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Abstract

We design a safe visuomotor controller when perception is epistemically ambiguous
due to occlusions, textureless regions, or distribution shift. Our approach is to
replace point state estimates from images with credal (uncertainty) sets that a
controller can leverage in real-time. To this end, we learn credal sets: a reduced
measurement together with a state-dependent confidence set. We then design an
ambiguity-aware output-feedback controller based on system level synthesis that
treats it as a source of measurement ambiguity, propagates it through closed-loop
responses, and enforces safety via uncertainty propagation and constraint tightening.
The resulting pipeline links perception to control through sets, yielding certificates
conditioned on coverage and naturally encouraging reducing epistemic uncertainty
behavior. An efficient sequential convex programming implementation with Riccati
recursions enables real-time control. In high-fidelity vision-based simulations of
a car and a quadcopter, our method achieves safe trajectories in seconds while
avoiding overconfidence under epistemic shift.

1 Introduction

Control from high-dimensional visual inputs remains brittle under real-world conditions, even as
autonomous systems are increasingly expected to interact safely and reliably with their surround-
ings. Yet vision offers rich, scalable scene information. Mapping images to the state is inherently
epistemically ambiguous: occlusions, textureless regions, and distribution shift can render the true
state indistinguishable from the available visual evidence. Standard approaches treat perception
errors as Gaussian noise, conflating aleatoric variability with epistemic uncertainty, and often yield
overconfident controllers that violate safety constraints [Kalman, 1960, Stengel, 1994, Kendall and
Gal, 2017].

A growing body of work in machine learning formalizes epistemic uncertainty via imprecise set-
valued, ambiguity-aware models, such as credal (uncertainty) sets, evidential networks, and conformal
prediction. These approaches construct sets of plausible outcomes with calibrated coverage [Walley,
1991, Sensoy et al., 2018, Vovk et al., 2005, Angelopoulos and Bates, 2021]. Such ideas are natural
for control: rather than a point estimate, perception should output a credal set, i.e., a low-dimensional
measurement with an explicit state-dependent confidence set [Combastel, 2005, Romano et al., 2020].

In this paper, we take a two-step approach for predictive visuomotor control: first, we learn credal sets
from pixels with empirical coverage, even under distribution shift. Second, we design an ambiguity-
aware output-feedback controller based on system level synthesis (SLS) that propagates these credal
sets through closed-loop dynamics and enforces safety via reachable sets and robust (safe) prediction
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[Chen and Anderson, 2019, Sieber et al., 2021, Wang et al., 2019, Goulart, 2006, Dean and Recht,
2021, Leeman et al., 2025a]. Together, this perception-to-control pipeline enables safe, real-time
visuomotor control that accounts for epistemic ambiguity.

Contributions.

1. We propose a control-theoretic loss and leverage visual foundation models to learn a reduced
image-to-measurement projection with a state-dependent uncertainty bound, yielding set-
valued observations that are empirically calibrated via a convex optimization.

2. We develop an ambiguity-aware output-feedback design with SLS that treats the credal set
as a source of measurement ambiguity, propagates it through the closed-loop responses, and
enforces safety via constraint tightening.

3. We provide a new scalable solver that leverages efficient numerical optimization techniques:
sequential convex programming (SCP) and efficient Riccati recursions. Robust performance
is assessed on high-fidelity simulation experiments of a car and a quadcopter, computing
safe trajectories in seconds.

Related Work

Epistemic uncertainty in learning.In machine learning, epistemic uncertainty is modeled via
Bayesian and nonparametric approaches such as Gaussian processes (GPs) [Seeger, 2004] and
neural processes (NPs) [Garnelo et al., 2018], as well as approximate Bayesian methods for neural
networks, including ensembles [Lakshminarayanan et al., 2017], Bayesian neural networks [Blundell
et al., 2015], and dropout-based approximations [Gal and Ghahramani, 2016]. While effective
in-distribution, such distributional surrogates often fail to provide reliable coverage under distribution
shift [Ovadia et al., 2019]. A complementary line of work emphasizes imprecise (i.e., distributionally
ambiguous) probability models, which represent sets of plausible distributions or outcomes. Examples
include credal models [Walley, 1991], evidential deep learning [Sensoy et al., 2018], and conformal
prediction [Vovk et al., 2005, Angelopoulos and Bates, 2021].

Set-valued perception. Set-valued outputs have been explored in regression via conformalized image
classifiers [Romano et al., 2020]. In control, interval observers and set-membership estimation
methods [Combastel, 2005] have long been used for robust filtering and fault detection. Recent work
also considers learning-based set predictors for safe perception and planning [Mirman et al., 2018].
Our formulation bridges these traditions: we learn a state-dependent credal set from images that
provides a calibrated error set around a projection, in a form that is directly compatible with set-based
robust control and SLS.

Control under ambiguity. Classical robust and stochastic control frameworks assume either bounded
disturbances [Khalil et al., 1996] or Gaussian noise models [Mayne, 2014]. More recent advances in
distributionally robust optimization [Wiesemann et al., 2014, Mirman et al., 2018] extend robustness
to ambiguity (credal) sets over probability distributions. In control, SLS [Wang et al., 2019] provides
a flexible parameterization for propagating structured uncertainty through closed-loop response
maps. Connections between epistemic uncertainty in perception and robust control are beginning
to appear [Dean and Recht, 2021, Chou et al., 2022, Trisovic et al., 2025], but remain limited.
Our work connects these threads by treating learned credal sets as an explicit ambiguity source in
output-feedback SLS, yielding scalable, certificate-backed control directly from pixels.

2 Problem Setup
We consider discrete-time nonlinear dynamics
Trt1 = f(xk,uk,wk), T € Rn, U € Rm, wg € Rn“’, (1)

where xj, is the state (e.g., pose and velocities in a fixed world frame), uy is the control input
(e.g., forces and torques), and wj, € W is the bounded process noise (e.g., uncertain aerodynamic
coefficients or wind). A camera provides an RGB image 3, € RF*W*3 whose appearance is
induced by the robot state via the rendering map y, = h(xzy). We seek an output-feedback controller
that operates on a reduced measurement ¥ and an associated credal set. To this end, we first design a
reduced observation model h,(xy) with a calibrated state-dependent credal set V() around v}, i.e.,

Y = he(xg) + vk, v € V(zk) = {v: ||v]|eo < e(zk) }, 2)



where vy, captures epistemic perception ambiguity; its radius e(zy) is state dependent, data-calibrated,
and grows under occlusions or textureless regions.

Then, we synthesize a causal policy u, = m(yj, - - -, y}) such that (xy,uy) € S for all wy, € W
and vy, € V(z), where S denotes the state—input safety set (e.g., input box and obstacle-avoidance
constraints).

3 Credal Sets from Pixels

In this section, we detail how we obtain the credal set. First, we learn a reduced observation y;, from
images . Second, we learn a calibrated state-dependent credal set V(x},) around yj,.

3.1 Low-Dimensional Observation

Given a color image y € R7*Wx3 we freeze a visual encoder ¢ : RF*W>3 _ R4 (e.g., DINOV2
[Oquab et al., 2023]) to extract features ¢(y). A learned projection p : R — R" maps these features
to a reduced observation y" = p(¢(y)), where r < d and r is chosen to match a target linear
observation model h,.(z) = Cz, C € R™*". Specifically, over the training dataset D = ({z;, y;})
of state-image pairs, we jointly learn p(-) and h,.(-) to minimize the loss

0(0p,0n) = p(6(yi); O0p) — hr (255 08) | — ATmin(O(4)) ©)
for some A > 0, and where 6, and 6§}, are neural-network weights. The second term encourages a
larger smallest singular value of the observability matrix O [Grossman, 1999, Ch. 3]. This promotes
higher Jacobian rank and hence better recoverability of = from outputs, thus the projection learns to
ignore visual distractors.

3.2 State-Dependent Credal Set

Rather than treating 3" as a noisy point estimate of h,.(x), we model a state-dependent credal set

v €V(z) = {v:||vllee < e(zr) }y 4)
where e : R™ — R is a bounding function that captures epistemic uncertainty. We interpret V()
as a credal set: the collection of reduced observations consistent with the image evidence at state
z. Unlike Gaussian surrogates that can be overconfident under occlusions or shift, the credal set
V(x) models epistemic ambiguity directly, and the calibrated radius e(x) sets is used for the safety
constraint tightenings (Section 4.2).

To calibrate this set, we upper-bound the reduced-observation error
TR = ||ylz_hr(xk)”oo = [|vk]locs )
and learn eg(-) so that r;, < eg(xy) and with high empirical coverage.

The following convex optimization problem is used to learn the smallest smooth, state-dependent
radius that upper-bounds the empirical residuals 7. Hence, we fit eg(-) on calibration data Dy, =
{(z;, yi)} by solving the convex program

min Y (8 m(z) + 115+ &

B,8:>0

s.t. BTm(z,;) > r; — &, T = ||p(¢(yz))—hr(xt)|’oo Vi,

where 7y, 1 > 0 trade off smoothness and outliers, m(z) € RM is a fixed monomial basis and
es(z) = BTm(w)is a scalar polynomial with coefficients 3 € R,

2

Remark 1. This polynomial construction yields a differentiable, state-dependent credal set radius that
is cheap to evaluate inside constrained trajectory optimizers used in the next section. By comparison,
Lipschitz interpolation yields noisy gradients, which complicate coupling with constrained trajectory
optimization solvers [Knuth et al., 2021 ].

4 Ambiguity-Aware Visuomotor Control

With a calibrated credal set in hand, we now treat perception uncertainty as epistemic ambiguity in
the measurement and synthesize a dynamic output-feedback controller that propagates this ambiguity
(4) through the dynamics (1).



4.1 Perception-based controller

To construct the perception-based controller, we leverage a nominal (without process noise or
measurement ambiguity) prediction of the nonlinear dynamics (Zj, %x). We use the SLS framework
to design the perception-based controller [Dean and Recht, 2021] via a parametrization of the
closed-loop behavior via response maps from disturbances to states and inputs:

=T+ ®Vw+ PV, u==u+®"Vw+ ®"Vo.

The v-uncertainty explicitly accounts for measurement ambiguity, i.e., all vy € V(Zy) along the
nonlinear nominal trajectory. We enforce safety via explicit tightenings from induced norms of the
response maps. This extends [Leeman et al., 2025b], which considers only process disturbances (no
measurement noise) and therefore does not address measurement ambiguity. See Appendix A for
details on the construction of the matrices ®*V, &>V, "V and P"V.

4.2 Safety Certificate with Calibrated Credal Sets

Let S denote state and input safety constraints encoded as inequalities. If the credal set achieves high
coverage on held-out data (Section 3), then the designed controller must satisfy

(zg,ux) €S forall wy € W, vy, € V(Zy), 6)

i.e., the closed-loop state and input remain safe for all process noise wy and measurement ambiguity
v, in the credal set V(Zy) along the nominal trajectory.

We enforce the safety constraints (6) written as A, xy < b, and Ayuy < b, using two steps.2
1. Evaluate the worst-case closed-loop deviation, also called tube, from the response maps:
5% =[] ™| w+ || v, 0= w A [|2™

with ¥ the worst-case measurement-ambiguity radius induced by V(x) within the tube 6*
and w the worst-case process-noise radius from W.?

2. Tighten the nominal constraints. Since ||z — Z ||, <0” and |Jug — k|| < 6%, it suffices
to impose on the nominal plan, for all k,

ApTr, < by — A 167, Aulip < by — |Ay| 16" @

00— 00 00— 00 00—r00 00—r00 v,

Hence, imposing the constraints (7) for all k£, guarantees that the safety constraints are satisfied (6)
regardless of the process noise w and measurement noise v(x). See Appendix B for additional details
on the credal set closed-loop propagation and corresponding constraint tightening.

4.3 Sequential implementation

To implement the perception-based controller, we leverage the nonlinear nature of the dynamics
via a SCP algorithm that repeatedly approximates the nonlinear program with linear time-varying
surrogates. For each linear surrogate, we leverage an efficient linear SLS solver [Leeman et al., 2024,
2025a] originally developed for systems without measurement errors, augmented with an SLS-type
Kalman filter [Wang et al., 2015] (see Appendix C for details). The overall algorithm is as follows:

1. Linearize the dynamics f and quadratically approximate the cost around the nominal
trajectory (Z, @) to obtain a linear time-varying subproblem.

2. Solve for nominal trajectory updates and SLS responses ® via SLS numerical solver [Leeman
et al., 2024] and Kalman filtering [Wang et al., 2015].

3. Update (Z,u) and repeat.

5 Experiments

In this section, we deploy the ambiguity-aware output-feedback SLS controller. We analyze the
closed-loop behavior on two visuomotor tasks: (i) a quadcopter performing safe waypoint tracking

?For simplicity, we present linear constraints; nonlinear constraints (e.g., obstacle avoidance) are handled via
sequential linearizations, similarly in Section 4.3 and [Zhan et al., 2025].

M| L = sup| .. <1 1M 2]l is the induced foc — loo operator norm (equal to the maximum
absolute row-sum of M). For block-lower-triangular response maps ®, we apply this norm to the finite-horizon
block matrix. See Appendix B for details.
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Figure 1: Car in an occluded parking lot with a top-down camera. Left: raw overhead camera image;
the large black rectangle is an artificial occluder. Right: zoomed-in top-down view of the workspace.
Grayscale shows the learned credal radius for the reduced observation (darker = higher epistemic
uncertainty/occlusion). Red disks are obstacles. The ambiguity-aware controller tightens constraints
using the propagated set and yields a collision-free trajectory. In contrast, the certainty-equivalent
trajectory stays longer in the high-uncertainty occluded region.

in a room with obstacles, and (ii) a car safely navigating to a goal while avoiding obstacles with
occlusions using PyBullet [Coumans and Bai, 2016-2021]. All experiments use color images at a
resolution of 512 x 512.

As a baseline, we use a certainty-equivalent (CE) controller that plans from point estimates and does
not use tubes during planning; post hoc tubes are computed and overlaid only after planning (no
tube—trajectory coupling), as with a fixed iLQG-style controller [Todorov and Li, 2005].

5.1 Car with overhead camera

In Fig. 1, the objective is to reach the goal while avoiding obstacles and satisfying state and input
constraints, while minimizing the propagated epistemic uncertainty (credal tube volume) along the
trajectory, within the horizon N = 30.

5.1.1 Perception calibration

We first visualize the learned state-dependent polynomial overbound eg(z) as a grayscale heatmap
over the (p,,p,) workspace. Crucially, the images are corrupted with partial occlusions (black
rectangle) between the initial and goal positions during training. The bound naturally inflates in
occluded regions, where the car’s position is ambiguous, and shrinks in open areas.

To quantify how well the learned measurement-error bound é(x) captures the true perception residuals,
we evaluate its empirical coverage on a held-out dataset. For each sample {z;, y; }, we compute the
residual 7; = ||p(@(y;)) — hr(x;)||co and report the fraction of points whose residual lies below the

predicted bound, Coverage = + le\il 1{r; < é(x;)}. Coverage is evaluated on 500 data points,
achieving 98.8%.

5.1.2 Ambiguity-aware control

The optimal car trajectory safely reaches the goal while avoiding obstacles. At each step, the controller
uses the propagated credal set to tighten constraints, steering away from high-uncertainty regions
and seeking viewpoints that reduce epistemic ambiguity. This behavior is induced by a tube-volume
penalty in the sequential trajectory optimization (Section 4.3). In Fig. 1, the path bends away from
the dark, high-uncertainty lobe, and the tubes shrink as the trajectory enters better-observed areas,
illustrating how credal sets directly shape the optimum. Additional closed-loop rollouts appear in
Appendix D (Figure 3).
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Figure 2: Quadcopter with onboard camera showing safely guaranteed obstacle avoidance despite
epistemic uncertainty in perception.

In contrast, the CE baseline (defined above) lingers longer in the dark, high-uncertainty region
because tubes are only computed post hoc, making it suboptimal for our objective of reaching the
goal while minimizing epistemic uncertainty.

5.2 10D quadcopter with onboard camera

We consider a quadcopter model with 10 states and 4 inputs with horizon N = 35. We operate it in
a cluttered room containing cylindrical obstacles and wall-mounted texture patches. The objective
is safe waypoint tracking along a 3D path using only the onboard camera. In Fig. 2, we show that
the proposed method scales to large-scale dynamics with camera sensors. The predicted optimal
trajectory safely avoids the obstacles despite uncertainty in perception. By contrast, the CE baseline
(defined above) collides with obstacles because tubes are computed only post hoc and thus do not
inform collision avoidance or uncertainty minimization. The sequential algorithm from Section 4.3
computes a safe trajectory and controller in 19.05 [s] on a 2021 MacBook Pro (M1), i.e., faster than
the time needed to execute the trajectory.

6 Discussion and Limitations

Our results highlight that epistemic ambiguity in perception can be explicitly modeled and propagated
through control via optimization, in seconds. By combining observation sets with output-feedback
SLS, we obtain a scalable visuomotor predictive controller with both calibration and tractable safety
certificates. Yet, several open challenges remain:

* Tighter uncertainty sets (e.g., neural certificates, adaptive bounds, or conformal prediction)
could improve performance. Future work could focus on disentangling aleatoric sensor noise
from epistemic model mismatch, so that exploration and learning target only the reducible
epistemic component.

* When entire regions of the state are unobservable, our method can become overly cautious.

By producing calibrated, ambiguity-aware observations, this proposed framework provides a princi-
pled way to link perception uncertainty to downstream decision-making.

7 Conclusion

We introduced a perception-to-control pipeline that learns credal sets, i.e., low-dimensional measure-
ments with calibrated, state-dependent confidence sets, and propagates them through an ambiguity-
aware output-feedback controller via SLS. This approach provides safety certificates, and enables
real-time execution across visuomotor tasks. Our results suggest that explicitly modeling epistemic
ambiguity, rather than collapsing it into noise, is a practical and scalable path toward safe visuomotor
control. Overall, this work suggests that embedding epistemic intelligence into visuomotor pipelines
is not only feasible but also essential for safe, trustworthy Al-driven control.
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A System Level Parametrization

As in [Anderson et al., 2019], we show the SLS relations for linear time-varying models with bounded
process/measurement disturbances. Consider the linear time-varying error dynamics around a nominal
(x,1)

Azpi1 = ApAxy + BrAuy + Egwg, Ay, = CrAzy + Frog, (3)
with wy, € B™* and v, € B™ (unit {, balls). Stacking over the horizon using the block down-shift
Z and block-diagonal matrices A = blkdiag(Ao, ..., Ar_1), and similarly B, C, E, F, we write

Ax = ZAAx + ZBAu + Ew, (9a)
Ay = ZCAx + Fv, (9b)
where w = (@, wy, . . ., wr—1) includes the initial state uncertainty. The matrices A, B, C,E, F

could originate, e.g., from the linearization of the dynamics (1)—(2).

Instead of synthesizing a gain K directly in u = u + K(y — ZCx), SLS optimizes the closed-loop
responses @ from disturbances to (Ax, Au):

Ax v V| [E 0] |w
= [oe 3] [5 #[F] 0
i}

The maps ¢ must satisfy two affine system level constraints ensuring causality and consistency with
the dynamics:

I-ZA -ZB]|o=[ 0], (11a)
I-ZA I
d { _7C } = {0} . (11b)
For any ® satisfying (11), there exists a unique strictly causal output-feedback law realizing (10);

one valid reconstruction is
K = (ﬁuv _ (I,uw (@xw)—l @xv7 (12)

and K is block-lower-triangular with zeros on the diagonal (measurement-delay convention).

B Safety under ambiguity via SLS

Let state/input constraints be linear inequalities
Axp < by, Ayup <b,, k=0,...,T—1. (13)

Write x, = Ty + Az, up, = Uy + Auy, and use the responses (10). Since w, e live in £, boxes and
the maps are linear, worst-case tightening reduces to support functions of ¢, balls, i.e., weighted ¢;
norms.

Proposition 1 (Entrywise o tightenings). Suppose w; € B"v and e; € B™v for all j. Then safety
Az < by and Ayuy, < by, for all admissible (w, e) is ensured by the nominal tightenings

T T
AsTr <be — Y |A| 1| @F5E| o — D0 A L RFGE o (142)
— —_———— -
7=0 row-wise £1 bound 3=0
T T
Aty <ty = Y [AL|RRSE| o — Y |Ad L@ E ] . (4b)
j=0 j=0
where || - ||oomsco denotes the induced L, operator norm (maximum absolute row-sum), and 1 is a

vector of ones of matching size.

T fati : T XW
Proof. For any row a' of A,, the worst-case deviation is max, <1 |a' > ; ¥ Ew;| <

> laT™ ©3" |1, and similarly for e. Summing row-wise gives (14). O

Notes. Nonlinear cases inherit these tightenings on each SCP iteration by plugging the linear time-
varying linearization (A, By, Ck, Ex, F},).



C Output-Feedback SLS as LQR and Kalman Filter

Similarly as in Anderson et al. [2019], this appendix clarifies how the output-feedback SLS pa-
rameterization admits a clean decomposition into a state-feedback part and a measurement update
(Kalman-like) part leveraged in Section 4.3 for efficient numerical solution.

Recall the stacked LTV error system and output-feedback SLS parametrization from Appendix A:
Ax = ZAAx + ZBAu + Ew, Ay = ZCAx + Fv, (15)

{ﬁﬂ = |:$uw guv] []é) 10?} [‘\q, with ® satisfying (11). (16)

Introduce intermediate closed-loop responses that separately handle the process and measurement
uncertainties:

* A state-feedback pair (®*, ®") that maps process disturbances to (Ax, Au) and satisfies
the left SLS constraint (with C absent):

I-ZA —ZB]| [g} =1

Intuitively, this is what LQR designs in closed-loop when the state is directly available.

« An observer pair (&, ") that maps measurement disturbances to (Ax, Ay) and satisfies
the right SLS constraint (with B absent):

~x oy] |[I-ZA| _
& 3] { o ] ~1.
Intuitively, this is what a Kalman filter implements in closed loop for the estimation dynam-

1CS.

With these two “half” responses in hand, the full output-feedback maps that satisfy (11) are obtained
by the composition:

V= +& - B (1-2ZA)d, (17a)
W =" — P"1-ZA)D, (17b)
V=& - (1-27A)", (17¢)
PV =3 (1-2A)". (17d)

D Additional experimental results

D.1 Car experiment

Figure 3 shows the nominal plan with (closed-loop) state credal sets and sample rollouts.
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Figure 3: Closed-loop rollouts for the car task in the occluded scene. The plot overlays the nominal
plan, the SLS-induced credal set (used for constraint tightenings), and sample closed-loop rollouts.
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