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Abstract 

System dynamics (SD) started with a qualitaƟve “servo” methodology, but has evolved into a 
quanƟtaƟve, data-based, predicƟve capability that resembles the techniques of model 
predicƟve control (MPC). This paper introduces a simulaƟon test bed to quanƟfy how much this 
transiƟon has changed the capability of SD to improve the performance of systems. The first use 
of the test bed suggests that the gain in capability may have been large. Because the MPC use of 
SD models relies on the predicƟve power of SD models, we also tested the sensiƟvity of the 
results to errors in predicƟon, and discovered that the MPC use of SD models has high payoff 
even if the predicƟons are imprecise. Both results must be regarded as preliminary, but they 
suggest the evoluƟon of SD has greatly improved its potenƟal effecƟveness and impact. 
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1 IntroducƟon  

The Servo paradigm 

System Dynamics was developed by Jay Forrester starƟng in 1956, leading to the seminal book 
Industrial Dynamics published in 1961. There were several foundaƟonal principles that seemed 
curious to some people at that Ɵme. Forrester downplayed the importance of data and 
considered the calibraƟon of models to data to be unnecessary. This anƟ-data stance alienated 
scienƟsts and economists who focused on data analysis. He also asserted that good models 
shouldn’t be used to make predicƟons. This seemed contrary to the scienƟfic method, where a 
theory (model) is deemed successful only if it correctly predicts novel phenomena. How can you 
judge a model useful if it doesn’t make correct predicƟons? There was a third curiosity. 
Forrester wasn’t interested in measuring the complete current state of the company or 
calibraƟng a model to match data; he only wanted a few measurements as inputs to the servo 
controlling logic. The simulaƟon model was used to design and test the servo rule, but was not 
to be used in day-to-day control, which was the role of the servo rule. 

These three asserƟons/aƫtudes are out of step with what turned out to be modern approaches 
to system dynamics. As this paper will illustrate, the field can and does do much beƩer now. But 
although they seemed odd to criƟcs, they were a self-consistent and coherent view of how to 
make the world beƩer. We’ll call it the Servo paradigm, because before he pioneered the; 
invenƟon of modern computers and system dynamics, Jay Forrester was a world-class designer 
of servo-control devices. In the mathemaƟcal and pracƟcal world of servomechanisms, data is 
of liƩle importance, predicƟons are in some senses irrelevant, and it is unnecessary to measure 
the state of a system to improve its state. Figure 1 shows the overall process of the servo 
paradigm of system dynamics. 
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Figure 1: Servo Paradigm. System Dynamics model is used (offline) to design and test a simple, 
algebraic feedback rule to compute a decision stream. The feedback rule’s purpose is to steer the 
real system from any unfavorable behavior model into the desired mode. The modes are 
qualitaƟve; no aƩempt is made to predict specific numerical trajectories. 

 

The Model PredicƟve Control (MPC) paradigm 

System dynamics has since evolved to oŌen embrace modern, compute-intensive staƟsƟcs, 
validaƟon tesƟng, calibraƟon of the model to match historical data, and numerical predicƟons 
with explicit confidence bounds. It then becomes possible to introduce decisions and policies 
that steer the system as efficiently as possible from its current state to a desired, even opƟmal 
state. With the modern tools, this transiƟon can be both faster and more secure, and the end 
state can be chosen to opƟmize measures of system behavior. The techniques for doing this are 
now described in the control theory literature as "model predicƟve control" (Rawlings et. al., 
2024) and many of them are documented in the modern definiƟve system dynamics text 
Business Dynamics (Sterman 2000). Model PredicƟve Control is the logical combinaƟon of 
modern SD models and big computaƟon. Instead of simple feedback policies, the SD model 
itself is the core of the feedback loop. It is like opƟmizing a servo for the actual scenario as the 
scenario unfolds. The result is robust and higher performing than servo soluƟons, and it is 
parƟcularly well-suited for real-world applicaƟons of SD, when policies can be regularly changed 
as history unfolds, such in model-based management. Figure 2 shows the MPC paradigm of 
system dynamics. 
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Figure 2: Model PredicƟve Control (MPC) Paradigm. MPC uses the System Dynamics model as 
the core of an online detecƟon and opƟmizaƟon feedback control. Its purpose is to detect the 
state of the real system and steer it onto an opƟmal trajectory. 

 

The control strategy of MPC uses the system dynamics model to anƟcipate future behavior and 
determine opƟmal control acƟons over a finite planning horizon. At each control step, an 
opƟmizaƟon problem is solved over this horizon, and the first segment of the opƟmal soluƟon is 
applied as the current decision. As soon as new data makes it possible to measure an updated 
state of the real system, the process repeats with a new opƟmal soluƟon, of which the first 
segment is implemented. In this way, MPC replaces the simple feedback equaƟon of a servo 
with a full predicƟve simulaƟon model in the control loop. MPC is an iteraƟve cycle, where each 
iteraƟon may range from seconds in a robot, to minutes in chemical plants to months in 
business decisions (see Figure 3). 
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Figure 3: The MPC iteraƟon. 

 

Hypothesis and test bed 

We posit that the transiƟon to data-tested, predicƟve SD models has enabled more effecƟve 
improvements to the performance of real-world systems. To test this hypothesis, we built a 
simulaƟon test bed in which the servo approach can be directly compared with the model 
predicƟve control approach. The test bed consists of one model that represents the real system 
to be improved. A second model represents a system dynamics model of the first model. Both 
models contain representaƟons of decision making that resemble servo control logic, likely with 
inferior parameter choices. The second "controller" model can be used to improve the servo 
parameters or logic, as in the original paradigm of SD. But in the same test bed, the second 
model can be embedded as an acƟve part of a control logic that replaces the servo with model 
predicƟve control logic. This laƩer use requires that as the "real" model steps through Ɵme, it 
obtains decisions not from its servo equaƟons, but from repeated full opƟmizaƟon of the 
controller model to compute the best decisions. Therefore, we can use the test bed to compare 
servo results with model predicƟve control results for exactly the same "real" system, the same 
SD model, facing exactly the same starƟng condiƟons and inputs. 

The remainder of this paper is structured as follows. In secƟon 2, we describe the computaƟon 
structure used to test our hypothesis. SecƟon 3 provides an in-depth analysis of the test results. 
In secƟon 4 we note some aspiraƟonal targets for the further evoluƟon of SD, and in secƟon 5 
we offer a discussion and conclusions. 
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2 Methodology: SimulaƟng the MPC Loop 

SimulaƟng MPC: two models create a single simulaƟon 

To explore MPC in simulaƟons, two models must interact. One model represents the system to 
be managed (the main model), and the other, the controller model is a used to compute opƟmal 
decisions in the main model. In this way, there is a feedback loop from main model to the 
controller model and back to the main model (as shown in figure 2). Some of the flows in the 
main model, instead of being immediate funcƟons of the states of the main model, are instead 
computed by opƟmizaƟons of the controller model. The controller model is in general a simpler 
version of the main model, echoing the fact that any system dynamics model is a simplificaƟon 
of the real system. However, to keep things clear, this paper uses a controller model which is the 
same structure and complexity as the main model.  

Architecture for simulaƟng MPC 

The implementaƟon relies on a code base in the Python programming language that interfaces 
with the Vensim simulaƟon environment through its dynamic link library (DLL). Two separate 
DLL instances are loaded, each operaƟng an independent copy of the model. This dual-instance 
architecture allows the main model to advance through simulated Ɵme while the controller 
model independently performs opƟmizaƟons without disturbing the main model's state. 

The interface layer provides methods for core simulaƟon operaƟons — running simulaƟons, 
seƫng parameter values, loading and unloading configuraƟon files — as well as for 
opƟmizaƟon, where Vensim's built-in opƟmizer is directed by specifying an opƟmizaƟon control 
file (defining the decision variables and their bounds) and a payoff definiƟon file (defining the 
objecƟve funcƟon to be maximized or minimized). CriƟcally, the interface also exposes 
Vensim's gaming mode, which allows a simulaƟon to be paused at discrete intervals, its state to 
be inspected, and parameter values to be modified before the simulaƟon is resumed. 

The simulaƟon of MPC requires the interplay between two models. The procedure operates as 
follows: 

1. IniƟal OpƟmizaƟon. Before the main model begins its Ɵme evoluƟon, the controller model 
performs a preliminary opƟmizaƟon over a limited Ɵme horizon starƟng from the iniƟal Ɵme. 
This opƟmizaƟon determines the iniƟal values of the decision variables — that is, the policy 
levers available to the decision-maker. The results of this opƟmizaƟon are captured from 
Vensim's output file and parsed into a dicƟonary that maps variable names to their opƟmized 
values. 

2. Main Model IniƟalizaƟon. The main model is configured with the full simulaƟon Ɵme horizon 
and run once without opƟmizaƟon to establish a baseline trajectory. It is then placed into 
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gaming mode, which enables stepwise advancement through Ɵme. The opƟmized decision 
variable values obtained from the controller's iniƟal opƟmizaƟon are injected into the main 
model as its starƟng policy seƫngs. A game interval is configured to determine how many Ɵme 
steps the main model advances before control is relinquished back to the controller. 

3. IteraƟve Control Loop. The main model is then advanced through Ɵme in discrete increments 
defined by an update interval. At the end of each increment, the following sequence is 
executed: 

 State Transfer: The current values of all stock (level) variables in the main model are 
read out using the gaming interface. These values represent the full dynamic state of the 
system at the current point in Ɵme. 

 Controller SynchronizaƟon: The controller model is re-iniƟalized so that its simulaƟon 
begins at the current Ɵme of the main model. Each stock variable in the controller is set 
to match the corresponding value just read from the main model, using dedicated iniƟal-
value parameters. This ensures that the controller's opƟmizaƟon starts from the actual 
current state of the system, rather than from a potenƟally divergent trajectory. 

 Rolling-Horizon OpƟmizaƟon: The controller model's final Ɵme is set to the current Ɵme 
plus the opƟmizaƟon interval — a configurable parameter that defines how far into the 
future the opƟmizer looks. The opƟmizaƟon is then executed, yielding a new set of 
decision variable values that are opƟmal with respect to the payoff funcƟon over this 
forward-looking window. 

 Policy Update: The opƟmized decision variable values are extracted from the controller's 
output and injected back into the main model through the gaming interface, updaƟng 
the policy seƫngs before the next Ɵme increment begins. 

This cycle of advance–observe–opƟmize–update repeats unƟl the main model reaches its final 
Ɵme. If the remaining simulaƟon Ɵme at the end is shorter than the update interval, the game 
interval is adjusted accordingly to ensure the enƟre Ɵme horizon is covered. The gaming session 
is then formally terminated. 

State Mapping Between Models 

A central requirement of MPC is the faithful reproducƟon of the main model's state within the 
controller. This is accomplished through a mapping dicƟonary that associates each stock 
variable in the main model (e.g., "ProducƟon Capacity," "Backlog," "Sales Agents") with a 
corresponding iniƟal-value parameter in the controller model (e.g., "ProducƟon Capacity 
INITIAL," "Backlog INITIAL," "Sales Agents INITIAL"). The controller model must be structurally 
prepared so that each stock accepts an exogenous iniƟal condiƟon, allowing its state to be 
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overwriƩen at the beginning of each opƟmizaƟon cycle. This structural modificaƟon is a 
prerequisite for applying the MPC approach to any given System Dynamics model. 

 

3 Analysis: TesƟng the performance of servo vs MPC 

To esƟmate the relaƟve performances of servo control and MPC, we performed a series of 
simulaƟons of the two methods under various scenarios. 

The tests were performed by simulaƟons of a (slightly altered version of) Forrester’s corporate 
growth model (Forrester 1968). We used two copies of the model. One copy, the Main Model, 
played the role of a “real” company. The second copy, the Controller Model, played the role of a 
system dynamics model of the same company. The structure of Forrester’s model is shown in 
Figures 4 and 5.  

 

 

Figure 4: simplified overview of Forrester’s model (Forrester 1968). 
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Figure 5: The detailed structure of the main model (slightly modified from Forrester, 1968). The 
descending chain of variables colored green on the right side of the diagram consƟtute a servo 
logic for controlling delivery delay by adjusƟng producƟon capacity. 

 

A single simulaƟon of the Main model emulates several years of the actual company, but with 
the capacity-control servo deleted, leaving the capacity-expansion decision as an exogenous 
decision, implemented as a gaming variable. Each month the main model simulates, it obtains 
its capacity expansion input by waiƟng for the Controller model to perform an opƟmizaƟon, 
searching for the paƩern of capacity expansions over several years that will maximize the 
cumulaƟve profits. When the opƟmizaƟon is complete, the first month of that opƟmal series of 
capacity expansions is passed back to the main model, which then implements that new 
capacity order as part of simulaƟng one month’s “real” progress. AŌer one month, the main 
model stops, the state variables at the end of the month are passed to the controller model, 
and the controller model repeats its opƟmizaƟon starƟng at the new Ɵme with the updated 
state variables from the main model, and the cycle conƟnues unƟl the main model has 
completed its simulaƟon of 140 months. 
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External disturbances 

Control strategies must be robust against disturbances. If there were no disturbances, it would 
be relaƟvely easy to maintain desired performance. Therefore, any control strategy must be 
tested under a wide range of potenƟal disturbances.  

For simplicity and clarity, the only disturbances considered will be sudden changes in the 
efficiency of sales, as might be caused by a compeƟtor introducing a new product. The 
disturbances will always have the Ɵme paƩern shown in Figure 6. At month 25, sales 
producƟvity suddenly jumps to a new value, stays there unƟl month 75, when it abruptly 
returns to its original value. The starƟng value is taken from Forrester’s published model, at 400 
units sold per person-month of sales effort. Figure 6 shows an example in which sales 
effecƟveness drops in half and then recovers. We will also consider other magnitudes, for a total 
of five scenarios: -50% (as shown in the figure), -25%, 0 (no change), +25%, and +50%.  

 

 

Figure 6: The disturbance paƩern used in the tests of this paper. The verƟcal magnitude may 
vary or even reverse, but each simulaƟon uses this Ɵming and shape. 

 

The comparison baseline: opƟmal servo control 

The servo parameters were opƟmized to maximize cumulaƟve profits, averaged over the five 
scenarios defined by the five magnitudes of change in sales effecƟveness. The performance of 
the opƟmized servo varies from different degrees of disturbance, but the same servo 
parameters are used in each scenario. This is realisƟc, because only one servo can be used, but 
it must be designed to cope well with whatever unpredicted disturbance might occur.  
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We then performed five simulaƟons, tesƟng opƟmized servo controller in each of the five 
disturbance magnitudes. The results are shown in table 1. Unsurprisingly, more profits are made 
when the disturbance is more in favor of sales effecƟveness. 

 

Table 1: Performance of the opƟmized servo controller in each of five scenarios, with varying 
degrees of disturbance in sales effecƟveness. 

 

The relaƟve performance of MPC 

For each of the five scenarios, we also simulated the performance of MPC. In each simulaƟon, 
the main model’s equaƟons for calculaƟng new capacity orders were disabled. The main model 
was iniƟalized but then paused while its iniƟal condiƟons were transmiƩed by the Python code 
to the controller model (see table 2). While the main model was paused, waiƟng for a capacity 
decision, the controller model was simulated many Ɵmes by the Vensim opƟmizaƟon algorithm 
to find the future monthly series of capacity-expansion decisions which would lead to maximum 
predicted profits. The first month of that series was then transmiƩed by the Python code back 
to the main model. Having received its capacity expansion decision (which would have normally 
come from servo logic within the model), the main model then simulated its first month of 
acƟvity, and was again paused, cycle iterated. For each scenario, this iteraƟon was repeated 140 
Ɵmes to yield a single simulaƟon of the main model, supported by repeated opƟmizaƟons by 
the controller model to supply the main model with capacity-expansion amounts for each 
month. 

The results are shown in Table 2, an extension of Table 1. Its third column (“MPC”) shows the 
performance of MPC under each disturbance scenario. The final column (“MPC % Gain”) 
displays the percentage improvement obtained by using MPC in place of the opƟmized servo. 
MPC is significantly superior in every one of the tested scenarios, and the gain in performance 
grows with the magnitude of the disturbance, in both the bad and good direcƟons. 

 

Cummulated Profits
Scenario Servo

-50% 9.93
-25% 62.6
0% 180

25% 378
50% 709
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Table 2: Results of five MPC experiments (extension of table 1). 

 

SensiƟvity to PredicƟon Errors 

So far, for clarity we have dealt with a Controller Model which exactly matches the structure of 
the Main Model, thereby emulaƟng an unrealisƟc situaƟon in which a system dynamics model is 
making perfect predicƟons of a complex real company and its compeƟtors and customers. In 
any actual applicaƟon, the controller model, no maƩer how sophisƟcated as a model, will be a 
simplificaƟon of the real system, and its predicƟons will be imperfect. It is important, therefore, 
to test the effect of predicƟon errors on the performance of MPC. 

For clarity, we used the following method to represent predicƟon errors. For each of the five 
disturbance scenarios, we focused on the -50% disturbance as the “real” scenario, meaning the 
main model always experienced a -50% depression in sales effecƟveness. But we assigned a 
different sized depression in the controller model. For example, if the controller model has a 
sales effecƟveness depression of zero, then it is operaƟng with a predicƟon error of 50% in 
absolute percentage, or +100% of the actual depression of 50%. We performed such a 
simulaƟon five Ɵmes, with the controller model operaƟng with five different magnitudes of 
predicƟon error. These five results could then be compared with the perfect predicƟon case 
with -50% sales effecƟveness depression, from line 1 of Table 2. 

The results are shown in Table 3, and they show that MPC can be highly robust to predicƟon 
errors. Because the controller model is imbedded in a feedback loop, even if its predicƟons are 
seriously in error, it sƟll does a beƩer job than the opƟmized simple servo, unless the predicƟon 
error is extreme. When the disturbance is a 50% drop in sales effecƟveness, MPC is more than 
twice as good as the opƟmized simple servo, so long as the MPC predicƟon of the disturbance is 
less not much more than 50% in error. 

Scenario Servo MPC MPC % Gain
-50% 9.93 27.2 180%
-25% 62.6 77.4 25%
0% 180 196 9%

25% 378 442 12%
50% 709 937 32%

Cummulated Profits

Commented [M1]: Fixed by MaƩhias, based on numbers 
in the comparison email by David sent on 2026-03-19 
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Table 3: SensiƟvity of MPC to errors in the model’s predicƟons.  

 

How can MPC perform so well when its predicƟons are potenƟally so bad? Figure 7 shows the 
capacity expansion decisions made by MPC in the case that the real disturbance is -50%, but the 
MPC controller model falsely predicts that the disturbance will be only half that: -25%. When 
the disturbance first hits at month 25, the MPC as expected, reacts less than opƟmally. It 
conƟnues to order new capacity. But as the resulƟng excess capacity builds up, the controller 
model finds it can increase profits by reducing capacity expansion. The controller model 
conƟnues to falsely predict the depression in sales will immediately fall to -50%, but the more 
excess capacity accumulates, the more the capacity order is reduced by the controller’s 
calculaƟon of predicted profits. 

Commented [M2]: New figure, as sent by David on 19th of 
March 2026 
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Figure 7: Capacity expansion trajectories of MPC with perfect forecast, vs. 50% error. The red 
trace shows how MPC reacts when it predicts a 25% drop in sales, but actually the drop it twice 
that. In other words, MPC has predicted only half the magnitude of the actual problem.  

 

 

Commented [M3]: New figure sent by David on 19th of 
march 2026 
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4 CauƟons and AspiraƟons 

We have asserted that the modern pracƟce of applied SD has moved away from a qualitaƟve 
focus on modes and servo logic, and has come to resemble model predicƟve control (MPC). The 
first results from our test bed suggest that this transiƟon may have greatly amplified the ability 
of SD to improve the performance of systems.  

However, there is one aspect of MPC that has not yet become common in SD applicaƟons. MPC 
uses its predicƟve model to compute decisions at regular intervals over long stretches of Ɵme. 
SD pracƟce sƟll tends to create a model and use it perhaps only once to find and promote a 
superior decision. Subsequent, regular use of the model as an ongoing policy is rare.  

For example, in the case of an insurance company (Corcoran et. al., 2012), a system dynamics 
model accurately predicted the future behavior of a compeƟtor, the company acted on that 
predicƟon, and everything came out OK. But the company did not implement full MPC, stopping 
short of updaƟng the model and policy opƟmizaƟon each month while waiƟng for the predicted 
event to occur. The omission of updates clearly increases the risk from predicƟon errors, and a 
good use of the new test bed will be to quanƟfy the expected loss in performance from such 
omissions. 

Observant readers might argue that comparing MPC vs opƟmize servos is not a fair comparison, 
as MPC has more degrees of freedom compared to tradiƟonal opƟmized servos. In the 
opƟmized servo seƫng, we keep the parameters of the model constant throughout the enƟre 
runƟme of the model and rely on the servos to manage the system. Whereas in MPC, we are 
changing the values of key decision parameters as the simulaƟon unfolds over Ɵme. However, 
this exactly supports our findings that rather than using a model as part of a “one-Ɵme” 
engagement to derive policies and strategies we should be looking to incorporate model use as 
part of ongoing management.  

However, our preliminary results suggest serious improvements are possible if organizaƟons 
would imbed SD models in ongoing decision streams, as in MPC. We hope to see organizaƟons 
grow to take advantage of the full capabiliƟes of system dynamics models, with resulƟng major 
improvements in performance. 
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5 Conclusion and next steps 

In this paper, we have observed that system dynamics pracƟce has evolved from a qualitaƟve, 
“servo” approach to a quanƟtaƟve, data-based, predicƟve capability that resembles the control 
theory field of Model PredicƟve Control (MPC). Our hypothesis was that the transiƟon to data-
tested, predicƟve SD models has enabled more effecƟve improvements to the performance of 
real-world systems. The first experiments suggest that SD has indeed become more effecƟve. 

Further research could beƩer quanƟfy the preliminary magnitudes from this study, and could 
break down the gains aƩributed to specific aspects of system dynamics pracƟce.  
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