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Fig. 1: TACTIC enables robots to perform contact-rich manipulation by utilizing the entire arm surface. While end-effector-centric control is
often infeasible and unsafe under high payloads, TACTIC fuses multimodal observations such as RGB-D, proximity masks, and distributed
tactile sensing into a contact-centric representation to enable whole-arm manipulation. We demonstrate its effectiveness on manipulation
tasks, including side rollover and limb repositioning on a life-size manikin.

Abstract—Whole-arm manipulation involves direct contact
with the environment while the robot completes a task by
distributing contact across multiple links as contacts form, slide,
and break. This setting breaks common implicit assumptions in
many learning-based manipulation pipelines: arm configuration
tightly couples motion and contact forces, contact state is par-
tially observed under occlusion, and purely learned rollouts can
become physically inconsistent under distribution shift because
many multi-link contact configurations are sparsely represented
in the data. To address this, we propose TACTIC (Tactile
and Vision Conditioned Contact-Centric Control), a receding-
horizon controller for whole-arm manipulation. TACTIC uses
a contact-centric hybrid predictive model that combines RGB-
D, distributed tactile sensing, and a compact 2D proximity
representation. The model couples a learned, action-conditioned
latent dynamics model with analytical kinematics through contact

Jacobians, enabling rollouts of future contact configurations
and interaction forces. TACTIC integrates these rollouts into a
sampling-based MPC planner with contact-aware action sam-
pling: contact Jacobian-based projections steer sampled action
sequences toward force-modulating directions, and objectives
defined over predicted proximity and interaction forces trade
task progress against whole-arm force regulation. We evalu-
ate TACTIC in simulation against state-of-the-art model-based
and model-free methods, and perform ablations that isolate
the contribution of each design choice. Across experiments,
TACTIC consistently outperforms other methods. We further
demonstrate real-world performance on a robot with distributed
tactile sensing across three whole-arm manipulation tasks that
require multi-contact trajectories: turning over and repositioning
a manikin, and goal-reaching in a 3D dynamic maze. Website:
emprise.cs.cornell.edu/tactic.
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I. INTRODUCTION

Recent progress in robot learning spanning vision-language-
action (VLA) models [1], diffusion-based policies [2], and
world models [3] has improved performance across a wide
range of manipulation tasks [4]. By leveraging large datasets,
these methods acquire priors over scenes and skills and often
yield desired behavior with minimal task-specific engineer-
ing. However, a gap remains: these approaches struggle in
contact-rich manipulation where success requires reasoning
about and regulating interaction forces. This gap is especially
pronounced in whole-arm manipulation, where the robot de-
liberately uses multiple arm links to make, break, and regulate
contact while executing a task.

Whole-arm contact is fundamental to human manipulation:
people use the forearm and upper arm to brace, hold, guide,
and reposition objects and bodies, distributing forces over
a larger area to improve stability and comfort [5]. Robots
require similar capabilities in contact-rich settings such as
assistive caregiving and physical human-robot interaction
(pHRI). These challenges also arise when manipulating large,
unwieldy, or deformable objects in cluttered environments,
where contacts form and redistribute along the arm. Whole-
arm manipulation introduces two key challenges. First,
trajectory generation is hard because arm configuration tightly
couples motion and forces: it determines which links make
contact with the environment, where contacts form and break,
and how forces evolve over time. Second, data is scarce for the
regimes that matter most for whole-arm manipulation: diverse
multi-contact configurations and force-regulating behaviors
are difficult to collect and remain sparsely represented in
existing datasets.

Existing approaches often address only a subset of these
challenges, typically emphasizing either learned models or
analytical structure. Purely data-driven models can be brit-
tle because widely used datasets are dominated by end-
effector-centric interactions and lack the diversity of multi-
link contact configurations needed to generalize to whole-arm
behaviors. Even with tactile supervision, learned predictors can
produce physically inconsistent contact and force estimates
(e.g., unrealistic force magnitudes) under distribution shift.
Conversely, approaches that rely solely on analytical mod-
els [6, 7] provide explicit mechanisms for safety but often
fail to capture the multimodal, partially observed interactions
that arise in contact-rich whole-arm manipulation. Relying on
either paradigm alone can therefore yield systems that either
capture rich interactions but struggle to regulate safety-related
objectives under distribution shift, or enforce safety without
generating complex whole-arm behaviors.

Reliable whole-arm manipulation requires reasoning about
simultaneous contacts distributed along the arm. Because
contact locations and interaction forces are difficult to infer
from joint torques alone, we use distributed tactile sensing to
observe contact directly. Yet sensing contact is not enough;
the controller must represent, predict, and act on contact
information to balance task progress with whole-arm force

regulation. We use receding-horizon sampling-based MPC
as our control framework, for two reasons: receding-horizon
control enables continual replanning as contacts form, break,
and shift across the arm, while sampling-based optimiza-
tion can evaluate diverse candidate actions under nonconvex
and contact-dependent dynamics. Within this framework, we
ground our approach in three design principles. First, the state
should be contact-centric and multimodal: we fuse RGB-D
with distributed tactile sensing and a compact 2D proximity
representation that summarizes where the arm is near or in
contact with the scene (including a person) and how this
region evolves over time. Second, planning should use contact-
aware action sampling: in constrained multi-contact settings,
standard sampling schemes (e.g., MPPI, CEM) are inefficient
at discovering force-modulating actions. We use tactile sensor-
derived contact locations to compute contact Jacobians, which
allow us to bias sampled action sequences toward directions
that can regulate interaction forces. Third, prediction and
evaluation should be hybrid and contact-aware: we couple
a learned, action-conditioned latent dynamics model with
analytical kinematics via contact Jacobians to roll out contact-
relevant dynamics and interaction forces, and we evaluate
candidate trajectories with objectives defined over predicted
proximity and forces to trade task progress against whole-arm
force regulation.

Built on these principles, we propose TACTIC (Tactile
and Vision Conditioned Contact-Centric Control), a receding-
horizon controller for whole-arm manipulation. TACTIC uses
a contact-centric state representation by coupling RGB-D,
distributed tactile sensing, and a proximity map around the
arm. To explore efficiently under multi-contact constraints,
TACTIC uses sampling-based MPC with contact-aware action
sampling, biasing candidate action sequences toward force-
modulating directions via contact Jacobian projections. For
prediction and trajectory scoring, TACTIC couples an action-
conditioned latent dynamics model (trained on the contact-
centric state) with analytical kinematics through contact Ja-
cobians to predict the evolution of proximity and interaction
forces, and optimizes objectives defined over these predictions.
We evaluate TACTIC through simulation studies that compare
against competitive baselines and include ablations to quantify
the impact of each design choice. We further demonstrate real-
world performance on a robot with distributed tactile sensing
in two contact-rich whole-arm manipulation tasks involving a
life-size manikin, side rollover and limb repositioning, and in
a 3D dynamic maze goal-reaching task that requires complex
multi-contact trajectories. Finally, we develop and release open
hardware for a mirrored Kinova Gen3-7DoF [8] teleoperation
interface and a WiFi-based distributed piezoresistive tactile
sensing suite for the Gen3 arm.

The main contributions of this paper are as follows:

C1. Contact-centric state representation for whole-arm ma-
nipulation that fuses RGB-D, distributed tactile sensing,
and a compact 2D proximity map.

C2. Contact-aware action sampling for sampling-based MPC
that uses contact Jacobian projections to bias exploration



toward force-modulating directions in constrained multi-
contact settings.

Hybrid predictive model that couples learned, action-
conditioned latent dynamics with analytical kinematics
via contact Jacobians to predict contact dynamics and
forces, and scores trajectories with objectives defined over
predicted proximity and interaction forces.

Simulation and real-robot experiments with ablations,
demonstrating improved performance relative to purely
learned and purely analytical baselines across multi-
contact tasks.

Open hardware for a Kinova Gen3 exoskeleton and a
WiFi-based distributed piezoresistive tactile sensing suite,
including design files, assembly instructions, and code.

C3.

C4.

Cs.

II. RELATED WORK

Whole-arm manipulation. Recent research in whole-arm
manipulation (WAM) leverages distributed tactile skins to
localize and regulate contact [9—12]. These capabilities have
been applied to manipulating heavy or bulky objects [13, 14],
navigating clutter [6], and providing physical [15] and so-
cial [16] assistance. Prior studies show that allowing whole-
arm contact improves reachability in cluttered environments
[6]. Furthermore, example-guided reinforcement learning can
acquire robust whole-body manipulation strategies for large
objects on compliant humanoid hardware with tactile sensing
[14]. Despite these advances, many WAM systems are not
designed for whole-arm pHRI, where the robot must infer
task-relevant contact state from multimodal observations (vi-
sion, proprioception, and tactile) under occlusion and regulate
interaction forces online. In contrast, our approach leverages
multimodal sensing to adapt contact-rich whole-arm behaviors
and incorporates explicit force-related objectives within MPC
to support safer physical interaction.

Visuotactile representations for manipulation. Contact-
rich manipulation often demands feedback beyond vision due
to occlusion, compliance, and rapidly changing contact modes.
Visuotactile representations, therefore, fuse vision and touch to
infer task-relevant contact state and improve robustness during
interaction (e.g., self-supervised multimodal representations
for contact-rich tasks and visuotactile policies that adapt
after contact) [17-19]. These representations have also been
paired with model-based control to close the loop on contact,
including tactile servoing and predictive control frameworks
that use learned dynamics from touch (and, in some cases,
vision) to plan under contact uncertainty [20, 21]. In parallel,
model-based learning for contact-rich manipulation learns
task-specific contact models or action-conditioned world
models and embeds them into planning to improve predictive
accuracy under contact [3, 22-24]. However, many such
pipelines remain primarily vision-centric and do not explicitly
exploit distributed tactile supervision or analytical kinematic
structure, which can be valuable for grounding contact
reasoning and enforcing force-aware objectives in pHRI.
In contrast, our approach uses a contact-centric visuotactile
representation and integrates it with analytical kinematics via

Symbol Meaning Symbol Meaning
n arm DoF H MPC horizon
qa:, qt joint pos./vel. N MPPI rollouts
u, € R™  cmd joint vel. (input) Higi MPPI mean at t 4 ¢
Zi admissible actions (e.g., > MPPI covariance
limits)
J(u; o1:¢,
ot multimodal observation 0g) MPC objective
og goal observation f, € RVs taxel forces (N sensors)
[ contact-centric obs. from  contact (Z¢+: )decoded binary contacts
Ot
My proximity mask Fiate safe-force limit
Zi, Ztgi latent / predicted latent o active contacts
(K] = K¢)
o(+) encoder J7 contact Jacobian (normal)
F; latent dynamics model fr,t force magnitude (contact
k, time t)
F analytical kinematics Fiat saturation force

model

TABLE I: Glossary of notation used in this paper.

joint state propagation and contact Jacobians for contact-aware
prediction and planning.

III. PROBLEM FORMULATION

We consider whole-arm manipulation where the robot ac-
complishes a task by moving its arm while making, breaking,
and regulating contact along its links. The robot is an n-
DoF manipulator with joint configuration q; € R", joint
velocity q; € R", and control input given by commanded
joint velocity u; € R"™. The robot receives a multimodal
observation o, = (I, Dy, i, q;, q;), where I, represents
an RGB image, D; represents an aligned depth map, and
f, € RYs are distributed tactile readings over IV, taxels (tactile
pixels) along the arm. We are given a goal observation o, and
safety constraints, including maximum allowable contact force
bounded by a threshold Fg,t.. Our objective is to reach the goal
while respecting these safety limits.

We use sampling-based receding-horizon MPC, and instan-
tiate the online optimizer with Model-Predictive Path Integral
(MPPI) [25]. At each time step t, MPPI approximates the
solution of a finite-horizon constrained problem by sampling
candidate action sequences, evaluating their costs, and updat-
ing the nominal sequence toward lower-cost rollouts. We then
execute only the first action and replan at the next step with
updated observations:

argmin
Uy g1 €EUH

ut*;t+H_1 = j(ut:tJerl; O1:t, Og) (H

IV. TACTIC FOR WHOLE-ARM MANIPULATION

This section outlines the core design decisions of TACTIC
as a sampling-based controller for whole-arm manipulation.

A. Building a Contact-Centric Representation

TACTIC learns an action-conditioned dynamics model from
vision, distributed force data, and proprioception. From the
raw observation o, in Eq. 1, we compute a proximity
mask M; and construct the augmented observation of¢ =
(It, Dy, My, £, qi, Qt)~
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Fig. 2: Overview of TACTIC. A. Contact-Centric Representation encodes multimodal history into a latent state z;. B. Contact-Aware
Action Sampling utilizes tactile-derived contact Jacobians (J,;) to bias MPPI exploration toward force-modulating directions. C. Contact-
Centric Hybrid Predictive Model evaluates candidate sequences by combining an analytical kinematics branch for physical consistency
with a learned latent dynamics model for predicting contact and force evolution.

1. Proximity mask M;. Tactile readings are spatially sparse,
available only upon contact, and localize contact on the
arm rather than in the scene. Yet many tasks require dense,
anticipatory reasoning about where in the scene contact is
occuring or likely to occur next. We define the proximity
mask M; as an image-aligned 2D representation of robot-
object proximity that grounds impending and active contact in
the scene frame, highlighting arm surface regions near or con-
tacting the object. First, we segment the RGB image into robot
(2,) and object (£2,) masks using finetuned YOLOvVI11 [26].
Using camera intrinsics, we unproject pixels in €2, and Q,
into 3D point sets P, and P}, respectively, then compute each
robot point’s distance to the closest object point using kd-
tree nearest-neighbor queries [27]. We map these distances
to pixel intensity (near — bright, far — dark) to obtain a
dense visual proximity field. Finally, we fuse tactile data by
rendering a binary taxel indicator image M} ?*, initialized to
zero. For each taxel with force exceeding fi,in, We project its
3D pose via forward kinematics onto the image and render
a unit-valued blob of radius r at the projected location. The
final M, is the per-pixel maximum of the visual proximity
field and M!**, providing an explicit, visually grounded signal
for both impending and active contact. See Appendix B1 for
implementation details.

2. Encoding multimodal observations. We encode of¢
into a latent z, using modality-specific encoders. We use a
DINOvV3 backbone [28] and apply it to Iy, Dy, and M; using
a shared encoder in a batched forward pass, with D; and M,
replicated to three channels. DINOv3’s robust spatial features
transfer well to depth and mask inputs. For force sensing,
we treat f; as a vector of normal forces under a fixed taxel
ordering along the robot arm. Contact events in our dataset
are spatially sparse. To efficiently detect these local features
without significantly overparameterizing the model, we use

a lightweight convolutional network with 1D CoordConv
[29] layers. By concatenating the taxel index as an explicit
position channel, this architecture enables the network to
learn location-dependent contact features. For proprioception,
we use a lightweight MLP that jointly embeds (q¢,q:).
To avoid angle wrap-around, we represent each joint angle
using a sin-cos mapping before passing to the proprioceptive
encoder. The latent dynamics model (Sec. IV-C) conditions
on a history of L latent states, z;_r,41.;.

B. Contact-Aware Action Sampling

We use MPPI, a sampling-based MPC algorithm, to gen-
erate command actions for the robot. At each MPC time
step t, MPPI samples IV action sequences over a horizon
of length H. Standard MPPI samples perturbations aﬁfﬁl ~
N(0,%) for rollout j € {1,...,N} and horizon index
i €{0,..., H—1}, and sample action sequence ugt)JrH_l. We
build on STORM [30] as our base MPPI sampler, which uses
low-discrepancy Halton sequences and spline-based sample
smoothing, and adapts the mean and covariance parameters
via cost-weighted sample moments.

In whole-arm manipulation, the set of active contacts can
change from step to step. If contact handling enters only
through the scalar rollout cost, the sampler can adapt slowly:
covariance updates lag behind the current contact interaction,
especially with a smaller particle budget. We therefore incor-
porate contact information directly into the sampler by shaping
perturbations per-MPC-step, providing minimal-lag, contact-
conditioned exploration toward the contact normal subspace.

Although STORM is formulated over joint accelerations,
we use it as an auxiliary sampler to generate smooth per-
turbation sequences while keeping our MPPI policy in joint-
velocity space. This allows for smoother perturbations in
joint-velocity space. Concretely, for each rollout j, we draw



acceleration noise ngzjt) 41 using Halton sampling with B-
spline smoothing and integrate it over the horizon to obtain

joint velocity perturbations 55 f)+ y—y (with time step At),

8% = AtY,_onY,, and apply uf); = ., + 67, 10

generate joint velocity action ui */; around nominal mean g, ;.
1. Weighted normal contact Jacobian. Let K; be the active
contact set at time t. For each k € IC;, we compute the contact
Jacobian Jj ; € R**™ and a unit contact normal nk + € R3.
The corresponding normal Jacobian row Ji , = n, fJ k,+ Maps
joint velocities to normal velocity at contact. Stacklng rows
gives J? € RE+*n and the predicted normal velocity under
rollout j is Uﬁf 3” i =J% tuii)l Intuitively, directions in joint-
velocity space that lie in row(J}) change normal motion at
the current contacts; directions in its nullspace do not.

Not all “active contacts” are equally important. A light brush
or noisy taxel should not dominate sampling. Thus, we weight
each contact by its measured force (with saturation) before
constructing the contact-normal Jacobian:

Pkt = sat( Fs;;t > , JP =diag(\/pre, - /PR

. ®
where sat(z) = min(1, max(0,z)). The resulting J? maps
joint velocities to normal contact velocities, and its row space
spans the joint directions that can change normal motion at
the current contacts.
2. Contact-conditioned shaping. We define a contact-
normal filter:

force ' (ThTn | e
Gloree — Jn (Jng + aIKt> J7,
G?ull =1, — Ggorce.

3)

Goree attenuates the component of a perturbation aligned
with row(J?), the directions that change normal velocity
at active contacts, while GI!! retains the complementary
component. The ridge term € I, stabilizes the inverse when
contact normals are nearly collinear. As ¢ = 0, Giorce
recovers the orthogonal projector onto row(J?) and Giu!!
recovers the projector onto its nullspace.

Assuming the contact configuration remains valid over the
short planning horizon, we shape the perturbation sequences
using the above operators. Let J; +)Z denote the base perturba-
tion. We construct

force null
S: = Oforce,eff Gt + Onull,eff Gt ,

“)
Coeff = M7 e ¢ {force, null},

S; is a contact-conditioned scaling that amplifies perturbations
along contact-normal directions relative to nullspace direc-
tions. We apply it to obtain contact-conditioned perturbations,
EE thaped =8, 6tﬂﬂ Setting Oforce > Opull biases exploration
toward directions that affect contact interaction; o,,;, ensures
a nonzero scale in both subspaces.

Finally, to avoid sampling actions that drive motion into
contact where forces are high, we project each sampled action

sequence onto a safety cone defined by the active normals

above a force threshold. Let K}°' = {k € K; | fr.t > Frate}
and let J}*°! stack rows J , for k € KC/°!. For each rollout j
and horizon step 7, we solve

d(j),ﬁnal (7),shaped

pirie = argmin Hy 0,7
yER™

&)

;

st. Iyl (py,; +y) > 0, where rows are oriented such that

J ijilut > 0 corresponds to commanded normal motion away

uly = pog +

. See Appendix C for implementation details.

from contact. The obtained action is thus

(7),final
6t+z

C. Contact-Centric Hybrid Predictive Model

Whole-arm manipulation closely couples joint-space motion
and contact: small changes in arm configuration can shift
where contact occurs and whether forces increase or decrease.
To plan under this coupling, TACTIC uses a hybrid predictive
model F = {F;,F,} that separates what we can compute
reliably (robot kinematics) from what is difficult to model
analytically (contact formation, making and breaking of con-
tacts, and interaction dynamics). The analytical branch pro-
vides physically grounded rollouts, while the learned branch
predicts the evolution of complex contact-rich interactions
from multimodal observations.

1. Analytical kinematics F;. Given the current joint state
and a candidate joint-velocity sequence U4 pg—1, we roll
out deterministic kinematics with first-order integration to
obtain q;;, élt+i and compute task-space quantities via for-
ward kinematics, €;1; = FK(q4;), where €;1,; denotes the
predicted end-effector pose (or task-space state) at step ¢ + <.
For contact-aware reasoning, we evaluate the contact Jacobian
Ji,1+i(Quyi) for each current active contact index k € Ky, at
the predicted configuration q;4; and associate it with the con-
tact normal ny, ;, yielding the normal Jacobian row J kit =

n;tj k,t+i- We collect these predictions into the kinematic

rollout 3;4; = (éltﬂ‘, Attis ©ttis {Dkts Jk-,tﬂ'}ke)c,,)
The kinematic rollout 8;41.4+ g = Fr(qs, st m—1) provides
information needed to (i) reject kinematically infeasible mo-
tion and (ii) reason about how candidate actions move the

active contacts along the contact normal (via J7! ktti)-

2. Latent dynamics F;. Kinematics alone cannot predict
when contacts will form or break. It also discards the mul-
timodal context needed to perform the task. We therefore
learn a latent dynamics model following the JEPA recipe
for robotic world models [3, 31]. At each time step, of¢ is
encoded into a latent state z; using the encoders in Sec. [V-A.
We embed u; with a lightweight action encoder ¢act(uy).
The predictor takes a context window z;_;1.; and an action
sequence Uy;4p—1 and outputs a latent rollout: 24414474 =
Fi(zt—r41:t, Pact(Ugtym—1)) . We implement F; as a ViT
[32] predictor with a frame-causal attention mask [31]. We
condition on actions using adaptive layer normalization at each
transformer block, following best practices in [33]. We use
lightweight decoders 1,,, to map latent rollouts to task-relevant
signals. In this work, we decode joint position and binary



contacts for all taxels. These decoders are used for force-based
costs in Sec. IV-D.

3. Training objective. We train our models on offline
datasets. From each trajectory we sample segments con-
taining a context of length L and a prediction hori-
zon H, encode z; = ¢(0§°), and predict Zip144m =
Fi(zi— 1414, Pact(Us.erm—1)). Based on findings shared in
[33], we minimize a teacher-forced latent consistency loss,
augmented with a multistep rollout loss (to reduce drift when
the model must consume its own predictions):

H Kron
. 2 (K 2
L= Mok = selzeslly + 3 el = sele il
k=1 k=2
£teacher Lnlultistep
where iﬁk denotes the k-step autoregressive prediction (up

to K,.;;) obtained by feeding back the model’s own latent
predictions, and sg[-] is stop-gradient on the target latent.

4. Planning with hybrid models. At each MPC step ¢,
we form the contact-centric observation o§° (Sec. IV-A) and
use MPPI with contact-aware action sampling (Sec. IV-B)
to sample N candidate action sequences ugft)Jr o1 J =
1,...,N. For each candidate, we roll out two models in
parallel. The analytical branch propagates joint kinemat-
ics via QEQLHH = Fk(qt,uift)jLHA) and produces kine-
matic rollout §1(ti)1:t g (combining joint states, end-effector
states, contact Jacobians for active contacts). Meanwhile,
we encode a history of observations into a latent context
zi 416 = ¢(0§° 1, 1.,,) and unroll the learned latent dy-
namics igﬂr)l:tJrH =F(zt—141:4 ugft)Jerl) (Sec. IV-C). The
resulting rollouts are scored by J (utft) +i_1)> @ weighted com-
bination of different cost functions (discussed in Sec. IV-D).
MPPI then updates the nominal sequence toward low-cost
rollouts and returns u},, , ;; ; we execute the first m actions
Uy, ,,_1 and replan at ¢ +m with updated observations.

5. Two-fidelity rollouts for real-time control. Evaluating
F,; for all N MPPI particles can dominate compute and slow
down planning significantly. We use a two-fidelity scheme:
a lightweight draft predictor F?raft rolls out all particles to
obtain approximate costs, then only the top-M candidates
(M < N) are re-scored with the full predictor F; before
computing MPPI weights. This reduces large ViT evaluations
while preserving ranking quality on the best candidates and en-
abling real-time control. As a safeguard, we monitor the one-
step prediction error ||Z81af — z; ;|| and fall back to the full
model when the error exceeds a threshold (see Appendix D).

D. Scoring Hybrid Rollouts

We obtain the best action sequence out of the N sampled
sequences by scoring the rollouts generated by our hybrid
dynamics model using our cost function J defined as:

H
J(pprpm_1) = Z (wkin Ckin (8144)
i=1
+ Wsafety Cforce(§t+i7 it+i7 ft)

+ Wgoal Cgoal(zt+ia zg)) s

where cy;, penalizes for standard kinematic constraints (self-
collision, joint-limit, joint or task-space goals), cforce penalizes
unsafe predicted forces relative to Fi,t., combining the learned
contact-onset predictor with an analytical force model, and
cgoa1(2t+i,zg) encourages goal-reaching in latent space. We
provide the exact cost definitions used in our experiments in
Appendix E.

Learned value function for long-horizon tasks To im-
prove latent-space planning on constrained long-horizon tasks,
we learn a goal-conditioned value function in latent space
from offline data using Implicit Q-Learning (IQL) [34]. For
such long-horizon tasks, we assume access to low-dimensional
progress variables & € R% provided by the dataset (e.g., limb
joint angles or body turn angle). At test time, we use a user-
specified sequence of subgoals {fél), cee éG)}, where each
fég ) represents a desired intermediate progress configuration.

We freeze the multimodal encoders (Sec. IV-A) and embed
observations and (sub)goals into latents z; and z,. At test time,
we augment MPPI with a terminal value term evaluated at the
predicted end-of-horizon latent state:

jaug(ut:t+H—1) = j(ut:t+H—1) - v Ve(it-s-H, Zg),

where Z;,y is obtained from F;. Intuitively, Vp estimates
reward-to-go beyond the finite horizon, biasing sampling
toward action sequences that remain on-task over extended
horizons while preserving kinematic feasibility and safety
induced by cyi, and cgopce. Training and implementation details
are provided in Appendix F.

V. SIMULATION EXPERIMENTS

We first evaluate TACTIC in simulation to isolate the
benefits of our contributions by posing the questions below:
Q1: does having contact-centric representations (C1) com-
prising distributed tactile sensing and the proximity mask
improve task success and safety? Q2: does contact-aware
action sampling (C2) improve interaction response, safety,
and smoothness? Q3: does hybrid modeling (C3) by coupling
analytical kinematics with learned latent dynamics improve
success and efficiency versus either alone?

Environments. We evaluate on 4 environments (Fig. 3):

« 3D Maze Goal Reaching (Maze) RCareWorld [35]. A 3D
maze composed of cylinders placed at varying x—y coordi-
nates. Collision-free motion is often infeasible; successful
solutions require deliberate whole-arm contact to slide past
obstacles and reach a target end-effector pose. We define
force thresholds and assess safety via threshold violations.

« Bed Bathing (Wiping) RCareWorld. A wheelchair-mounted
arm performs a sponge-wiping task on a user lying in a
hospital bed. The end-effector trajectory is constrained to



Bed Bathing

3D Maze Environment

Fig. 3: Simulation task suite. We evaluate TACTIC across four simulation environments: the 3D Maze Environment tests whole-arm
navigation through a maze, analogous to navigation in a cluttered environment; Bed Bathing tests task execution of wiping a person in
bed with incidental whole-arm contact; Tabletop Reach tests obstacle-aware reaching across a table; and Granular Manipulation tests
contact-driven rearrangement of small particles. Whole-arm contact is highlighted in yellow.

follow a wiping motion along the user’s arm. Incidental
whole-arm contact occurs as the robot reaches over the bed.

« Tabletop Reach (Reach) Robohive [36]. A Franka arm
reaches across a table to move a cube to a target while
avoiding obstacles. This task is used to evaluate hybrid
modeling with pretrained world models.

o Granular Manipulation (Granular) FleX [37]. An xArm
manipulates particles on a tabletop and must transform an
initial distribution into a target pile configuration. We use
this task to evaluate hybrid modeling with a pretrained
granular world model.

Data and Training Protocol. We collect whole-arm manip-
ulation data for Maze, Bathing, and Reach using (i) RRT-
generated feasible start/goal configurations and (ii) random-
play trajectories obtained by applying noisy joint-velocity
commands from feasible states. For Granular, we use the
dataset released by [31]. All learning-based components
(world models, value functions, and baselines) are trained
offline on these datasets; no method uses online environment
interaction for training.

Ablations (A1-4) and Baselines (B1-4). We perform all
ablations in Maze to minimize confounds such as: Al.
TACTIC-NoTacNoMask (Q1), which removes distributed tac-
tile readings and the proximity mask, using RGB-D and
proprioception only. A2. TACTIC-NoTac (Q1), which removes
tactile readings f; while retaining the vision-based proximity
mask, isolating the effect of the mask when tactile information
is unavailable. A3. TACTIC-NoCaSa (Q2), which replaces
contact-aware sampling with the base STORM sampler [30].
A4. TACTIC-L / TACTIC-K / TACTIC (Q3), which evaluates
learned latent dynamics only, kinematics only, or the full
hybrid rollout model (Sec. IV-C).

Hybridization with pretrained world models. Given the
general applicability of hybrid modeling, we evaluate it on
manipulation tasks that extend beyond whole-arm manipula-
tion. Specifically, we run experiments with pretrained world
models: B1. V-JEPA2 [3] on Reach, and B2. DINO-WM
[31] on Granular. In both cases, we add a kinematics-based
goal cost to the planner to incorporate analytical structure
on top of the learned predictor, while keeping the pretrained

Variant SR 1 TTC | FV |

TACTIC-NoTacNoMask 63.5 203 + 4.7 84.4 + 53.9
TACTIC-NoTac 72.1 238 + 8.5 55.1 + 56.7
TACTIC 87.2 224 + 8.1 39.0 + 55.9

TABLE II: Contact-centric representation boosts task performance.

Method FV | Mean Jerk |
TACTIC-NoCaSa 111.9£71.2 5.87 £2.98
TACTIC 39.0 + 55.9 2.83 + 3.23

TABLE III: Contact-aware sampling improves safety and smoothness.

encoder/predictor intact unless finetuning is explicitly stated.
Model-based baselines. We also compare TACTIC against
two offline model-based RL baselines: B3. DreamerV3 [38] is
a strong world-model RL method that learns a latent dynamics
model together with actor/value functions. This provides a
relevant comparison because it represents an alternative end-
to-end way to act from a learned model—learned rollout and
value-based policy—without explicit contact-aware sampling
or hybrid analytical rollouts. B4. TD-MPC2 [39] is a com-
petitive, decoder-free model-based method that learns latent
dynamics and value estimates and can plan in latent space.
Metrics. We use the following metrics:

o Success rate (SR): % age of trials completing the task
before timeout.

« Time to completion (TTC): time (in s) to success.

« Force violations (FV): count of unsafe-force timesteps

Results. Contact-centric sensing improves safety and
performance. We ablate tactile sensing and proximity mask
in Maze. Removing both degrades performance and increases
unsafe interactions.

Contact-aware sampling reduces unsafe interactions and
improves smoothness. Tab. III compares TACTIC against a
variant that uses the base STORM sampler, keeping the pre-
dictive model and costs fixed. Injecting local contact geometry
into the sampler yields substantially fewer force violations and
smoother motion (lower jerk and action magnitude).

Hybrid rollouts improve success and reduce unsafe
contact. Tab. IV compares latent-only, kinematics-only, and
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Limb Repositioning

Fig. 4: Real-world task suite. We evaluate across three real-world environments. The 3D Maze Environment tests whole-arm navigation
through static and dynamic obstacles, Side Rollover tests contact-rich manipulation to rotate a person while regulating interaction forces,
and Limb Repositioning tests multi-contact support during lifting and repositioning of the legs to a target configuration. Whole-arm contact

is highlighted in yellow.

Variant SR + TTC | FV |
TACTIC-L 64.1 479+ 134 108.3 + 41.4
TACTIC-K 436 71.8+4.3 79.9 4 382
TACTIC 87.2 224 + 8.1 39.0 + 55.9

TABLE IV: TACTIC outperforms latent- and kinematic-only variants.

Method Maze Bed Bathing

SR 1 FV | SR 1 FV |
TD-MPC2 [39] 65.1 93.9 £ 34.0 - -
DreamerV3 [38] 75.9 82.4 £ 28.7 51.6 63.8 £ 17.4
TACTIC (ours) 87.2 39.0 + 55.9 79.5 22.6 + 45.2

TABLE V: TACTIC outperforms alternate model-based methods.

hybrid rollouts. Kinematics-only rollouts provide geometric
grounding but cannot anticipate contact state changes. Latent-
only rollouts capture interaction patterns but can drift without
analytical structure. Hybrid rollouts achieve the best suc-
cess/safety trade-off.

Hybrid modeling benefits pretrained world-model
planning. We study two pretrained predictors: V-JEPA2
on Reach and DINO-WM on Granular. In both cases,
we compare the original planner to a hybrid variant that
adds a kinematics-based goal cost during planning, keeping
the pretrained encoder/predictor frozen unless finetuning is
explicitly stated. Hybridization improves V-JEPA2 finetuning
data efficiency (achieving comparable performance with
~34% less finetuning data) and improves geometric rollout
quality for frozen DINO-WM (reducing Chamfer Distance
by ~26%; see Appendix I).

TACTIC outperforms alternate model-based ap-
proaches. Tab. V shows TACTIC achieves the highest success
and lowest force violations on Maze compared to DreamerV3
and TD-MPC?2, and substantially improves success and safety
on Bed Bathing compared to offline DreamerV3.

VI. REAL WORLD EXPERIMENTS

While simulation validates our design choices in controlled
settings, real-world deployment requires real-time control un-
der sensing noise, actuation delays, and changing contact
conditions. We evaluate TACTIC on a real robot in (i) a

Adafruit
Feather

Intel RealSense MO WiFi
D455

Kinova Gen3
7DoF Arm

Fig. 5: Real-world setup. Kinova Gen3 7-DoF arm with 22 dis-
tributed tactile sensors, RGB-D perception, and exoskeleton-based
teleoperation for data collection.

dynamic cluttered maze that tests contact-rich navigation in-
volving highly constrained multi-contact trajectories, and (ii)
contact-intensive manipulation tasks with a life-size manikin
(~46 1bs, vinyl plastic) of the type used for nurse training on
the tasks studied here, that require multi-contact regulation and
goal-directed motion under safety limits. These experiments
assess whether the contact-aware planning and hybrid mod-
eling principles validated in simulation carry over to realistic
manipulation scenarios.
Environments. We evaluate on 3 environments (Fig. 4):

« 3D maze environment. Real-world instantiation of the maze
task. Four central cylinders translate with amplitude 3 cm
and speed 1 cm/s. The robot must reach a target pose while
safely making contact when necessary.

« Side rollover. The robot rolls a manikin from a back-lying
position onto its side while regulating contact forces to
remain within safe limits.

« Limb repositioning (LimbRepo). The robot lifts and repo-
sitions the manikin’s legs to a target configuration (e.g., tar-
get joint angle or clinician-provided range-of-motion goal),
often requiring multi-contact support across motion phases.

Robot Setup and Data Collection. We use a Kinova Gen3
7-DoF arm (Figure 5) with a novel tactile skin comprising



Task Method SR 1 TTC | Fv |
Expert Teleop 5/5 304 £ 8.7 97.3 £ 50.1
Maze DP [41] 2/5 300 £ 45.2 0.0 = 0.0
TACTIC 3/5 71.4 + 104 70.3 + 294
Expert Teleop 20/20 455 +13.6 141.2 £ 60.0
Side Rollover DP [41] 3/20 275 £+ 43.1 150.5 + 32.0
TACTIC 12/20 81.0 £+ 19.8 104.3 + 46.5
Expert Teleop 20/20 304 £+ 10.5 50.5 + 24.0
LimbRepo DP [41] 5/20 262 £+ 53.0 61.4 + 2238
TACTIC 14/20 744 + 82 38.0 + 16.5

TABLE VI: TACTIC outperforms DP on the Rollover and LimbRepo
tasks. TACTIC also shows fewer force violations compared to the
expert reference, i.e., the data it was trained on.

22 Tekscan FlexiForce sensors [40] mounted along the links.
Sensor readings are transmitted through four Adafruit Feather
MO WiFi boards at ~800 Hz per board. RGB-D is captured
by an overhead Intel RealSense D455. We collect (i) expert
demonstrations via our custom exoskeleton-based teleopera-
tion interface and (ii) random-play trajectories for coverage.
We open-source the exoskeleton and WiFi-based distributed
piezoresistive tactile sensing suite (see website for details).
TACTIC is deployed as one layer of a multi-tier control stack.
At the planning layer, an MPPI loop runs at ~12 Hz. Below
the planner, a joint-space compliant controller running at 1
kHz tracks uj. Force thresholds, controller gains, the full set
of safety-relevant constants are reported in Appendix C, and
runtime statistics in Appendix A.

Baselines The model-based RL baselines (DreamerV3, TD-
MPC?2) underperformed TACTIC in our simulation bench-
marks, and their real-world performance would be difficult
to interpret. We compare against an offline imitation baseline
and report expert teleoperation as a safety reference:

e Diffusion Policy (DP) [41]. A widely used imitation
learning baseline for real-world robot manipulation. It is
appropriate in our setting because it can be trained directly
from a limited number of expert demonstrations.

e Human expert teleoperation reference. We pair each
autonomous trial with a teleop episode collected under
the same environment configuration (start/goal parameters)
and ask whether TACTIC can achieve comparable task
performance while outperforming the reference in terms
of force violations.

Results. Tab. VI shows TACTIC achieves higher success
than Diffusion Policy on two out of three tasks while being
comparable on Maze. DP shows no violation for maze since
it usually enters from the top of the maze and fits into the
final configuration without going “through” the maze. TACTIC
produces fewer force-threshold violations than matched expert
teleoperation episodes, indicating that contact-aware planning
can regulate forces beyond demonstration distribution and do
better than the human reference.

VII. DISCUSSION

We presented TACTIC, a receding-horizon controller frame-
work for whole-arm manipulation that embraces whole-arm
contact through contact-centric representation, contact-aware
sampling, and hybrid modeling. Our results confirm that

jointly reasoning over analytical kinematics and learned latent
dynamics outperforms pure learning approaches (DreamerV3,
Diffusion Policy) in task performance and safety adherence.
By shaping exploration via the contact Jacobian, TACTIC
efficiently discovers valid sliding and pivoting motions. TAC-
TIC does not provide formal safety guarantees. The low-
level compliant controller makes the interactions comfortable
under arbitrary planner output, while TACTIC reduces unsafe
contact forces at the planning stage. Both complement safer
hardware, watchdogs, fallbacks, and emergency stops in a
broader deployment-ready stack. Future work can look into
tighter integration with low-level control, where TACTIC
also modulates stiffness and damping (variable impedance).
Extending evaluation from manikins to human subjects is
essential for validating both task performance and user com-
fort in caregiving settings. One scalability limitation of our
framework is our reliance on a custom exoskeleton for high-
fidelity data; we aim to reduce data dependence through cross-
embodiment learning and investigate active tactile exploration
to reduce state uncertainty.
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