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Abstract: We present SLS?, a framework for safe feedback motion planning from
pixels using robust model predictive control (MPC) in learned latent world mod-
els. Our approach trains an action-conditioned joint-embedding world model with
compact Markovian latent states, enabling efficient gradient-based trajectory op-
timization through learned latent dynamics. To enforce safety for the true system
despite imperfect latent predictions, we inform a GPU-accelerated system level
synthesis (SLS) robust MPC scheme with conformal prediction to obtain cali-
brated latent error bounds and robust latent-space constraint sets. We further learn
and conformalize a latent constraint checker, allowing the SLS planner to im-
pose probabilistic safety constraints during closed-loop execution. We evaluate
our method on vision-based control tasks, where it improves both goal-reaching
performance and safety over latent world-model and safe-planning baselines.
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Figure 1: Method overview. SLS? enables robustly safe, reachability-constrained latent planning
directly from pixels. Top row: We summarize the pipeline for our robust planner. Bottom row: We
show a sample rollout generated by executing control actions computed by the nominal gradient-
based planner on which the robust planner is built. We overlay the goal pose, shown with a green
rope, on the rollout to highlight the system’s progress toward the goal state.

1 Introduction

Safe control is a central challenge for reliable open-world robot deployment. Most safety-critical
control methods [1-3] rely on a well-defined state representation on which planning, control, and
verification can be performed. However, in the real world, obtaining such a representation is itself
nontrivial. This is especially true for deformable objects and tasks where the state is only implicitly
defined through perception. Even when a state representation is known, estimating the state from
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raw observations, such as images, can require extensive offline training data with labeled correspon-
dences between visual inputs and ground-truth states — data that is often impractical to obtain [4-7].

Recent advances in representation learning and world modeling [8, 9] offer a promising alternative.
Learned world models can infer latent state representations directly from observations and learn dy-
namics in these latent spaces, enabling prediction and planning without requiring manually specified
state variables. These models have shown considerable potential for robotic decision-making [10,
11], particularly in settings where explicit state estimation is difficult. However, ensuring that these
latent space control policies yield safe behavior under the true system dynamics is difficult. Latent
representations are often high-dimensional, their learned dynamics may be inaccurate, and task con-
straints expressed in the physical or observation space must be translated into the latent space. These
issues complicate the use of classical safety-critical control tools in the latent space, which typically
assume low-dimensional state spaces and known, calibrated disturbance bounds. Recent work has
explored deep learning for approximating latent safety certificates [12, 13]; however, these methods
often rely on heuristic approximations and do not provide sound, calibrated reachability guarantees.

To exploit the advances of world modeling while maintaining rigorous safety assurances, we pro-
pose SLS? (Safe Latent Space System Level Synthesis), a scalable robust model predictive control
(MPC) framework for safe planning in learned latent spaces based on the SLS framework [14]. Our
approach introduces training objectives and optimization strategies that improve gradient-based tra-
jectory optimization through learned latent dynamics. To be robust to prediction error in the latent
dynamics, we plan with these learned models using scalable reachability-constrained robust MPC
based on SLS. This is made computationally feasible through GPU parallelization, which enables
efficient trajectory optimization coupled with local uncertainty propagation around the optimized
plan. To enforce safety constraints, we train a constraint checker in the latent space and incorporate
it within robust MPC. To enable probabilistic constraint satisfaction, we use conformal prediction
(CP) to calibrate bounds on both latent dynamics error and learned constraint-checker error. This
ensures that the reachable sets computed by SLS contain the true reachable latent states with high
probability, enabling robust safety despite these errors. Specifically, our contributions are:

¢ We learn compact Markovian latent world models from pixels that are accurate under multi-step
rollout and amenable to efficient gradient-based trajectory optimization.

* We conformalize latent dynamics errors and in-domain latent support, producing calibrated un-
certainty sets for robust planning. We further learn and conformalize latent safety classifiers,
enabling task constraints to be enforced directly during latent space planning.

* We show how to use CP-calibrated uncertainty sets in GPU-accelerated SLS to scalably perform
reachability-constrained robust MPC in high-dimensional learned latent spaces.

e We validate nominal trajectory optimization and robust MPC with our learned models on both
simulated and hardware vision-based control tasks, spanning navigation, pick-and-place, and de-
formable object manipulation. Our method improves safety and goal-reaching performance over
world-model and safe-planning baselines.

2 Related Work

World Model World models learn predictive representations of dynamics, enabling agents to rea-
son about future outcomes through imagined rollouts [8, 9, 15—18]. Early latent world models paired
representation learning with reconstruction-based prediction and policy learning in imagination [9,
15, 16], while TD-MPC and TD-MPC2 combine latent dynamics with online model-predictive con-
trol for continuous control [11, 19]. More recently, joint-embedding predictive architectures (JEPAs)
have emerged as a promising approach to representation-space world modeling by predicting future
embeddings rather than pixels [20-23]. In robotics and offline goal-conditioned planning, PLDM
learns reward-free latent dynamics for test-time planning [24], while DINO-WM predicts future
DINOV2 visual features from offline action-conditioned trajectories for zero-shot planning without
reward supervision [10, 25]. Large-scale generative world models and interactive simulators further



Figure 2: Robust planning. Cube (a-b) and Reacher (c-d). SLS? maps pixels directly to robustly-
safe actions via latent robust MPC, ensuring robust constraint satisfaction (red) compared to uncon-
strained baselines. a, b) The Cube task with and without SLS? enforcing the height threshold. ¢, d)
The Reacher task with (c) and without (d) SLS? enforcing the angle constraint on the second joint.

demonstrate the promise of learned predictive models for controllable environments [26-29]. Our
work builds on LeWorldModel (Le-WM), an end-to-end JEPA world model that learns from raw
pixels via next-embedding prediction with Gaussian embedding regularization and without explic-
itly predicting future images, then performs latent-space MPC for goal-reaching control [30]. We
introduce training modifications that improve both predictive accuracy and gradient-based planning.

Safe Latent Planning Safety filters enforce constraints by minimally modifying candidate actions
from a nominal controller. Classical approaches such as CBF-QPs, HJ reachability, and predictive
safety filters offer principled safety guarantees but typically require known state representations,
known dynamics, and hand-designed safe or failure sets [1, 2, 31-34]. Recent data-driven methods
reduce this burden by learning barrier functions, output-feedback certificates, distributional safety
constraints from demonstrations and offline data, or by performing uncertainty-aware model-based
control with learned dynamics [35-45]. Closest to our setting, safe latent-space methods extend
safety filtering to high-dimensional visuomotor control. In-distribution barrier functions learn CBF-
like filters in latent space from safe demonstrations [12], while latent safety filters approximate HJ
reachability in learned world-model latents to reason about hard-to-specify failures [13]. Follow-up
work improves latent safety filtering with uncertainty-aware OOD detection and conformal calibra-
tion [46], smooth latent CBFs [47], and latent barrier certificates learned jointly with world mod-
els [48]. Latent Policy Barrier treats the expert demonstration manifold as an implicit safety barrier
and corrects actions at inference time using learned latent dynamics [49]. These methods show that
latent representations can enable safety reasoning from images. However, most existing methods op-
erate as policy filters without formal guarantees, safety predictors that do not perform control [50],
or in-distribution recovery mechanisms around a given base policy. In contrast, we directly syn-
thesize safety-constrained feedback policies and motion plans through reachability-informed latent
space control, while providing calibrated probabilistic guarantees via SLS and conformal prediction.

3 Preliminaries and Problem Statement

We consider an unknown partially observed dynamical system described by an unknown underlying
state representation x;, € X and control uy € U C R™+, and observations o, € O C R"°:

Tp+1 = g(Tk, ur), ox = h(wg), )]
where o), € O are RGB images. In our setting, neither the true state x, nor its state representation X
is available to the planner. g and h are also unknown; we only observe image measurements o € O.

Problem Statement. We consider safe feedback motion planning from image observations us-
ing a learned latent world model. We are given an offline dataset of image transitions D :=
{(o¢,ut,0441)} collected from task-relevant rollouts. The true system evolves in an unknown state
space X, while the planner only observes images o € O from (1). We wish to learn a compact latent
representation where prediction, planning, and reachability-based safety verification are tractable.

In this paper, we train a visual encoder ency : O — R"=, with z; = encg(o;). Using ency, we
construct a Markovian latent state s7 = [z, Az, ..., AKX 2] € & C R™, where Az = 2, — 21,



from a history of encoded images. The learned latent dynamics f, : S x U/ — S predict the
next Markovian state 57, ; = fs(sf,us). As fy can be inaccurate, we model its prediction error as
571 = fo(s7,us)+eq, where £ C R™s is calibrated from a held-out subset of D using CP to contain
the true prediction error e; with a user-specified probability 1 — § € (0, 1). Specifically, we solve:

Problem 1. Learning a planning- and verification-friendly latent world model. Using D, learn encg
and f, such that the latent state s7 is predictive under actions, the learned dynamics are accurate
under multi-step rollout, differentiable, and compatible with gradient-based trajectory optimization.
Construct uncertainty sets £(s,u) C R™s such that the prediction error e at a particular (s, u)
satisfies e € £(s, u) with probability 1 — §. Finally, learn a latent safety score ¢, : R™> — R, where
larger values indicate safer states, and define the constraint score gy (s) := —cy (I, s), where II,
extracts the zeroth-order latent embedding.

Problem 2. Reachability-informed robust MPC in latent-space. Given fy, £, and a latent safe
set Sgafe 1= {s € S | gy(s) < —n} for n € R, optimize a nominal length-T" latent trajectory
¢ == {¢}E_, and controls v := {vk}f;g satisfying Cx+1 = fo(Ck, Ux), together with a causal
state-feedback controller 7 := (mg,..., 77 1), T : SFt1 — U, that stabilizes the true latent
dynamics s} | = fy (5%, Tr(55.;,))+ex about (¢, v), where ey, is the true prediction error realized by
executing on the true system (1). This MPC policy should produce reachable tubes &7 and R} such
that, with probability at least 1 — §, s7 € Rj C Sqage forallk =0,...,T and mp(sf,,) € R CU
forallk =0,...,7 — 1.

4 Methodology

Our method, SLS2 (Fig. 1), trains a Markovian latent model and constraint classifier (Sec. 4.1),
conformalizes its uncertainty (Sec. 4.2), and incorporates the resulting calibrated uncertainty sets
into SLS-based robust MPC for probabilistically-safe feedback motion planning (Sec. 4.3).

4.1 Training World Models Friendly for Gradient-Based Robust MPC

We use the given offline dataset D to train an action-conditioned latent world model following a Le-
WM-style [30] joint-embedding predictive architecture. Given an image observation o;, an encoder
ency maps the image into a compact latent embedding z; = ency(o;). The encoder is implemented
as a ViT backbone trained from scratch, followed by an MLP projector that maps the encoder output
to the latent embedding space. Before encoding, image observations are resized to a fixed resolution,
normalized, and organized into short temporal windows sampled from offline trajectories. Actions
are normalized using the dataset mean and standard deviation. To model dynamics, we construct a
Markov latent state by augmenting the current embedding with finite-difference latent features:

Sf = I:Ztv Azta LR} AKZt] ) Azt =2t — Zt-1, (2)

where K denotes the Markov order. The latent dynamics predictor fy is an MLP that takes the
current Markov latent state and action as input and predicts the next Markov latent state:

8§71 = Jo(si, an). 3)
For multi-step training, the predictor is rolled out autoregressively over a horizon H, where each
predicted latent state is fed back into the model for the next prediction step 87, ;, | = f4(37,,, @t 1n)
for h = 0,...,H — 1. The main training loss is a multi-step latent prediction objective. At each
prediction step, the predicted Markov latent state is compared against the target Markov latent state
computed from the encoded ground-truth future observations:

H oz z 2
Lored = 75 e [|370n — 8t+hH2 . S
We follow Le-WM [30] and prevent representational collapse via the SIGReg loss [51] and ad-
ditionally encourage consecutive latent velocity vectors to align via temporal straightening [52]:

Lgie = SIGReg ({Zt}thl) , (5 Loty = ﬁ Z;‘; (1 (ze—ze-1) (Ze41—2t) ) . (6)

B Tzt —ze—1llplze41—2ell,

The full training objective is therefore £ = Lpred + AsigLsig + AstrLstr-



Obstacle Classifier. For constrained tasks, we train a latent obstacle classifier to detect whether a
predicted latent state violates task constraints. For each task, we build a balanced dataset of obsta-
cle and non-obstacle observations by sampling task-relevant configurations, labeling them with the
known simulator constraint, and rendering them as RGB images. This yields positive and negative
constraint examples without relying on rollout failures. While the labeling rule is task-specific, the
dataset has a common form across tasks, Dobs = {(0;,4:)}¥,, with y; € {0,1}, where y; = 0
denotes a constraint-violating image and y; = 1 denotes a non-violating image.

We train the classifier in the latent space rather than in pixel space. Using the frozen encoder, each
image is mapped to z; = encg(o;). A small MLP classifier ¢, : R™> — R maps z; to a signed
score ¢; = ¢y (2;), where positive scores indicate non-violating states and negative scores indicate
constraint-violating states. Thus, binary labels {0, 1} are mapped to the signed labels {—1,+1},
with ; = 0 mapped to —1 and y; = 1 mapped to +1, and the classifier is trained with a hinge loss,

Lobs = % Zf\il max (0, m — gicy(2:)), @)
where m is the classification margin. We normalize latent features using the training-split mean and
standard deviation, then calibrate the classifier threshold on a held-out split. Denote Z_, := {i €
Zear = yi = 0} as the violating calibration indices. For each i € Z__;, we compute the nonconformity
score r; = max (0, ¢y(2;)). We then choose a conformal threshold 7 as the empirical (1 — ¢)
quantile of these nonconformity scores. At planning time, a latent Markov state s is treated as safe if

cy(Ils) >, = gy (8) == —cy(Ils) < —n. (8)
This yields a conservative obstacle classifier used during constrained planning: the world model
predicts latent rollouts, and the classifier detects whether they enter the learned obstacle set.

4.2 Latent Uncertainty Quantification via Conformal Prediction (CP)

To ensure closed-loop safety for planning, we need two additional sources of uncertainty to be
bounded: 1) latent dynamics prediction error and 2) in-distribution domain calibration. First, to
quantify latent prediction error, we use split CP [53, 54]. Let Dear = {(s:,us, ;7 )}, be a held-
out set of latent transitions obtained by encoding a subset of D, and define residuals e; := sj —
fo(si,u;). To capture state-action-dependent error geometry, we train an uncertainty model X, :
S x U — S'}*, using the multivariate Gaussian negative log-likelihood loss

LMGNLL = % (ejzw(si, ui)_lei + log det E¢(Si, uz)) . 9)
The covariance model is not assumed to be calibrated; it only provides a local ellipsoid shape for
the prediction error. We calibrate its scale using CP with scores r; := eiTEw(s,;,u,;)*le,; . Let

r(1) < -+ < 7y be the sorted scores. For trajectory-level failure probability ¢ over horizon T, set
d:=6/Tandq := ([t -5)])’ with ¢ = +oo if the index exceeds n. For any latent state-action

pair (s, u), the calibrated one-step error set is

E(s,u) :={e|e"Ty(s,u)"te < q}. (10)
Writing (s, u) = Ly (s,u) Ly (s,u) " using its Cholesky factor Ly, this is equivalently & (s, u) =
VG Ly(s,u)B™, where B"* := {s € R" | ||s]|2 < 1}.

Second, we conformalize an in-domain latent region to keep the planner within the support of the
calibration data. Since the SIGReg loss encourages the latent embeddings to follow an approx-
imately Gaussian distribution [51], we define the in-domain set as a calibrated Gaussian density
sublevel set. Concretely, we fit an ellipsoid to the calibration embeddings and choose its conformal
threshold so that it contains most calibration latents with the desired coverage. Let p» and X1p be the
empirical mean and covariance of calibration latents in Dy, and define d; := (s; — u)TEfDl (si— ).
With ¢ip the (1 — ayp) split conformal quantile of {d;}, the calibrated in-domain set is

Te={s|(s—p)"Sp(s—n) <am} (11)
During planning, we require R, C Z for all k. This controls support mismatch, while the CP guar-
antee itself assumes that closed-loop residual scores are exchangeable with the calibration scores.

In practice, we support this assumption by collecting calibration transitions from representative ran-
domized rollouts that vary initial states and goals.



4.3 Conformalized Robust MPC via System Level Synthesis (SLS)

To synthesize robust latent feedback policies, we use system level synthesis (SLS) [14]. SLS enables
efficient robust MPC by optimizing over closed-loop system responses rather than feedback gains
directly, and admits fast GPU-parallel implementations for high-dimensional systems [55]. This
is particularly important in latent-space planning, where the latent state dimension can be high.
We build on [56], using the conformal calibration in Sec. 4.2 to define the disturbance sets to be
propagated by SLS. We model the learned latent dynamics with calibrated additive uncertainty,

Sk+1 = f¢(3k, uk) + Epwg, wg € B, (12)

where F;, = \/EJLw(sk,uk), recovering FiB"s as the CP-calibrated, ellipsoidal one-step latent
prediction-error set defined in (10). Given the current latent state 5y, SLS optimizes a nominal tra-
jectory ¢ = {(}F_,, controls v := {vj}1_;, and closed-loop response matrices ®*, ®*. The
responses map disturbances to deviations from the nominal state and control trajectories. Around
(Ck,vk), let Ak = st¢(§k,vk) and Bk = Vuf¢((k,vk). From Sec. 4.2, lf E,/,(Ck,vk) =
L (G, vi) L (G, v) T, we set

By »= /q Ly (Ck, v)- (13)
Thus SLS propagates the CP-calibrated ellipsoidal model errors through the horizon to construct
reachable tubes and constraint tightenings. The resulting CP-calibrated SLS MPC problem is

) r%isn@ J(C,v) + Jy(Cr) + H(P%, 0%) (14a)

st Cer1 = fo(Cervr),  Co = 5o, k=0,...,T—1, (14b)

D5, = Ay + Brdy 0<j<k k=0,...,T—1,  (l4c)

3, = Ej j=0,...,T -1, (14d)

9i(C, vx) + b + T <0, i=1,...,n., k=0,...,T, (14e)

R; C 1T, k=0,...,T, (14f)

where 7 = 3570 | Vagi(Crr vi) 5 + Vugi (G vi) @Y ||2, and R = ¢, & Dy 5B,
k

R :=v. &P j;é @} ;B" are the state and control reachable tubes, respectively. Here, (P and
@ denote Minkowski sums, and b; is a constraint-index-dependent bias equal to 7 for obstacle con-
straints and zero for control constraints. For sets A and B, A®B = {a+b| a € A,b € B}. The ob-
jective (14a) combines nominal task cost, terminal cost, and a tube-size regularizer H ($°, &%) (see
App. B for details). The constraint (14b) enforces nominal feasibility under the latent dynamics,
and (14¢)-(14d) enforce that SLS correctly propagates disturbance, with the CP-calibrated distur-
bance set injected through (14d). The constraints (14¢) are tightened by reachable tube margins 7; 1,
enforcing robust satisfaction of the learned latent safety constraints over the full reachable tube, and
(14f) keeps the reachable tube inside the conformalized in-domain latent region (11). For instance,
with gy (s) := —cy (I, ), the obstacle constraint gy (sx) < —n becomes g, (Cx) + 1+ 7 < 0 at
each step k to enforce robust constraint satisfaction. This CP-informed SLS scheme provides the
following robustness guarantee (proof in App. C):

Theorem 1 (Probabilistic containment of conformal SLS tubes). Consider the latent closed-loop
dynamics sg+1 = f4(Sk,ur) +ex, fork =0,...,T —1. Let q be the split conformal quantile of the
calibration scores r; = e Sy (si,u;) " te; and e; = sj' — fo(si,u;), computed at per-step miscov-
erage 6 = §/T. For each closed-loop transition, define the test score riest o= el Xy (sg, up) ey
Assume that, for each k, r,tht is exchangeable with the calibration scores. Let E¢(s,u) =
Ly(s,u)Ly(s,u) " and define the local conformal error set E(s,u) = \/q Ly(s,u)B™ as de-
fined in (10). Suppose the SLS controller is synthesized with disturbance matrices FEy, such that
the realized conformal error sets are contained in the SLS disturbance sets, E(sy,ur) C EpB™s,
for k = 0,...,T — 1. If the SLS controller is robustly correct for all disturbances wy, € B™*
in Asg11 = ApAsg + BrAug + Exwg, where Asy, = s, — (x and Auy := up, — vy, then
Pl(sk e R}, VE=0,...,T)\ (ux € R}, Vk=0,...,T—1)] > 1—0.

In addition to robust MPC, the latent dynamics in (3), obtained via Sec. 4.1, can also be used for
gradient-based nominal trajectory optimization by removing the reachability-related terms in (14)
and retaining only the nominal latent space dynamics constraints in (14b).
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Table 1: Ablation study on Reacher. The reference setting is the full method described in Sec. 4.
World-model ablations keep the planner fixed and change only the latent model/training component.
The planner ablation keeps the world model fixed and changes only the MPC optimizer.

Ablation Variant Success (%) T Min. gpos dist. | Final qpos dist. | Solve time / step (ms) |
Reference Full model + iLQR 83.50£4.06 0.377 £0.119 0.497 £ 0.152 426.35 + 17.52
World model Non—Markov hisloFy»Z +iLQR 1.00 £ 1.22 1.786 + 0.088 2.080 £ 0.087 67.00 £ 3.01
Single-step loss + iLQR 24.50 £ 4.58 1.283 +0.138 1.746 + 0.205 578.33 £ 16.56
Planner Full model + CEM 57.00 £ 1.87 0.380 £ 0.100 0.511 £ 0.106 67.00 £ 0.94

Table 2: Nominal planning performance across benchmark tasks. Success is reported in percentage,
and Dist. denotes minimum distance to the goal.

Task Method Success (%) T Dist. | Task Method Success (%) 1 Dist. |
Ours 83.5+4.06 0.377+0.119 Ours 93.75+2.71  0.020 £ 0.002
Reacher  L&-WM 170476 130541109 o Le-WM 13.04+4.3 0.093 & 0.015
DINO-WM  245+6.2  0.533+0.115 P DINO-WM  25.0£7.91  0.058 % 0.002
PLDM 405+9.9  0.821 £0.158 PLDM 7.0+5.34 0.130 & 0.019
Ours 91.5+4.2 0.051 +0.055 Ours 51.544+4.40 29.86 + 35.55
Cub Le-WM 285+38  0.133+£0.023 o o LeWM 154200  113.61+10.25
ube DINO-WM  69.0+£2.95  0.054£0.048 """ DINO-WM  2.52+£0.04  112.58 £3.36
PLDM 28.75+6.62  0.145 + 0.005 PLDM 1.50£1.37  126.07 £5.26

5 Experiments

To show the utility of our world model learning method (Sec. 4.1) for nominal gradient-based plan-
ning and the safety assurances provided by our robust MPC planner (SLS?, Sec. 4.3), we evaluate on
four tasks: Reacher [57], OGBench Cube [58], Push-T [10], and a bimanual rope manipulation task.

We compare our gradient-based nominal planner against world-model planning baselines in Sec.
5.1, and compare SLS? against safe latent-space planning baselines in Sec. 5.2. For nominal plan-
ning, as discussed in Sec. 4.3, we use GPU-SLS [55] without tubes or constraints (which simplifies
to iLQR [59]). For robust planning, we use SLS2. We compare against three latent-space world-
model planning baselines: Le-WM [30], DINO-WM [10], and PLDM [24]. For safe latent space
planning, we compare against two safety-focused baselines: HJ-filtered [13] and LPB [49], as well
as two non-robust ablations of SLS? (i.e., constrained iLQR without tubes or constraint (11)).

All results are run on an Intel 19-14900K CPU, 64 GB RAM, with an NVIDIA RTX 4090 GPU. For
all tasks, planning performance is evaluated on held-out test trajectories. To benchmark the nominal
planner, we evaluate over five random seeds, with 40 evaluation episodes per seed. Unlike prior
works that evaluate shorter-horizon planning segments, we require the planner to solve the complete
task from the initial state to the corresponding terminal goal, final state, or task-specific completion
condition. This makes the benchmark substantially more difficult, since errors accumulate over the
full task horizon rather than only over a short local segment. For constrained tasks, we evaluate on 35
randomized start and goal conditions per task. Details on implementation and setup are in App. D.

We report metrics according to the task setting. For unconstrained tasks, we report the task success
rate (higher is better) and the minimum distance to the goal across evaluation trials (lower is better).
For constrained tasks, we also report the safety rate (adherence to constraints) and the robust success
rate (when both constraint satisfaction and goal-reach conditions are met).

5.1 Nominal Planning

Reacher On Reacher, our nominal planner achieves the strongest performance, reaching 83.50%
success. Detailed numbers can be found in Table 2. The ablations in Table 1 show that this im-
provement is not due to a single component: using a non-Markov history-based predictor severely
degrades performance, indicating that the learned Markov latent state is important for planning,
while removing the multi-step dynamics loss also weakens goal reaching by reducing rollout accu-
racy. Replacing iLQR with CEM further lowers success, suggesting that although sampling-based
planning can find reasonable trajectories, gradient-based planning better exploits the local linearity
of our learned latent dynamics.
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Figure 3: Nominal planning; Push-T. Nominal planning with the T successfully reaching the target.
Our planner executes complex maneuvers (including making and breaking contact with the T), to
successfully reach the goal state. A denser set of keyframes is given in Fig. 8.

Cube For OGBench Cube, we initialize each planning from an oracle-grasped state, so the ex-
periment isolates the post-grasp transport problem of moving the cube to the target. Under this
setup, our nominal planning achieves the strongest nominal planning performance, reaching 91.5%
success, while the best baseline, DINO-WM, only reaches 69.0%. Detailed numbers can be found
in Table 2. This indicates that the learned Markov latent dynamics together with gradient-based
planning more reliably transports the grasped object to the target than prior world-model planners.

Push-T Push-T is the most difficult nominal planning task in our evaluation, as it requires long-
horizon contact-rich pushing with accurate control of both block position and orientation. Thus,
all methods achieve lower performance compared with the other tasks. Nevertheless, our method
maintains the strongest performance, achieving 51.54 + 4.40% success and the lowest minimum
block-position error of 29.86 4 35.55 pixels. Figure 3 provides a sample rollout demonstrating the
extensive maneuvers taken by our planner to successfully push the T to the goal. In contrast, DINO-
WM and PLDM achieve only 2.5240.04% and 1.5041.37% success, respectively, with much larger
minimum distances. These results show that, even when the task difficulty causes overall success
rates to decrease, our learned Markov latent dynamics and gradient-based planner still provide the
most reliable planning signal for contact-rich manipulation. See App. E for more Push-T baselines.

Rope Lastly, we evaluate on a customized two-manipulator rope task in MuJoCo, where two 7-
DoF KUKA iiwa arms are mounted on opposite sides of a table and hold a rope between their
end-effectors (Figure 1). Since this task is not a standard benchmark, we define a three-dimensional
task state using the rope reach, height, and width, which determines the target rope geometry through
symmetric target positions for the two attachment points. In this task, we seek to manipulate the de-
formable rope from the initial state to the desired rope configuration from the goal image. Under this
setting, our nominal planning achieves 93.75% success, while the strongest baseline, DINO-WM,
reaches only 25.0%. Table 2 demonstrates that the learned Markov latent dynamics and gradient-
based planner are especially effective in the bimanual rope setting, where small errors from either
arm can significantly alter the final rope geometry.

Hardware Rope To validate our nominal planner, we replicated the rope task in the real world.
Hardware implementation details are in Appendix D.6. In our hardware results, our planner suc-
cessfully stretches the rope from the start image (MPC step 0) to the goal image (MPC step 40) in
Figure 4(a). In another trial (Figure 12, Appendix E), our latent space planner successfully moved
the rope forward. Figure 4(b) and (c) plot the task space error between the configuration at each
MPC step and the goal configuration and the error between the latent vector and goal latent vector,
indicating a clear correlation between latent space goal error and task space error.
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Figure 4: Hardware Rope. (a) Time-lapse of iLQR-based long-horizon planning on real hardware

directly from pixels without state estimation. In this example, the bimanual setup has to stretch the

rope to reach the goal image. (b) Task and (c) latent space error plots demonstrating convergence to

the desired goal state on hardware.
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Figure 5: Rope. Latent state rollout (dark green), with the projected robust tubes from SLS (shaded).
5.2 Robustly-Constrained Safe Latent Space MPC

Rope For the rope task, we introduce an
ellipsoidal obstacle in the center of the task
space (details in Appendix D) that the rope 50
must avoid while moving from the start
position to a goal position. In Table 3, we
find that SLS? is the only method that al-
ways avoids the obstacle despite perturba-
tions due to latent model error (Figure 1). —251
Conversely, the value function in the HJ-

filtered baseline fails to predict safe and

751

251

0

t-SNE 2

—50

unsafe rollout ¥

unsafe states, colliding with the ellipsoid. _75] obstacle samples SLS tube
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Similarly, the constrained iLQR baselines
show that non-robust iLQR incurs safety
violations by not accounting for modeling
errors. Furthermore, SLS? has the highest
rate for robust task completion with a rate
of 88.57%. The rollout in the latent space
(Figure 5) shows that our trajectories are
contained within the projected tubes. Lastly, Figure 6 provides a t-SNE [60] visualization of the
rollout against the obstacle region, demonstrating the robust but not overly conservative tubes.

—100 —50 0 50 100
t-SNE 1
Figure 6: Robust planning; Rope. t-SNE visualiza-
tion of the rollout. Our tubes stay predominantly in the
safe region; the small overlap with the obstacle region
is due to the lossy 2D t-SNE projection.



Table 3: We evaluate SLS? against baseline approaches for robust task completion. For robust task
completion where trajectories are safe and reach the goal, SLS? performs the best compared to all
baselines including the constrained iLQR (i.e., SLS? without robust constraints) with or without the
ID constraint (14f), nominal iLQR (without any constraints), the HJ-filtered, and LPB baselines.

Task Method Safety (%) 1  Success (%) 1 Robust Success (%) T  Solve time/step (s) |

Ours (SLS?) 100.00 100.00 100.00 0.360 + 0.002

Constrained iLQR w/ latent ID 100.00 97.22 97.22 0.360 + 0.002

Reacher Constrained iLQR w/o latent ID 100.00 97.22 97.22 0.363 + 0.003
HJ-filtered 100.00 100.0 100.0 -
LPB 0.00 100.00 0.00 -
Nominal iLQR 0.00 100.0 0.00 -

Ours (SLS?) 94.29 97.14 94.29 0.359 £ 0.016

Constrained iLQR w/ latent ID 30.56 86.11 27.78 0.345 £+ 0.016

OGBench (Cube) Constrained iLQR w/o latent ID 25.00 91.67 22.22 0.349 + 0.013
HJ-filtered 0.00 88.57 0.00 -
LPB 0.00 85.71 0.00 -
Nominal iLQR 0.00 82.86 0.00 -

Ours (SLS?) 100.00 88.57 88.57 0.650 £ 0.042

Constrained iLQR w/ latent ID 69.44 91.67 61.11 0.597 £ 0.026

Rope Constrained iLQR w/o latent ID 77.78 91.67 69.44 0.593 + 0.019
P HJ-filtered 37.14 100.00 37.14 -
LPB 57.15 100.00 57.15 -
Nominal iLQR 54.29 100.00 54.29 -

Reacher For Reacher, we introduce joint angle constraints between -2.88 and -2.45 radians on
the second joint, which must be robustly satisfied to complete the task (Figure 2). Both our robust
method, SLS?, and the HJ-filter baseline, using our gradient-based nominal iLQR planner as the
nominal policy, robustly complete the task with a 100% success rate. In contrast, the constrained
iLQR variants remain safe but fail to complete the task in one instance. Notably, constrained iLQR
and SLS? have comparable solve times, demonstrating that the robust constraint tightenings in (14e)
introduce limited computational overhead.

Cube For the OGBench Cube task, we enforce that the gripper height must be below 9 cm after
the arm has grasped the cube. Due to the model training, the arm has a natural tendency to lift the
cube, thus causing the nominal-iLQR baseline to fail (Figure 7(b)). Across the remaining baselines,
SLS? has the highest robust task completion rate for OGBench Cube by keeping the cube below the
threshold (Figure 7(a)), indicating its ability to robustly complete tasks. Furthermore, by shifting
the planning behavior from lifting the cube unnecessarily high, this experiment shows the utility of
SLS? as a tool for post-hoc behavior alteration for world-model planning.

t=0.00s =0.40s t=1.35s t=2.50s t=4.00s

Figure 7: Robust planning; Cube. Time-lapse of the rollout using (a) safe planner (SLS?) versus
the (b) unsafe planner (nominal-iLQR). SLS? maintains the cube below the height threshold (red
line) while reaching the goal, unlike the nominal (unsafe) planner.
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6 Discussion, Limitations, and Conclusion

We propose SLS2, a method for probabilistically-safe latent space planning using gradient-based
planners for robust visuomotor control. Methodologically, we provided an approach rigorously
grounded in the uncertainty quantification and propagation tools of conformal prediction and system
level synthesis. Empirically, we improve task and robust task success relative to baselines for both
nominal planning and robust planning, while ensuring all components of our method, including
robust planning, exploit GPU acceleration for scalability.

Limitations: Performance on environments requiring complex, sequential maneuvers, such as
Push-T, remains a bottleneck because of our planner’s reliance on Euclidean distance to the latent
goal, which assumes an isotropic latent representation. Future work must integrate learned temporal
distance metrics designed to preserve geodesic transition distances along the manifold of valid states.
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Appendices

In the following, we provide an overview of our appendices. In App. A, we provide training details
for the latent world models, including the offline data collection procedure, shared HDF5 dataset for-
mat, optimization settings, and task-specific latent dynamics network architectures. In App. B, we
review the system level synthesis (SLS) formulation used to compute robust feedback policies and
reachable tubes for the learned latent dynamics, and describe how nominal constraints are tightened
to account for calibrated model error. In App. C, we prove the probabilistic containment guarantee
for the conformal SLS tubes. In App. D, we provide experimental implementation details, including
the benchmark setup, nominal planning objectives, world-model baselines, implementation of Prob-
lem (14), calibrated model-error bounds, latent constraint classifiers, in-distribution latent support
constraints, safety baselines, and the real-world rope manipulation setup. In App. E, we provide
additional experimental results, including nominal trajectory time-lapses, safe versus unsafe trajec-
tory comparisons, latent reachable-tube visualizations, and expanded quantitative tables for nominal
planning and robust task-completion baselines.

A Training Details

Offline Dataset We train the latent world model from offline trajectories collected independently
for each task. Each trajectory consists of a sequence of image observations and actions,

7= {(or,a)} =4 (15)

where o; is a rendered RGB observation and a; is the action applied between consecutive observa-
tions. The datasets are collected before world model training and no online interaction is used during
model learning. The world model is trained only from the observation-action sequences, while ad-
ditional simulator states, rewards, and task-specific quantities are stored for analysis, visualization,
and evaluation.

Across environments, we use task-specific data-generation policies to produce trajectories with suf-
ficient interaction coverage. For expert-control tasks, such as Reacher, trajectories are collected by
rolling out a trained expert policy. For manipulation tasks that require structured behavior, such
as OGBench Cube, trajectories are generated using an oracle planner that constructs task-space
keyframes and executes the corresponding control sequence. For the two-manipulator rope envi-
ronment, we use randomized task-space trajectory generators, including spline- and waypoint-based
policies, to cover a diverse range of rope configurations and manipulator motions. This produces
datasets that are not tied to a single evaluation goal, but instead expose the world model to local
dynamics over a broad set of feasible interactions.

All datasets are stored in a common HDF5 format. For each episode, we store the rendered pixel
observations, applied actions, episode length, episode offset, episode seed, and per-step episode/step
indices. Actions are padded with a final invalid entry so that the action array has the same temporal
length as the observation array; this makes it straightforward to sample fixed-length training win-
dows while ignoring the last action of each episode. Episodes shorter than a minimum length are
discarded. The collection loop either runs for a fixed number of episodes or until a specified tar-
get number of transitions is reached. This common storage format allows the same world-model
training pipeline to be reused across all environments.

Training the World Model Across experiments, we train the model using AdamW with learning
rate 5 x 10~°, weight decay 10~2, mixed-precision training, and gradient clipping with maximum
norm 1.0. Model checkpoints are saved after each epoch, and the same general training pipeline
is used across all tasks, with only task-dependent choices such as latent dimension, Markov order,
rollout horizon, and loss weights adjusted for each environment.

MLP Latent Dynamics Models All four tasks use the same vision backbone: a tiny ViT encoder
on 224 x 224 RGB images with patch size 14. The encoder output is projected to a task-specific
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latent z; € R™=. The dynamics model then forms a Markov latent state
K K+1)n,
St = [Zt,AZt,...,A Zt] GR( +1)n s

where K is the desired Markov order. A feed-forward MLP predicts the next Markov state from the
current Markov state and action,
St41 = fo(st, ue).

Here the listed action dimension is the number of control channels concatenated into the predictor
input; since all runs use frameskip 1, this is also the effective action dimension. Reacher and Push-T
use two-dimensional actions, Rope uses a three-dimensional endpoint action, and OGBench Cube
uses the five-dimensional environment action vector. The predictor is trained by autoregressively
rolling this one-step MLP for num_preds=>5 future steps.

Table 4: Model architecture and state dimensions across tasks.

Task n, K dim(s;) dim(v;) MLPSize Straightening
OGBench-Cube 12 1 24 5 512x2 yes
Reacher 5 1 10 2 512x2 no
Push-T 48 2 144 2 512x3 no
Rope 12 1 24 3 512x2 yes

The MLP column reports hidden width times number of hidden layers, with GELU nonlinearities
and a linear output layer. The MLP size column only considers the latent dynamics predictor, ex-
cluding the ViT encoder and latent projector. The SIGReg term uses the same sketch size in all
runs: 17 quadrature knots and 1024 random projections, weighted by Asi¢ = 0.005. Temporal
straightening is active only for the OGBench Cube and Rope runs.

B System Level Synthesis

System Level Synthesis. We use state-feedback SLS to compute robust feedback policies and
reachable tubes for the learned latent dynamics. Let s, € R™s be the Markov latent state and
uy, € R™ the control. Around a nominal trajectory ((o.r, vo.r—1) satisfying Cx+1 = f (i, Vi), We
linearize

Aspi1 = ApAsy + BrAuy, + Erwy, wy € B,
where Ay, = V,f4(Ck, V), Bk = Vufe(Ck,vk), and EpB™ is a calibrated latent prediction-error
set.

1 1 S u
SLS parameterizes the closed-loop system by response matrices @, ; and @ . such that

k—1 k—1
Sk — Ck = E <I>i7jwj, Uk — Vg = E (I)};jwj'
j=0 j=0

These responses are valid if they satisfy the finite-horizon SLS constraints
(I)Z—H,j :Akq):./’j +Bk’®z7j7 i< k’, @Z_,'_Lk = FE}.

Then defining ¢ and €p as the Minkowski sum of two sets (i.e., A& B ={a+b|a € Abe B}
for sets, A and B), the corresponding reachable tubes are

k—1 k—1
p=Ge e B, 1= Paoy B

j=0 §=0
For constraints F := {(s,u) | gi(s,u) +b; <0, i =1,...,n.}, we impose robust satisfaction by
tightening the nominal constraints. Linearizing g; around ({j, vi) gives the sufficient condition

k—1

9i(Cirvr) + bi + Y [ Vagi (G i) @3 + Vugi (Ger vr) @3 ||, <0,
j=0

for all ¢ and k. The SLS MPC problem jointly optimizes (¢, v, ®*, &%) subject to nominal dynamics,
the SLS response constraints, and these tightened constraints.
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C Proofs

Theorem C.1 (Probabilistic containment of conformal SLS tubes). Consider the latent closed-
loop dynamics sp1 = fy(sk,ur) + e, for k = 0,...,T — 1. Let q be the split confor-
mal quantile of the calibration scores r; = e, Sy (si,u;) " e; and e; == si — fs(si,u;), com-
puted at per-step miscoverage 6 = 6/T. For each closed-loop transition, define the test score
T,';eSt = e;Ed,(sk,uk)’lek. Assume that, for each Fk, 7'26“ is exchangeable with the cali-
bration scores. Let Yy (s,u) = Ly(s,u)Ly(s,u)" and define the local conformal error set
E(s,u) = \/qLy(s,u)B" as defined in (10). Suppose the SLS controller is synthesized with
disturbance matrices Ey, such that the realized conformal error sets are contained in the SLS dis-
turbance sets, E(sg,u) C ExB™s, fork = 0,...,T — 1. If the SLS controller is robustly correct
for all disturbances wy, € B"s in Asg11 = ApAsy + BrAuy, + Eywy, where Asy, := sy, — (i, and
Auy = up — vi, then P[(sp € R}, Vb =0,...,T)A (ux € R}, Vk=0,...,T—-1)] >1-4.

Proof. By split CP, exchangeability gives
Plr™t<q>1-96
for each k. Since
et <g &= e € Vq Ly sk, up) B = E(sp, uk),
a union bound over the T transitions yields
Plex € E(sk,ur), Vk=0,...., T —1]>1-T5=1—4.

On this event, the assumed containment & (s, ux) C EB™ implies that each realized prediction
error can be written as
er = Epwy, wy € B,

Thus the realized closed-loop trajectory is generated by a disturbance sequence inside the uncertainty
set used by SLS. Robust correctness of SLS then implies s, € R, fork = 0,...,T and u, € R}
fork =0,...,T —1. Therefore the tube-containment event holds with probability at least 1 —§. [

D Experimental Implementation

In the following sections, we discuss the experimental implementations for two of our central con-
tributions: our nominal planner and our robust planner. Section D.1 discusses the experimental
setup for our nominal experiments. Then, Section D.2 discusses the implementation details of our
novel gradient-based iLQR planner, which leverages the Markovian latent space to enable high task
success rates (cf. Table 1 for the ablation study). Next, Section D.3 details the baseline implementa-
tions used to evaluate our nominal planner against. For the safety experiments, Section D.4 provides
details on how our robust planner, SLS2, is implemented, and Section D.5 provides details on the
safety baselines we compare our approach to. Lastly, Section D.6 discusses our real-world hardware
experiment.

D.1 Experiment Setup

We evaluate on four continuous-control benchmarks spanning low-dimensional reaching, rigid-
object manipulation, planar pushing, and deformable-object manipulation. For each task, we train
from expert demonstrations and evaluate planning using task-specific goal-reaching criteria.

Reacher. Reacher is the hard variant of the DeepMind Control Suite Reacher task, where a two-
joint planar arm must reach a target position. We render 224 x 224 RGB observations with the target
hidden from the image observation. The dataset contains 24,650 expert episodes collected with a
Soft Actor-Critic policy. Episodes are collected at 50 Hz for up to 100 control steps and terminate
early when the end effector reaches within 0.03 of the target.
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Cube. Cube is the OGBench cube-single-vO task, where a robot arm must grasp and move a
cube to a target 3D position and yaw. We use front-camera pixel observations and continuous SD
actions. The dataset contains 11,227 oracle-planner episodes recorded at 20 Hz for up to 100 steps.
Episodes terminate when the cube is within 0.04 m of the target position and within 0.2 rad of the
target yaw.

Push-T. Push-T is a 2D planar manipulation task where a circular pusher moves a T-shaped block
to a target pose. We use gym-pusht/PushT-v0 and store RGB observations, pusher positions, and
continuous 2D actions. The dataset contains 25,000 expert episodes: 20,000 nominal diffusion-
policy rollouts and 5,000 edge-case rollouts. Episodes contain up to 167 recorded steps.

Rope. Rope is a bimanual MuJoCo manipulation environment where two robot arms control the
endpoints of a deformable rope. The task exposes the model to nonlinear rope dynamics by moving
the rope attachments along randomized task-space trajectories. We collect 15,000 episodes using
a cubic-spline policy with six randomized waypoints. Episodes are recorded at 20 Hz, average
approximately 80 steps, and are rendered as 224 x 224 RGB observations.

Planning success criteria. For Reacher, success is measured by the wrapped joint-position dis-
tance between the current and goal configurations. The primary threshold is 0.1 in gpos distance,
and we also report a stricter full-observation threshold of 0.05 as a diagnostic. For Cube, success
requires the cube position to be within 0.04 m of the goal position. For Push-T, success requires
the T-block to be within 20 pixels of the goal position with yaw error at most 0.35 rad. For Rope,
success requires the task-target distance to reach the dataset goal tolerance of 0.05.

D.2 Nominal Planning Setup

The nominal MPC planners optimize in the learned Markov latent state. For Reacher, OGBench-
Cube, and Rope, the nominal planner is receding-horizon iLQR with horizon T = 15, but the
quadratic cost matrices are task-specific (where weights scale the identity matrix [,, € R™*™):

Table 5: Reacher, OGBench-Cube, Rope: Nominal iLQR planning horizons and cost weights.

Task T Qr Q R

Reacher 15 5.0]10 0.05]10 0.1]2
OGBench-Cube 15 15.0/24  0.05724 0.515
Rope 15 15.0l24 0.005I24 0.0113

For these iLQR-only planners, the rollout is generated by the learned one-step dynamics (341 =
fo(Ce,vr), and the open-loop control sequence v is optimized with the finite-horizon cost

T-1

Jiar(6:v) = D (16 = GlIg + loelR) + 1< = Golld s (16)

t=0

where (, is the goal latent state. In Reacher, the same expression is used but the cost is computed
only on the zeroth-order latent coordinates (i.e., z), so the cost does not directly penalize the finite-
difference components of the Markov state. At each environment step, iLQR linearizes the learned
dynamics along the current rollout, performs a Riccati-style backward pass to compute local feed-
back/feedforward updates, line-searches the updated control sequence, executes the first action, and
replans from the newly observed image.

For Push-T, the nominal planner uses MPPI to produce a long-horizon warm-start and then uses a
short-horizon iLQR tracker to refine the first segment. The MPPI horizon is H mppi — 45 while
the iLQR tracking horizon is 7 = 15. The MPPI cost matrices are Q77" = 10.01144, Q™PP' =
0.051144, and R™PP1 = (.011; the iLQR tracking matrices are Q7 = 10.0l144, Q = 1.01144,
and R = 0.017,. MPPI samples noisy control sequences, rolls them out through the same latent
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dynamics, and scores each sampled trajectory with

H™PPi_]

Juppi1(€,v) = Z (HCt — CollGmen + ||Ut||??,mpps) + (| Carmers — G

t=0

2
qulgppi . (]7)

The sampled costs are converted to rewards by negation and weighted by the MPPI reward tempera-
ture when updating the nominal control sequence. The iLQR tracker then optimizes over the shorter
horizon T' = 15 against the MPPI reference trajectory ¢ rather than a fixed goal:

T-1

Jtrack(va) = Z (”Ct - 61‘/”%2 + ||Ut||?{) + ||CT - CjT”éT (18)

t=0

Thus the MPPI stage adds a sampling-based global search over long control sequences, while the
iLQR stage locally smooths and tracks the selected latent trajectory before receding-horizon execu-
tion.

D.3 World Model Baseline Implementation

Training and evaluation protocol. This section describes the implementation details for the
world-model baselines and our planning pipeline. Across all tasks, we follow the training and eval-
uation workflow of the stable-worldmodel codebase whenever possible. We compare against
PLDM, DINO-WM, and Le-WM. Unless otherwise specified, each baseline is trained for 10 epochs
following the Le-WM training protocol [30], where this training length was reported to provide
strong planning performance. When task-compatible pretrained or reusable checkpoints are avail-
able, we initialize from those checkpoints and fine-tune on our dataset. In particular, due to the
size of the Push-T dataset and the cost of training from scratch, the Le-WM model for Push-T is
fine-tuned from a pretrained Push-T object checkpoint. For the customized Rope task, no pretrained
checkpoints are available, so all world models are trained from scratch using the same offline dataset.

Shared preprocessing and architecture. All baselines are trained from image observations re-
sized to 224 x 224 with patch size 14. We use a history length of 3 and a one-step prediction
horizon. During planning, the learned one-step latent dynamics are rolled out autoregressively to
evaluate multi-step action sequences. The dataset is split into 90% training and 10% validation, and
we apply gradient clipping with threshold 1.0. Unless otherwise stated, models are trained with
batch size 128. We use frame skip 5 for Reacher, Cube, and Push-T, and frame skip 1 for Rope.

PLDM. For PLDM, we train with AdamW using learning rate 5 x 10~ and weight decay 10~3.
The encoder is a ViT-Tiny model with embedding dimension 192. The predictor has depth 6, 16
attention heads, MLP dimension 2048, head dimension 64, and dropout 0.1. Proprioceptive inputs
are disabled. The active loss weights are 18 for the standard-deviation loss, 0.7 for the temporal
standard-deviation loss, 12 for the covariance loss, and 0.2 for the temporal alignment loss.

DINO-WM. For DINO-WM, we use a frozen DINOv2-Small visual backbone and train the latent
predictor with AdamW using learning rate 5 x 10~* and no weight decay. The predictor uses the
same architecture as PLDM: depth 6, 16 attention heads, MLP dimension 2048, head dimension
64, and dropout 0.1. Actions are encoded with dimension 10. Reacher, Cube, and Rope are trained
without proprioceptive encoding, while Push-T uses proprioceptive encoding.

Le-WM. For Le-WM, we train with AdamW using learning rate 5 x 10~° and weight decay 10~3.
The model uses a ViT-Tiny encoder with image size 224, patch size 14, history size 3, prediction
horizon 1, and embedding dimension 192. The latent predictor uses the same configuration as the
other baselines: depth 6, 16 attention heads, MLP dimension 2048, head dimension 64, and dropout
0.1. For Rope, Le-WM is trained from scratch with batch size 128, frame skip 1, and SigReg
regularization with weight 0.09, 17 knots, and 1024 random projections.
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For Push-T, we fine-tune the pretrained Le-WM Push-T object checkpoint on the combined Push-T
dataset. The Push-T model uses frame skip 5, action dimension 2, and effective action dimension
10. We train for 10 epochs with batch size 110, bfloat16 mixed precision, gradient clipping at 1.0,
and the Le-WM latent prediction objective. During fine-tuning, we use SigReg regularization with
weight 0.005, 17 knots, and 1024 random projections, together with temporal straightening loss with
weight 0.01.

Planning evaluation. For nominal world-model planning baselines, PLDM, DINO-WM, and
Le-WM use the standard CEM planner provided by the stable-worldmodel implementation.
CEM optimizes action sequences in the learned latent space and executes the selected actions in
a receding-horizon manner. For our method, we use the same learned latent dynamics as the plan-
ning model but replace CEM with our gradient-based latent planner. In the robust setting, this
planner is augmented with the SLS-based tube propagation and conformalized latent constraints de-
scribed in the main text. This setup ensures that baseline performance reflects the default planning
pipeline associated with each learned world model, while our method differs only in the planning
and robustness layer built on top of the learned latent dynamics.
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D.4 Implementing SLS? (Problem (14))

Below we discuss our implementation of Problem (14). For self-containment, we restate the prob-
lem:

) I%ifl@u J(C,v) + Jr(Cr) + H(D®, D) (14a)
st. Cer1 = fo(Crrvr);  Co = 3o, k=0,....,T—1, (14b)
P = A+ Bl 0<j<k k=0, T—1,  (l4)

®, =E,  j=0,...,T—1, (14d)

9i(Cr»vr) +bi + Ty <0, i=1,...,n, k=0,...,T, (14e)

RLCI, k=o0,...T (14f)

In Section D.4.1 we discuss the cost and reference trajectory generation used for the objective in
(14a). Next, in Section D.4.2 we discuss how the model error is calibrated. The calibrated error
is used to initialize the system level constraints (SLC) in (14¢)-(14d). Details on the obstacles and
how we train a latent classifier and conformalize it are available in Section D.4.3. In the optimization
problem, the classifier is linearized and tightened in (14e). Lastly, we discuss the in-domain ellipsoid
constraint, (14f), and how it is formed in Section D.4.4.

D.4.1 Defining the Objective

To implement Problem (14), we follow [55, 56] and use a real-time-iteration (RTI) scheme which
solves a single SQP (instead of solving several successive SQPs until convergence) to enable faster
solve times. To avoid ill-conditioned problems and improve numerical stability, we use the MPPI
algorithm [61] to warm-start the MPC solve at each time step. Below, we describe the MPPI warm-
start objective, the nominal SLS objective, the associated cost weights, and the modifications used
for the Constraint-iLQR baselines.

Let ¢; € R" denote the latent state and (,; the goal latent state. MPPI first generates a reference
trajectory ¢ := {3 }7_, and v := {0}, }}_, by minimizing the sampling objective
H™PPi_

Juppi(€, v) = Z (”Ct — CollGmons + llvi

t=0

?%mppi + Jsoft(ct)) + ||CH“‘Ppi - Cg”é;:ppia (20)

where Jgor; denotes task-dependent soft penalties used during MPPI sampling. The MPPI horizon
H™PP! can be greater than T (the tracking horizon used by SLS) to encourage smaller actions at
each step. Furthermore, we define ||z||2, := 2" Mz for € R"® and M € R"*™. The nominal
RTI-SQP/SLS objective then tracks the MPPI reference trajectory ¢ and v over the MPC horizon T™:

T-1

Tsis(€v) = Y (16 = Cllgy + llve = wellR) + lI¢r = Crll,- 2D

t=0

Our cost matrices penalizing state tracking Qr,Q, Q7", Q™" = 0 and control penalties
R, R™P' >~ ( are summarized in Table 6. While interpretability is minimal in the latent space,
we leverage the Markovian structure to apply different penalties to position states (corresponding
to the zeroth-order state) and velocity states (corresponding to the first-order state). Compactly, we
use I, € R™*" as the n-dimensional identity matrix, and for A € R"*" B € R™*™ we denote
blkdiag(A, B) as the block diagonal matrix.

In (20), we also add a soft penalty, Jy, defined as
Jsoft () = Amp [max {pip(¢) — 1, O}}2 +Aobs [softplus (n — cw(l_[zg“)ﬂ2 (22)

Latent Ellipsoid Penalty Obstacle Penalty

where pip (¢) is the conformal latent ellipsoid defined in (11) and ¢y, (I1,¢) is the obstacle classifier
score evaluated on the zeroth-order latent component. Aops and Ajp are hyperparameters controlling
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Table 6: MPPI warm-start and nominal SLS tracking weights used in our experiments.

Task Objective  Horizon State Weights Control Weight

MPPI 15 Q"PP! = blkdiag(0.005112,1.0I12)  R™PP' = 1.013
Rope QPP = blkdiag(10112,1.0712)

SLS 10 Q =0.1I24, Qp =5.01l4 R=0.2I3

MPPI 60 Q™" = blkdiag(0.00515,1.0I5)  R™PP = 0.011,
Reacher QPP = blkdiag(10015,1.015)

SLS 5 Q = blkdiag(0.00515, 1.015) R=0.11;

Qr = blkdiag(5.015,0.915)

MPPI 10 Q™PP" = blkdiag(0.05112,0.10I12)  R™PP' = 1.015
OGBench-Cube Q7" = blkdiag(15/12,1.0/12)

SLS 10 Q = blkdiag(0.0SIlg, 0.05]12) R = 0.5]5

QT = blkdlag(10112, 10[12)

Table 7: MPPI hyperparameters and soft-penalty weights used for warm-start trajectory generation.

Task Samples Updates Reward Weight Noise Scale 8 AID  Aobs
Rope 2048 6 25 0.20 0.65 20 0
Reacher 512 5 20 0.15 070 0 1000
OGBench-Cube 512 5 30 0.20 0.60 10 100

the strength of the respective penalties. The soft penalty in (22) encourages the reference trajectory
to satisfy the constraints. Notably, these references are not guaranteed to robustly satisfy the con-
straints, and thus SLS is still required to enforce robust constraint satisfaction. The remaining MPPI
hyperparameters alongside the values of Aqps and Aip used for each task are summarized in Table 7.

D.4.2 Calibrated Error Bounds

To calibrate the error bounds we split our dataset D, in half (i.e., Dc(il) and DC(;) such that

|Dc(il)| = \DC(;) |. For our experiments, D, is constructed using the same expert rollouts used to
train the models, as the transitions encountered in D, are distributionally similar to the transitions
encountered during planning time, preserving the exchangeability assumption. For Reacher, Rope,
and OGBench-Cube, | D¢y| = 200, 000, | Dear| = 80, 000, and |D,| = 98, 800 respectively. The first
partition, Dé;l), is used to learn the error covariance, >, (s, u), structure by minimizing the MGNLL
loss (9), while the second half is used to perform the conformal calibration described in Section 4.2.
For the Reacher task, we trained 3, (s, u) as a neural network with 2 hidden layers (128 neurons per
hidden layer) at a learning rate of 0.0003 using a cosine annealing learning rate scheduler to stabilize
training. The model directly outputs the Cholesky factor to avoid computing it in real time. For the
Rope and OGBench-Cube tasks, we defined 3, (s, u) := X0y as a fixed parameter. In this case, the

. . . . . _ 1 + + T
loss is minimized by computing Y.y = 0] z(shu“sj)eij)(Si — fo(si,w)) (87 — fo(si,wi))
as the sample error covariance. For the conformal calibration we set « = 0.1,0.4, and 0.1 for

Reacher, Rope, and OGBench-Cube respectively.

D.4.3 Training and Conformalizing the Constraint Classifier

For each constrained task, we train a latent-space classifier from a balanced dataset of rendered
constraint-violating and non-violating observations. Let

DObS = {(Oiayi)}f\ila Yi € {07 1}5

where, following the notation in the main text, y; = 0 denotes a constraint-violating observation
and y; = 1 denotes a non-violating observation. The task-specific geometric rule used to assign y;
is described below. In the implementation, the stored source label is the complementary indicator
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l;i =1-y; so l~)i = 1 marks the violating class used for conformal calibration. Each image is
encoded with the frozen world-model encoder z; = ency(o;) € R™=, and the latent features are
standardized using the training-split mean and standard deviation. Let Z,, Z,.1, and Z.,) denote the
index sets for the training, validation, and conformal calibration splits of D, respectively. We
then train a small MLP score model ¢, : R™ — R with the convention that larger scores indicate
safer states. Equivalently, the signed labels are

~ _17 T = 07
Yi = 4
+1a Yi = 1,

and the classifier is optimized with the hinge loss

1
Lobs (w) = N,

Z max (0, m — gicy ().

1€L¢y

Thus, before conformal calibration, ¢ (z) > 0 is classified as non-violating and ¢y (z) < 0 is
classified as violating.

We calibrate the classifier using only held-out violating examples. Let Z_, = {i € Za1 : y; = 0}
and define the nonconformity score

r; = max{0, cy(2i)}, iel,.

This score is zero for a violating calibration point that is already on the violating side of the nominal
classifier and positive only when the point is incorrectly placed on the safe side. For miscoverage
level §, we choose

n= Quantiler(n:alﬂ)(l_m ({rizieZy}u{oc}),
where n_,; = |Z_,|. The conformalized violating set is
Ocont = {2 : cy(2) < n}.

Under the exchangeability assumption for future violating observations and the calibration split, this
construction covers a future violating latent with probability at least 1 — 6.

To match the SLS notation that is used in the main text, we convert the classifier score into a con-
straint function of the following form:

gw(s) = —%(2)7 z =1Il,s, Ssafe = {5 : gw(s) < _77} = {5 : —Cw(HzS) < _77}'

Here II, extracts the zeroth-order latent embedding from the Markov latent state s =
[z, Az, ..., AKZ]. This is the sign conversion used by the SLS planner: the raw network score Cyp
is larger for safe states, while the MPC constraint is written in the paper’s standard form g, (s) < 0.
The same threshold also appears in the MPPI warm-start soft penalty as a smooth relaxation of
n—cy(z) <0.

Translating Constraints for SLS: Using the obstacle constraint we derived, it can be plugged into
SLS and robustly satisfied by tightening the constraint. For nominal constraint satisfaction at step
k, in the trajectory (0 < k < T') we require, gy (Ck, vr) < —n, where we define gy (Ck, vi) = g(2k)
such that z; is the zeroth-order component of the Markov state (. We then apply the constraint
tightening as a function of the linearized constraint and tube (as discussed in Appendix B) to robustly
satisfy the constraint for all Markov states, s € Rj, and control inputs uy € R}, in the tube. In our
implementation we also have box constraints for the control input (i.e., ur < Umax and — ug <
—Umin, V0 < k < T — 1). Accounting for both upper and lower bound control constraints, this
results in a total of 2n,, + 1 = n. constraints in our problem. For succinctness, we collect all the
constraints for each time step as follows:

gi((k,vk)+bi+n,k§0, i=1,...,n., k=0,...,T, (23)

where g;((x, vi) is the constraint function, b; is the nominal bound (adjusted by 7 for conformalized
obstacle constraint indices), and 7; j, is the constraint tightening.
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Task-specific label rules and classifier sizes
Reacher: For Reacher, the violating set is the joint-space box
Qobs = {0 =1(q1,92) : 0 < 1 <3.1415, —2.88 < go < —2.45}.

This region corresponds to configurations where the second link folds back very close to the first
link. In the simulator this is a pose/joint-space obstacle constraint, while in planning it is enforced
as a learned latent-space constraint from rendered images. We sample configurations inside Qs as
violating examples and configurations outside the box as non-violating examples, then render each
configuration from the fixed planner camera to obtain the balanced classifier dataset. The Reacher
classifier uses a 5-dimensional latent input and an MLP with one hidden layer of width 6 followed
by a scalar output, using GELU nonlinearities.

OGBench: For Cube, the classifier enforces a height constraint on the grasped cube/effector state.
We synthesize grasped cube configurations, render front-camera observations with the target hidden,
and label an observation as violating when the measured gripper height is above the configured
threshold
herip > hmax, hmax = 0.09.

Samples with hgip, < 0.09 are treated as non-violating. The sampled cube positions use the task-
space bounds z € [0.30,0.50], y € [—0.25,0.25], and z € [0.02, 0.30]. If precomputed dataset splits
are unavailable, the script creates stratified source-training and calibration splits before carving out
a validation subset. The Cube height classifier uses a 12-dimensional latent input and a linear score
model ¢y (2) = w;)rz + by, i.e., a single learned separating vector and bias.

Rope: For Rope, each sampled task state is © = (7, h, w), where r is the endpoint reach coordinate,
h is the endpoint height, and w is the rope width. The task-space bounds are

re[-0.10,0.30),  he[l.16,1.35,  w € [0.20,0.75].

The obstacle is a speedbump-shaped barrier in the (7, h) task-space slice, placed on the tabletop over
the active reach interval [0.05,0.15]. Formally, it is the upper half of an ellipse with center reach
7. = 0.10, half-width a = 0.05, base height 21,55 = 0.75, and peak height zpcax = 0.91:

2
b(T) = Zbase T (Zpeak - Zbase) max {07 1 - (r r rc) }

a

Thus the bump rises 0.16 above the table at its midpoint and returns to the table height at » = 0.05
and 7 = 0.15. Because the rope sags as a function of width, we estimate a sag profile s(w) from
simulated proxy-rope configurations and use

(z) =h — s(w)
as the approximate lowest rope height. A rope state is labeled violating when
r €[0.05,0.15] and {¢(z) < b(r),

and non-violating otherwise. This gives a formal task-space obstacle that visually behaves like a
smooth speedbump the rope must clear; the classifier then learns the corresponding latent-space
constraint from fixed-camera renderings. The Rope classifier uses a 12-dimensional latent input and
an MLP with one hidden layer of width 12 followed by a scalar output, using GELU nonlinearities.

D.4.4 Calibrating the Latent Support

To further validate the exchangeability assumption at planning time, we estimate and conformalize
the support of our calibration dataset. SIGReg loss (5) structures the latent space such that the raw
latent vectors follow an isotropic multivariate Gaussian distribution with unit variance. Thus, the
Markovian latent vector also inherits the Gaussian structure, but is not guaranteed to be isotropic
due to correlation between successive latent states. Hence, we learn both the shape and size of the
ellipsoidal geometry characterizing the support of our calibration dataset, and constrain our planner

25



to remain within it. We refer to this constraint as the in-distribution (ID) latent ellipsoid. To obtain

this constraint we use the same calibration dataset, D, and partitions, Dc(il) / Dc(fl) from Section D.4.2.

We compute the sample covariance of the states, >;p, using states, s;, in D(l) and fix the mean

cal »

1 = 0. We then compute the Mahalanobis distance d; = siTZﬁjl s; for each state, s; € Dc(fl). Lastly,
we compute the (1— aqp)-quantile ¢ip of distances d; to form the boundary of our support, as defined
in (11). Formally, this provides a boundary between in-distribution points which we assume to be
(1 — agp) - 100% and outlier points corresponding to ap - 100% of points in the calibration dataset,

NG

a1 - For each of our experiments we set aqp = 0.1.

D.5 Safety Baseline Implementation

HJ-filtered safety baseline. We implement the HJ-filtered baseline as a latent safety shield applied
on top of a nominal planner. We use the same encoder and latent dynamics notation as in the main
method: an observation oy is encoded as

zi = ency(oy),
and the planner state is the Markov latent state
K
Sf = [Zt, Azt, ey A Zt]~

Actions are represented in the normalized action coordinates used by the learned world model:

_ . U — Uy
U = Chp ( o ; Umin, umax) s Umin = _27 Umax = 2.
u

The HJ baseline rolls out the learned one-step latent dynamics
‘§§+1 = f(ﬁ(sfa ﬂt)'

The HJ baseline uses its own obstacle classifier convention, inherited from the HJ-filtered baseline
implementation, which is distinct from the constraint classifier notation used by our SLS planner in
the main body. To avoid overloading g,,, we denote the HJ classifier score by c,,. Its signed safety
margin is
lyy(s) = cw(s) — T,

where 117 is the HJ classifier decision threshold, calibrated separately from the SLS constraint
margin 7). In our experiments, 717 is selected using the same held-out calibration split used for con-
formal safety calibration. Under this baseline convention, positive values indicate states classified
as safe and non-positive values indicate states classified as unsafe. Depending on the experiment
configuration, the raw margin is optionally transformed by a monotone squashing function,

luy(s) < tanh(fy;(s)) or Lyy(s) < tanh(20;(s)).

We train a PyHJ/Avoid-DDPG recovery policy 7y and critic Vigy in the learned latent dynamics.
Episodes are initialized from cached latent states. For a sampled action %, the imagined next latent
state is

§§+1 = f¢(5tz’ i),
and the transition signal is the next-state safety margin:
re = luy(8541)-

An episode terminates when f115(57, ;) < 0. The learned critic therefore estimates recoverability
under the latent recovery policy. At deployment, the HJ barrier score is

Byj(s) = min{lyj(s), Viry(s)}.

Given a nominal raw action u3°™ from the base planner, the filter first normalizes it to uy°™ and
predicts

a%,nom zZ ~—nom

St41 = f¢(5tvut )-
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The nominal action is executed only if the current state is classified as safe and the predicted next
state is accepted by the learned barrier. Otherwise, the filter replaces it with the HJ recovery action:

U — WHJ(Stz), lffHJ(Sf) S 0 or BHJ(§fffm) S €,
P apem otherwise.

b

We use ¢ = 0 unless otherwise specified. The selected normalized action is then unnormalized
before execution:

Ut = UpOq + Moy -

Latent Policy Barrier baseline. We also evaluate an adapted Latent Policy Barrier (LPB) base-
line, which incorporates a nearest-neighbor in-distribution barrier as a regularizer in the nominal
iLQR planner. First, we build a bank of safe Markov latent states from the training dataset. Each
image is encoded as z; = encg(o;) and converted into the same Markov latent state s used by the
planner. Unsafe states are removed using the analytical ground-truth obstacle check used to label ob-
stacle data. Thus, the prototype bank contains only latent states whose corresponding environment
configurations are collision-free under the geometry-based safety test.

The remaining safe states are whitened,

5 — ULPB
OLPB

§:

and M prototype states P = {p; };Vil are sampled from the whitened safe set. We calibrate a
distance threshold p as a chosen quantile of nearest-prototype distances on held-out non-prototype
safe states. At planning time, each predicted latent state is scored by

$ — ULPB
JLPB

dLPB (8) = min

p;EP J

2

The LPB penalty is zero inside the calibrated safe tube and grows quadratically outside it:
cpi(s) = [dups(s) — aLPBP]i ;

where o pp is the threshold scale and []+ = max(-, 0).

Unlike the HIJ filter, LPB does not override actions after planning. Instead, it augments the iLQR
trajectory objective. For a nominal latent trajectory ¢ = {(j}}_, and normalized controls v =
{vr}{ =y, the LPB-regularized objective is

T-1 T-1
1
Jies = > (4sl1Gk = Gll3 + qullvell3) + arllér — GlI3 + ALPB 7 > cuen(Gr),
k=0 k=0

where (, is the goal Markov latent state. In our implementation, the LPB term is differentiable
through the latent trajectory, and its gradient and Hessian are included in the iLQR backward pass.
Thus, LPB biases the planner toward trajectories that remain close to the empirical distribution of
safe latent states while still optimizing the original goal-reaching cost.

Constrained iLQR. For our constrained iLQR implementation we solve Problem (14) without
constraints (14c)-(14d), and remove the constraint tightening, 7; 3 in (14e). This results in a con-
strained safety-aware problem, but does not require a trajectory to robustly satisfy constraints—unlike
SLS. Furthermore we have two variants, one with the in-domain latent ellipsoid constraint and one
without. Outside of these changes, both of these approaches still use the same parameters and con-
figurations as the SLS implementation.

D.6 Hardware Implementation

Our hardware experiment is the physical equivalent of our simulated bimanual rope task.
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Hardware: The bimanual setup consists of two KUKA iiwa arms placed 1.5 meters apart, each
with a Schunk end-effector. The rope is attached to the arms via two 3D-printed clips that are
screwed into the Schunk end-effector. Figures 12 and 13 provide visualizations of the hardware
setup. To capture images, we used an Intel RealSense D415 camera (and use only the RGB images).

Data Collection: We parameterize the rope manipulation task with a three-dimensional task space:
reach, the shared forward/backward displacement of the end effectors; height, their shared vertical
position; and width, their lateral separation. Each task-space command is converted to bimanual
joint targets using Drake [62] inverse kinematics, with the two grippers moved symmetrically about
the rope centerline. Data is collected in shards. At the start of each shard, the arms return to a fixed
home pose, which defines the nominal task origin. We then sample 25 random task-space knots
within the workspace bounds, enforcing a minimum separation between consecutive knots. We lin-
early interpolate between each pair to produce a dense sequence of intermediate task targets. This
waypoint-based trajectory gives broad workspace coverage while keeping each low-level motion
small and feasible for hardware execution. We considered smoother spline trajectories, as used in
the sibling simulation experiment, but use piecewise-linear waypoint segments on the real system
because they make the commanded task deltas explicit, easier to validate for collision and speed
limits, and easier to execute with settling between samples. For each interpolated target, the corre-
sponding joint command is executed, the arms are allowed to settle, and an RGB image is captured.
We record the planned task-space delta together with the measured end-effector state and executed
task-space delta, producing image-action pairs for training the dynamics model.

Model Training: We collect our data with a data structure similar to that of all our data collection
scripts for simulation. This enables us to swap in our hardware data directly with our simulation data.
All the model parameters are equivalent to the corresponding simulation experiment for nominal
planning.

Planning: For nominal planning, we used MPPI to warm-start trajectory generation at each step
and then iLQR to track it, similar to the Push-T approach described in Section D.2. Since the low-
level controller requires a minimal actuation in order to move, we define

5 min — [[0e]loc \
Jact (V) = Aact |:maX <07 M):l ) (24)
t=0

5min

where 0., is the minimum actuation. Since the bimanual rope manipulation task has 3 actions
controlling the distance between the two end-effectors (width), the height of the two end-effectors,
and the depth of two end-effectors (reach), we only require one of the actions to meet the minimum
actuation requirement. Thus, we compute the infinity norm of the nominal action ||v;||o to get the
maximum value among the 3 actions and penalize it if it is below the minimum actuation threshold,
Omin- Thus, the cost used for the real-world experiment J. real (¢, v) is,

mppi
T (6,v) = Juppt(€, V) +Jact (V). (25)
N ———
Eq. (17)

Similar to the simulation experiment (for Push-T), we use iLQR to track the MPPI-generated refer-
ence trajectory, and provide the next control input to apply at each MPC step. The MPPI parameters
and iLQR parameters are available in Table 8.
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Table 8: MPPI and iLQR planning parameters for the real-world rope manipulation task.

Module Parameter Value Parameter Value
Horizon (H™PP) 60 Control Weight (R™PP) 0.0213
Samples 512 Reward Weight 25.0

MPPI Warm-start ~ Updates A 6 Noise Scale 0.2
State Stage Weight (Q™PP") . 1.5154 Filter 3 0.65
State Terminal Weight (Q7""")  1000.0124

Actuation Penalty ~ Minimum Threshold (dmin) 0.006 Penalty Weight (Aact) 10.0

. . Horizon (T°) 10 State Terminal Weight (Q7)  50.0/24

iLQR Tracking State Stage Weight (Q)) 0.5124 Control Weight (R) 0.0213
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E Extended Results

In this section, we provide additional experimental results beyond those reported in the main text.
Figures 8 - 11 contain our nominal planning time-lapses where we visualize our goal-reaching per-
formance. Figures 12 - 13 contain our nominal planning time-lapses for our bimanual rope manipu-
lation hardware experiment and figure 14 validates convergence of our planner to the goal configu-
ration in the task space for real hardware. Figures 15 - 17 contain time-lapse comparisons of safe vs.
unsafe plans demonstrating SLS?’s ability to enforce safety. Figures 18 - 20 visualize the reachable
tubes in the latent space. Lastly, we include the LPB safety baseline on Reacher, the LPB safety
baseline on Cube, and the Le-WM nominal planning baseline on Push-T.

E.1 Nominal Trajectory Time-lapses

t=0.00s t=1.00s t=2.00s t=2.90s t=3.90s

L L W oL i =

t=4.90s £=5.90s £=6.90s t=7.80s t=8.80s

t=9.80s t=10.80s t=11.80s t=12.70s t=13.70s

Y R v e = =

£=14.70s £=15.70s £=16.605 £=17.60s £=18.605

¥ = K K X

t=19.60s t=20.60s t=21.50s t=22.50s t=23.50s

£ £ ¥ r 2

Figure 8: Push-T. iLQR-based long-horizon planning, with MPPI warm-start. Our planner is able
to successfully make and break contact with the T while executing complex maneuvers in order to
push the T to the goal.
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t=1.40s t=1.70s t=2.00s t=2.35s t=2.65s

t=2.95s t=3.30s t=3.605 t=3.90s Goal

Figure 9: Cube. iLQR-based long-horizon planning. The planner successfully moves the cube to
the goal pose without dropping it, unlike the baseline approaches.

t=0.00s t=0.10s t=0.20s t=0.32s t=0.42s

t=0.52s t=0.63s t=0.73s t=0.83s Goal

Figure 10: Reacher. iLQR-based long-horizon planning. Similar to Figure 9, our gradient-based
planner is able to successfully move to the goal in an efficient manner.

-
-
-
-
-
A

t=0.95s t=1.10s t=1.30s t=1.50s Goal

i 4 4 4 4 |

Figure 11: Rope. iLQR-based long-horizon planning. The planner is able to correctly manipulate
the deformable rope to reach the goal configuration.
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MPC step 0 MPC step 7 MPC step 14 MPC step 21 MPC step 28

MPC step 34 MPC step 41 MPC step 48 MPC step 55 Goal

Figure 12: Real. iLQR-based long-horizon planning on real hardware directly from pixels without
state estimation. In this example, we demonstrate the arms moving forward to reach the goal image.

MPC step 0 MPC step 5 MPC step 10 MPC step 15 MPC step 20

MPC step 25 MPC step 30 MPC step 35 MPC step 40 Goal

Figure 13: Real. Another example of iLQR-based long-horizon planning on real hardware directly
from pixels without state estimation. In this example, the bimanual setup has to stretch the rope to

reach the goal image.
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= —
25 11
0 10 20 30 40 50 0 5 0 15 20 25 30 35 40
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Figure 14: Real. Task and latent space error plots demonstrating convergence to the desired goal
state on hardware. Plot for Figure 12 on the left and plot for Figure 13 on the right.
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E.2 Safe vs. Unsafe Time-lapses

£=0.00s t=0.27s t=0.47s t=0.67s t=113s

=0.00s t=0.20s =040 t=0.70s t=5.00s

Figure 15: Rope. Safe (top) plan vs. unsafe (bottom) plan time-lapse. The SLS? planner suc-
cessfully maneuvers the rope over the obstacle while reaching the goal image, unlike the nominal
planner which collides with the obstacle.

=0.00s t=0.24s =0.38s, t=0.525 t=0.70s

Figure 16: Reacher. Safe (top) plan vs. unsafe (bottom) plan time-lapse. Similar to Figure 15,
the nominal planner traverses through the “unsafe” region and violates the pose constraint, while
SLS? avoids the unsafe region.

£=0.00s t=0.40s t=1.355 t=2.50s =4.00s

Figure 17: Cube. Safe (top) plan vs. unsafe (bottom) plan time-lapse. SLS? maintains the cube
below the height threshold while reaching the goal.
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E.3 Latent Reachability Tubes
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Figure 18: Rope. Latent reachability tubes for the full Markov state computed via SLS?.
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Figure 19: Reacher. Latent reachability tubes for the full Markov state computed via SLS2.
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Figure 20: Cube. Latent reachability tubes for the full Markov state computed via SLS2.
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