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Abstract: Agentic manipulation requires reasoning over semantic task structure
and continuous robot motion. Existing robot interfaces determine which deci-
sions an agent can express and which it must resolve explicitly. High-level skill
interfaces restrict task coverage, while detailed low-level motion generation im-
poses substantial inference cost and is more prone to geometric errors. We in-
troduce generalized planning interfaces (GPIs), which let agents specify what a
robot should achieve and how it should act, at any level of abstraction. Agents
flexibly combine declarative goals and motion constraints with imperative skill
sequences and fully specified trajectories. We instantiate a GPI with SPROUT
(Sampling and Pooled Refinements of Underspecified Trajectories). SPROUT in-
terleaves spatiotemporal constraint-graph synthesis with sampling and optimiza-
tion, preserving agent-defined goals and constraints, while supplying the physical
variables and constraints needed for execution. Compatible numerical queries are
pooled across heterogeneous graphs for GPU execution. Across eight simulated
tasks with three scenes each, SPROUT achieves a 29 percentage point increase
in success, compared with less flexible agent-robot interfaces. SPROUT enables
agents to solve complex multi-step manipulation tasks, reasoning at the level of
abstraction required for the task. Additional information and videos are shown on
our website: https://sprout-project-d81650.pages.dev/
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1 Introduction

General-purpose robots have to translate semantic task requirements into physical actions across a
wide range of manipulation problems. Language and Vision-Language Agents can reason about
these requirements, but solving a task also depends on how they communicate their decisions to the
robot. For this, a robot interface or API is required. The interfaces between the agent and these
robot systems determines which control decisions the agent can express and, consequently, which
tasks it can solve. For example approaches like TiPToP [1] translate instructions into symbolic goals
for a downstream task-and-motion-planning (TAMP) solver, producing a robot trajectory. Code as
Policies (CaP) [2] and CaP-X [3] expose primitives via a python API that agents compose through
code. Such interfaces support reasoning within predefined abstractions, but restrict the class of tasks
agents can address.

For different tasks, different agent-robot interfaces are better. For example, placing an apple on
a plate can be easily specified by a declarative relational goal. TAMP-style approaches are effi-
cient for such tasks, delegating geometric reasoning to a dedicated model-based planning system.
However, carrying a full mug requires additional geometric constraints on its grasp and orientation
during transport that may be outside the planning domain. As such, at the cost of additional agent
reasoning, a CaP-style agent could synthesize a solution. If the agent is instead asked to draw a
particular picture, this requires the agent to directly produce end-effector/tool trajectories, imposing
a substantial reasoning cost and latency, and this often introduces geometric errors.

Often, for complex and realistic tasks e.g. Draw a big smiley face on the whiteboard (see Fig. 4.7),
a mixed level of abstraction is best. Efficient agentic robotics therefore requires choosing an inter-
face at the right level of abstraction for the particular task, and being able to flexibly combine and
move between them. We introduce Generalized Planning Interfaces (GPIs), a class of agent-robot
interfaces for flexibly specifying behavior at arbitrary levels of abstraction. Building on hybrid
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imperative-declarative planning [4], these interfaces accept objectives, constraints and prescribed
actions within the same agent request. At the symbolic/task level, an agent can specify a seman-
tic relational goal to achieve e.g. clear(whiteboard), as well as order subtasks. At the geomet-
ric/motion level, it can impose an orientation constraint, or supply waypoints, joint configurations,
or even a complete pen trajectory to draw the smiley face. Abstraction level and commands along
the declarative-imperative spectrum can therefore vary independently and be flexibly combined, al-
lowing the agent to quickly define behaviors for solving such tasks.

We instantiate a GPI with SPROUT (Sampling and Pooled Refinements of Underspecified
Trajectories). SPROUT represents each request as a partial spatio-temporal constraint graph. The
graph relates semantic and geometric variables across abstraction levels to constrain the robot tra-
jectory and define behavior. SPROUT graph growth involves synthesizing completed candidate con-
straint graphs from partial ones, supplying the remaining unresolved structure. Then, the SPROUT
solver determines the remaining variable values to produce a trajectory satisfying the agent’s speci-
fications and the robot’s physical constraints.

The amount the Agent specifies the motion determines how much search remains for the compiler
and solver. Additional agent decisions about skills, placements or waypoints constrain graph syn-
thesis, reducing the number of candidate graphs. Whereas, a weak declarative objective leaves more
alternatives to explore. GPI’s therefore expose a trade-off between computation spent on agentic
reasoning and computation spent on graph synthesis and solving. The computationally rational al-
location varies across tasks and subtasks: some benefit from precise agent guidance, while others
are solved more efficiently by delegating choices to the model-based solver. SPROUT employs
GPU-accelerated constraint-graph solving to efficiently resolve the choices left unspecified by the
agent.

We evaluate agents using SPROUT on 8§ tasks requiring agentic and physical reasoning at multiple
abstraction levels, including constrained manipulation, tool use, and tasks beyond pick-and-place
with agent-specified motions. The system achieves 67% overall success, compared with 17% for
end-effector control and 38% for both skill-plus-end-effector API and task-and-motion-planning
(TAMP) interfaces. It completes six of the nine challenging instances involving toast prepara-
tion, drawing, and tool-mediated retrieval. Graph completion coordinates dependent manipulation
choices, and agents using SPROUT demonstrate faster execution and improved recovery behavior.

2 Related Work

Interfaces for agentic manipulation. Language-conditioned manipulation has been formulated
as symbolic goal inference [5, 1], executable policy synthesis [6, 2, 3], and trajectory optimiza-
tion under generated objectives or constraints [7, 8, 9]. Motion specifications include point-based
affordances [10] and end-effector trajectories [11]. Recent harnesses expose semantic skills and nu-
merical motion commands [3, 12], with geometric computation delegated through agent-composed
calls. GPIs also permit the composition to remain underspecified: goals, skill selections, and mo-
tion constraints define a problem whose remaining discrete structure and continuous parameters are
resolved by the compiler and solver.

Hybrid task and motion specification. Program sketching [13] and plan-outline synthesis [14]
complete partial specifications through constraint solving. CDL/Crow [4] combines declarative
goals with commitments to behavior selection, ordering, and variable bindings. Agentic approaches
also integrate generated specifications with geometric feasibility [15]. PRoC3S [16] searches con-
tinuous parameters of generated programs, while OWL-TAMP [17] accepts partial action sequences
and generated continuous constraints. Our formulation extends across task requirements and pre-
scribed motion, including complete trajectories. Following CROW’s distinction between external
commitments and unresolved decisions, SPROUT preserves agent-supplied requirements while syn-
thesizing the additional graph structure from variables and physical constraints needed for execution.
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Figure 1: Agent control through a GPI instantiated with SPROUT. The agent combines declarative
requirements and prescribed actions across task and motion levels. SPROUT synthesizes and solves
constraint graphs to produce trajectories or diagnostic feedback. Execution observations inform
subsequent requests.

GPU-accelerated task and motion planning. SPaSM [18] optimizes placements and trajecto-
ries for a prescribed action sequence, while STAMP [19] searches action sequences and motion
parameters through continuous relaxation. GPU parallelism accelerates inverse kinematics and tra-
jectory optimization in cuRobo [20], and continuous refinement in cuTAMP [21]. Whereas cutTAMP
batches assignments for a selected plan skeleton, SPROUT pools numerical queries across candidate
graphs with heterogeneous constraint structures. Alternative action decompositions can therefore
share GPU computation, accelerating the solver.

3 Generalized Planning Interfaces

We consider an agent controlling a robot to complete a natural-language manipulation instruction /.
The system has access to a robot model M, a controller, model-based perception, and available skills
and generative models. At interaction round k, perception provides a scene estimate Sy containing
the robot configuration and observed objects’ semantic attributes, geometry, and spatial relations.
Additional objects may be discovered during execution.

Conditioned on ¢, observations, and previous feedback, the agent issues a request 7 through a
generalized planning interface (GPI). A GPI supports declarative requirements and imperative spec-
ifications at task, skill, and motion levels. Declarative requirements constrain outcomes and inter-
mediate states whilst imperative specifications prescribe actions, their order, or motion segments.
Both forms may occur within the same request scoped to a task, action, or motion interval. This
allows the agent to construct requests which prescribe a particular skill sequence, while leaving its
geometric parameters free, or constrain motion while leaving the overall sequence unresolved.

The interface receives (S, ) and must resolve unspecified discrete and continuous decisions to
produce an executable trajectory 75 of robot and object states with associated robot controls. A
valid completion satisfies

T € F(M, 8;) NC(r1), (1)

where F (M, §;,) contains trajectories feasible under the robot model and scene estimate, and C(ry,)
contains trajectories satisfying the request’s hard requirements. Requested costs are used to rank
and/or optimize admissible trajectories. If no valid completion is found within the available compu-
tation budget, the interface returns diagnostic feedback. Execution supplies observations for subse-
quent requests.

In Sec. 5 we measure task success against £ and latency, reporting time spent on agent inference and
request completion separately. Experiments test how varying abstraction and degree of specification
affects task coverage and the allocation of computation between agent and solver.
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Figure 3: An agent-SPROUT example for the particular task: Draw a big smiley-face on the white-
board :). The agent reasons, identifying the pen object, and defining a trajectory for that pen to
move through in order to the draw the smiley face. This request, along with variables defined by the
initial world state s are used to seed SPROUT graph growth. Then, once the graph is complete, the
parallelized solvers produce valid, executable trajectories that are run on the robot to complete the
agents request.

4 SPROUT: Completing GPI Requests by Growing Constraint Graphs

SPROUT completes GPI requests through interleaved graph synthesis and parameter search. Given
an agent request r, a perceived scene S, and a robot model M, it constructs a partial constraint
graph. Its compiler expands unresolved requirements into actions and physical constraints, while
sampling and optimization assign values to the remaining variables. Appendix A provides additional
algorithmic details.

4.1 Representing agent requests

Our Pythonic API provides operations for declaring

goals, prescribing skills, and expressing geometric con- £ Lt = oot (stepnt
straints or motion commands. A snippet of this is shown i py Creertopectmiteboardt,

in Fig. 2. Concrete agent-supplied values become implicit | ‘@ A “oilzlﬁi{:?tmi“’k‘wt y
equality constraints. Unspecified quantities remain free \ wwpotnta = |0

variables that the SPROUT solver must find. This API )
also includes action nesting and ordering and the state
or interval over which each constraint applies. For ex-
ample, placing a mug upright constrains its final orienta-
tion, whereas carrying it upright constrains its orientation
throughout transport. A handle-grasp requirement, pre-
scribed action sequence, or waypoint added to the GPI re-
quest further constrains the solution trajectory. In the fol-
lowing sections, we refer to Agent-supplied variables and

& o £ PP ,quests that agents produce for the task:
constraints as extrinsic. Those introduced by SPROUT’s . . .
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compiler and solver are referred to as intrinsic. board.

Figure 2: An example of the GPI re-

4.2 Synthesizing constraint graphs

In SPROUT, a GPI request is represented as a partially complete constraint graph, as shown in
Fig. 3. Edges identify the variables used by each constraint. Typed variables include things like
object identities, poses, and joint configurations, with coordinate frames and temporal references
attached where applicable. References to the same quantity can therefore share a variable in the
graph. However, quantities over different temporal states, such as a the robot’s initial and final
configurations (g), use distinct variables.

A registry R defines variable types, skill subgraphs, as well semantic and geometric relations, and
sampling procedures (including generative models). For example, SPROUT has access to a grasp



sampling networks like GraspGen [22], and motion planning and optimization through cuRobo [20].
Entries in R specify how constraints and variables are expanded or evaluated, defining the base graph
growth procedure. Expanding a placement goal can introduce grasping, transport, and release. A
handle-grasp constraint is expanded into geometric relations between the gripper and handle. Graph
expansion adds intermediate structure, bridging from the initial state of the world s while preserving
agent-supplied constraints, fixed values, and costs, to valid robot trajectories. Completing a graph
involves reaching a set of robot trajectory nodes that define a valid executable motion. Model-based
synthesis and search is essential here, allowing us to validate the graphs with the internal robot
and scene models, ensuring continuous and physically realizable world-state transitions. This also
allows us to guide the graph expansion towards minimal completions, efficiently producing sets of
valid complete graphs for a given GPI request.

Importantly, both graph synthesis and solving is non-unique. That is, each GPI request admits many
candidate graph completions. Then, within a single graph, alternative values for a graph’s variables
(grasps, placements, etc) produce candidate assignments within that graph.

4.3 Sampling and numerical refinement

A graph is solved when its constraints have all been satisfied by the variable choices. Numerical
search can begin earlier, even before graph completion, allowing tentative variable values to guide
expansion. For example, even a prescribed object trajectory leaves choices of grasp and robot motion
unresolved. A fully specified executable trajectory requires validation and conversion to controller
commands.

For a completed graph G, let Vz contain its variables and C¢ its hard constraints. An assignment z
gives each variable v a value in its domain D,. Over graph alternatives &(r, §) synthesized under
M and R, SPROUT searches for

min Ja(z
GGQS(T,é)yzGHUEvG D, ( ) 2
subjectto  ¢(zn(e)) = 1, ce Cg,

where N (c) identifies a constraint’s variables and J evaluates trajectory cost, including requested
preferences (for example, the agent may define certain optimization objectives explicitly). The
trajectory 7 = d(z) is assembled from the assigned motion segments and controls.

The solver maintains multiple variable assignments per graph, similar to the particle-style solve used
by cuTAMP [21]. Registered generators in R propose unknown values conditioned on known/solved
ones, such as robot configuration waypoints conditioning a motion planner (as shown in Fig. 3). In-
terleaved optimization adjusts supported variable groups (within differentiable sub-graphs) to satisfy
coupled constraints and reduce cost, as well as to improve the performance relative to any extrinsic
costs or preferences. Each completed trajectory is checked against all hard requirements before ac-
ceptance, and unsuccessful assignments lead to further numerical search or exploration of another
graph.

4.4 Pooling computation across graphs

Different graphs often require the same variable samplers. For example, motion planning or in-
verse/forward kinematics are common operations across all graphs. SPROUT pools these queries
across graphs and assignments for batched GPU execution. Each query records its operation, in-
puts, and destination graph and assignment. For ready queries Q with GPU implementations,
B, = {¢ € Q : type(q) = o}, where o identifies an operation and compatible input dimen-
sions. Inputs are gathered from GPU-resident environment representations (spheres, prims and
SDF), evaluated together, and returned to their originating assignments. Batching therefore does
not require identical graph structure, accelerating search through parallelization. Both graph struc-
ture and variable-constraint dependencies determine the order and parallel throughput capacity of
each graph. As a result, certain GPI requests admit stronger parallelization than others. This pooled
query-based approach is an approach to handle this heterogeneous structure.
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Figure 4: The eight simulation tasks, shown with representative scenes and instructions. Three
scenes per task vary object arrangements, geometry, and clutter. Tasks combine relational objectives,
orientation requirements, and interactions beyond pick-and-place.

Graph expansion and numerical refinement continue until the computation budget expires or the
active search is exhausted. SPROUT returns the lowest-cost validated trajectory found. If no solution
is found, solver diagnostics are fed back to the agent, guiding it in-context to produce different GPI
requests in the next interaction round k + 1.

S Experiments

5.1 Experimental setup

We evaluate eight tabletop manipulation tasks in Isaac Sim using a FR3+Robotiq 2F-85 gripper.
Each task has 3 scenes that vary in layout, geometry, and clutter. Fig. 4 shows representative lay-
outs. The suite includes ordered stacking, utensil placement, bottle disposal, tool alignment, mug
reorientation, toast preparation, whiteboard drawing, and tool-mediated retrieval. The final three
require interaction beyond pick-and-place, forcing the agent to use its full interface capabilities. All
layouts are shown in Appendix B.

Compared systems. We compare against Agentic end-effector control (EE), as well as more stan-
dard mixed skill api’s (Skill+EE), such as the Guava [12] or CaP [2, 3] formulations. We also
compare against Agent-TAMP calling formulations. TAMP requires each request to be expressed as a
symbolic goal in its fixed planning domain, motivated by goal-directed systems such as TiPToP [1].
SPROUT accepts mixed GPI requests and completes unspecified actions and motion. All systems
use claude-sonnet 5 as the agent, and are restricted to 5, 10 and 15 minute timeouts for problem
solving. This represents a 10-15 X increase in solution time compared to human teleoperation speed
for these tasks. This timeout is the reason why we use sonnet, rather than more capable agents like
Opus 5.5 or Astra, which exceed these time limits due to extensive reasoning. We provide the same
scene-state and perception information to all systems under a unifed get-scene () operation.

Measurements. We report successful instances out of three for each task, aggregate success over
24 instances, and mean wall time per task. TAMP fails to specify a command on the final three
tasks and returns N/A. These outcomes count as failures in the 24-instance denominator and have no
numerical runtime entry. The aggregate runtime comparison uses the first five tasks, for which all
conditions have reported timings. Runtime is interpreted jointly with success because unsuccessful
episodes can terminate without completing the required behavior.

5.2 Task success and runtime

SPROUT completes 16/24 instances (66.7%), compared with 9/24 (37.5%) for both Skill+EE and
TAMP, and 4/24 (16.7%) for EE (Fig. 5). This is an improvement of 29.2 percentage points over
either of the two stronger comparison approaches. SPROUT obtains at least one success on every
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Figure 5: Comparison of four control interfaces. (a) Overall success on 24 task—scene instances. (b)
Success and mean wall time on the first five tasks, where every condition has numerical timings. (c)
Successful instances out of three per task. (d) Mean wall time in seconds. N/A denotes TAMP’s
failure to specify a command, which returns NaN and counts as a task failure. Runtime coordinates
in (b) are calculated from the rounded task means in (d).

task. Its largest gains occur on toast preparation, whiteboard drawing, and tube-tool retrieval. The
other conditions record no successes on these tasks.

Performance varies with tasks, indicating the differences in solve difficulty. All the interfaces com-
plete the block stacking task, with the interfaces able to specify skills or declarative objectives
(SPROUT, TAMP, Skill+EE)completing much faster than specifying end-effector controls (E).

Abstraction improves both success and speed relative to

K A Method Time breakdown Planning Exec. + other
direct agentic end-effector control. Across the first five

k 1l time i imately 558 s for EE, 3145 DRI, oo <o
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15% higher than TAMP’s, reflecting the added complex- Figure 6: Timing breakdown of each
ity of reasoning about more flexible GPI specifications.  3pproach, with TAMP and SPROUT able
to more rationally allocate computation

than SKil1+EE and EE agent-robot in-
terfaces.

SPROUT also benefits from fast declarative completion
when detailed agent control is unnecessary. It has the
lowest reported mean for stacking (67 s) and mug reori-
entation (249 s), while TAMP is faster on bottle disposal (163 s versus 175 s). Across all eight tasks
with recorded numerical times, EE has a mean of approximately 645s, compared with 471 s for
Skill+EE and 501 s for SPROUT. Thus, the agent-heavy EE condition has both the lowest success
and the highest mean runtime. SPROUT uses additional computation relative to the more restricted
interfaces to complete tool and contact tasks that those conditions fail to solve.

5.3 Computationally Rational Reasoning Allocation

From the results, we see that GPI interfaces such as SPROUT allow agents to flexibly define task
goals and constraints, at any level of abstraction. Through this ability, the SPROUT robot-agent
interface results in an improved balance between agent reasoning, planning/solving and execution,
as shown in Fig. 6. At the same time, this flexibility allows the agent equipped with SPROUT to
outperform the other interfaces with equivalent perception and reasoning capacity. An example of
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Figure 7: Two-round execution of the tube-tool task. In the first round, the agent specifies a stick-tip
push trajectory. SPROUT completes the grasp and approach before executing the tool motion. After
observing the extracted block, the agent supplies the relational goal On(block, plate), and SPROUT
completes tool placement followed by block transfer. The requests differ in abstraction and degree
of specification within the same episode.

this is shown in Fig. 7, where we see that for the first call, the agent spends a long time reasoning
about the tool trajectory to push the block out of the red tube. Then, it’s able to provide a high-level
semantic relational GPI request with little additional reasoning. In these cases, SPROUT succeeds
where the other interfaces fail because of the solver flexibility and SPROUTs model-based reasoning
capacity. For example, being able to produce valid grasps on tools so that they can reach the block
in the tube, and delegating this to the SPROUT solver saves on reasoning time.

6 Conclusion

Generalized planning interfaces let agents combine task objectives with prescribed actions and mo-
tion within a single request. SPROUT completes these requests through constraint-graph synthesis
and pooled GPU-accelerated search. It combines the computational benefits of flexible requests,
with improved generality from agent reasoning, balancing the two to achieve stronger performance
and faster solutions.

Concurrent work is improving execution reliability and the allocation of computation between
agent specification and solver search, as well as deploying the algorithm for tasks in the real-world.
Future work involves fine-tuning fast, local agents in simulation to solve these embodied reasoning
tasks, taking in perceptual input and generating and monitoring GPI requests.
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A Additional method details

A.1 Temporal constraints and shared variables

A request associates each constraint with a state or motion interval. For robot and object state x(t)
and a condition c returning one when satisfied, terminal and interval requirements are, respectively,

c(z(ty)) =1,

c(z(t)) =1 Vt€ [ta,ty]. 3)

The interval boundaries can remain unknown during graph synthesis. A prescribed action sequence
fixes physical ordering independently of the order in which its numerical parameters are evaluated.
When expansion introduces additional segments within an interval, its constraints apply to every
inserted segment. Waypoints constrain selected states. A supplied trajectory fixes the represented
motion quantities, which can still leave other quantities unresolved. For example, an end-effector
trajectory does not by itself specify the robot’s joint trajectory.

Shared variables couple requirements introduced at different abstraction levels. During rigid trans-
port of a mug,
FK(q(t)) = Tin ()G,
el Ry (t)e. > cose, t € [ta,ts],

where ¢(t) is the robot configuration and FK gives its end-effector pose. The mug’s world pose
T,n(t) has rotation R,,(t), and Gy, is the end-effector pose relative to the mug. The vector
e, = (0,0,1)7 denotes the upright axis in each frame, and ¢ is the permitted tilt. A handle-grasp
requirement restricts G,,,. An upright-transport requirement restricts R, (¢). Their coupling through
the kinematic relation constrains the same robot motion.

“4)

The compiler also connects consecutive segments through shared boundary states. Action mod-
els specify which quantities change and which persist. Agent-supplied requirements are retained
directly or translated into equivalent relations. When a numerical value selects a particular expan-
sion, the condition selecting that expansion remains part of the resulting graph and must hold after
numerical refinement.

A.2 Conditional generation and optimization

Registered numerical procedures declare the variables they require and those they assign. A gener-
ator has the form
ZoNS(‘|Z[), IﬂO:Q), (5)

where I contains input variables and O contains output variables. Available values determine which
procedures can run. Given a robot configuration, forward kinematics computes the end-effector
pose. Given a desired end-effector pose, inverse kinematics proposes compatible configurations.
Different registered procedures can therefore support different directions of computation for the
same physical relation.

A generator can satisfy a subset of graph constraints while leaving others for subsequent refinement.
Optimization updates the variable groups supported by its implementation, conditioned on the re-
maining values. Numerical functions supplied by the agent provide constraint evaluations once their
arguments have values. They do not require every graph variable or evaluator to participate in one
differentiable optimization problem. Agent-fixed quantities remain fixed throughout sampling and
refinement. Acceptance requires validation against all graph constraints, including the translated
request requirements.

The constraint graph describes the physical and task relations among variables. The dependencies
of numerical procedures determine their evaluation order. A graph can therefore admit several nu-
merical schedules without changing the trajectory requirements it represents. In particular, pooling
inverse-kinematics or collision queries across graphs changes how those computations are executed
while retaining each query’s association with its source graph and assignment.
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Algorithm 1: SPROUT: Graph synthesis and pooled numerical search

Input: Request r, scene s, robot model M, registry R, deadline T'
Go < Build(r, §)
A + {G with its known variable values}
S+ 0
while A # () and clock() < T do
Expand selected unresolved requirements using R and M, retaining candidate alternatives
in A
Q < ready queries from A with registered GPU implementations
foreach operation type o present in Q do
B, + {q € Q:type(q) = o}
Y, « GPU,(Gather(B,))
Return Y, to their source graphs and assignments in .A
end
Evaluate other ready procedures with their registered implementations
Validate completed trajectories and store accepted pairs (G, z) in S
Refresh numerical candidates and retire exhausted alternatives in A

end
if S = () then

| return diagnostic feedback
end
(G*,2") - argmin(g,»)es Ja(?)
return dg- (2*)

Table 1: Objectives of the eight evaluation tasks. Descriptions follow the supplied task figure.

Task Objective

Block stack Stack the blocks in red, blue, green, yellow order from bottom to top.
Utensils upright Place all green utensils upright in the pot.

Discard bottles Put all small plastic bottles in the container.

Tool alignment Arrange the tools in a line with their ends facing away.

Reorient mugs Reorient all mugs with their openings facing upward.

Toast breakfast Make toast and place it on the plate.

Whiteboard smiley Draw a large smiley face on the whiteboard.

Tube tools Use the available tools to retrieve the red block and place it on the plate.

A.3 Interleaved graph synthesis and pooled search

Algorithm 1 summarizes the search. The active set .A contains partial or completed graphs and their
current assignments. Expansion introduces graph alternatives while numerical procedures propose
and refine variable values. A query becomes ready when its required inputs are available. Queries
sharing an operation and compatible input dimensions form a batch, and each result returns to its
source assignment. The set S stores validated graph—assignment pairs independently of further
changes to active candidates. Its lowest-cost member determines the returned trajectory. If no
candidate passes validation within the budget, diagnostic feedback reports unsuccessful completion
rather than establishing infeasibility.

B Tasks and evaluation criteria

Tab. 1 lists the task objectives shown in Fig. 4. Each is instantiated in three scenes with different
layouts, geometry, or clutter. The instruction remains the reference for task success even when an
agent requests only an intermediate action. A feasible completion of an intermediate request need
not complete the full task.
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Figure 8: All task and scene variations that we evaluate over.
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