four  policies  within  one  replicate  and  condition,  although  their  states  differ  because  their 
commands differ. Under optical drift, a deterministic log bias grows by 0.035 per hour after hour 30. The 
resulting observation remains positive, permitting logarithmic updates. This measurement model does not 
reproduce an actual optical probe or turbidity calibration. It  supplies a known disturbance to distinguish 
changes in observed biomass from changes in generating growth kinetics.
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After each hour, an approximate maximum-growth observation is formed from the change in log observed 
biomass,  the  previous  held  dilution  and  previous  substrate.  The  update  treats  the  previous  substrate  as 
representative  of  the  growth over  that  interval.  That  approximation can be  poor  during a  fast  substrate 
transient. Dividing by a small previous substrate amplifies the resulting mismatch as well as observation 
noise. The code does not conceal this issue by using the true instantaneous growth. It is particularly relevant 
to the startup experiment, where the substrate begins at 0.02 and changes rapidly after feed enters.

m̃ t= [ l o g( x t / x t -1)+Dt -1 ](K̂ +St -1) / St -1 (8)

The online maximum-growth estimate is an exponentially weighted update with weights 0.8 and 0.2, 
clipped between 0.03 and 0.8. The affinity estimate remains frozen at its training value. Thus the procedure 
has  only  one  adapting  kinetic  parameter.  An  affinity  change  can  be  absorbed  partly  into  an  effective 
maximum-growth  estimate  without  correctly  identifying  the  underlying  kinetic  cause.  This  is  a  model-
misspecification  issue  in  the  sense  that  a  fitted  parameter  can  describe  a  changed  relationship  without 
retaining its original physical meaning [11]. It is not evidence that the algorithm has separately estimated both 
maximum growth and affinity from the episode.

m̂ t=c l i p(0 .8m̂ t -1+0 .2m̃ t ,0 .03 ,0 .8 ) (9)

A second exponentially weighted quantity tracks squared update innovations, using weights 0.85 and 0.15. 
The initial value is the square of 0.008. The heuristic lower growth value subtracts 1.64 times its square root 
from the updated maximum-growth estimate, with a floor of 0.03. The familiar-looking multiplier does not 
make  this  a  validated  confidence  interval.  Residuals  are  not  independent  parameter-estimation  errors, 
transient approximation bias is present and clipping alters the distribution. We report the fraction of control 
times at which this lower value lies below true maximum growth only as an empirical diagnostic. It is not a 
probability guarantee for a future episode.

ml ow=ma x (0 .03 ,m̂ t -1 .6 4 √ {v t }) (10)

The online  rule  is  also distinct  from a Kalman filter  [12].  There  is  no state  covariance propagation, 
measurement update derived from a likelihood or joint estimation of latent biomass. More elaborate scientific 
learning methods, including physics-informed networks [13], sparse equation discovery [14] and coordinate 
discovery  [15],  address  other  combinations  of  structure  and  data.  Citing  these  approaches  provides 
methodological context, not a claim that they were executed. The present model learning consists of the 
initial two-parameter nonlinear fit and the explicitly stated scalar online update. Its simplicity makes the 
information pathway and its failure modes reviewable.

4 Dilution policies and protection mechanism
The frozen steady rule applies the equilibrium-optimal dilution computed from its initial fitted parameters 

throughout the episode. It continues to calculate the online estimate for logging but does not use that estimate 
in its commands. The adaptive steady rule substitutes the current maximum-growth estimate into the same 
equilibrium formula while retaining the fitted affinity. Both commands are clipped to the actuator interval 
from 0.01  to  0.38  per  hour.  The  distinction  between  calculating  an  estimate  and  granting  it  command 
authority is important: a diagnostic estimate can be wrong without altering the frozen policy, whereas the 
same estimate directly changes the adaptive policy's dilution.

Protected adaptation begins with the adaptive steady target and caps it using a state-dependent expression. 
The cap combines the heuristic lower growth at current substrate with a recovery term that becomes small 
near the observed biomass floor. If the observed biomass is high, the cap can permit a dilution above the 
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lower  growth  value  because  the  recovery  term  allows  some  decline.  Near  the  floor  it  becomes  more 
restrictive.  This  construction  is  motivated  by  the  derivative  of  log  biomass  relative  to  a  floor,  but  the 
implementation uses noisy observations, a heuristic rate and hourly held commands. It is therefore evaluated 
empirically rather than presented as a formal control-barrier certificate.

D≤ml ow S / (K̂ +S )+0 .12(1- Xmin / x ) (11)

After taking the smaller of the steady target and this cap, dilution is again clipped to the actuator interval. 
The positive lower actuator bound can override a proposed cap below 0.01. This means the mathematical cap 
is not always enforceable. Moreover, a cap checked at the beginning of one hour does not automatically 
guarantee  its  validity  throughout  that  hour.  These  implementation  details  matter  for  interpreting  zero 
observed  floor  crossings.  Formal  learning-based  control  research  supplies  stronger  assumptions  and 
guarantees in other settings [16] [17]. We do not import those guarantees into this heuristic controller merely 
because it also restricts an adaptive command.

The truth-protected reference uses generating maximum growth and affinity in both the equilibrium target 
and growth part of the cap. It still uses the same noisy observed biomass in the recovery term. It is therefore 
truth-informed about kinetics rather than omniscient about every state and future. More importantly, it uses 
the  same steady-target  architecture  instead of  optimizing cumulative  harvest  over  80 hours.  A different 
transient policy can outperform it on that finite-horizon objective. This is not a paradox or evidence that true 
parameters are disadvantageous. It distinguishes information quality from the quality of the decision rule that 
consumes the information.

Five conditions are executed. Nominal kinetics and observation behavior remain unchanged in the first. 
The  activity-drop  condition  changes  maximum growth from 0.42  to  0.14  at  hour  30.  The  affinity-shift 
condition changes K from 0.5 to 1.8 at that hour. Optical drift leaves plant kinetics nominal and changes the 
biomass observation bias. Poor startup changes only the initial state. Each condition is evaluated with all four 
policies for 80 hours in every replicate, giving 480 episodes. The design does not combine disturbances 
within one episode or search their severities after observing which policy wins.

Cumulative biomass harvest integrates dilution times actual biomass, while substrate outflow integrates 
dilution times actual substrate. Both are accumulated with trapezoidal integration over the 0.1-hour plant 
steps. The second is called an outflow proxy rather than waste cost because no price, environmental impact or 
disposal process is modeled. Floor diagnostics use actual integrated biomass, not its biased observation. An 
hour is counted if any of its integration steps has biomass below 0.45. The episode crossing fraction is the 
proportion of 24 replicates with at least one such hour. This definition differs from measuring the exact 
continuous time spent below the floor.

H = ∫ 0
T D X d t ,W = ∫ 0

T D Sd t (12)

5 Executed production and retention outcomes
Under nominal operation the policies perform similarly. Mean harvest is 86.335 for the frozen rule, 86.368 

for both adaptive rules and 86.341 for the truth-informed reference. No episode crosses the biomass floor. 
The equality between adaptive and protected adaptation means the cap does not alter their realized commands 
in this condition. The small harvest difference from the frozen rule is not a convincing universal benefit of 
adaptation; it is a finite simulated difference under noisy observations and closely fitted nominal parameters. 
The important finding is that the additional protection does not impose a detectable production penalty here 
because its constraint is inactive.
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After the activity drop, the frozen policy harvest falls to 25.537 and every episode crosses the floor. Its 
mean  minimum  biomass  is  approximately  0.000207,  while  its  fixed  dilution  remains  above  the  new 
maximum growth. Adaptive steady operation increases harvest to 34.477 and has no floor crossing in these 
runs. Protected adaptation increases harvest further to 37.782, with the truth-informed reference reaching 
41.422. These values establish that adaptation responds usefully to a genuine kinetic loss under the chosen 
timing and severity. They also show that protecting the transient can improve total production even when 
unprotected adaptation already avoids the chosen floor.

Figure 2. Biomass time courses for the first replicate under four nonnominal conditions. The dotted line is the normalized 
biomass floor 0.45. Truth-informed protection is a reference policy, not an optimal-control bound.

The activity-drop substrate outflow is 209.011 for the frozen rule, compared with 92.520 for adaptive 
steady,  81.868  for  protected  adaptation  and  67.785  for  the  truth-informed  reference.  The  frozen  rule 
continues feeding and discharging substrate as the converting biomass declines. Reducing dilution gives the 
remaining population time to use substrate and retain biomass. This explanation follows the plant balances 
and the actual command architecture. It is not a claim of measured resource savings in a factory. The input 
and output quantities are normalized, and total feed also changes with dilution, so the outflow comparison 
should not be relabeled as substrate conversion efficiency without accounting for the full material balance.

Table 2. Mean cumulative biomass harvest over 80 hours in normalized units. Columns use the same independently fitted 
training models and paired observation innovations.

Condition Frozen Adaptive Protected Truth reference

Nominal 86.335 86.368 86.368 86.341

Activity drop 25.537 34.477 37.782 41.422

Affinity shift 56.414 63.971 63.971 65.584
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Condition Frozen Adaptive Protected Truth reference

Optical drift 86.335 83.719 83.719 86.341

Poor start 77.125 66.460 86.073 78.583

The affinity shift produces a different result. Harvest is 56.414 for frozen operation, 63.971 for either 
adaptive rule and 65.584 for the truth-informed reference. No policy crosses the floor. Adaptation helps even 
though  it  does  not  update  affinity  directly.  Its  effective  maximum-growth  estimate  responds  to  slower 
observed growth and changes the steady dilution target. Protected adaptation is identical to adaptive steady 
because the cap does not  become the active command limitation.  The result  supports  useful  operational 
compensation under this specific mismatch. It does not show correct identification of the changed K or justify 
interpreting the scalar online estimate as a recovered biological maximum.

Optical drift reverses the adaptation benefit. Plant kinetics stay nominal, so the frozen rule retains harvest 
86.335. Both adaptive policies instead yield 83.719, while the truth-informed reference gives 86.341. Their 
substrate outflow rises to 107.036 compared with the frozen 87.414. The observed biomass increase is partly 
instrumental, but the logarithmic update treats its trend as evidence of growth. In this case the protective cap 
does not alter the adaptive commands, so it provides no remedy. Zero floor crossings therefore coexist with a 
production loss. Biomass protection and correct interpretation of the sensor are distinct requirements.

Table 3. Mean cumulative substrate-outflow proxy over 80 hours. This is unconsumed substrate leaving the vessel, not a 
monetary or environmental impact.

Condition Frozen Adaptive Protected Truth reference

Nominal 87.414 87.063 87.063 87.397

Activity drop 209.011 92.520 81.868 67.785

Affinity shift 147.257 86.810 86.810 92.718

Optical drift 87.414 107.036 107.036 87.397

Poor start 99.413 127.091 35.661 91.241

Poor startup produces the most instructive policy ranking. Frozen harvest is 77.125 and adaptive steady 
harvest  falls  to  66.460.  Protected  adaptation  reaches  86.073,  exceeding  the  truth-informed  reference  at 
78.583. Substrate outflow is 35.661 for protected adaptation, compared with 99.413, 127.091 and 91.241 for 
frozen, adaptive and reference rules. No episode crosses the floor, although unprotected minimum biomass 
approaches it. The initial low substrate makes the scalar update transiently unreliable, and protection retains 
biomass while limiting early dilution. The observed advantage is a finite-horizon trajectory effect,  not a 
theorem that a more conservative estimate or an imperfect model always produces more harvest.

6 Explaining the transient tradeoffs
The startup command trace in Figure 5 makes the mechanism visible. In the first replicate, frozen and 

adaptive  rules  initially  choose  dilution  about  0.328  per  hour.  After  the  first  interval,  the  approximate 
maximum-growth observation drives the online estimate to its upper clip 0.8. The adaptive command reaches 
the actuator maximum 0.38. Protected adaptation instead starts near 0.023 and remains near 0.020 in the next 
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interval before rising gradually. The truth-informed protected rule also starts near 0.023 but increases more 
rapidly  once  substrate  rises.  These  are  executed  commands  from  a  fixed  replicate,  not  an  optimized 
explanation fitted after the fact.

Figure 3. Mean cumulative harvest and fraction of episodes crossing the biomass floor across 24 replicates per condition and 
policy. Every episode lasts 80 hours.

The startup update fails to describe a fast-changing interval because it  divides an average log-growth 
signal by the very small previous substrate. Substrate increases during that hour, so actual integrated growth 
is not well represented by the initial substrate value. The estimated maximum growth can therefore be high 
even without a real kinetic increase. The innovation variance also becomes large, driving the heuristic lower 
value to its floor. In protected adaptation that conservative quantity restrains dilution for several early hours. 
The result  is beneficial  in this particular startup,  but the benefit  comes from an interaction of estimator 
approximation and policy structure, not from accurate early parameter recovery.

At the end of poor-start episodes, mean biomass is approximately 4.108 for protected adaptation and 4.104 
for the truth-informed reference; final substrate is approximately 1.785 and 1.791. Thus the higher protected 
harvest is not explained by leaving a dramatically depleted terminal biomass state. The trajectories approach 
similar final operating regions but spend the startup differently. This check does not turn the heuristic into a 
finite-horizon optimum. Other policies, horizons or terminal costs could change the ranking. It does show that 
the reported harvest comparison is more than a final-state accounting artifact within the executed 80-hour 
episodes.

Figure 4 compares the protected policy's online estimate, heuristic lower value and generating maximum 
growth during activity loss and optical drift. The lower-value diagnostic lies below the true rate at about 97.5 
percent of control times after pooling the complete activity-drop episodes, and about 84.8 percent in optical 
drift.  Those  fractions  include  long  periods  before  or  after  transitions  and  are  not  calibrated  coverage 
probabilities. In the activity-drop case, the truth changes abruptly and the update reacts with delay. In optical 
drift,  the  estimator  sees  a  persistent  extra  log-growth term.  A quantity  called lower cannot  be  assumed 
conservative simply from its algebraic form.
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Figure 4. Online maximum-growth estimate, heuristic lower value and generating rate in the protected adaptive policy for 
activity loss and optical drift. The lower value is not a calibrated statistical confidence bound.

Table 4 records actual biomass outcomes. Only frozen activity-drop episodes cross the floor in this design, 
with an average of 40 flagged hours. The startup cases remain above it for all policies, but their mean minima 
differ: approximately 0.4564 for frozen, 0.4534 for adaptive steady and 0.4800 for both protected policies. 
Reporting only crossing fractions would conceal those margins. Conversely, reporting only the minimum 
would miss the production cost and substrate behavior. The study therefore retains all three dimensions rather 
than reducing performance to one safety-versus-productivity slogan. The selected floor is a diagnostic, not a 
complete definition of acceptable fermentation operation.

Table 4. Biomass outcomes across 24 episodes per row. Minimum is the mean of within-episode minima; crossings and 
below-floor hours use actual integrated states.

Condition Policy Mean minimum Crossing fraction Below-floor hours

Nominal Frozen steady 0.7000 0.000 0.00

Nominal Adaptive steady 0.7000 0.000 0.00

Nominal Protected adaptive 0.7000 0.000 0.00

Nominal Truth protected 0.7000 0.000 0.00

Activity drop Frozen steady 0.0002 1.000 40.00

Activity drop Adaptive steady 0.7000 0.000 0.00

Activity drop Protected adaptive 0.7000 0.000 0.00

Activity drop Truth protected 0.7000 0.000 0.00
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Condition Policy Mean minimum Crossing fraction Below-floor hours

Affinity shift Frozen steady 0.7000 0.000 0.00

Affinity shift Adaptive steady 0.7000 0.000 0.00

Affinity shift Protected adaptive 0.7000 0.000 0.00

Affinity shift Truth protected 0.7000 0.000 0.00

Optical drift Frozen steady 0.7000 0.000 0.00

Optical drift Adaptive steady 0.7000 0.000 0.00

Optical drift Protected adaptive 0.7000 0.000 0.00

Optical drift Truth protected 0.7000 0.000 0.00

Poor start Frozen steady 0.4564 0.000 0.00

Poor start Adaptive steady 0.4534 0.000 0.00

Poor start Protected adaptive 0.4800 0.000 0.00

Poor start Truth protected 0.4800 0.000 0.00

7 Relation to bioprocess learning and control
Recent primary work demonstrates several more elaborate control directions. Batch-to-batch optimization 

using recursively updated extreme learning machines [18] and a fermentation digital-twin case study [19] 
address learning at different time scales and with different process representations. Historical-data hybrid 
modeling for recombinant fermentation [5] connects data availability to predictive control development. The 
adaptive fed-batch preprint [6] explicitly concerns a different process configuration and controller. These 
papers are cited within the 2025 horizon as domain research, while the present chemostat uses only the 
disclosed  steady  rule  and  scalar  adaptation.  It  would  be  inaccurate  to  describe  its  numerical  results  as 
evidence for a neural predictive controller.

Primary 2024 studies also span temperature and feed-related control. Ethanol temperature control with a 
particle-swarm-tuned  PID  strategy  [20],  lysozyme  temperature  control  [21]  and  reinforcement-learning 
bioreactor temperature control [22] concern manipulated variables and dynamics absent from our two-state 
model. Koopman modeling with switching operators [23] and predictive control with cell recycling [24] use 
additional structural information. We do not transfer their empirical or simulation advantages to our dilution 
policies.  Their  relevance is  that  the  meaning of  a  learned model  depends on the  process  configuration, 
command authority and performance quantity that is actually evaluated.
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Figure 5. Early dilution commands during substrate-poor startup and episode-level cumulative substrate-outflow versus 
biomass-harvest tradeoffs. All axes use normalized synthetic quantities except time and dilution rate.

A globally stabilizing continuous-ethanol controller [25] makes the startup issue particularly salient, while 
fermentation-kinetics optimization for lysine [26] illustrates the coupling of fitted kinetics and operating 
decisions.  Biosensing  microchips  for  ethanol  inhibition  control  [27]  concern  a  physical  measurement 
technology  rather  than  the  abstract  optical-drift  model  used  here.  These  studies  are  not  substitutes  for 
validating our heuristic, and our simulated sensor is not a model of those devices. The comparison instead 
shows why learning and sensing must be evaluated through their effects on a trajectory. A parameter estimate 
can look responsive while directing the plant toward a less useful operating history.

The distinction between protection and optimization should remain explicit. The biomass cap is a local 
rule motivated by a derivative condition,  while the objective used to propose dilution is steady harvest. 
Formal  safe  learning  and  data-driven  predictive-control  results  [16]  [17]  require  specific  uncertainty, 
feasibility and sampling assumptions. Our noise, approximate update, actuator floor and hourly hold do not 
satisfy a demonstrated theorem of that kind. Zero observed crossings are finite experimental outcomes. They 
support  comparing  the  executed  policies,  not  claiming  certified  safety,  robust  invariance  or  guaranteed 
recovery for every initial state and disturbance.

Computationally,  the  experiment  uses  a  standard  nonlinear  least-squares  implementation  and  explicit 
integration, within the scientific-computing ecosystem described by SciPy [28]. The code records the initial 
fits, all episode metrics and complete first-replicate paths. There is no hidden training schedule or policy 
search. Parameters controlling update weights, clipping and protection are fixed before the factorial episodes. 
A different tuning could change outcomes, but we do not choose it using the test results. This simple structure 
permits the observed optical-drift loss and startup gain to remain part of the same evidence rather than being 
removed through condition-specific retuning.

8 Parameter information and finite horizon decisions
The initial kinetic fit is deliberately favorable but not noiseless. Training substrates lie between one and 

nine, mostly above the nominal affinity value 0.5. In that range the growth curve approaches its maximum, so 
maximum growth can be estimated more tightly than affinity.  The fitted standard deviations reflect this 
difference: approximately 0.00188 for maximum growth and 0.02109 for affinity. These are across-replicate 
fitting variations, not posterior uncertainty intervals supplied to the controller. The online protection variance 
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begins from a separate fixed number and then follows innovations. It should not be interpreted as propagating 
the covariance of the original two-parameter nonlinear fit.

The affinity-shift experiment highlights practical compensation without mechanistic identification. When 
K rises, the same substrate supports less specific growth. The scalar update still divides by the old fitted K 
relationship and returns an effective maximum-growth value. Lowering dilution in response can improve 
harvest even though the estimate has the wrong physical interpretation. This is useful for control within a 
limited operating range, but it can fail when the process moves to a different substrate regime. A single 
effective parameter cannot generally reproduce both the low-substrate slope and high-substrate plateau of a 
changed  Monod  curve.  The  reported  benefit  therefore  concerns  executed  operational  adaptation,  not 
discovery of the true changed kinetics.

The  activity-loss  case  is  different  because  its  maximum-growth  change  lies  within  the  adapting 
parameter's meaning. The update has a more direct path to compensating the disturbance. Even here it reacts 
through noisy finite differences and a smoothing lag, so protection can change the transient while the estimate 
catches up. Relative to the frozen rule, protected adaptation raises mean harvest by approximately 47.95 
percent in this condition and wins in all 24 paired replicates. Under affinity shift the corresponding gain is 
approximately 13.40 percent, again with 24 paired wins. These counts describe the executed disturbance 
family  and  paired  innovations.  They  do  not  establish  an  independent  probability  of  success  for  a  real 
fermentation campaign.

Optical drift gives 24 paired losses for protected adaptation relative to frozen operation, with mean harvest 
reduction approximately 3.03 percent. This result remains in the same comparison because no condition-
specific tuning is allowed. A controller that adapts only when a genuine biological change occurs would need 
information that  the current  scalar observation pathway does not  possess.  The simulation supplies exact 
substrate  but  no  independent  biomass  assay  or  sensor-drift  estimator.  A persistent  rise  in  log  observed 
biomass  can  therefore  be  interpreted  as  growth.  The  biomass  cap  is  inactive  and  cannot  solve  this 
identification  ambiguity.  Protecting  a  state  threshold  and  validating  a  measurement  trend  are  separate 
mechanisms in the executed architecture.

Protected adaptation wins all 24 poor-start comparisons with frozen operation, with mean harvest gain 
approximately 11.60 percent. Its harvest standard deviation is 2.8530, much larger than the 0.2880 frozen-
rule value. The advantage is therefore accompanied by greater sensitivity to the sampled training fit and 
observation sequence. Reporting only the mean would conceal that spread. The supplied example path helps 
explain one realization, while the replicate outputs retain the distribution. We do not claim that the protection 
rule is tuned to minimize variance or that its startup result will persist for every initial substrate, biomass floor 
or adaptation gain.

A  material-balance  interpretation  prevents  another  overstatement.  In  this  constant-volume  model  the 
combination  of  substrate  and biomass  expressed in  substrate-equivalent  units  changes  through feed  and 
outflow. Increasing dilution changes the amount of feed entering over 80 hours as well as the harvested 
biomass and unconsumed substrate leaving. Cumulative harvest divided by substrate outflow is consequently 
not a conversion yield. The latter would require a denominator accounting for feed, initial inventory and 
terminal inventory. We report harvest and outflow as separate observed simulation integrals. The terminal-
state check supports comparison of trajectories, but it does not replace a complete resource or economic 
accounting model.

The protective cap also changes substrate residence time. Lower early dilution retains biomass but admits 
feed more slowly. Depending on the initial state, either effect could dominate. In the executed poor start, the 
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cap allows biomass to increase while substrate remains relatively low, then releases dilution gradually. The 
truth-informed steady target is released sooner and moves the vessel through a different startup history. That 
difference explains how a policy with poorer early parameter estimates can accumulate more harvest over a 
fixed horizon. It is the decision architecture and transient path that matter. Replacing the reference with an 
actual finite-horizon optimizer would be a different comparison and could produce a different ordering.

The hourly command period is part of this result. The log update uses a full interval, while the plant can 
change substantially inside it. Faster sampling could reduce some transient approximation error, but it could 
also change the noise amplification in finite differences. Slower sampling would produce another balance 
between integrated growth and the previous substrate approximation. We do not vary the command period 
and therefore do not infer its optimal value. The declared one-hour hold and 0.1-hour integration step specify 
the actual numerical system whose performance is reported. This precision matters because a continuous-time 
protective inequality is only one ingredient of a sampled implementation.

The actuator  clipping is  equally substantive.  An upper  limit  of  0.38 prevents  the  adaptive  rule  from 
executing arbitrarily large dilution after an inflated estimate. A lower limit of 0.01 means the system never 
shuts feed and harvest completely. The lower clip can override a very restrictive cap, while the upper clip can 
limit a nominal steady target. Both are applied to the final command rather than merely described as desired 
operating  limits.  No rate-of-change  constraint  or  pump dynamics  is  modeled.  The  trajectories  therefore 
include exact held dilution changes that a physical actuator might not reproduce. This is another boundary 
between the synthetic mechanism and a deployable fermentation controller.

The five conditions also should not be pooled into one unqualified controller ranking. Their frequencies 
are experimental design choices, not a distribution of expected plant incidents. Averaging all episodes would 
assign equal weight to nominal operation, a severe activity loss, an affinity change, optical drift and one 
startup. A different mix could favor a different policy. Reporting the factorial rows preserves the conditions 
under which adaptation helps or hurts. The episode tradeoff scatter is descriptive of those 480 numerical runs, 
not  an estimate of  the long-run operating population.  Choosing a preferred controller  would require the 
intended operating scenarios and objectives to be stated separately.

Finally,  the  study illustrates  how to make a  compact  adaptive-control  claim reviewable.  The learned 
quantities,  observation model,  command formula,  integration scheme and actual evaluation target  are all 
explicit. The same estimator can be logged without command authority, used in a steady target or restricted 
by another rule, enabling a direct comparison of information and action. Favorable production, unfavorable 
drift response and a nonoptimal truth-informed reference remain visible together. That combination is the 
scientific result. It supports investigating richer estimation or optimization while avoiding the unsupported 
conclusion that adding learning, adding protection or supplying true parameters must improve every metric in 
every transient.

The replicate definition is also important. The 24 fits and innovation sequences do not represent different 
microbial  strains  or  independent  laboratory  campaigns.  They are  numerical  realizations  of  one  nominal 
kinetic-training experiment followed by paired policy episodes. True plant parameters are fixed within each 
declared condition apart from its specified change. The observed spread therefore measures sensitivity to 
those synthetic data and observation draws, not biological diversity. This restricted interpretation makes the 
paired comparisons useful without overstating their scope. It also explains why a truth-informed policy can 
have zero harvest variation when its executed command is independent of those draws.
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9 Limits and reproducible conclusions
The model excludes many important bioprocess constraints. Dissolved oxygen, pH, temperature, mixing, 

contamination,  product  inhibition,  byproduct  formation  and  biomass  composition  are  absent.  Feed 
concentration and yield are fixed, and substrate is observed without noise. The plant uses the same growth 
family  as  the  initial  fit,  except  for  declared  parameter  changes.  Real  fermentation  can  violate  those 
assumptions in multiple ways at once. The present results are therefore mechanistic synthetic evidence for a 
small control architecture. They do not establish a viable operating recipe, a physical sensor specification or 
expected production improvement for any actual organism.

The protection quantity is heuristic and its lower clipping value can exceed an actual rate in a more severe 
disturbance. The actuator minimum can also prevent execution of the proposed cap. No explicit feasibility 
test, emergency shutdown or guaranteed fallback is modeled. These details prevent a formal safety claim 
even though  protected  policies  avoid  the  selected  floor  in  all  executed  conditions.  Similarly,  the  truth-
informed reference is neither a perfect-state observer nor a finite-horizon optimizer. Its lower startup harvest 
is an architectural result. Interpreting it as an upper bound would incorrectly convert a useful comparison into 
a claim about optimal control that the code does not solve.

Reproduction  requires  NumPy,  pandas,  SciPy and  Matplotlib.  The  self-contained  script  generates  24 
kinetic  datasets,  fits  their  parameters,  executes  all  480  episodes  and  writes  training_fits.csv,  runs.csv, 
summary.csv,  example_paths.csv and results.json.  It  also regenerates  the five figures,  using the retained 
generated laboratory illustration only in Figure 1. The image provenance contains its exact prompt and the 
distinction between illustration and numerical evidence. No private process data, external model service or 
host-specific  dependency  path  is  required.  The  saved  records  permit  verification  of  both  favorable  and 
unfavorable policy outcomes, including the apparently surprising startup comparison.

The conclusion is conditional: online growth adaptation helps when the scalar update tracks a genuine 
activity  change,  can  compensate  operationally  for  a  frozen  affinity  mismatch  and  can  hurt  when  an 
observation drift is interpreted as growth. Biomass-dependent protection changes transient dilution and can 
improve finite-horizon harvest without being a certified safety mechanism. Its startup advantage over a truth-
informed steady reference shows why better kinetic knowledge and better transient decisions are separate 
questions.  The  executed  study  provides  a  reproducible  baseline  for  examining  that  distinction  before 
introducing richer models, additional state measurements or predictive optimization.
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