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Abstract— Most robot manipulation focuses on changing the
kinematic state of objects: picking, placing, opening, or rotating
them. However, a wide range of real-world manipulation tasks
involve a different class of object state change—such as mashing,
spreading, or slicing—where the object’s physical and visual
state evolve progressively without necessarily changing its
position. We present SPARTA, the first unified framework for
the family of object state change manipulation tasks. Our key
insight is that these tasks share a common structural pattern:
they involve spatially-progressing, object-centric changes that
can be represented as regions transitioning from an actionable
to a transformed state. Building on this insight, SPARTA
integrates spatially progressing object change segmentation maps,
a visual skill to perceive actionable vs. transformed regions for
specific object state change tasks, to generate a) structured
policy observations that strip away appearance variability,
and b) dense rewards that capture incremental progress over
time. These are leveraged in two SPARTA policy variants:
reinforcement learning for fine-grained control without demon-
strations or simulation; and greedy control for fast, lightweight
deployment. We validate SPARTA on a real robot for three
challenging tasks across 10 diverse real-world objects, achieving
significant improvements in training time and accuracy over
sparse rewards and visual goal-conditioned baselines. Our
results highlight progress-aware visual representations as a
versatile foundation for the broader family of object state
manipulation tasks. More information at https://vision.
cs.utexas.edu/projects/sparta-robot

I. INTRODUCTION

The dominant paradigm in robotic manipulation centers
on tasks involving rigid body motion—such as picking-
and-placing [/1], opening and closing [2| (3], pushing [4],
or rotating [S]] objects. While these tasks are foundational,
they largely entail changing the kinematic state of objects
where progress on the task is readily visible and easily
monitored via changes in object pose. However, many real-
world scenarios involve a fundamentally different class
of manipulations: object state changes (OSC) [1_-] [6, |7,
10]—where an object’s physical state and visual appearance
is progressively transformed, without necessarily altering its
pose (see Fig. [I] top). Everyday examples abound: mashing
a banana into purée, spreading jam on bread, or slicing a
cucumber. These tasks demand continuous interaction that al-
ters the object’s shape, texture, and color, making them both
mechanically challenging and visually complex. Such state
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"Here we adopt the term “object state change” (OSC) from the vision
literature [6H8]: an OSC is a transformation of an object that entails a
visually distinct post-condition (e.g., chopped apple) following an action
imposed on it (e.g., chopping), often with irreversible changes to the object’s
morphology, texture, and appearance. Not to be confused with Operational
Space Control [9].
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Fig. 1: Top: While most robotic manipulation focuses on
rigid-body motion, many real-world tasks involve object state
changes such as mashing, spreading, or slicing, where objects are
progressively transformed. Bottom: SPARTA leverages spatially-
progressing affordance maps of actionable vs. transformed regions,
successfully demonstrating how to guide real robot manipulation for
this family of tasks.

changes are ubiquitous in everyday activities—f{rom cooking
(e.g., grating, peeling, shredding) to household chores (e.g.,
painting, wiping, ironing)—yet remain largely underexplored
in robotics.

What makes OSC manipulation challenging for robotics?
Unlike motion-centric tasks, OSC requires continuous rea-
soning about where transformations have already occurred
within a possibly non-rigid object, where they are still
needed, and how to act accordingly. Two key obstacles arise.
First, at the representation level, raw RGB observations en-
tangle appearance with object state, obscuring the signals of
progress and hindering generalization across objects. Second,
at the learning level, obtaining a good reward function is
challenging: sparse success rewards provide little guidance
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for exploration [11]], while goal-conditioned reward functions
(e.g. LIV [[12]]) often rely on global scene-level embeddings
that miss the fine-grained, incremental progress essential for
OSC. Together, these limitations make current approaches
sample-inefficient and ill-suited to tasks where state changes
unfold dynamically within the object.

To tackle these challenges, we propose SPARTA (Spatial
Progress-Aware Robotic object TransformAtion)—a robotic
system that introduces structured, progress-aware visual
affordances tailored to OSC manipulation (see Fig. [I]
bottom). SPARTA builds on recent computer vision ad-
vances in detecting spatially-progressing object state changes
(SPOC [8]), integrating them into a fully autonomous
robotic system. SPOC segments a transforming object into
two regions: actionable and transformed. For instance, in
mashing a potato, unmashed chunks are actionable, while
mashed portions are transformed. SPARTA leverages SPOC
affordanceE] maps in two crucial ways: (1) as structured visual
observations that strip away appearance detail while preserv-
ing progress cues, enabling generalization across objects; and
(2) as dense, spatially grounded reward signals that quantify
incremental progress at each step. By explicitly representing
“what has changed” and “what remains,” SPARTA equips
robots to reason about state progression rather than mere
object kinematics.

Our formulation enables two policy variants within the
same framework. In SPARTA-L, we use SPOC-derived
rewards to train real-world RL agents from scratch—without
demonstrations or simulation—achieving highly sample-
efficient learning. In parallel, SPARTA-G offers a non-
parametric alternative, greedily steering toward nearby ac-
tionable regions in the SPOC map. Hence, this unified frame-
work supports both (1) reinforcement learning, for robust,
fine-grained control in settings where noise and uncertainty
demand adaptive strategies; and (2) greedy control, for fast,
lightweight deployment in simpler settings without training.
Together, SPARTA’s two policy variants demonstrate the
versatility of its progress-aware affordances: a single rep-
resentation can power both quick heuristic controllers and
data-driven RL agents, depending on task complexity.

In our experiments, we show that with just 1.5-3 hours of
online RL training directly in the real world and no human
demonstrations, SPARTA learns policies that reliably induce
object state change. We evaluate across three representative
OSC tasks—spreading, mashing, and slicing—on 10 diverse
real-world objects, demonstrating both robustness and gener-
ality. By contrast, baseline methods fail to learn meaningful
behavior, highlighting that dense, interpretable affordances
for object state change are key to enabling sample-efficient,
generalizable real-world robot learning—charting a path be-
yond rigid-body manipulation.

II. RELATED WORK

Non-rigid object manipulation. Recent advances tackle
individual tasks requiring more complex manipulation than

2Here “affordance” means regions requiring robot interaction, distinct
from conventional grasp points.

traditional pick-and-place-style tasks, such as cutting [13-
16], peeling [[17519], and stir-frying [20]. However, these
efforts tackle each task in isolation, often focus on the task’s
mechanical aspects, lack general-purpose vision feedback,
or rely heavily on simulation. In contrast, our work targets
a broad class of spatially transformative tasks that require
reasoning over visual state changes rather than contact dy-
namics alone, exploiting a unified visual representation that
is shared across objects and state-change tasks.

Visual representations for robot learning. To accelerate
downstream policy learning, recent works pretrain visual rep-
resentations on large-scale data [12, [21-23]]. More relevant
to our novel visual rewards, VIP [23] learns an implicit
value function over egocentric videos, while its extension
LIV [12] further incorporates language-goal embeddings.
There is also growing interest in LLMs [24]] & VLMs [25] for
robotic reasoning, typically using frame-level goal matching
or symbolic planning. In contrast, SPARTA leverages a
VLM for spatial reasoning over localized object regions, en-
abling dense reward generation and supporting both efficient
planning and online RL for visually complex manipulation.

Affordances in robotics. Understanding how and where
to interact with objects has driven a surge of interest in
affordance-based functional grasping [26-31]. Parallel ef-
forts in computer vision predict hand-object interactions
[32H34]], but they emphasize pick-and-place or grasping
tasks. In contrast, we tackle a fundamentally different class
of affordance—spatially evolving, visual object state trans-
formations that generalize across tasks and robot embodi-
ments. To our knowledge, this represents the first affordance
reasoning approach for such manipulations achieving non-
rigid object interactions on a real robot.

Object state change understanding. OSC is explored in
computer vision for video-level classification [6 7], segmen-
tation [8} 35} 36], and generation [37]. Our work is inspired
in part by the spatially progressing object state change
(SPOC) task [8]], which segments state-changing objects into
actionable and transformed regions. Trained on large-scale
instructional “how-to” videos [38|], SPOC exhibits robust
spatial reasoning across diverse objects and transformations.
However, these models are vision-only: they passively an-
alyze state changes but do not inform robot control. Our
work bridges that gap. By integrating vision-based OSC
understanding into robot manipulation, we show how robots
can learn to act using SPOC-style affordances capturing
gradual visual progress—difficult to address with tactile
sensing [19]], force models, or binary state classifiers [2} [39].

Real-world Reinforcement Learning Real-world RL en-
ables autonomous policy learning directly from real-world
interactions, avoiding the need for explicit world models or
high-fidelity simulators. This makes it particularly promising
for contact-rich manipulations, where accurate modeling is
notoriously difficult [40, 41]. However, when tasks require
progressive object state changes, existing methods struggle
on two fronts: first, learning visual representations that
capture subtle intra-object changes; and second, defining



o is the distribution over initial states, and is the
discount factor. The goal is to learn a policy(a; j
I {) that maximizes expected discounted retudry: ) =
E Pthol tr(st;a) .

Here, partial observability arises because the underlying
object state (e.g., which region of a banana is mashed) is
not directly available—only visual observations and propri-
oception are accessible. Unlike motion-centric tasks where
object poses provide a suf cient state proxy, in OSC we need
observation spaces that faithfully approximate these hidden,
spatially evolving states.

Observation Space. The robot operates in a tabletop
workspace with a single object presented at random orienta-
tions. Each observatioh; 2 is represented by visual and
proprioceptive componentss O P. Attimet, the robot
receives an RGB observatian 2 O from a xed camera
and proprioceptive inpup; 2 P encoding end-effector
position. The key challenge is that raw RGB frames, while
visually rich, entangle object-speci ¢ appearance with the
underlying dynamics of state change. For robots, this makes
it dif cult to learn sample-ef cient, generalizable policies
Fig. 2: Overview of SPARTA. At each episode step, our policy from limited real-world data. What is needed instead are
takes the current and past SPOC [8] visual-affordance (segmesiructured visual abstractions that strip away appearance-
tation) maps as inputs (Sec. IV-A), along with the robot arm'sspeci ¢ detail while preserving cues that re ect how the
proprioception data and predicts a displacement action for tr@oject is evolving over time, bringing the observation space

arm's end-effector. SPARTA supports two robot policy variants; . .
(2) SPARTA-L (Learning): a reinforcement learning agent trainedcl0Ser to the task-relevant state representation. We introduce

using a dense reward that measures the progressive change of obfst¢h @ representation in Sec. IV-A.

regions fromactionable(red) to transformed(green) (Sec. IV-B); Action Space. While classical manipulation often requires
(b) SPARTA-G (Greedy): selects among 8 discrete directions baseglanning global object motions, OSC tasks demand acting
Bglit:yeg;l?i%ﬂ ddE;S\I/ti)s/u(gl ?)‘;gg?;stge(ggf'ls\'/fg)oduc'”g a fast, greedy; speci ¢ intra-object locationgo drive localized transfor-

' ' mations (e.g., pressing unmashed potato chunks or brushing
reward functions that provide dense, informative feedbadkncoated regions of bread). To re ect this, we constrain the
[11, 42]. These challenges lead to poor sample ef ciency an@ction space to a 2D manifold aligned with the object surface,
hinder real-world applicability. Our work tackles both issuegnabling policies to directly reason abautereto apply tool
by leveraging spatially progressing OSC segmentation magitions. Concretely, the policy outputs continuous; y
leading to successful policy learning on challenging tasks. displacements, sampled from a Gaussian centered at the
mean predicted by. At the resulting(x;y) location, a task-
speci ¢ primitive is executed: sweeping motions for spread-

Our goal is to enable robots to perfowhject state change ing, downward pressing for mashing, or slicing strokes. This
(OSC) tasks, where the object's morphology, texture, astructured action space both mirrors the spatially progressive
appearance evolve progressively over time. Unlike traditionalature of OSC tasks and reduces complexity, making it
robotic manipulation, which focuses on moving rigid objectpossible to learn sample-ef cient policies that generalize
in space (e.g., pick-and-place or pushing), OSC tasks demaactoss objects.
reasoning about transformationgthin the object itself. The Next we provide a detailed framework for SPARTA,

challenge is not simply to change an object's kinematiteveraging visual spatial progress to solve robotic OSC tasks.
state, but to decide where and how to act on deformable

regions so as to drive continuous, irreversible changes in IV. SPARTA: RoBOT PoLICIES FOROSCs

the object's physical state. This fundamentally alters the VIA VISUAL SPATIAL PROGRESS

problem: the robot must perceive gradual transformations, ) .

localize actionable regions, and sequence ne-grained actioﬁs Integrating SPOC Visual Affordances for Robotics

that accumulate toward a globally transformed outcome.  To instantiate structured visual abstractions for object state
Problem Formulation. We formulate OSC task as a change manipulation, we build on ti8patially Progressing
Partially Observable Markov Decision Process (POMDPQbject State ChangéSPOC) task [8] from computer vision.
(S;A;T; ;r, o; ), where S are the true environment SPOC segments objects undergoing transformation into two
states A are robot actions, are the observationg,(si+; j regions: those that remaattionableand those alreadyans-

IIl. RoBoTIC OBJECTSTATE CHANGE
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