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Abstract

We advance a claim: learned (deep-learning and reinforcement-learning) control is replacing
classical robust control, H., synthesis and u-synthesis, for the same reason deep convo-
lutional networks displaced hand-engineered computer vision pipelines (SIFT, HOG, the
deformable parts model). Both are instances of one mechanism: replacing a fixed, pre-
committed signal /noise partition imposed by a hand-designed processing layer with a learned
partition, thereby recovering predictive structure that the fixed partition discarded as noise.
The conservation laws of control are fundamental and stay applicable; the new controllers are
bound by them all the same. Our contribution is the cross-domain synthesis and precisely
separating which limits are artifacts of an assumption and which are genuine information-
theoretic converses. The argument is organized case by case: each claim is stated, given
its precise conditions and constants, attributed to its governing assumption, marked as still
constraining or relaxed, and cited.

1 PID and dimensional appropriateness

The most widely deployed control technology assumes the least about the plant. The proportional-integral-
derivative (PID) controller dominates industrial practice: Astrém and Higglund report that more than
90% of all control loops are PID, most of them in fact PI because derivative action is frequently unused
(Astrom and Hagglund 2001). The higher figure derives from the same authors’ textbook, which states that
in process control more than 95% of the control loops are of PID type, most loops actually PI, backed by a
cited paper-mill audit finding that a typical mill has more than 2,000 control loops, that 97% use PI control,
and that only 20% of the loops were found to work well (Astrém and Hégglund 1995). The puzzle is that
this three-parameter controller, which encodes no plant model, routinely outperforms in deployment the
sophisticated robust-control machinery built precisely to handle modeled uncertainty.

The account we offer is dimensional appropriateness. PID is a three-parameter approximation to the inverse
of an uncharacterized plant: the integral term cancels steady-state error, the proportional term sets loop
gain, the derivative term supplies phase lead. It works because the space of plants worth controlling is
low-dimensional in the frequency band where control authority matters, near and below crossover, and three
parameters approximately span the controller subspace adequate for that band. Where the plant’s relevant
behaviour is captured by a low-order model, and most industrial loops, dominated by a single time constant
plus delay, are, three degrees of freedom suffice.

A correction is needed right away, because the naive reading of what follows is wrong. The low-dimensional
space did not disappear and was not re-dimensioned. Learning does not make the easy plants harder or
convert three-parameter problems into million-parameter problems. It annexes new territory: nonlinear,
contact-rich, sensor-saturated plants that were previously not controlled by any principled method at all,
because no tractable model existed to design against. The claim is not that learned control replaces PID
on a flow loop. It is that learned control extends the same move, match controller expressiveness to the
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dimensionality of the plant in the band where control matters, into a regime where the three-parameter span
no longer suffices. PID remains the appropriate member of the controller class for low-dimensional plants.
This framing, that PID and learned policies are two members of one class distinguished by dimensional
appropriateness, organizes Sections 3 and 7.

2 Classical robust control and its conservatism cost

Three tiers of control technology can be distinguished by what they assume and what they guarantee.

The first tier is PID: cheap, model-free, without formal robustness guarantees, dominant on simple plants.
The third tier, treated below, is learned control. The intermediate tier is the sophisticated machinery of
robust control: H., synthesis, u-synthesis (structured singular value synthesis), and the associated linear-
matrix-inequality and Riccati-equation apparatus. This section argues that the intermediate tier’s sophisti-
cation is, to a substantial degree, the conservatism cost of a single structural assumption: that the controller
is a fixed linear constant-coefficient operator.

Concretely: Hy, control minimizes the worst-case Lo-gain (the H., norm) from exogenous disturbance to
regulated output, over an a priori uncertainty set, subject to the controller being linear and time-invariant.
The design machinery exists to certify that the linear choice survives the worst case in the uncertainty set.
p-synthesis extends this to structured uncertainty, alternating between H., synthesis and scaling to bound
the structured singular value pu.

The key fact is that the structured singular value is in general computationally intractable. Braatz, Young,
Doyle, and Morari proved that the p computation problem is NP-hard for purely real and for mixed
real/complex uncertainty (Braatz, Young, Doyle, and Morari 1994). The authors state the consequence
directly: it is “futile to pursue exact methods for calculating” u of general systems with real or mixed un-
certainty beyond small problems. The practical design flow therefore works with upper bounds on p, which
are by construction conservative. The sophistication of classical robust control, the scalings, the bounds,
the iterations, is largely the price of proving a fixed linear controller meets a worst-case specification over an
uncertainty set whose exact analysis is intractable.

The objection answered in Section 6 should be stated now. What classical robust control offered was never
performance on simple plants; it was guarantees. H, and p-synthesis deliver certified robust stability and
performance margins against bounded uncertainty. PID delivers no such certificate. If the comparison is
performance in deployment, classical robust control loses to both PID (on simple plants) and learning (on
complex ones); but if the comparison is certified worst-case behaviour, it was offering a different prod-
uct. Section 6 answers this objection by showing that the guarantee was coupled to the linear-controller
assumption and that the two are separable.

3 Learning as the same move at higher dimension

Learned control is PID’s move executed at higher dimension. A high-capacity nonlinear function approxima-
tor, a deep network policy, spans the nonlinear, sensor-rich, hard-to-model plants where the three-parameter
span is exhausted. The principle is identical: match controller expressiveness to plant complexity in the
band where control matters. PID spans the low-dimensional case with three parameters; a deep policy spans
the high-dimensional case with many. Neither carries a plant model in the classical sense; both are, in effect,
learned or tuned inverses operating on the relevant signal.

The empirical instantiation is legged locomotion, and it must be scoped precisely. Reinforcement-learning
sim-to-real control became the dominant paradigm for quadrupedal locomotion over roughly 2019-2023.
Hwangbo et al. demonstrated learned dynamic motor skills transferred from simulation to the ANYmal
quadruped (Hwangbo et al. 2019). Lee et al. demonstrated a learned controller for blind quadrupedal loco-
motion over challenging terrain that was deployed in field conditions, including at the DARPA Subterranean
Challenge, where it replaced a model-based controller (Lee et al. 2020). Miki et al. added exteroceptive
perception fused with proprioception (Miki et al. 2022). The throughput enabling this was GPU-parallel
simulation: Rudin et al. trained policies for flat terrain in under four minutes and for uneven terrain in
twenty minutes on a single workstation GPU using thousands of parallel environments in Isaac Gym, a
speedup of several orders of magnitude over previous work (Rudin et al. 2022).

Several corrections must be observed, to avoid overclaiming.
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First, the displaced competitor. The model-based controller that learned locomotion displaced at the
quadruped frontier was whole-body and convex model-predictive control, exemplified by the MIT Chee-
tah 3 work (Di Carlo et al. 2018). It was not the older zero-moment-point paradigm (Vukobratovié) nor
hybrid zero dynamics (Westervelt, Grizzle, and Koditschek 2003), both of which were already legacy by
the time learning arrived. The accurate statement is that learning displaced the contemporary model-based
frontier, not a weaker predecessor.

Second, coexistence. Model-predictive control was not eliminated. Hybrid architectures combining learned
policies with MPC persist, and some deployed quadrupeds remained MPC-based. The transition is a shift
in dominant paradigm at the research frontier, not a clean replacement everywhere.

Third, the bipedal and humanoid shift arrived later, roughly 2024-2025, and is less settled. Radosavovic et al.
demonstrated reinforcement-learning control of a full-sized humanoid transferred to hardware (Radosavovic
et al. 2024). The humanoid case is more recent and the displacement less complete than for quadrupeds.

The historical precedents that make this a recognizable pattern rather than a novelty are vision and speech.
In vision, AlexNet won the ILSVRC-2012 competition with a top-5 test error of 15.3%, against 26.2% for the
second-best, non-deep entry (Krizhevsky, Sutskever, and Hinton 2012). In speech recognition, deep acoustic
models displaced Gaussian-mixture-model systems slightly earlier, around 2009-2012, with deep networks
outperforming the established systems across benchmarks, sometimes by a large margin (Hinton et al. 2012).
The cross-domain pattern, a fixed hand-engineered feature stage replaced by a learned one, is the subject of
Section 5.

4 The information-set argument

This is the central section. The claim is that every fundamental control-performance limit is conditional on
the information set the estimator conditions on, and that learning enlarges that set. The gain from learning
is the predictive structure recovered when the information set grows; the limits that do not depend on the
information set are untouched.

4.1 The minimum-variance bound

The Astrém minimum-variance benchmark is the natural starting point. For a linear plant with d-step input-
output delay driven by a stochastic disturbance with innovations representation, the minimum achievable
output variance under any controller is the variance of the d-step-ahead prediction error:

Varyi, = o2 (1+¢f+¢§+-~-+1/13,1) ) (1)

where 02 is the innovation variance and the 1; are the impulse-response coefficients of the disturbance
model (Astrém 1970). This bound is the mean-square error of the optimal d-step predictor conditional on
the available measurement history. It is the basis of the Harris control-performance-assessment benchmark
(Harris 1989), which compares achieved variance to this minimum-variance bound from routine operating
data.

The point the argument turns on: this bound is the minimum-mean-square-error residual conditional on
the information set. It is not a constant of the plant. Change what the estimator conditions on, enlarge
the information set with additional sensors, longer history, or nonlinear features of the raw stream, and the
conditional residual can only stay equal or shrink. The bound moves with the information set.

4.2 Discarded structure

A linear Kalman observer conditions on the linear-Gaussian projection of the measurement stream. Under
the linear-Gaussian assumption this is the sufficient statistic and nothing is lost. But when the disturbance
has nonlinear or non-Gaussian structure, when, for example, the noise entering a legged robot’s state estimate
is in fact a deterministic function of terrain geometry visible in an unused camera stream, the linear observer
discards that structure as noise. An estimator that conditions on the raw stream and is permitted nonlinear
functions of it recovers the structure if it is predictive. This is exactly what a deep policy operating on raw
sensor histories does: it conditions on a larger information set than the linear-Gaussian projection.
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4.3 Established results

The proposition that the disturbance-attenuation limit relaxes by the information rate of side information
is not this essay’s invention; it is an established theorem, and must be cited as such with its exact condition.

Martins, Dahleh, and Doyle established a Bode-like disturbance-attenuation bound for feedback systems in
which the controller has finite-horizon preview of the disturbance supplied through a communication channel
(Martins, Dahleh, and Doyle 2007). The result is a conditional equality: under asymptotic-stationarity
assumptions, the new fundamental limitation differs from Bode’s by a constant equal to the information rate
supplied through the side channel, which in the Gaussian, asymptotically-stationary attained case equals the
channel capacity C'. This must be stated as a conditional equality, the relaxation equals the side information
rate under stated conditions, and not as an unconditional “exactly C”.

The estimation-side bridge is the -MMSE relationship. Guo, Shamai, and Verdu proved that for an arbitrary
finite-power input observed through additive Gaussian noise, the derivative of the input-output mutual
information with respect to signal-to-noise ratio equals one half the minimum mean-square error, in nats:

I(snr) = 2 mmse(snr), (2)

dsnr

regardless of the input distribution (Guo, Shamai, and Verdd 2005). This identity is the formal hinge
connecting an information quantity (what an enlarged information set provides) to an estimation-error
quantity (the operative bound).

The I-MMSE machinery has been applied directly to control and filtering limitations. Wan, Li, and Ho-
vakimyan lift information-theoretic analysis to continuous function spaces by the I-MMSE relationships,
modelling control and filtering systems as additive Gaussian channels and identifying a total information
rate as the trade-off metric (Wan, Li, and Hovakimyan 2022); the discrete-time companion adds Voulgaris
(Wan, Li, Hovakimyan, and Voulgaris 2023). These connect the estimation bound to a mutual-information
rate; the claim here is restricted to that connection and does not overstate it.

Two further established results fix the kind of guarantee in play. Kostina and Hassibi characterized the
rate-cost trade-off in control: the minimum achievable linear-quadratic cost as a function of the directed
information rate from observer to controller (Kostina and Hassibi 2019). Fang, Chen, and Ishii bound
feedback control error below by the conditional entropy of the disturbance and discuss learning-based control
explicitly in this frame (Fang, Chen, and Ishii 2019).

4.4 Partition

This is the distinction the entire argument turns on.

Partition. Enlarging the information set lowers the disturbance-attenuation bound and has no effect on the
stabilization converse. The reason is structural: the stabilization limits contain no observable-disturbance
term, so there is nothing in them to lower by conditioning on more data. Table 1 states the principle.

Disturbance bound Stabilization converse

Conditional on the information set the plant’s unstable poles

Under more information lowered unchanged (no effect)

Governing quantities min-variance bound; Bode side- Bode integral =) Re(p;); data-rate
information relaxation bound R > )" logy [\

Table 1: Partition. The disturbance bound is conditional on the information set, so enlarging that set lowers
it; the stabilization converse depends only on the plant’s unstable poles, so no estimator, however rich, can
affect it. The two are separated by the partition.

Take each side.

On the disturbance side, Bode’s sensitivity integral. For a continuous-time SISO LTI feedback system with
open-loop transfer function L(s), sensitivity S(s) = 1/(1 + L(s)), the integral of the log-sensitivity over
frequency is

L de el

/OOO In |S(jw)| dw = WZRe(pi) - g lim sL(s), (3)
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where the p; are the open-right-half-plane poles of L (Bode 1945; modern treatment in Seron, Braslavsky,
and Goodwin 1997). The final term —7 lim,_,o sL(s) is non-zero exactly when L has relative degree 1;
for relative degree at least 2 the limit vanishes and the integral reduces to the familiar 7, Re(p;). The
statement requires internal stability, S has no right-half-plane poles, and is a SISO statement. This is the
waterbed: sensitivity reduction in one band is paid for by sensitivity increase in another, with the total fixed
by the unstable poles.

The point for the partition: Bode’s integral depends on the open-RHP poles of the plant and on the relative
degree, properties of the plant’s dynamics, and on nothing about the disturbance spectrum or what the
estimator observes. One cannot lower a quantity that does not depend on what one conditions on. Enlarging
the information set therefore cannot relax it.

On the stabilization side, the data-rate theorem. For a linear plant stabilized over a finite-rate digital channel,
mean-square (or almost-sure) stabilizability holds if and only if the channel rate R exceeds the sum of the
logarithms of the unstable eigenvalues:

R > Z logy | il (bits per sample), (4)

where the )\; are the eigenvalues of the open-loop system matrix with modulus at least 1 (Nair and Evans
2004; Tatikonda and Mitter 2004). The rate is in bits per sample. The converse is invariant under nonlinear,
time-varying, and adaptive coding: no coder, however clever, stabilizes below this rate. Again the bound
depends only on the unstable eigenvalues, the plant’s expansion rate, and not on any observable-disturbance
quantity. The partition holds: learning a richer coder or policy cannot beat the data-rate converse.

The information-layer precursor of the terminal-failure distinction is the Sahai-Mitter anytime-capacity re-
sult. Stabilizing an unstable process over a noisy channel requires not Shannon capacity but anytime capacity,
a notion of capacity parametrized by a reliability that must decay exponentially in delay (Sahai and Mitter
2006). The required rate is the log of the open-loop gain; the required reliability comes from the sense
of stability desired. This distinction, that stabilization demands a stronger reliability than mere average
throughput, anticipates the matching rule of Section 6: terminal-failure constraints cannot be met by a
quantity that is only correct on average.

4.5 Threshold

The information-set argument applies in both directions, which fixes a falsifiable test.

Threshold. The gain from learning is real if and only if predictable structure exists outside the linear
sufficient statistics. The measure of the available gain is the conditional-entropy gap

h(d|raw history) versus h(d|linear sufficient statistics), (5)

where d denotes the disturbance. A large gap means the linear observer is discarding predictive structure;
learning that conditions on the raw history recovers it, and the gain is real and quantifiable, bounded by the
gap. A zero gap means the disturbance, relative to the raw stream, is true innovation: it is unpredictable
from anything the richer estimator can see. In that case learning recovers nothing, and a high-capacity
approximator trained to predict it becomes a confident predictor of noise; it fits sampling realizations of an
unpredictable process and generalizes poorly. Overparametrization is therefore the threshold of the gain,
not its engine. Capacity helps only to the extent that the conditional-entropy gap is positive; beyond
that, capacity is spent modelling noise. This is a testable, refutable criterion: estimate the two conditional
entropies and the gap predicts whether learning can help. Figure 1 summarizes the relationship.

5 The vision—control isomorphism

Our novel synthesis is that the control transition of Sections 3—4 and the computer-vision transition of the
2010s are the same transition. The correspondence is exact enough to be stated as a sequence of identified
objects, theorems, and measures, summarized in Table 2.

5.1 Shared object

The convolution kernel of a CNN and the impulse response of a linear filter in control are the same math-
ematical object: the kernel of a linear operator. In both fields a hand-designed instance of this object, a
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conditional-entropy gap h(d | linear) — h(d | raw)

0
f >
T 1 1
gap~ 0 gap > 0
true innovation: predictable structure:
nothing to recover learning gains, bounded by the gap

(overfitting hazard)

Figure 1: Threshold. Learning gains only where the conditional-entropy gap is positive, that is, where
predictable structure exists outside the linear sufficient statistics. Near zero gap the disturbance is true
innovation, nothing can be recovered, and a high-capacity model fits noise; the gain appears, bounded by
the gap, only where such structure exists.

Vision Shared mechanism Control

pixels raw input sensor stream
convolution filter kernel of a linear operator impulse response

SIFT, HOG, DPM hand-designed front end Kalman / linear observer
Fano’s inequality information-to-error bound I-MMSE, min-variance
h(€ | pix) vs h(€ | feat) discarded predictive structure  h(d | raw) vs h(d | lin)
deformable parts model displaced “peak” H, p-synthesis
end-to-end CNN learned replacement learned policy

Table 2: One mechanism, two instances. Read across a row: the same structural role, realized in computer
vision and in control. In both fields a fixed, hand-designed transform sets a signal/noise partition; learning
replaces it and recovers the discarded structure. Control’s extra structure, the stabilization converse, has no
vision counterpart (see Table 1).

HOG/SIFT filter bank in vision, a fixed linear pre-filter or observer in control, defines a fixed signal/noise
partition. Whatever the fixed kernel passes is signal; whatever it attenuates is noise. The pre-commitment
is identical in form.

5.2 Shared theorem

The data processing inequality governs both. For a Markov chain target — X — T(X) — decision, where
X is the raw observation and T a fixed transform,

I(target; T'(X)) < I(target; X). (6)

A fixed transform can only lose task-relevant information; it cannot create it. The consequence is the same
in both fields: a hand-designed front end caps the information available to every downstream stage, and
the cap binds whenever the transform discards task-relevant structure. Learning T jointly with the task
objective chooses a transform that loses less of what matters.

A careful qualifier is mandatory here, because the data processing inequality is often misread as forbidding
exactly what learning does. Turgeman and Tirer show that the “no benefit from pre-processing” reading
holds strictly only at the Bayes-optimal limit; for any finite number of training samples there exists a pre-
classification processing that strictly improves accuracy (Turgeman and Tirer 2025). The correct statement
is therefore: learning does not violate the data processing inequality. The inequality bounds the information
content of a representation; it does not say a learned transform cannot beat a fixed transform at delivering
that information to a finite-sample, sub-optimal downstream learner. Learning chooses a better transform
within the bound; it does not break the bound. This is precisely parallel to the control claim, learning
descends the operative bound by conditioning on more, not by repealing any converse.

5.3 Dual information-to-error bridges

Each field has a theorem converting an information quantity into an error bound.
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In vision, Fano’s inequality lower-bounds the probability of classification error by the conditional entropy of
the label given the features: a representation that retains little information about the label cannot support
low error (for a careful treatment of its tightness and use, Zhao, Edakunni, Pocock, and Brown 2013).

In control, the I-MMSE and minimum-variance relations of Section 4 convert a conditional residual into a
mean-square-error bound. The two bridges are duals: conditional entropy of label given features (vision)
and conditional residual of disturbance given the information set (control) play the same role, they translate
how much the representation retained into how well the downstream task can possibly be done.

5.4 Shared headroom measure

The headroom for learning is the same quantity in both fields. In vision it is h(label | pixels) versus h(label |
features): the gap between what the raw image determines about the label and what the hand-crafted
features retain. In control it is h(d | raw stream) versus h(d | linear sufficient statistics), the conditional-
entropy gap of Section 4.5. In both, a positive gap is exactly the structure a fixed front end threw away
and a learned front end can recover; a zero gap means the hand-crafted features were already sufficient and
learning gains nothing.

5.5 Displaced peak

The deformable parts model occupies the same position in vision that H., and p-synthesis occupy in control:
the most elaborate stage of the hand-engineered paradigm. It was the most elaborate and highest-performing
pre-deep detector, described in survey treatments as the epitome of traditional object detection (Felzen-
szwalb, Girshick, McAllester, and Ramanan; characterization in Zou et al. 2023). It was not displaced by
a better deformable parts model. It was displaced by deleting the paradigm beneath it, the hand-crafted
feature stage, and learning the features end-to-end. The control parallel is exact: classical robust control
is not being out-competed by a more refined H,; the fixed-linear-controller paradigm beneath it is being
deleted and replaced by a learned policy.

5.6 Position relative to prior art

Novelty must be claimed carefully. Every component of this synthesis is individually established. The data
processing inequality, Fano’s inequality, the LMMSE identity, the minimum-variance bound, the information-
bottleneck view of representation, and the empirical vision and control transitions are all in the literature.
What appears unoccupied, to our knowledge, is the explicit identification of the two transitions as one
mechanism, with the partition, the threshold, and the matching rule as the delineation of what transfers and
what does not.

The nearest neighbour must be cited and distinguished. Achille and Soatto give a separation principle for
control in the age of deep learning, bridging learned visual representations and Kalman-filter replacement
through the information-bottleneck Lagrangian (Achille and Soatto 2018). The distinction: they use an
information-bottleneck-Lagrangian separation principle to define a minimal task-sufficient state; this essay
uses the data-processing-inequality conditional-entropy gap together with the dual Fano and I-MMSE bridges
and the explicit historical parallel, and centers the partition between disturbance bound and stabilization
converse, which the separation-principle framing does not address.

The information-bottleneck lineage must likewise be cited and distinguished (Tishby, Pereira, and Bialek
1999; Tishby and Zaslavsky 2015; Alemi, Fischer, Dillon, and Murphy 2017). Pacelli and Majumdar apply
information bottlenecks to displace the Kalman filter with a task-driven representation (Pacelli and Ma-
jumdar 2019). The distinction is sharp: the information-bottleneck program seeks minimality, the smallest
representation sufficient for the task, whereas the mechanism here is recovery of discarded predictive struc-
ture, enlarging the information set to capture structure a fixed front end threw away. Minimality compresses
a sufficient statistic; recovery enlarges an insufficient one. They are complementary, not the same.

Finally, the vision-side unification of hand-crafted and learned features is anticipated by Soatto and collab-
orators (Soatto 2009; Soatto and Chiuso 2016), and the Turgeman-Tirer qualifier above prevents the data
processing inequality from being misread.
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5.7 Disanalogies

The places where the analogy fails are not weaknesses; they enumerate exactly the irreducible extra structure
control has and vision lacks. Vision has no stabilization converse, there is no Bode integral and no data-rate
theorem for image classification, because there is no feedback loop and no unstable plant. Vision’s failures
are recoverable (a misclassification costs an error count) whereas control’s can be terminal (an unstable mode
diverges). Vision’s filters are spatial; control’s are causal and temporal, which is why directed information
and anytime capacity, not plain mutual information and Shannon capacity, are the right measures. Vision
is supervised; control is closed-loop and often reinforcement-driven, which breaks the exchangeability that
supervised statistics assume. Each disanalogy is precisely one of the structural features that the partition
protects: they are why the stabilization converse holds in control even though the representation-learning
gain transfers.

6 Separating the guarantee from the linear structure

Return to the objection of Section 2: classical robust control’s product was guarantees, not deployment
performance. The answer is that the H,, guarantee was real but coupled to the fixed-linear-controller
assumption and priced at a conservatism premium; both the coupling and the premium are separable from
the guarantee itself. Assurance can now be attached directly to a nonlinear policy.

Instantiate two routes.

Neural Lyapunov certificates. Chang, Roohi, and Gao learn a control policy together with a neural Lyapunov
function in a counterexample-guided loop: a learner proposes a candidate policy and Lyapunov function,
a falsifier searches for states violating the Lyapunov conditions using a d-complete SMT solver, and coun-
terexamples are returned to the learner; when the falsifier finds none, the Lyapunov conditions are certified
to hold over the verified domain, and the obtained region of attraction can exceed those from LQR or sum-
of-squares methods (Chang, Roohi, and Gao 2019). The scalability limitation must be stated plainly: the
method has been demonstrated mainly on low-dimensional systems, and verification cost grows rapidly with
state dimension; as of this writing it does not certify high-dimensional policies.

Control-barrier-function safety filters. Ames, Xu, Grizzle, and Tabuada construct a quadratic-program safety
filter that takes a learned (or any) nominal action and projects it minimally onto the set of actions that
keep the state within a provably forward-invariant safe set defined by a control barrier function (Ames, Xu,
Grizzle, and Tabuada 2017; survey in Ames et al. 2019). The barrier filter is agnostic to how the nominal
action was produced, so it attaches a forward-invariance guarantee to a learned policy. The limitation:
constructing a valid control barrier function for a complex, input-constrained system remains a per-system
design problem with no general automatic procedure.

Once the guarantee is separable from the linear structure, Lyapunov certification of a nonlinear policy,
barrier-function enforcement of a nonlinear policy, classical robust control retains mainly its conservatism:
a certified-but-conservative linear controller versus a certified nonlinear policy with less conservatism. This
part of the argument is the least settled. The certificate frontier, scaling neural Lyapunov verification and
automating barrier-function synthesis to high-dimensional, sensor-rich plants, is the current bottleneck. The
displacement of classical robust control on the guarantee axis is therefore a direction supported by working
methods on moderate systems, not a finished fact.

6.1 Matching rule

A non-negotiable principle governs which certificate may be used.

Matching rule. A probabilistic certificate and a worst-case certificate are different kinds of object and
cannot be substituted. Match the certificate’s kind to the constraint’s failure cost before choosing it.

Statistical certificates, conformal prediction, scenario optimization, are valid instruments for the stochastic
performance bound, where failures are recoverable and costs aggregate. They are a category error when
applied to a terminal-failure constraint. Adaptive conformal inference, for instance, guarantees long-run
time-average coverage under distribution shift, not coverage at any individual decisive time step (Gibbs and
Candes 2021). A time-average coverage guarantee says nothing about the one time step at which an unstable
mode would diverge. Moreover, feedback breaks the exchangeability that conformal prediction assumes: the
controller’s actions change the distribution of future data, so the i.i.d./exchangeable premise fails in closed
loop. The Sahai-Mitter anytime-capacity result of Section 4.4 is the information-layer statement of the same
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distinction: stabilization requires reliability exponential in delay, not merely a correct long-run average rate.
The rule in practice: classify every constraint by failure cost, recoverable/i.i.d. versus terminal, and only
then choose the certificate kind. Never certify a terminal-failure constraint with a time-average.

7 What changed and what did not

The three reasons compose into one position.

On the performance axis, learning is the next PID: controller expressiveness matched to plant dimensionality
in the band where control matters, with classical robust control bypassed rather than improved. PID is the
low-dimensional member of the controller class; a learned policy is the high-dimensional member; the next
PID is the class itself, appropriately dimensioned policies with assurance separable from linear structure,
not a specific architecture.

On the gain axis, the improvement is real because learning enlarges the information set the estimator
conditions on and thereby descends the operative disturbance bound, which is the conditional residual given
that set, not a constant of the plant. The size of the available gain is bounded by the conditional-entropy
gap (the threshold, Figure 1); where the gap is zero the gain is zero and capacity is spent fitting noise.

On the guarantee axis, assurance is becoming separable from the fixed-linear-controller assumption via
Lyapunov and barrier certificates attached to nonlinear policies, leaving classical robust control mainly its
conservatism, though this is the least settled part, gated by the certificate frontier.

The scope must be stated precisely. This is not a claim that learning prevails everywhere. It prevails on
nonlinear, sensor-rich plants, for the structural reason given, with a measurable threshold (the conditional-
entropy gap) marking where it stops. On low-dimensional plants PID remains appropriate. The displacement
is of classical robust control on hard plants, not of all classical control everywhere.

What did not change: Bode’s sensitivity integral, the waterbed effect, the data-rate bound ), log, |\,
the anytime-capacity requirement for stabilization over noisy channels, and that true innovation cannot be
reduced, none of these is repealed. They stay constraining. A learned controller obeys Bode’s integral and
the data-rate theorem as strictly as a PID controller does; a deep policy cannot stabilize an unstable plant
over a channel below the eigenvalue-sum rate, and cannot predict true innovation. What changed is not the
physics of feedback. What changed is that one stops paying the cost of linearity to obtain a guarantee, and
that the limits classical robust control certified against were, on hard nonlinear plants, evaluated against an
impoverished linear-Gaussian information set, a set the learned controller is free to enlarge. The converses
remain; the artifacts of the assumption do not.

One limit this essay explicitly does not cross. Learning does not deliver a controller that reasons about its
own loop at runtime. The pilot who notices that she is fighting the aircraft and deliberately reduces gain is
performing a metacognitive act, a controller forming and acting on a model of its own closed-loop interaction
in real time. A learned policy, however high-capacity, is a richer reactive map from observation histories to
actions; it is not a controller that represents and reasons about its own control loop. This capability exists in
no deployed system, learned or classical. Conflating a more expressive reactive policy with a self-modelling
controller would be the one overclaim that the rest of the argument’s discipline forbids.

A final word on the stance this argument expresses. Tao describes a post-rigorous stage of mathematical
development in which one has so thoroughly internalized the rigorous foundations of a field that one reasons
fluidly with intuition “solidly buttressed by rigorous theory”, and in which rigour is used to discard bad
intuition while clarifying and elevating good intuition (Tao 2007). Post-rigour control means exactly this:
internalizing Bode’s integral, the data-rate theorem, the minimum-variance bound, and the anytime-capacity
requirement so thoroughly that one reasons fluidly within the real limits while declining to pay for the artifacts
of a structural assumption that the limits never required. It is not the abandonment of rigour. Command
of the converses is what distinguishes the limits that are artifacts of the fixed-linear-controller assumption,
and therefore negotiable, from the information-theoretic bounds, and therefore permanent.
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