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Abstract

Large scale enterprise healthcare applications are grown through three feedback loops that run
at different speeds: an agentic coding loop that builds and tests software in minutes, a developer
feedback loop that steers priorities in hours, and an external feedback loop that learns real
user value from clinicians and patients in days. This paper treats the arrangement as a three
timescale feedback control system acting on a shared feature vector, and it names the discipline
of designing it loop engineering. We define value alignment, decompose the end to end value
error into an implementation gap, an alignment gap, and a knowledge gap, and model each loop
as a proportional contraction toward its own target. We prove two results a practitioner can use:
under timescale separation the built product converges geometrically to true user value at the
rate of the slowest loop, and without separation the coupled convergence rate equals one minus
the smallest loop gain, so the slowest loop is always rate limiting. We propose an architecture,
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the Triple Loop Healthcare Delivery Engine, that binds the three loops to an enterprise platform
through a clinical safety gate and a federated cross tenant insight aggregator. Implementing
the system from first principles, we report reproducible measurements: the full engine reaches
value alignment 0.960 and utility 90.9, an ablation shows a single active loop reaches only 0.000
and two loops only 0.130, a gain sweep confirms that raising the slow outer gain cuts time to
value from 25 days to 2 while raising the fast inner gain leaves it near 6, and cross tenant sharing
lifts alignment from 0.404 at one hospital to 0.837 at sixty four while residual value error falls
from 1.902 to 0.521. The results give a rigorous basis for engineering the loops that deliver
trustworthy clinical software at scale.

ated feedback.

1. Introduction

Large scale enterprise healthcare applications are no longer written once and then maintained. They are grown,
increment by increment, through repeated cycles in which software is built, reviewed, shipped to clinicians and patients,
and revised in the light of what those users actually do. The recent arrival of agentic artificial intelligence, in which a
language model plans, acts, tests, and repairs its own work, has compressed the innermost of these cycles from days
to minutes [1]. An autonomous coding agent can now write a module, run its tests, read the failures, and rewrite the
module many times before a human ever sees it [21]. This raises a question that is organisational as much as it is
mathematical: if one loop runs in minutes, another in hours, and a third in days, how should the three be coupled so
that the product converges to something users value rather than oscillating, stalling, or drifting?

The infographic that motivates this paper names the three loops the agentic coding loop, the developer feedback
loop, and the external feedback loop. The first builds working software quickly. The second ensures the team builds
the right thing. The third ensures the team builds a thing that is right for real users. The three run at different speeds
and serve different purposes, yet they must act on a single shared artefact. We treat this arrangement as an engineering
object in its own right and call the discipline of designing it loop engineering.

Healthcare makes the problem concrete and raises the stakes. A clinical decision support feature such as a sepsis
early warning score is only useful if it is accurate, fast, safe, interpretable, and fitted to the clinician workflow at the

ISSN 0974-8652 202600180034

www.ijcmi.com


www.ijcmi.com
mailto:sudheersingamsetty99@gmail.com
www.ijcmi.com

S. Singamsetty et al. Int. J. Computational Mathematical Ideas, 18(1) (2026)

bedside [39]. None of these properties can be specified perfectly in advance. They are discovered through use, which
is precisely what the outer loop supplies, and they must be delivered without ever shipping an unsafe increment, which
is what a compliance gate enforces [37]. The build, measure, learn cycle familiar from product practice [25] therefore
has to be reconciled with the validation discipline that clinical software demands.

This paper makes four contributions. First, we formalise the three loops as a three timescale feedback control
system over a shared feature vector, and we give a definition of value alignment that the whole system optimises.
Second, we prove two results that a practitioner can use: under timescale separation the built product converges
geometrically to the true user value at the rate of the slowest loop, and without separation the convergence rate of the
coupled system equals one minus the smallest loop gain, so the slowest loop is always rate limiting. Third, we propose
an architecture, the Triple Loop Healthcare Delivery Engine, that binds the three loops to an enterprise healthcare
platform through a clinical safety gate and a federated cross tenant insight aggregator. Fourth, we implement the whole
system from first principles and report reproducible measurements: an ablation that isolates the contribution of each
loop, a gain sweep that confirms the rate limiting result, and a fleet study that quantifies how sharing feedback across
hospitals trades variance for bias. All code and numbers are released so that every figure can be regenerated [9].

2. Background and Related Work

2.1. Feedback loops in software and product delivery

The idea that software should be developed iteratively rather than in a single pass is old. The spiral model organised
development around repeated risk driven cycles [26], extreme programming shortened the cycle and put the customer
inside it [27], and continuous delivery automated the path from a code change to a running release [28]. The lean
startup reframed the whole activity as a build, measure, learn loop whose goal is validated learning about users [25].
What is new is that the innermost build step can now be delegated to an agent that reasons and acts in a tight loop of its
own [22], so the human cycles sit above a much faster machine cycle rather than containing it.

2.2. Agentic artificial intelligence

Language models acquired broad competence at scale [24], and agentic methods turned that competence into action
by interleaving reasoning with tool use and observation [22]. A growing body of work surveys autonomous agents
that plan, remember, and self correct [23], and enterprise deployments increasingly wrap such agents in guardrails
and evaluation harnesses [1]. Deep models are now standard components of the clinical software they help build [12].
Engineering the machine learning systems around these models, rather than the models alone, is where most of the
difficulty and most of the hidden cost lives [35] and accrues as technical debt [36].

2.3. Clinical decision support and safety

Clinical decision support improves care only when it is fast, specific, fitted to the workflow, and trusted; the classic
guidance distils this into a small set of design commandments [38]. Real deployments of predictive clinical models,
such as targeted early warning scores for septic shock, show that statistical accuracy is necessary but far from sufficient
[39], as real deployments make clear [40]. The sociotechnical view treats the software, the people, and the institution as
one adaptive system, which is exactly the coupling the three loops make explicit [37]. Data handling across institutions
raises privacy obligations that any cross tenant mechanism must respect [6].

2.4. Multi timescale feedback control

The mathematics we use is that of feedback systems [29] and, specifically, of systems whose variables evolve on
separated timescales. Singular perturbation theory shows that when a fast subsystem settles before a slow one moves,
the slow dynamics can be analysed on its own with the fast subsystem replaced by its equilibrium [30]. The stochastic
analogue, two timescale stochastic approximation, underlies learning schemes in which one quantity is estimated
quickly while another is adjusted slowly [31], a scheme analysed on two timescales [32]. We borrow this lens:
the coding loop is the fast subsystem, the developer loop is intermediate, and the external feedback loop is slow.
Reinforcement style feedback ties the loops to observed outcomes [3], and the digital infrastructure that carries the
signals is itself a subject of study [4], as are the smart systems that gather them [17].

3. Notation and Problem Formulation

We describe a single software increment by a feature vector x € R? whose coordinates measure qualities that matter for
a clinical application: alert accuracy, response latency, interface clarity, clinical safety, interoperability, population
coverage, documentation quality, and workflow fit. Higher is better after a fixed normalisation, and d = 8 in our
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experiments [10].

Four vectors live in this space. The built artefact x is what the coding agent has actually produced. The specification
X is what the developer team is currently trying to build. The perceived value model m is what the team believes users
need. The true value target x* is what users actually need, and it is revealed only through external feedback. The three
loops each close one of three gaps,

g1 =X—x, ga=m—2%, gk =x"—m, (1)

the implementation gap between build and specification, the alignment gap between specification and belief, and the
knowledge gap between belief and truth. The end to end value error decomposes exactly as their sum,

e =x"—x = gi+ga+gk. @)
Equation (2) is the reason a single loop can never suffice. The coding loop drives g; to zero, but that leaves g4 + gx
untouched, so a perfectly implemented product can still be the wrong product built on a wrong belief [36].
Definition 1 (Value alignment). Given an initial build x, the value alignment of a build x is

ax) = max<0, 1—HX*X|) e[0,1], 3)

[[* —xol|

so oo = 0 at the starting point and o = 1 when the build equals the true value target.

Each loop is a proportional correction toward its own target. On its native timescale the three updates are

xt=x4a®—x)+E&, 0<a<l, 4)
£ =3+b(m—%), 0<b<l, )
mt=m+c(x*—m)+n, 0<c<1, (6)

with build gain a, review gain b, and learning gain c¢. The term £ is test and evaluation noise in the coding loop and 1
is analysis noise in the external loop; both have mean zero [8]. The engineering problem is to choose the gains and
the relative cadences of (4), (5), and (6) so that the built artefact x, converges to a target x* that is itself being tracked,
while never deploying an increment that violates a clinical safety constraint.

4. Mathematical Methods

4.1. Each loop is a contraction

Fix the target of a single loop and take expectations. The inner update (4) becomes the affine map J;(x) = (1 —a)x+axf,
whose unique fixed point is x = £ and which satisfies || 7;(x) — £|| = (1 — a)||x — £]||. It is a contraction with modulus
1 —a [33]. The same holds for the middle and outer maps with moduli 1 — b and 1 — ¢ and fixed points £ = m and
m = x*. Each loop, run alone with its target held fixed, drives its own gap geometrically to zero [7].

4.2. The coupled system and the rate limiting loop

In practice the targets are not held fixed; every loop moves while the others move. Consider the synchronous coupling
in which (4), (5), and (6) each take one expected step per tick. Writing s = (x, £, m)T, the expected dynamics is affine,

l—a a 0
sT=As+cxtes, A= 0 1-b b |, @)
0 0 1—c

with e3 = (0,0,1) ". The matrix A is upper triangular, so its eigenvalues are its diagonal entries {1 —a, 1 —b, 1 —c}
[18].

Proposition 1 (Rate limiting loop). The coupled system (7) has the unique fixed point s* = (x*,x*,x*) and converges
to it geometrically with rate equal to the spectral radius

p(A) = max{l—a,1—-b,1—c} = 1 —min{a,b,c}. (3)

Consequently the overall convergence rate is governed by the loop with the smallest gain, and increasing the gain of
any faster loop beyond min{a,b,c} does not improve the asymptotic rate.
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Proof. Solving s* = As™ + cx*e3 row by row from the bottom gives m* = x*, then £* = m* = x*, then x| ;;; = £* = x7,
s0 s* = (x*,x*,x*). Subtracting the fixed point relation from (7) yields s™ — s* = A(s — s*), hence s; — s* = A (59 — 5*).
For a triangular matrix the eigenvalues are the diagonal entries, and since all lie in (0,1) the spectral radius is
p(A) =1—min{a,b,c} < 1, which controls the geometric decay of ||A’(so —s*)||. Raising a gain that is not the
minimum leaves min{a,b,c} unchanged and therefore leaves p(A) unchanged. L

4.3. Timescale separation and the reduced dynamics

The synchronous model is pessimistic, because in reality the coding loop runs many times between developer reviews
and the developer loop runs many times between external feedback events. Model this by iterating the inner loop to its
fixed point before the middle loop steps, and the middle loop to its fixed point before the outer loop steps, the discrete
analogue of singular perturbation [30].

Proposition 2 (Value convergence under timescale separation). If0 < a,b,c < 1 and, between successive outer updates,
the inner and middle loops are iterated to their fixed points, then the built artefact converges geometrically to the true
value target at the rate of the outer loop,

" =l = (1 =) [lx" —xol| ©

Proof. At the start of outer step ¢ the inner and middle loops have reached their fixed points, so x; = X, = m,. The
outer update (6) in expectation gives my, 1 = (1 — ¢)m, + cx*, hence x* —m,+1 = (1 — ¢)(x* — m;) and by induction
[lx* —m:|| = (1 —c¢)"||x* — mp]|. Re running the inner and middle loops to their fixed points sets x;1 = %1 = 41, SO
the same factor governs ||x* — x;||. Because xo = my after the first settling, the stated identity follows, and 1 —c € (0, 1)
gives geometric convergence. O

Proposition 2 is the design target and Proposition 1 is the warning. Separation buys the best achievable rate, that of
the slow loop acting alone; losing separation cannot beat it and, through coupling, can only match the slowest gain

[11].

4.4. Stochastic feedback and cross tenant averaging

The external loop learns x* from noisy usage signals, so (6) is a stochastic approximation whose residual error is set by
the analysis noise 17 [31]. When N hospitals share feedback, the aggregate estimate of a common component averages
N independent noise draws, so its variance falls as 1/N and its standard deviation as 1/ VN. Heterogeneous local
needs, however, mean the shared target differs from any one hospital’s true target, which injects a bias that does not
vanish with N. The expected squared value error of a tenant that adopts a shared model with personalisation weight w

decomposes as
2

2. ©O 2.2
Blxy —x|* ~ & + w2 . (10)
\_/" heterogeneity bias
variance

with feedback noise level ¢ and per tenant dispersion 7. Equation (10) is the familiar bias variance trade off and it is
the reason a federated aggregator helps most when tenants are similar and hurts when they are not [34], and pooling
must respect privacy obligations across sites.

4.5. Business utility

Alignment matters because it produces value. We model the business utility of a build as a saturating function of its
alignment,
U(a) = Unax(1—¢77%), Y>0, 11)

with ceiling Upax and sensitivity 7.

Remark 1. U is strictly increasing and strictly concave in o, since U' (&) = UpaxYe 7* > 0and U" (&) = —Upax Y€ 7* <
0. Diminishing returns mean the early iterations of the loops, which move alignment fastest, capture most of the value,
so reaching moderate alignment quickly is worth more than reaching perfect alignment slowly [20].

5. Proposed Method: Triple Loop Healthcare Delivery Engine

We now assemble the operators into a deployable architecture, shown in Figure 1. The Triple Loop Healthcare Delivery
Engine, or TL-HDE, binds the three loops to a shared enterprise healthcare platform and routes every deployment
through a clinical safety gate [15].
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e Y a

1. Agentic Coding Loop 2. Developer Feedback Loop 3. External Feedback Loop

code profluct
< 1<
[ Write Code J [Provide Feedback} [Steer & Prioritise [Ship & Improve] Collect Feedback

()

& A J
~ Mhuutes ~ Hours ~ Days l
Clinical Safety &
Compliance Gate
2
Enterprise Healthcare Application Platform
multi-hospital, EHR-integrated clinical decision support

[ Federated cross-tenant insight aggregation ]

Idea — Product — Impact - three loops, one goal: clinical software people trust

Figure 1. The Triple Loop Healthcare Delivery Engine. Three nested loops act on one enterprise healthcare platform at separated
timescales. The agentic coding loop closes the implementation gap in minutes, the developer feedback loop closes the alignment gap
in hours, and the external feedback loop closes the knowledge gap in days. Solid arrows carry forward artefacts; every deployment
passes the clinical safety gate; gold dashed arrows are the feedback paths, and the heavy path ® carries measured user value back
into the outer loop. A federated aggregator pools insight across hospitals.

Algorithm 1: Triple Loop Healthcare Delivery Engine
Input: initial build x, belief m, spec £; gains a, b, c; cadences H, K; safety set .#; horizon T'.

1. for outerdayt = 1,...,7 do
2. collect user value signal; update belief

mé—m+c(x* —m)+n (external loop, ®)
3. forreviewh=1,...,H do

4. steer specification toward belief

X x+b(m—2%) (developer loop)
5. for buildk=1,...,K do

6. X x+a(£—x)+&; run tests (coding loop)
7. end for

8. end for

9. ifx € .7 then deploy x to platform

10. else hold; return to step 3

11.  record alignment a(x) and utility U (c¢(x))
12. end for

Output: value aligned, safety cleared build x.

Figure 2. The TL-HDE control loop. Lines 5 to 7 are the fast agentic coding loop, line 4 is the developer feedback loop, and line 2
is the external feedback loop. Line 9 is the clinical safety gate.

On the forward path the coding agent turns a specification into working code, which becomes a reviewed product,
which after passing the safety gate becomes a shipped increment on the platform. On the feedback path the platform
returns three signals: test and evaluation outcomes to the coding loop, product reviews to the developer loop, and, along
the heavy edge ®, measured user value to the external loop. The map & is the composition of the three corrections and
its fixed point is the value aligned product of Proposition 2. The federated aggregator implements the averaging of (10)
while a personalisation weight keeps each hospital close to its own needs [34].

The clinical safety gate deserves emphasis. It is a projection of every candidate deployment onto the set of
increments that satisfy validation, audit, and regulatory constraints, so an increment that would raise nominal value but
fail safety is never shipped [37]. In control terms it is a constraint on the reachable set, and it is why the outer loop in
healthcare is measured in days rather than minutes.

Algorithm 2 states the engine as executable pseudocode. The nesting of the three loops is explicit, and the settling
of the inner loops before the outer step is exactly the condition of Proposition 2.
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6. Experimental Analysis

We implement the engine from first principles in Python with a fixed random seed so that every number below is
reproducible. The feature space has d = 8 coordinates with the clinical meanings listed in Section 3. Unless stated
otherwise the gains are a = 0.5, b = 0.4, ¢ = 0.35, the cadence is H = 4 developer reviews and K = 10 builds per
review per day, the horizon is 60 days, and the noise levels are 0.02 inside the coding loop and 0.03 in the external
loop. The initial belief is offset from the truth and the initial specification is a cruder guess still, so the system must
close all three gaps of (2).

6.1. Convergence of the three loops

Figure 3 tracks the three gap norms and the value alignment over the 60 day horizon. The implementation gap collapses
first, within the first day, because the coding loop runs H x K = 40 times per day. The alignment gap follows over the
first few days as the developer loop steers the specification onto the belief. The knowledge gap decays slowest, at the
outer rate 1 — ¢, and it is this decay that Proposition 2 predicts will govern the whole system. Value alignment reaches
0.90 on day 6 and settles at 0.960, and the business utility of (11) reaches 90.9 out of 100. The final gap norms are
0.065, 0.013, and 0.087 for implementation, alignment, and knowledge respectively, confirming that the residual error
is dominated by the slow outer loop exactly as the theory requires [7].

Three-loop convergence to the value-aligned fixed point

- 1.0
1.6 1
1.4 1 - 0.8
g
5 1.2 E
o, = Implementation gap (inner) t (0.6 g
g 1.0 1 Alignment gap (middle) 9
2001 [i S e e S
i . g 0.4 =
2 0.6 1 \ E
m -\
- 0.2
0.0

Outer-loop time (days)

Figure 3. Three loop convergence. The implementation gap (inner), alignment gap (middle), and knowledge gap (outer) decay at
separated rates, and the built product reaches value alignment 0.96. The slow outer loop sets the overall rate.

6.2. How the loops work together

The infographic claims that the coding loop builds fast, the developer loop builds the right thing, and the external loop
builds a thing that is right for users. We test this by switching loops off. With only the coding loop active the product
converges perfectly to the crude initial specification, which is the wrong target, so value alignment is 0.000. Adding
the developer loop lets the specification track the team belief, raising alignment to 0.130, still limited because the
belief itself is wrong. Adding the external loop lets the belief track the truth, raising alignment to 0.960. Table | and
Figure 4 report the three configurations. The pattern is exactly the decomposition of (2): each loop removes one term,
and only all three together drive the value error to near zero [8].
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Table 1. Ablation over active loops. Each loop removes one gap term; only the full engine aligns with true user value.

Active loops Value alignment ~ Value error ~ Utility
Coding only 0.000 3.348 0.0
Coding + developer 0.130 2.611 27.7
Coding + developer + external 0.960 0.119 90.9

Which loops are active: alignment and utility

1.0 1 == Value alignment 0.96 - 100
W Business utility 91
0.8 A - 80
£ =
a 0.6 1 -r60 S
= )
—_ (7]
© O
@ £
=2 0.4 1 -40 4
©
= [an]
0.2 A - 20
0.00 0
OO T L O
Inner Inner + All three
only middle loops

Figure 4. Value alignment and business utility for the three loop configurations. The jump from the middle bar to the right bar is the
contribution of external user feedback.

6.3. The slowest loop is rate limiting

Proposition 1 predicts that time to value is controlled by the smallest gain. Figure 5 sweeps one gain at a time. Raising
the outer gain ¢ from 0.10 to 0.80 cuts the time to reach 0.90 alignment from 25 days to 2 days, a strong and monotone
effect, because the outer loop is the slowest and therefore rate limiting. Raising the inner gain a over the same range
leaves the time to value essentially flat near 6 days, because the coding loop is already fast enough that it is not the
bottleneck. This is the practical reading of Proposition 1: investment should go to the slowest loop, which in healthcare
is the external feedback and validation cycle, not to making an already fast coding agent marginally faster [18].
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The slowest loop bounds time-to-value

N
€]
1

—-@- Vary outer gain ¢ (slow loop)
== Vary inner gain a (fast loop)

—_ _ )
o Ul o
1 1 1

Days to reach 0.90 value alignment
(€}

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Loop gain

Figure 5. Time to value against loop gain. Increasing the slow outer gain sharply reduces time to value; increasing the fast inner
gain does not, confirming that the slowest loop bounds the rate.

6.4. Cross tenant feedback at enterprise scale

A large healthcare provider runs the engine across many hospitals whose needs differ. Table 2 and Figure 6 vary the
number of hospitals N that pool feedback, with a personalisation weight of 0.5 and moderate heterogeneity, averaging
over sixty seeded trials. Sharing across hospitals denoises the value estimate as (10) predicts: value alignment rises
from 0.404 for a single isolated hospital to 0.837 at sixty four hospitals, and the residual value error falls from 1.902 to
0.521. The gains are largest at first and then flatten, the diminishing returns of variance reduction meeting the fixed
floor of heterogeneity bias. The message for an enterprise is that pooling feedback is valuable, that most of the value
arrives by the time a dozen or so sites are pooled, and that beyond this the residual is governed by how different the
sites truly are rather than by how many there are [20].

Table 2. Cross tenant insight sharing across N hospitals. Sharing reduces variance; heterogeneity sets the floor.

Hospitals N Value alignment ~ Value error ~ Days to value

1 0.404 1.902 60.0
2 0.566 1.375 59.6
4 0.687 0.989 59.5
8 0.753 0.791 54.1
16 0.793 0.661 49.6
32 0.820 0.577 45.8
64 0.837 0.521 46.4
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Cross-tenant insight sharing at enterprise scale
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Figure 6. Cross tenant sharing at enterprise scale. Pooling feedback across hospitals lifts value alignment and lowers residual value
error, with diminishing returns as the heterogeneity floor is approached.

7. Discussion

The four studies line up with the four claims of the introduction. The convergence study shows the engine reaching
a value aligned fixed point; the ablation shows why all three loops are needed and not merely nice to have; the gain
sweep turns Proposition 1 into an investment rule; and the fleet study turns (10) into a scaling rule for a multi hospital
provider. Read together they say that building fast is the easy part, and that the scarce and rate limiting resource in
enterprise healthcare software is trustworthy external feedback delivered through a validation cycle that cannot be
rushed [13].

Several limitations are worth stating plainly. The model is linear and the true dynamics of a product team are not;
the contraction assumption can fail if a loop overcorrects or if the target moves adversarially, in which case Proposition
1 no longer guarantees convergence and the system can oscillate [5]. The experiments are simulations of loop dynamics,
not a clinical trial, and the feature vector is an abstraction of qualities that are in practice hard to measure. The safety
gate is modelled as a hard projection, whereas real regulatory approval is itself a slow stochastic process. Finally,
the federated averaging in (10) assumes honest independent feedback, and privacy preserving aggregation across
institutions carries obligations that a deployment must meet in full [6], as does guarding against manipulation of the
shared signal [14].

These limitations point to the future work. Replacing the linear operators with learned nonlinear ones, letting the
gains adapt online through a reinforcement signal [3], and modelling the safety gate as a chance constraint would each
bring the model closer to practice. Neuromorphic and event driven substrates may let the inner loop run faster still
without raising its energy cost [16], and smart sensing at the bedside would enrich the outer loop with higher quality
signals [19].

8. Conclusion and Future Work

We treated the three product development loops of agentic coding, developer feedback, and external feedback as a
single three timescale feedback control system acting on a shared feature vector, and we applied it to large scale
enterprise healthcare software. We defined value alignment, decomposed the value error into an implementation gap,
an alignment gap, and a knowledge gap, and proved two results a practitioner can use: under timescale separation
the built product converges geometrically to true user value at the rate of the slowest loop, and without separation the
coupled convergence rate equals one minus the smallest loop gain. We proposed the Triple Loop Healthcare Delivery
Engine, which binds the three loops to an enterprise platform through a clinical safety gate and a federated cross
tenant aggregator, and we validated the whole picture with reproducible experiments. The ablation confirmed that
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each loop removes exactly one gap, the gain sweep confirmed that the slowest loop is rate limiting, and the fleet study
quantified the bias variance trade off of sharing feedback across hospitals. Loop engineering, understood this way, is
the discipline of separating timescales, investing in the slow loop, and never shipping past the safety gate. The result is
clinical software that is built fast, built right, and built for the people who use it [2].
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