VISION-SLS: Safe Perception-Based Control from Learned
Visual Representations via System Level Synthesis

Antoine P. Leeman*! Shuyu Zhan*?
Project Website: (Link) |

Abstract—We propose VISION-SLS, a method for nonlinear
output-feedback control from high-resolution RGB images
which provides robust constraint satisfaction guarantees under
calibrated uncertainty bounds despite partial observability,
sensor noise, and nonlinear dynamics. To enable scalability
while retaining guarantees, we propose: (i) a learned low-
dimensional observation map from pretrained visual features
with state-dependent error bounds, and (ii) a causal affine
time-varying output-feedback policy optimized via System Level
Synthesis (SLS). We develop a scalable, novel solver for the
resulting nonconvex program that leverages sequential convex
programming coupled with efficient Riccati recursions. On two
simulated visuomotor tasks (a 4D car and a 10D quadrotor)
with > 512 x 512 pixels and a 59D humanoid task with partial
observability, our method enables safe, information-gathering
behavior that reduces uncertainty while guaranteeing constraint
satisfaction with empirically-calibrated error bounds. We also
validate our method on hardware, safely controlling a ground
vehicle from onboard images, outperforming baselines in safety
rate and solve times. Together, these results show that learned
visual abstractions coupled with an efficient solver make
SLS-based safe visuomotor output-feedback practical at scale.
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I. INTRODUCTION

Reliable robot deployment demands safety and performance
guarantees. Yet, perception-in-the-loop control, i.e., output-
feedback control, makes both control synthesis and safety ver-
ification difficult: robots must act under partial observability
and noisy sensor feedback while efficiently stabilizing their
nonlinear dynamics. These challenges are magnified when
feedback comes from high-dimensional, non-smooth visual
sensor outputs. Due to these difficulties, existing methods
typically trade off information-seeking (i.e., active reduction of
state uncertainty by moving to regions with more informative
sensor readings) under partial observability against safety cer-
tification. For instance, reinforcement learning (RL) [26] and
imitation learning [9] scales to high-dimensional visuomotor
tasks but yields policies that are difficult to certify. In contrast,
model-based methods like model predictive control (MPC)
[7], Lyapunov-based control via sum-of-squares (SOS) [33]
or belief-space planning [[19] offer guarantees but are
mainly limited to linear, low-dimensional settings or rely on
the classical separation principle between estimation and con-
trol, thereby precluding information-seeking behaviors that are
often necessary in robotics for robustness to visual occlusions.

To close this gap, we present VISual Output-feedback
Nonlinear System Level Synthesis (VISION-SLS), a scalable

-
B Obstacle = v v.:l
—— Nominal
=== Rollouts

T4

reachable

2
>
- @
2 by 6
e
& &
g ‘
> = =
o 8 >4 > g P
L - = ¥
n
t=0s t=015s t=03s t=045s t=06s
01 "
E S B
= 00 N
I~ o9
5 -01{-— closed-loop rollout Sos
e open-loop rollout = ..
g -0z reachable set 3
~ —— optimal trajectory Aos
o 0 10 20 30 a0 50 60 0 10 20 30 10 50 60
o0
& oo & 107 permitted range (constrain
g oo 2
£ oms g
& & oo
o

0 10 20 30 0 50 0 0 10 20 30 10 50 B

Time step k Time step k

Fig. 1.

Onboard image observations used for control

We stabilize a Unitree G1 humanoid (59 states) around a backflip trajectory that is jointly optimized, enabling robust constraint satisfaction. (a)
Two views of a timelapse of the backflip trajectory that our method stabilizes. (b) A subset of the reachable tubes (green), closed-loop rollouts (blue),
and open-loop rollouts (red). The optimized closed-loop controller via Alg. 1 keeps the system within the reachable tubes, whereas executing the nominal
trajectory open-loop (i.e., without feedback) causes the system to exit the tubes and result in constraint violations (e.g., on the quaternion g). See App. for
reachable tubes for all states. (c) We evaluate our method on a physical TurtleBot robot, controlled via onboard images. Closed-loop rollouts obtained by using
our controller (blue) stay within the tubes (green), avoiding obstacles (red). (d) Rollout time-lapse. (¢) Onboard images collected to implement our controller.


https://trustworthyrobotics.github.io/VISION-SLS/
https://github.com/trustworthyrobotics/VISION-SLS
https://youtu.be/a07cRhBb3xc

method for uncertainty-aware output-feedback control from
high-dimensional visual inputs, with robust constraint satisfac-
tion guarantees under calibrated uncertainty bounds. VISION-
SLS does not rely on the separation principle and performs ac-
tive information-gathering with safety guarantees. To achieve
this, VISION-SLS integrates learned visual representations
into system level synthesis (SLS)-based robust control design.
Our key idea is to model perception error as a bounded distur-
bance on a reduced observation, allowing partial observability,
information gathering, and robust constraint satisfaction to be
addressed directly and jointly within the closed-loop response
parameterization optimized by SLS. This enables scalable
output-feedback synthesis for nonlinear systems with high-
dimensional sensor data. Our main contributions are:

e We develop a novel controller parameterization for
partially observed nonlinear systems by coupling
nonlinear trajectory optimization with output-feedback
SLS. In contrast to prior nonlinear SLS results, which
focus on state feedback [25 [24]], and prior output-
feedback SLS results [48, 2], which focus on linear or
linear time-varying (LTV) systems, our method enables
robust perception-based control with safety guarantees
under nonlinear dynamics (Prop. [3).

e We construct a low-dimensional reduced observation
from foundation-model features using a dynamics-aware
observability loss, and calibrate a state-dependent
overbound on the resulting reduction error (Sec.
[VI-C2). This makes high-dimensional visual observations
compatible with our robust output-feedback synthesis.

o We show unconstrained output-feedback linear-quadratic-
Gaussian (LQG) in the SLS parameterization has a
double-Riccati solution. This structure enables an effi-
cient solver for the output-feedback subproblems in our
method (Prop. ) that scales synthesis to large systems.

o We validate the approach on a 4D car and a 10D quadro-
tor with RGB camera observations, a 59D humanoid with
partial state measurements, and a hardware TurtleBot with
an onboard camera, showing safe information-gathering
behavior, scalability to high-dimensional dynamics, and
successful vision-based deployment on hardware.

II. RELATED WORK

RL has achieved impressive performance in visuomotor
control, scaling to high-dimensional tasks and enabling end-to-
end pixel-to-torques policies [26, 41} 31} 16| 46]. However, RL
methods are notoriously data-hungry and difficult to certify,
as the resulting policies are complex and lack interpretability.
While visual foundation models (VFMs) [28, |1, 47] have
recently improved generalization by providing rich feature
representations, coupling them with RL still leaves the overall
perception—control pipeline without calibrated guarantees.

SLS offers a principled, scalable model-based control
framework for large LTV systems for output feedback [2} (14}
29, with recent extensions to nonlinear state-feedback under
robust constraints [25]. Belief-space planning (BSP) instead

casts output-feedback as a partially-observable Markov deci-
sion process (POMDP) to model sensor noise and information
gathering, but exact solutions are intractable and practical
Gaussian/sampling-based approximations (e.g., based on the
extended Kalman filter (EKF) or iterative LQG) typically do
not consider constraints under uncertain dynamics [19, [15].
Finally, a line of work on safe control with learned models
and visual inputs has emerged [37, [10]], but only heuristically
encourages safety or is limited to low-dimensional systems.
In summary, prior visuomotor control work typically lacks
end-to-end guarantees, assumes full state reconstruction from
observations, or does not handle robust constraint satisfaction
under nonlinear dynamics. These limitations motivate our
approach, which combines visual abstractions from VFMs
with dynamic output-feedback control using SLS, enabling
scalable, information-gathering, and safe visuomotor control.
a) Notation: For vectors or matrices a and b with the
same number of rows, we denote their horizontal concate-
nation by [a, b], and their vertical stacking as (a,b) =
[a”, bT]T. Let 0,,x,, and I,, denote the n x m-zeros and n xn
identity matrix, respectively, with dimensions inferred from
context when omitted. We use ny, n,, and n, for the dimen-
sions of state, input, and observation. The matrix Z denotes
the block downshift operator, with I, on the first subdiagonal
and zeros elsewhere. For sets, A @ B denote the Minkowski
sum. For a vector a € R™, we denote as a; its ¢th entry. We
use the unit £y, ball B":= {z € R" : ||z]|oc < 1}. We use
No.r :={0,...,T}, and use the Frobenius norm as || - ||p.

III. PROBLEM STATEMENT

We consider discrete-time, partially-observed, nonlinear

systems, with states * € R™, controls v € R", and
observations y € R™,
Tht1 = f(:z:k,uk) + E(mk)wk (1a)
Yr+1 = h(zy) + F(xy)er, (1b)

where f R™ x R™ — R™ are the dynamics and
h : R™ — R™ are the delayed sensor outputs (IMU,
images, etc), accounting for processing latency common in
vision-based feedback. The functions E : R"x — R™x*7"x
F : R™ — R™*™ capture process noise and measurement
noise on the system dynamics and observations, respectively.

Assumption 1. We assume bounded process and measurement
noise (arising, e.g., from VEM error) with wy € B™ and e; €
B", with a system-specific scaling via E(x) and F(zy).

Assumption 2. We assume the dynamics f are twice contin-
uously differentiable.

We aim to guarantee that all reachable states and controls
satisfy the constraint

S = {(z,u) e Rt | [ (z,u) +b; <0, i =1,...,n} (2)

despite the process noise and measurement noise. To ensure



robust constraint satisfactio over the prediction horizon, we
seek an output-feedback policy that leverages the history of
measurements to compute the control at time k. To obtain
this policy, we formulate the following constrained non-convex
optimization problem for obtaining an output-feedback policy

™= (mo("),. .., mr-1(")):

min J(7) (3a)
St Tpy1 = f(ark, Uk) + E(a:k)wk, k € Nog.r_1q, (3b)
Yr+1 = M(xy) + F(ap)er, k€ Nog_q, (3c)
o € Xo, (3d)
up = Tr(y1,-- -, Y), Yk € Nop_1, (3e)

(xk,uk) S S,Vwk S BnX,V€k S Bny,k‘ S NO;T_l, (31)

where J(-) is the objective and Aj is the set of possible initial
states. The optimization in (3) is difficult for three reasons:

o The optimization ranges over all causal maps from
measurement histories to controls, and hence is infinite-
dimensional unless parameterized.

e The constraints must hold for each of the infinitely-
many possible disturbances wy, ey, in the sets B, B™.

o The dynamics and observation functions f, h are non-
linear and high-dimensional. In particular, the observa-
tions are assumed to be high-dimensional images, i.e.,
yr, € R™ with ny in the order of 10° or more.

In this paper, we develop a tractable pipeline, VISION-
SLS, to address these challenges. We will first summarize
background preliminaries on SLS in Sec. and overview
our method in Sec. [V, which learns reduced observations and
robustly synthesizes safe nonlinear output-feedback control
(Sec. via an efficient solver based on Riccati recursions
and sequential convex programming (Sec. [VII).

I'V. PRELIMINARIES

In this section, we review the SLS framework for LTV sys-
tems [2], which we use as a subroutine in Sec. [VI-A to design
a dynamic output-feedback controller for the nonlinear system
(I). We consider a one-step measurement-delayed LTV system
to capture perception latency typical of vision-based feedback

o = i’o + Eﬁ)7
Tpt1 = Agxr + Brug + Epwy, 4
Yu+1 = Crar + Freyp,

where @ € B™= denotes a normalized initial state uncertainty,
and = € R™*"= denotes the corresponding scaling matrix.
The corresponding nominal dynamics evolve according to

Tpy1 = ApTr + Brg, Yr+1 = CpTy. (5)
We define the stacked variables x = (xq,...,27), u =
(an cee 7’U,T,1), y = (y17 e ayT)9 W = (QI],’UJO, e ,wal),
and e = (eg,...,er—1), and block-diagonal matrices as

For simplicity, we present linear constraints; nonlinear constraints (e.g.,
obstacle avoidance) are handled via sequential linearizations, similarly in
Section [VII and [43]. Likewise, terminal constraints can also be imposed.

A = blkdiag(Ao,...,Ar_1), and similarly for B, C, and
F, and E = blkdiag(E, Ey, ..., Er_1). We further define
deviations Ax :=x—X, Au:=u—1u, Ay :=y —¥, and by
stacking the dynamics over the time horizon, the closed-loop
error system is written compactly as

Ax = ZAAx + ZB Au + Ew, (6a)
Ay = ZCAx + Fe. (6b)

We consider an output-feedback controller of the form
u=u+K(y — ZCx). @)

Optimizing K directly is difficult since enforcing robust con-
straint satisfaction for the realized trajectory is nonconvex in
K. In contrast, SLS designs the closed-loop response maps ®
directly, mapping disturbances to state and input deviations

Ax| | ®*| |E 0| (w 3
Au| |®"™ ®"| |0 F||e|’ ®)
P

where the matrices ®*V, ®*¢, "V and P"¢ are block-lower-
triangular. Crucially, this output-feedback parameterization
enables an efficient convex controller synthesis with robust
constraint satisfaction, as we will see next.

Proposition 1 (Adapted from [2| 48]). The error LTV system
(6) in closed-loop with the controller can be written as
Eq. if and only if ® satisfies

I-ZA -ZB|®=[I 0],

ot
The feedback gains K in can be recovered from ® via

K = ®" — " (&™) "' &*. (10)

Proof: See, e.g., [48, Prop. 1]. |

We show that the associated linear—quadratic—Gaussian
(LQG) problem [2} 40] can be written as the convex program

Q1/2 0 dxv  Px] [E 2
0 R1/2 Puv  Pue F
2

e sl

min
)

F

F (11a)

F
@XW (I,xe
B q,ue}:[l 0], (11b)

o [I-ZA| |I
@uw @uc:| { _ZC :| - |:0:| k)
with Q = blkdiag(@,...,Q) and R = blkdiag(R,...,R)
the state and input cost matrices, respectively, with ¢ = 0
and R > 0, and P the terminal cost corresponding to the last
time step 7', and last block-row @5 of ®°. As for typical LQG

design, this cost function in (1) corresponds to the expected
value of the variance of the quadratic performance objective

st. [I-ZA —ZB]{

FXW (11c)

2In the stacked matrices ®*¥ and ®"W, the block at index 73 =20
corresponds to the initial condition, while indices j > 1 correspond to process
disturbances injected at time 7 — 1.



under stochastic process and measurement noise [2]. In the
following, we formulate the corresponding robust constraint

satisfaction conditions for the output-feedback setting.
Proposition 2. Consider (6) in closed loop with (1), and let

XV Pxe DWW DU sarisfy (). Then robust satisfaction of
for all k and all admissible disturbances holds if and only if

k
> el @3B+ el Bl (2, ve) + b < 0. (12)
=0

for i« = 1,...,n. with i’gj =
e . xXe ue
‘I’k,j = ( k., q)k,j)'

(@’,;j’;-, (I’z";) and

Proof: The proof follows directly from the state-feedback
result in [32]]; we provide the full proof in Appendix [A. ®

V. METHOD OVERVIEW

In this section, we summarize how our method, VISION-
SLS, solves the nonlinear output-feedback problem (also
see Fig. [2) after we introduce two approximations to make
tractable. First, instead of planning directly from high-
dimensional images, we map each observation y € R™ to a
low-dimensional reduced measurement y” € R™". Concretely,
we compose a pre-trained DINO feature extractor [28] with a
learned projection to obtain

pdice () R™ — R
and a corresponding state-based reduced observation model
h() i R™ — R™,
so that the reduced observation can be written as
Vi1 =P (yr) = 17 (xx) + F" (x)er.

Intuitively, h"(xy) captures the control-relevant information in
the image, while F"(xy)ey is an inflated, state-dependent un-
certainty term that overbounds both sensor noise and the error
introduced by compressing the image into a low-dimensional
observation. This lets us plan efficiently in a reduced feature
space, rather than directly in pixel space (see Sec. [VI-C2).

13)

Remark 1. Although tailored for camera sensors, this work
could be implemented with other sensors, such as LiDAR (see
Sec. \VIII), depth sensors, or joint encoders.

Second, since optimizing over general causal policies is
intractable, we restrict to causal affine, time-varying
feedback policies around a jointly-optimized nominal state/-
control/measurement trajectory (z,v) P} i.e.,

wp = g+ KR (o = T0) + 3521 K (yf 41 — 7 (15)), (14)
with optimized gains K}, ; (Sec. [VI-A). The additional term
K?(xo — o) explicitly accounts for uncertainty in the initial
condition Zy, which cannot in general be inferred from the
measurement history and therefore enters the closed-loop

system as an independent disturbance channel. This form
admits fast evaluation at runtime via matrix—vector products.

3We use the notation (X, 1) to denote the nominal trajectory of the LTV
dynamics, in contrast to (z,v) which denote the nominal trajectory of the
nonlinear dynamics.

on

T
observation E g
history = e
o 8 g E_
= g2 —
& T/r \47\‘ — 2 8=
T s = 8 3
= —
3
T = f(og, u) + E(xr)wy | = 2
> (@)
nominal trajectory and SLS controller

g = v + KR (10 — 7o) + Si_ Kij (U] — ha(2)))

Fig. 2. Online SLS execution: Images are mapped to low-dimensional
observations p(1p4"°(y)), approximated by a learned linear map h”(z) =
Cz with bounded error. These observations feed into an SLS-based dynamic
output-feedback controller, which combines the nonlinear nominal trajectory
(z,v) and feedback gains K to generate safe inputs.

We detail our method in Sec. [VI] and [VII] In Sec. [VI-A,
we develop a nonlinear SLS approach to the output-feedback
policy in by combining nonlinear trajectory optimization
with an SLS parameterization of the local closed-loop error
dynamics, with robust constraint satisfaction (Sec. . In
Sec. [VI-CI| we use pre-trained visual features to learn a low-
dimensional observation map h", together with error bounds
in Sec. so that pixel observations can be used while re-
taining robust constraint satisfaction guarantees in Sec.
In Sec. we propose an efficient iterative convexification
algorithm to efficiently solve the resulting nonconvex program.

VI. ROBUST NONLINEAR CONTROL DESIGN

In this section, we build upon the LTV SLS framework from
Propositions to synthesize a dynamic output-feedback
controller for the nonlinear system (Sec.|VI-A) with robust
constraint satisfaction guarantees (Sec. [VI-B). Specifically, we
jointly optimize the nominal trajectory (z, v), the closed-loop
responses ® of the induced LTV system, and modeling-error
overbounds for robust constraint satisfaction of the nonlinear
system. Finally, we tractably implement the proposed output-
feedback SLS framework for visual measurements by learning
a reduced observation model (Sec. [VI-C1).

A. Closed-loop error dynamics

Our robust control design leverages a nominal system

k=0,...,T—1

21 = [ (2, 08), (15)

where z;, € R™ is the nominal state, and vy € R™ is the
nominal input. We approximate the tracking error dynamics
Azpy1 = f(zhur) + E(zp)wy — flze,vr)  (16)

around the nominal trajectory (z,v) using a first-order Taylor
expansion. This yields the LTV error system

Azpi1 = A(zg, vp) Axy + Bi(2k, vi) Aug, + 0 (Tky 25, Vk)
(17)
of (x,u)
ox
and the term o(7y, zx, vk ) captures the modelling error with
7 € R satisfying

[

_ Of(x,u)

2k Vk

; (18)

(zvr)

’ <7, Ar=z-—2 Au=u-—vo. (19)



Assumption 3. For each k € Ng.r_1 and any deviations
(Az, Au) satisfying ||(Az, Au)||eo < Tk, the dynamics re-
mainder is bounded as

|f(zk + Az, v + Au) — f(2k, vi) 20)
— ApyAx — BrpAu| < o(7, 2k, Uk).
Remark 2. The function o(7y, 2, vx) can be selected to cap-

ture the linearization error of the dynamics [ around the nomi-
nal trajectory, as in [125] 124|], or learned directly via data [34].

Similarly, the reduced measurement model (13 with measure-
ment noise ey can be expanded around the nominal trajectory.
In the following, we use a linear reduced observation model

h"(z) = C"x, C" e R ¥ 20D
which yields the reduced measurement error model
Aypiq = C" Az + F"(2k)er + n(7i). (22)

where 7)(7)) captures error due to nonlinearities in F"(-).

Remark 3. The reduced observation model h" in may
be any differentiable nonlinear function. A key strength of
the linear reduced observation model is that the learned
perception map p(-) absorbs the main nonlinearities of visual
perception offline, so that online planning can rely on a simple

linear reduced model, with the remaining mismatch captured
by the calibrated state-dependent error bound in Sec. |VI-C2.

To certify the nonlinear output-feedback loop, we require that
the residual reduced-observation error admits a state- and tube-
dependent overbound. This is stated in Assumption [4] below
and is implemented in Sec. via empirical calibration.

Assumption 4. For each k € Ng.pr_1 and any deviations
(Az, Au) satisfying ||(Az, Au)||co < T, the reduced obser-

vation mismatch in is bounded by the calibrated state-
dependent overbound Y (1y, zx), i.e.,

|F" (z)er 4+ n(i)| < Y2k, T)er,
where the absolute value is understood component-wise.

In Section we work with a reduced image 3" and a
corresponding reduced observation model (22). The function
F is defined to explicitly capture the approximation error
introduced by this reduction, as described in .

We then define the closed-loop response variables ¢ and
enforce the SLS constraints @]) In this formulation, the system
matrices A(z,v) and B(z, v) depend on the nominal decision
variables z and v. Specifically, the deviation variables satisfy

Ax| P X 0f|w
Au| 0 Y||el|’
i.e., the closed-loop response of the linearized dynamics

(I7). Here, ¥ = blkdiag(E, Xo,...,Xr_1) captures state-
dependent disturbance due to the function o (g, 2k, vk ), with

(25)

including the initial condition uncertainty =. The vector T =
(p,70,-..,7r—1) collects the tube radii, and Y is defined
analogously to capture the observation uncertainty.

(23)

(24)

Y =0o(1,25,v)In,, J € Nor_1,

B. Nonlinear robust constraint satisfaction

Using the LTV parameterization and error overbounds, we
can robustly enforce constraints on the nonlinear system (I)).

Proposition 3. Consider the output—feedback SLS responses
XV Pxe DWW DU sarisfying (O) for the LTV error model
and suppose that Assumptions and [ hold. Then the
closed-loop trajectories of the nonlinear system satisfy the
state and input constraints robustly if the following tightened
inequalities hold:

o llel @155, + llel @571, + e (2xv) + b1 < 0.
(26a)

< Tk, (26b)

k
22 j=0

forallk € No.op_1, i =1,... ,nc, with £; = o(75, 2, v;)In,,
forl=1,... ny+ny, where & denote standard basis vectors.

Proof: The proof follows from [32| 25]]; see App.[C| ®
Collecting the nominal dynamics (13)), the controller pa-
rameterization (9) based on the linearized dynamics and
observation model, and the robust constraint satisfaction in
(26a)—(26b), we pose the following finite-horizon nonlinear
output-feedback SLS synthesis problem in Eq. (27).

& 5% +

& 5,0,

min J(z,v, T, ®) (27a)
P T
St Zp41 = f(Zk,Uk), k € No.r_1, (27b)
[I-ZA(z,v) —ZB(z,v)] ®=]I 0], (27¢)
I1-ZA(z,v
(z,0)] _ H 7 @74)
—ZC(z,v) 0
i z
Taw T T | 2k
g o ey, sz1 + el @5, TjHl +o [UJ b <0,
i=1,...,n¢, ké€Ngr_1, 27e)
k ~ w 5 e
2 =0 echI)k,j Ej||1 + ’ezT'I’k,j Tj“l < Tk 276

l=1,...,ngy +nyu, k€ Ng.r_1.

The formulation (27) integrates all components of the robust
MPC design:

« The nominal trajectory is propagated according to the
nonlinear dynamics model (27b).

o The propagation of model and measurement disturbance
is captured via (27c)-(27d), ensuring that the response
matrices ® correspond to the closed-loop response of the
LTV system linearized around the nominal trajectory.

« Robust constraint satisfaction is enforced by the tightened
constraints (27€), which guarantee that constraints
hold for all disturbances and modeling errors.

As per Prop. [3] the disturbance-feedback gains resulting from
solving ensures that the uncertain nonlinear system
remains within the constraints S over the prediction horizon.

C. Perception function

We now describe how to build the reduced observation map
in (I3) from camera output via pre-trained visual features.



Our goal is to compress high-dimensional images into a low-
dimensional, control-relevant observation, while fitting a cali-
brated overbound on the error caused by this reduction, so that
robust constraint satisfaction can still be enforced via Prop.

1) Learning a lower-dimensional visual representation: We
seek a reduced representation that retains only the information
in the image needed for control. Since directly planning from
high-dimensional visual features is intractable, we instead
project them into a low-dimensional observation space that
is as informative as possible about the underlying state. To
quantify this, we use a dynamics-aware observability metric.
Based on the dynamics f and the reduced observation model
h", we define the local discrete-time nonlinear observability

matrix at & over an input sequence u := {ug,...,u,} as
W (f (2 uo)
O(wy = | MUV whu)) g

WG st tn)

where O quantifies how well x can be inferred from outputs:
higher (Jacobian) rank implies better observability [17, Ch. 3],
implemented here via the minimum singular value o.

Remark 4. If V,O|,.—; is full rank, the system is strongly
observable, i.e., x is locally recoverable from n+1 outputs.

Remark 5. Dimensionality reduction via reconstruction (e.g.,
autoencoders [J)]) often retains visually salient but control-
irrelevant distractors [44], making overbounds loose.

Given DINO features 1% (y;), we learn a projection p(-)
from the feature space to a low-dimensional observation
space y, and a state-based reduced observation model A" (-).
The projection is trained so that the reduced observation
p(¥9"°(y;)) matches the state-based target h"(z;). To make
this reduced observation useful for control, we encourage it to
preserve observability of the state x via the metric above: that
is, over dataset D, we train p(-) and A" by minimizing

U, 0n) = | D" (y:); 0p) = h" (w33 0n) | = A2 (O (&, u)) (29)

where 6, are the parameters of p(-) and ), parameterizes
A" (in our implementation, the entries of C”). The scalar
A > 0 balances feature matching against observability. The
dimension of the reduced observation A" and the horizon
length n used in O are chosen as hyperparameters, and &
and v are randomly sampled during training.

2) Calibration of the perception reduction error: After
training, we fix p(-) and A"(-), and then calibrate a state-
dependent overbound on the residual reduction error intro-
duced by replacing the original high-dimensional observation
with the reduced observation 3" = p(¢Y"°(y)). This residual
captures the mismatch between the learned reduced observa-
tion and its state-based model A" (x).

To empirically preserve robust constraint satisfaction in
(13), we overbound this mismatch by a state-dependent un-
certainty set. Specifically, from a dataset {(z;,v;)} we form
residuals

ri = || p(™™ (1) — B (z)]| - (30)

To define a state-dependent uncertainty set of the form F" (z)B

that bounds this mismatch, we empirically calibrate a scalar

envelope b(z) by fitting a polynomial via the convex program
min

Juin D7 (8Tm(@) + 1815 + 1) &

i (31)
st Blm(x) > r—& Vi,

where v, > 0 trade off smoothness and outlier violations,
m(-) is a monomial basis, and b(x) := 3T m(z) is the cali-
brated scalar envelope. We then set F"(x) = b(z) I so that

p(V™(y)) = h'(x) € F(z) Beo.

This yields a differentiable, state-dependent uncertainty set
that is cheap to evaluate in constrained trajectory optimizers.

(32)

Remark 6. The calibrated scalar overbound is intended to
certify perception error over the operating region covered by
the calibration data, and is therefore most reliable near that
distribution. Adapting the certificate to a similar environment
only requires recalibrating the scalar bound b(x), rather
than retraining the full perception-control pipeline. In our
experiments (Section [VIII), this recalibration is data-efficient:
even a small number of calibration samples already provides
high empirical coverage. The learned perception map plays a
different role: because it is built on DINO features that capture
transferable geometric structure, it may generalize beyond the
calibration environment, see, e.g, [47], while the bound is
used only for safety certification. Alternatively, Lipschitz-type
bounds [20, |11]] and bounds given by neural network veri-
fiers [45]] can provide rigorous overbounding guarantees, but
typically lead to nonsmooth or overly conservative constraint
tightenings. Alternatively, distribution-free approaches such as
conformal prediction [34|]] or extreme value theory [21)] can
provide statistical guarantees beyond the sampled data.

VII. SCALABLE IMPLEMENTATION VIA SCP

In this section, we discuss how VISION-SLS efficiently
solves for high-dimensional robotics problems. We first
discuss an efficient Riccati-based solver for the LTV SLS
output feedback problem (Sec.[VII-A), which will be used
as a subroutine in a sequential convex programming (SCP)

solver (Sec. |VII-B).

A. Efficient Solver for SLS-based Output-Feedback LOG

Although the LTV SLS output-feedback problem (11)
is convex and therefore amenable to off-the-shelf general-
purpose convex optimization solvers [18], the large number of
decision variables and constraints causes these solvers to scale
poorly with the horizon and system dimension in SLS prob-
lems [23]. This can become prohibitive for large-scale robotics
problems. To overcome this challenge, we demonstrate that
the unconstrained linear time-varying problem admits an
efficient double-Riccati structure, akin to state-feedback [23]].
In Section this structure is used as a computational
building block inside the nonlinear SCP algorithm.



Proposition 4. Problem has an optimal solution given
by T parallel backward Riccati recursions

S =P, »
Ky ;= — (R+ Bj Sks1,;Br)  (By Sk+1,j4%) »

Skg = Q + Ag Ski1,j Ak + (Af Sr1Br) K,
and independently T' parallel backward Kalman recursions

0

-1
Lk7j+1 = 7(FijT + Cij7jO;r> Oij,jA;r,
Oy i1 = BB} + AT jA] + AT ;C Ly,

(33)

— ==l
===,

(34)

where S and 11 are the cost-to-go and estimation error
covariance matrices, respectively, defined recursively. Given
the controller gains Ky, ; and observer gains Ly ;, compute
the closed-loop propagation operators in parallel via the two
T forward passes

o, =1,
= = = - (35)
i =Ki;j®r i, Prii ;= (Ak + BeKi ;)P
and
fe=1
¥ ’;,k A7X T X 2 X 2y (36)
(I)k,j = @5 ;L kj = k,j+1Aj + (I)k,j-i-lcja

for 3 =0,....T, k=3,...
0,...,k — 1 respectively.
Finally, assemble the matrices using M =1 — ZA,
SV = P + X — FXMP*, "W = (] — M), (37a)
O = &Y — MDY, P = — "MV, (37b)
Proof: See Appendix [ |
In the nonlinear constrained setting, we use this double-Riccati

structure as an efficient computational primitive inside SCP;
we discuss the resulting nonlinear algorithm in Sec. |VII-B

2 IT—1and k=0,...,T, 7 =

B. Implementation via SCP

To solve (27), we adopt an SCP approach [38] that, at
each iteration, constructs a convex second-order cone program
(SOCP) by linearizing the dynamics and convexifying the
cost and constraint tightening around the current nominal
trajectory (z,v). Each subproblem is then solved using a
structure-exploiting SLS method based on [23]], together with
the double-Riccati construction of Proposition [4] to construct
feasible output-feedback responses ® and their reachable sets.
In practice, this amounts to combining the control-side state-
feedback SLS solution with a time-varying Kalman recursion
for state estimation. Because the extra estimation step only
requires a standard Riccati recursion, the per-iteration com-
plexity remains close to that of a single state-feedback fast-
SLS MPC step. The runtime of this SCP procedure can be
further reduced via GPU parallelization [16]]. The resulting
scheme is efficient and maintains feasibility, though we note
the coupling does not yield optimality guarantees: unlike
the state-feedback fast-SLS solver [23], the dual-based cost
update used within the unconstrained Riccati recursions
is not based on the KKT structure of the constrained problem

(analogous to [23, Eq. 21]), and is hence a heuristic. Future
work will aim to uncover the banded numerical structure of
constrained SLS-based LQG. The full procedure is in Alg. 1.

Algorithm I: SCP-based Output-Feedback SLS

Repeat until convergence (SCP loop):

1) Linearize dynamics/constraints around (z,v);
quadratize cost to obtain convex SOCP subproblem.

2) Solve linear approximation:

a) solve QP: update (Az, Av),

b) compute ®*, ®" via fast-SLS [23] (parallel

Riccati recursions).

c) compute ‘i>x, >y (parallel Kalman recursions).

d) compute ®XV, PV, $*°, PU¢ yia

e) compute constraint tightening (26a)—(26b)

f) set (z,v) + (z,v) + (Az, Av)

VIII. RESULTS

We evaluate VISION-SLS, first comparing against a recent
safe perception-based control algorithm [42] and then evalu-
ating on five systems with uncertain dynamics and uncertain
partial observations: the classic light-dark benchmark [19], a
4D car with overhead RGB images, a 10D quadrotor with on-
board RGB images, a humanoid with partial state sensing, and
a real-world TurtleBot with onboard RGB images. We demon-
strate (i) robust constraint satisfaction via tube tightening, (ii)
information-gathering motion emerging from the SLS design
even for large state dimensions and RGB observations. For the
car and quadrotor, we use DINOv2-vitg14 and DINOv2-vitl14
[28] as the pre-trained VFM, leveraging 512x512 RGB images
rendered in PyBullet, respectively with 3 x 10 and 2 x 106 dat-
apoints to train p(-) and C", and fit a polynomial error bound
with (31). To implement Alg. 1, we use CasADi [3], using
IPOPT [39] to find an initial guess for (z,v) (Step [1] of Alg.
and OSQP [33] to solve the QP in Step 2alof Alg. 1. Alg.
1 terminates if ||[(Az, Av)||2 < 0.001 or after 20 iterations.

We baseline Alg. 1 against 1) a certainty equivalent (CE)
controller [13} [36]], which assumes the separation principle,
akin to iLQG, by optimizing a reference and controller as-
suming perfect observations, i.e., with post-hoc tubes, which
corresponds to the first iteration of Alg. 1 2) a non-robust (NR)
belief-space controller inspired by [19], which performs infor-
mation gathering but does not perform constraint tightening to
robustly ensure safety under uncertainty, and 3-4) two recent
safe perception-based control methods [37, 42]. We define
success as reaching the terminal set without collision and
report success rate (SR) and constraint violation rate (CVR)
of our method and baselines over 15 random initial states each
with 50 rollouts under random disturbances in Table [L
Baseline [42]. We compare VISION-SLS with a recent
safe perception-based control method [42] in their F1/10th
driving setting [42| Sec. 5], which assumes a 3D vehicle state
[Pz, py,0) € R with translation (p,,p,) and orientation 6.
We use the code of [42] to generate a dataset to train our per-
ception module and error bound. Notably, [42] leverages a 64-



Light-dark 4D Car
Ours CE NR Ours CE NR
SR 100% | 90.13% | 87.73% | 98.53% | 93.47% | 48.13%
CVR 0% 9.87% 12.27% 1.6% 6.53% 55.87%
Quadrotor Humanoid
Ours CE NR Ours CE NR
SR 100% 100% 29.47% 100% 100% 2%
CVR 0% 0% 92.8% 0% 0% 98%
TABLE I

COMPARING VISION-SLS, CERTAINTY EQUIVALENT (CE), NON-ROBUST
(NR) IN SUCCESS RATE (SR), CONSTRAINT VIOLATION RATE (CVR).
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Fig. 3. On the light-dark domain, our method visits the low perception-

error region, where lighter shades indicate lower error (c), reducing final state
uncertainty. The naive CE controller incurs more uncertainty over the horizon.
Our method is much faster to solve than a baseline convex optimization-based
solver [2} 48] that uses MOSEK [4] (a) and yields the same optimal cost (b).
dimensional LiDAR observation instead of pixel observations;
our method can flexibly be applied to this setting by learning
a projection function p : R%* — R3, setting h"(z) = z, and
calibrating the error bound F"(zy) using (3I). VISION-SLS
achieves 100% safety, higher than the 93% reported by [42],
as it jointly computes a trajectory and robust controller with
hard safety guarantees given a valid overbound F".
Light-Dark. We first show the information-gathering abil-
ities, runtime scaling with horizon length, and optimality
of Prop. E| in the light-dark domain [19], a benchmark for
partially-observed control. We consider a 2D single integrator
with state * = (p,,py,), with state, input, and terminal state
constraints (see App.[D2). Alg. 1 converges after 17 SCP itera-
tions in 1.171 seconds. By penalizing the tube volume in (27a),
our method steers the system to lower perception-error regions
(Fig. [Bk), which reduces tube growth and enables information-
gathering while satisfying the terminal constraints. In contrast,
the CE baseline experiences larger perception error, causing
larger tubes and terminal constraint violation. All 10 simulated
closed-loop rollouts stay in their computed reachable sets, as
expected. Moreover, we show that our method scales much
better than a naive SLS output feedback controller synthesized
via convex optimization [2, 48] that does not use the double
Riccati solver (Fig. Bh) while achieving the same cost (Fig.
Bb), empirically validating the optimality result of Prop. [
Our method always reaches the terminal set while CE fails in
9.87% and NR fails in 12.27% of all trials (see Table [I).

4D Car with Overhead RGB Images. In the vision-
based driving task in Fig. [d] we steer a 4D car with state

(pz, Py, Po, v) (position, rotation, linear velocity) [11]] to a goal
state over a horizon T' = 30 with a timestep of 0.15s, enforcing
state and input constraints, avoiding collisions with other cars
modeled as circular obstacles, while minimizing the propa-
gated uncertainty along the trajectory. More details are in App.
[D3! To clearly show information-gathering for vision-based
control, a heavy visual occlusion (0.97 opacity) is placed in the
middle of the environment, increasing the worst-case measure-
ment error for those states. In Fig. [d] we visualize the learned
state-dependent polynomial overbound F"(x) as a grayscale
heatmap over the (p,p,) workspace. The calibration of the
perception error bounds are given in App.[D3. The coverage of
error bound over-approximation (tested at 500 randomly sam-
pled states) vs. number of calibration points, shown in Table
demonstrates the data-efficiency of our perception calibra-
tion procedure. Notably, our method exceeds 90% empirical
coverage with only 50 samples. The optimal plan produced by
Alg. 1 (computed in 3.584s over 20 SCP iterations) is shown
in green in Fig. [ The resulting trajectory avoids the occluded
region to actively reduce perception uncertainty, whereas the
CE baseline drives through the occlusion and incurs larger tube
widths (Fig. @d). Closed-loop rollouts using DINO-v2 features
remain in the computed reachable tubes and satisfy all con-
straints despite heavy occlusion (Fig. k). In contrast, the non-
robust baseline violates safety under disturbance, highlighting
the necessity of constraint tightening for vision-based control.

In this setting, we also compare our method against a
variant of [37]] in which we replace the NeRF model with a
convolutional neural network trained on our perception dataset
to predict the minimum distance to obstacles (to better match
our constrained single-camera-view setting). The SR and CVR
of the variant of [37] are 65.47% and 27.93% respectively,
indicating our method outperforms all baselines with 98.53%
SR and 1.6% CVR. The variant of [37] performs poorly here
because its formulation makes it difficult to sample safe actions
for nonlinear dynamics. Moreover, [37] does not formally
account for robust constraint satisfaction under disturbances,
and thus cannot counteract the error of the distance predictor.

calibration points 50 100 250 500 | 1500
empirical coverage | 91.4% | 922% | 97.4% | 99% | 99%
TABLE II

ERROR BOUND F'" () COVERAGE VS. NUMBER OF CALIBRATION POINTS.

10D Quadrotor with Onboard RGB Images. We evaluate
on a vision-based flying task (Fig. ), steering a 10D quadrotor
model [11] in a cluttered 3D environment to a goal under
partial observability (see App. [D4). The resulting prediction
tubes robustly avoid obstacles despite perception uncertainty,
whereas both the certainty-equivalent controller and the non-
robust information-gathering baseline collide with obstacles,
even though their nominal trajectories are collision-free. In
addition, tight state constraints (e.g., pitch) are respected
throughout the horizon due to robust constraint tightening. Our
method succeeds and never violates constraints in all trials.
The CE baseline also succeeds in all trials, but produces larger
tubes because it cannot perform information gathering. In con-
trast, the NR baseline succeeds only in 29.47% trials (see Table
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observation (darker = higher uncertainty/occlusion). Our 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. (c) Closed-loop rollouts in the occluded scene, overlaying the nominal
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Fig. 5. Controlling a quadcopter with an onboard camera, avoiding obstacles
despite perception error and dynamics uncertainty. (a) Our closed-loop rollouts
stay within the computed tubes, reaching the target with smaller uncertainty
bounds compared to the CE baseline, maintaining safety while a non-robust
information-gathering policy does not. (b) A top-down view of (a). (c)

Snapshots of the images collected onboard to implement feedback control.

[D). Overall, these results show robust constraint satisfaction for
vision-based control tasks on higher-dimensional dynamics.

Humanoid with Partial State Measurement. We demon-
strate applicability to high-dimensional systems with partial
state measurements on a Unitree G1 humanoid with 59
states and 23 inputs modeled in Pinocchio [8]. We consider
a vision-free setting to isolate scalability with respect to the
state dimension from scalability with respect to the observation
dimension, since the former primarily impacts online control
synthesis whereas the latter is handled offline by the perception
reduction module (see Remark [I). Hence, only joint angles
and base pose are observed (no vision), and state and input
constraints must be satisfied (see App. for details and all
reachable tubes). The task is robust tracking of a backflip
trajectory under disturbance (Fig. [Th). In Fig. [Ip, open-loop
rollouts (red) exit the reachable tubes and violate constraints
(e.g., quaternion limits), whereas all closed-loop rollouts (blue)
remain within the tubes and satisfy constraints, demonstrating
effective output-feedback optimization and joint reachabil-

ity—trajectory optimization for partially observed large-scale
dynamics. Our method always steers the humanoid to the ter-
minal set without constraint violation despite the uncertainties
and partial observation. In this example, the CE baseline also
yields the same solution because the perception uncertainty is
uniformly bounded over the space. However, the NR baseline
performs far worse than VISION-SLS, achieving only 2% SR
and 98% CVR (Table [[), because even small disturbances can
be amplified by the complex nonlinear humanoid dynamics.

Hardware Experiment. We evaluate our method on a phys-
ical TurtleBot 4 platform operating in an office environment
(Fig. [Id). The robot is tasked with reaching a goal position
under state and input constraints, including collision avoidance
with furniture. See App. [D7 for detailed experiment details.
Using onboard visual feedback, the closed-loop controller
robustly tracks the planned trajectory across 3 real-world
runs (Fig. [Ik). Fig. [Tk shows example onboard images used
during execution. All executions stay within the computed
reachable tubes and satisfy collision-avoidance constraints,
demonstrating safe vision-based output-feedback on hardware.

IX. CONCLUSION

We develop a tractable framework for safe nonlinear output-
feedback planning and control from pixels. The key ingredi-
ents are (i) a learned low-dimensional observation map that
turns high-dimensional images into reduced measurements
with calibrated error bounds, and (ii) an SLS-based parame-
terization of dynamic output-feedback as causal affine policies
around a nominal trajectory with robust constraint satisfaction.
After training the perception map and error bounds from data,
the full nonlinear output-feedback synthesis problem is solved
efficiently via SCP and a Riccati-based SLS solver. Empiri-
cally, the method enables information-gathering behavior and
robust constraint satisfaction on high-dimensional, underactu-
ated systems with realistic visual observations. Overall, the
results suggest that pairing visual representation learning with
SLS is a practical path to scalable safe visuomotor control. Fu-
ture work includes total occlusion handling, learned dynamics,
and an optimal solver for the constrained version of (L1).
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