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Abstract— Bridging model-based control and learned policies
in long-horizon manipulation has harbored a silent disagree-
ment: control executes specified objectives, learning amortizes
that behavior into a reactive policy, yet existing protocols dis-
card task semantics, leaving rewards hand-crafted and behavior
drifting from what control verified. We introduce Semantically
UNified (SUN) Programs, typed executables where geometric
and contact relations are defined once and compiled into aligned
Model Predictive Control (MPC) costs, satisfaction predicates,
RL rewards, transition guards, and diagnostics. Our system,
Kuafu, driven by large vision language systems, automatically
synthesizes SUN Programs from language and scene seman-
tics, screens feasibility via MPC, and retains semantics while
training stage-conditioned policies. Across nine tasks, Kuafu
achieves 82.03% macro-success, outperforming sparse-reward
(35.67%) and Stage-BC (24.75%) baselines. At 8192-way scale,
it generates 10.57× the successful trajectory time per hour of
human teleoperation. With 500 trajectories per task, Kuafu
data trains DP3 policies to 46.0% simulation success (vs. 22.4%
for alternatives) and 34.7% on physical Franka and Kinova
robots. These results establish that simulation-screened task
semantics can effectively amortize control into robust policies,
without demonstrations or manual dense rewards, unifying
symbolic planning and data-driven execution.

Index Terms—Integrated Planning and Learning, Manipula-
tion Planning, Optimization and Optimal Control, Imitation
Learning, Datasets for Robot Learning

I. INTRODUCTION

Reinforcement learning (RL) is an attractive method
for multi-stage manipulation because it can learn high-
dimensional, contact-rich behaviors directly from interaction
without requiring an accurate model of the underlying dy-
namics [1]. However, RL requires dense, structured rewards
to expose intermediate progress, yet manually crafting these
signals is laborious and brittle. Minor adjustments to reward
terms or transition thresholds often yield drastically different
behaviors, demanding extensive trial-and-error tuning. While
recent methods automate reward generation [2], they suffer
from a critical latency: the impact of a candidate reward
can only be evaluated after full policy training and rollout.
Consequently, each iterative revision incurs the full cost of
a training cycle, rendering the search over reward structures
inefficient.

Model-based planning and control explicitly encode task
structures, defining geometric objectives and transition logic
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Fig. 1. Kuafu preserves the SUN Program across language grounding, MPC
feasibility screening, policy learning, and monitored data generation. Down-
stream visual-policy training and zero-shot deployment rely exclusively on
the generated observations and actions, unaware of the original program.

to enable testing and revision under closed-loop dynam-
ics [3, 4]. However, this approach is highly sensitive to model
fidelity; successful execution relies on accurate state recon-
struction, precise interaction models, and strict adherence to
task definitions. In practice, even minor discrepancies, such
as model mismatch, observation noise, or specification errors,
can cause controller failure. Furthermore, constructing these
robust formulations demands substantial manual engineering
for every new task [5].

These complementary properties have motivated efforts to
bridge model-based control and learning. Most prominently,
model-based controllers are used to generate successful
trajectories for policy training [5, 6]. While this transfers
physically grounded behavior, it discards the objectives,
constraints, stage transitions, or satisfaction boundaries that
defined why those actions were correct. Although recent
methods expose richer task structure to control and learn-
ing [7, 8], the representations are often recast as distinct
learning signals, forcing stage or completion logic to be re-
implemented. As a result, the rewards guiding the policy may
drift from the specification validated by control, allowing
inconsistencies to surface only after deployment.

We argue that a persistent task program that survives
closed-loop screening in simulated physics can significantly
enhance multi-stage robot learning. To this end, we intro-
duce the Semantically UNified (SUN) Program, a language-
grounded, typed executable artifact. Given a language in-

ar
X

iv
:2

60
8.

31
16

7v
1 

 [
cs

.R
O

] 
 3

1 
A

ug
 2

02
6

https://arxiv.org/abs/2608.31167v1


Fig. 2. Kuafu grounds language instruction into a typed SUN Program over scene frames, screens feasibility with simulated physics via MPC, and retains
it across policy learning and data production. Validated MPC rollouts and program annotations supervise behavioral cloning, while the retained program
provides transitions, residual rewards, calibration, and diagnostics to the controller, which then generates sensor-action data for visual policies.

struction, an LLM agent constructs each SUN Program from
system-provided scene frames and typed operators, binding
their arguments and organizing the geometric relations into
ordered stages. Each declared relation is coupled with a
satisfaction boundary, and compiled into transition guards,
diagnostic view, and aligned objectives for both Model
Predictive Control (MPC) and Residual RL. Its end-to-end
implementation, Kuafu 1 (Figure 1), retains the accepted
artifact alongside a stage-conditioned whole-task policy.

Optimization thus serves not merely as a trajectory gener-
ator, but as an efficient screener of task knowledge, rejecting
faulty objectives and transitions before they incur repeated
policy-training cycles. Kuafu then uses the screened SUN
supervision to learn contact-rich execution through Residual
RL, retaining control’s ability to validate task structure
while replacing model-dependent online optimization with
a deployable policy.

Across nine manipulation tasks, we demonstrate that the
value of the persistent program scales with task horizon
and cannot be reduced to mere behavior transfer. Compared
with reward-learning and online-planning baselines, Kuafu
achieves higher success rates with fewer language-model
interactions and at a fraction of the computational cost.
Furthermore, the persistent program guides the efficient col-
lection of simulation data for sim-to-real learning, yielding
significantly higher downstream policy success than com-
parable data-generation methods. Finally, we validate these
results through sim-to-real transfer on physical Franka and
Kinova robots, confirming the robustness of our approach in
real-world settings.

Our contributions are threefold:

1Kuafu is a figure in Chinese mythology who chased the sun; our system
likewise pursues a persistent SUN Program across control, learning, and
deployment.

• We introduce Semantically UNified (SUN) Programs, a
typed executable artifact that preserves task semantics
across control, learning, and deployment, eliminating
the semantic drift common in current handoffs.

• We present Kuafu, a system that synthesizes SUN
Programs from natural language, screens them via MPC,
and trains stage-conditioned policies without manual
reward engineering or seed demonstrations.

• We demonstrate that Kuafu achieves higher success
rates with fewer language-model interactions and at a
fraction of the computational cost of competing meth-
ods, while enabling robust zero-shot sim-to-real transfer
on physical robots.

II. RELATED WORK

Executable Task Representations. Long-horizon manipu-
lation requires representations connecting discrete task pro-
gression with continuous motion. Symbolic planning and
program generation couple action sequences to geometric
feasibility or scene grounding [3, 9]. Language-grounded
optimization converts task descriptions into composable 3D
value maps or reward parameters evaluated by MPC, ex-
posing spatial objectives to closed-loop control [10, 11].
Formal approaches encode temporal progress as finite-state
rewards or signal-temporal-logic constraints for learning
and predictive control [12, 13]. While these representa-
tions constrain search and operationalize task progress, they
generally remain confined to a single planning, control,
or learning stage, breaking semantic continuity across the
pipeline. Consequently, a state accepted by one component
may still produce infeasible refinements, premature handoffs,
or misleading learning signals that compound over long-
horizon execution.
Control-to-Policy Transfer. Task structure enters policy
learning through generated objectives or controller-derived



supervision. Language models reduce manual design by
generating executable rewards and, for sim-to-real transfer,
domain-randomization configurations [2, 14, 15]. Since it-
erated objectives can overfit observed behavior or encode
invalid task specifications, a high return therefor may not
translate into strong performance on the true task metric [16].
Complementarily, optimized trajectories provide supervised
policy targets, while residual learning preserves nominal
control and learns corrective actions [17, 18]. Iterative re-
wards generation are flexible, but each revision costs a full
reinforcement-learning trial and another round of language
model query. We instead restrict language models to exe-
cutable geometric relations that control method can screen
under close loop physics, rejecting invalid specifications at
a fraction of the interaction cost.
Autonomous Robot Data Generation. Data generators
scale robot experience by retargeting object-relative demon-
stration segments across scene configurations and decom-
posing behavior into reusable skills connected by planned
motions [19, 20]. These convert sparse demonstrations into
diverse imitation data, yet task semantics remain bound to
the originals, lacking an independent, grounded monitor to
validate learned-policy rollouts.

The closest precedents span three complementary inter-
faces. ReKep [8] expresses multi-stage tasks as sequences
of grounded keypoint cost functions optimized in closed
loop, while OmniManip [21] maps object-centric interaction
primitives to 3D spatial constraints with high-level VLM
checking and low-level pose tracking. LATO [6] adapts an
MPC teacher to the state distribution induced by the learner,
whereas MPC-Net [5] trains a policy with a Hamiltonian
loss encoding the original control objective and constraints.
RoboGen [22] and GenSim2 [23] automate simulation task
and scene construction together with skill or demonstration
generation through foundation models, optimization, plan-
ning, and RL. Kuafu unifies these interfaces by enforcing
a persistent, MPC-screened representation where each rela-
tion’s identity, grounding, and satisfaction boundary remain
fixed from controller validation through policy acquisition,
learned execution, and monitored data production.

III. METHODS

We consider a long-horizon manipulation task described
by a user-provided natural-language instruction I. Kuafu
uses an LLM to construct a SUN Program Γ from registered
scene frames F and the typed operator library L. After
closed-loop screening in simulated physics, the accepted
program provides compiled supervision for learning a stage-
conditioned whole-task controller π. At time t, π maps the
current observation ot and active stage zt to a robot action ut,
such that ut = π(ot, zt). Closed-loop execution of π com-
pletes the task stages and generates sensor–action trajectories
for downstream visual-policy learning. We assume access
to registered scene semantics F , containing the identities
and spatial and geometric information of the objects, and a
typed operator library L that defines reusable relations over
this information. Kuafu obtains π by constructing a SUN

Program Γ from (I,F ,L), screening its execution through
MPC, and using the successful rollouts to train the Stage-
BC policy πθ. The retained program then supplies stage
context and program-derived learning signals to train the
residual policy πψ; the bounded composition of πθ and πψ
defines the whole-task policy π. We define a lineage as
the coherent chain linking an accepted SUN Program, its
MPC-generated trajectories, the Stage-BC prior, the bounded
residual controller, and the final evaluated policy. Figure 2
outlines the life cycle of a SUN Program within Kuafu.

A. Semantically UNified (SUN) Programs

Central to Kuafu is the SUN Program Γ, a typed, exe-
cutable representation of the task specified by I. Kuafu uses
an LLM agent to construct Γ by selecting operators from
the system-provided library L, binding them to registered
frames in F , and organizing the grounded relations into
stages according to I. The LLM therefore composes existing
typed components rather than inventing new frames, rela-
tions, or implementations. Each relation is defined once and
compiled into aligned interfaces for MPC, stage monitoring,
and reinforcement learning. The resulting program is retained
across screening, policy learning, and data generation.

Consider the instruction “open the drawer.” The scene
registry F provides the location of the drawer’s base, han-
dle and individual drawer, as well as the orientation and
operation direction in terms of axis (handle bar along x-
axis, +y for pushing in). L provides typed relations such
as ”align axis”, ”direction move”, ”fix orientations”. We use
the drawer-opening portion of this task as a running example
below.
Semantic formation via LLM. For long-horizon tasks, we
define the augmented state as x̃t = (xt, zt, ξzt), where zt
is the active stage and ξk records physical snapshots (e.g.,
frame poses, gripper state) captured upon entry to stage k.
The robot state, observation, and action are denoted by xt,
ot, and ut, respectively. Each operator schema in the library
L declares typed arguments, a canonical residual function,
units, stage-entry snapshot behavior, a satisfaction tolerance,
and a default reward weight. Kuafu forms the SUN Program
by selecting schemas from L and binding their arguments to
registered frames in F and task-specific scalar parameters:

Γ = {Γk}Kk=1, Γk = {(ek,j(x, ξk), ϵk,j , wk,j)}mk

j=1 .
(1)

Here, K is the number of stages and mk is the number of
grounded relations in stage k. Each term contains a grounded
physical relation represented by ek,j , its satisfaction toler-
ance ϵk,j , and its relative learning weight wk,j .

For each stage, the compiler maps every grounded relation
to three executable interfaces:

Compile(Γk) =
{(
ϕmpc
k,j , Pk,j , c

rl
k,j

)}mk

j=1
. (2)

The MPC term ϕmpc
k,j contributes to the stage objective, the

predicate Pk,j is evaluated by the stage monitor, and the
learning term crlk,j contributes to the reinforcement-learning
signal. Their exact numerical forms are operator-specific, but



all three retain the same relation identity, grounding, and
stage membership.

For example, to pull the drawer open, the relation ”direc-
tional move” can measure the drawer displacement relative
to the pose stored in ξk when the stage begins. Its com-
piled MPC term penalizes the remaining displacement, Pk,j
tests the same residual against ϵk,j , and crlk,j supplies the
corresponding learning cost. An additional ”fix orientation”
will measure the tool’s angular displacement relative to the
snapshot, keeping the grip’s direction steady.

This typing reduces synthesis complexity to verified oper-
ator selection and typed argument binding. We refer to this
correspondence across control, monitoring, and learning as
Semantic Unification.
Stage progression. At runtime, Γ also defines the stage
monitor. Each Γk contains the relations evaluated during
stage k, and all of their predicates participate in stage
completion. After applying ut, the monitor evaluates the
post-action augmented state x̂t+1 = (xt+1, zt, ξzt) before
updating the active stage. We use Dk to denote that every
predicate Pk,j in stage k is satisfied. The program advances
from zt to zt + 1 when Dzt is true; otherwise the current
stage remains active. When a new stage begins, its entry-
scoped snapshot is recorded and its best-progress score is
reset. Upon entering a new stage, the program initializes
the entry-scoped fields in ξzt+1 from xt+1. Stage transitions
are irreversible, and final-stage completion terminates the
rollout. This same stage structure persists through control and
learning, zt conditions the Stage-BC and residual controllers,
while the stored snapshot ξzt preserve the references required
by stage-relative relations.

For drawer opening, the monitor remains in the drawer-
opening stage until all associated predicates, such as ”direc-
tion move” and ”fix orientation”, are satisfied. Transitioning
to the subsequent stage records a new entry snapshot, includ-
ing the handle and the grippers position and orientation.

B. Program Validation and Acceptance

Independent task success. Because the same stage mon-
itor is retained during learning and data generation, its
completion logic must be checked against an independent
criterion. For each task, we introduce an external evaluator
gext, manually authored independently of SUN Program for-
mation and frozen prior to synthesis. Crucially, gext is never
exposed to the LLM, VLM, SUN Program, or the learned
policy. Its binary outcome provides the sparse terminal signal
used for residual learning, acceptance, calibration, and final
evaluation. In parallel, the SUN Program independently de-
clares completion through its internal predicate DK . A false
completion occurs when the SUN monitor declares the final
stage complete while gext reports that the required physical
outcome has not been achieved. This separation supplies the
independent acceptance criterion used during rollouts.

For the same drawer opening task, The independent
evaluator gext only declares success when the drawer joint
reaches 12 cm displacement. If SUN monitor declares its

final geometric predicates satisfied without gext , the rollout
will be treated as a false completion.
MPC screening. Following initial formulation, task-space
nonlinear MPC is the first controller to consume the compiled
interfaces of Γ, and screens each SUN Program in closed-
loop simulation (Step 1 in Figure 2). For stage k, the com-
piled MPC terms form the stage cost ℓk(x̃) =

∑mk

j=1 ϕ
mpc
k,j (x̃).

At state xt, we solve via direct multiple shooting

min
x1:H , u0:H−1

H−1∑
h=0

ℓzt(x̃h)

s.t. x0 = xt, xh+1 = f(xh, uh).

(3)

Here, H is the planning horizon, f is the prediction model.
Within the prediction horizon, x̃h = (xh, zt, ξzt), so the
active stage and its entry snapshot remain fixed while the
problem is solved. Only the first optimized action is executed
before re-observation and replanning. After observing the
resulting state, Kuafu evaluates the current-stage predicates
and gext before updating the stage index; in the final stage,
the predicates determine DK . The MPC problem is then re-
solved from the updated runtime state.
Acceptance and repair. Each candidate SUN Program is
screened under 10 task-sampled initial conditions in closed-
loop simulation. The program is accepted when at least one
rollout achieves the required physical outcome and no rollout
produces a false completion. Failures may trigger up to five
whole-program repair attempts based on unsatisfied terms
and their measured violations. After acceptance, Kuafu fixes
the grounded relations, satisfaction tolerances, predicates,
term definitions, and stage order of Γ. The accepted pro-
gram and its successful MPC trajectories form the handoff
to policy learning: the trajectories supervise the Stage-BC
policy πθ, while Γ is retained as the task-semantic core.

C. SUN-Guided Policy Amortization
The accepted SUN Program and successful MPC trajecto-

ries provide complementary supervision for policy learning.
Stage-conditioned behavioral cloning. For each task, we
collect 1,000 physically successful MPC trajectories and use
them to train a deterministic Stage-BC policy πθ (Step 2 of
Figure 2). The policy maps the current observation and active
stage to a 10-step action chunk, and we optimize it using
normalized mean-squared error. During learned execution,
a reactive policy πθ replaces the MPC optimization loop
at each control step, thereby amortizing the planning com-
putation [24]. The observation ot contains the end-effector,
gripper, and object/frame poses. Additionally, the policy is
conditioned on the active stage zt. The policy predicts 10-
step chunks of absolute actions. Training chunks are strictly
stage-bound: padding repeats the final action, and only the
first predicted action is executed by the residual controller
before re-evaluation. Consequently, in the drawer opening
example, while securing the grip on the drawer handle, stage-
BC chunks cannot cross into the drawer opening manipula-
tion.

We use π
(1)
θ (ot, zt) to denote the first action in the

predicted chunk. Only this action enters the combined policy



before the SUN monitor reevaluates the active stage. The
retained SUN Program continues to supply zt and carries
the task semantics into residual learning.
Bounded residual reinforcement learning. We freeze
πθ and use it as the behavior anchor for Step 3, train-
ing a bounded additive residual policy πψ via PPO with
generalized advantage estimation. Following RRL [18], the
combined whole-task policy is

π(ot, zt) = clip
(
π
(1)
θ (ot, zt) + αρπψ(ot, zt), umin, umax

)
,

ut = π(ot, zt), ∥πψ(ot, zt)∥∞ ≤ ρmax.
(4)

Here, θ and ψ are the parameters of the Stage-BC and
residual policies, respectively. The scalar αρ controls the
residual contribution, ρmax bounds it coordinate-wise, and
umin and umax are the final environment action limits.
Program-derived residual reward. For stage k, the same
learning costs and weights attached to the terms in Γk define
the normalized stage score

Sk(x̃) = 1−
∑mk

j=1 wk,jc
rl
k,j(x̃)∑mk

j=1 wk,j
, (5)

where wk,j ≥ 0,
∑mk

j=1 wk,j > 0, and a larger score indicates
greater progress within the stage. Kuafu rewards monotonic
progress:

rt = λprog
[
Szt(x̂t+1)− Sbest

zt,t−1

]
+
+ λstage1[zt+1 > zt]

+ λtrue1[TSt]− λfalse1[FCt]− λact∥ut∥22.
(6)

The coefficients λprog, λstage, λtrue, λfalse, and λact
weight the corresponding reward terms. Sbest initializes
at zero at episode/stage entry, updates as Sbest

k,t =

max(Sbest
k,t−1, Sk(x̂t+1)), and resets after a stage transi-

tion. TSt and FCt denote the physical success and false-
completion events, respectively. An episode terminates at
the first such event or at timeout. The remaining terms
provide program-derived supervision while the frozen prior
and residual bound constrain adaptation.
Learning parameters calibration. Inspired by iterative
reward refinement [2, 15], Kuafu actively monitors learning
trends and constraint satisfaction via SUN Program perfor-
mance during Step 3 (Figure 2). A liberal residual policy may
perform well on short tasks but risks deviation on prolonged
tasks demanding precision. These statistics are exposed to an
LLM through a constrained schema. We introduce an LLM
agent to tune the relative reward weights declared in the
accepted program, the residual strength αρ, and the residual
bound ρmax. Crucially, predicate tolerances, logic, grounded
relations, stage order, and term definitions remain fixed
at their MPC-accepted values. These updates calibrate the
learning signal and the permitted deviation from the Stage-
BC policy while preserving the task semantics validated
by MPC. For example, while pulling the drawer opening,
calibration may realize the ”fix orientation” term is easier to
reach, and lower its weight relative to ”direction move”.

Fig. 3. Nine-task evaluation suite in Isaac Lab.

D. Data Production

The same semantically fixed program remains active af-
ter residual learning. In Step 4, Kuafu supplies zt to the
state-based BC and residual controllers, providing stage
progression, completion monitoring, and false-completion
detection during data generation. For the downstream visual-
policy study, trajectories are retained using the common
physical-success criterion gext, ensuring consistent outcome
evaluation across all data generators. At the final handoff, the
retained trajectories supervise a visual policy using only their
recorded observations and actions. The visual policy receives
neither zt nor any other output from the SUN monitor during
training or deployment. Thus, the accepted SUN Program
preserves the correspondence among control, monitoring,
and learning throughout data production, while the resulting
visual policy executes without the program or privileged state
information.

IV. EXPERIMENTS

We address four central questions in our experiments: (1)
Formulation Reliability: How reliably can SUN Programs
be synthesized from language and scene semantics? (2)
Performance Elevation: Does the persistent support of SUN
Programs significantly elevate task success compared to
non-persistent baselines? (3) Data Efficiency: Can Kuafu
outperform existing data-generation methods in terms of
trajectory quality and sample efficiency? (4) Sim-to-Real
Transfer: Does the dataset produced by Kuafu enable visual
policies and robust zero-shot transfer to physical robots?

As shown in Figure 3, we designed nine multi-stage tasks
to evaluate physical capabilities that recur throughout every-
day manipulation. The suite spans constrained translational
and rotational motion—including pushing, pulling, twisting,
and reorienting—together with precise picking and placing,
orientation-sensitive grasping, and high-precision manipula-
tion. These capabilities are instantiated through: E-stop in-
teractions (T0: push, T3: twist), stacking (T1: two cubes, T6:
three cubes), drawer manipulation (T2: pull open, T7: open
and place object), object reorientation (T4: right a bottle),
insertion (T5: marker into cup), and dexterous hanging (T8:
hang cup by handle). The tasks isolate different forms of
compositional scalability for objects and interactions. T0/T3
vary the complexity of contact-constrained motion on the
same mechanism. T6 extends T1 by repeating its precision
pick-and-place and alignment sequence. T7 combines T2’s
constrained drawer motion with the pick-and-place skill



TABLE I
FORMATION, VALIDATION, AND LANGUAGE INTERACTION COST

Metric / method T0 T1 T2 T3 T4 T5 T6 T7 T8 Mean

A. SUN Program formation and refinement: canonical accepted programs and their formation cost

Stages K 3 8 6 6 7 9 15 14 10 8.67
Constraints 12 25 19 19 27 31 53 44 31 29.00
Formation iterations 1 1 1 1 2 2 2 1 1 1.33
Refinement iterations 0 0 0 0 1 1 0 0 2 0.44
LLM calls/task 11.2 19.8 15.2 16.2 24.6 29.2 37.0 32.8 28.8 23.87

B. Five repeated formation-and-MPC-validation runs per task

Success w/o recovery 5/5 5/5 5/5 4/5 0/5 1/5 5/5 2/5 2/5 29/45
Recovery entry 0/5 0/5 0/5 1/5 5/5 4/5 0/5 3/5 3/5 16/45
Final success 5/5 5/5 5/5 5/5 5/5 5/5 5/5 3/5 5/5 43/45
Recovery cycles 0 0 0 2 5 9 0 11 3 30

C. Comparator LLM interaction cost (Kuafu/Eureka: one-time per task; VoxPoser: per rollout)

Kuafu tokens/task (k) 37.6 84.0 57.1 62.6 110.1 144.1 183.7 152.5 163.1 110.50
Eureka tokens/task (k) 224.3 246.2 241.1 227.2 208.7 243.0 208.9 248.8 261.0 234.40
VoxPoser calls/run 12.9 13.9 13.0 13.0 16.1 21.8 18.8 19.9 23.5 16.99
VoxPoser tokens/run (k) 25.1 24.6 24.9 23.6 27.2 38.0 31.4 39.7 49.8 31.60

exercised in T1.T 4/T5 both require object reorientation, but
T5 adds an inter-object geometric constraint by aligning the
reoriented marker with the cup opening. Lastly, T5 and T8
compare high-precision manipulation across distinct object
morphologies and contact geometries.

We report overall performance as task-macro external-
outcome success: the unweighted mean of the gext success
rate across all tasks, ensuring each task contributes equally
regardless of rollout count. All LLM calls (Kuafu, Eureka,
VoxPoser) use GPT-5.5, and simulations run in Isaac Lab 5.1.
State-controller evaluations use 8192 parallel environments
with rollouts capped at 180 seconds. All methods share the
same task-specific initial-condition sampler.

A. Formulation Reliability

Rows A and B of Table I characterize accepted programs
and the formation-validation outcomes. Programs span 3–15
stages and 12–53 constraints, with each canonical program
obtained within one or two formation rounds. A formation
round regenerates the program, whereas recovery repairs
individual terms flagged by failed MPC screening. Of 45
independent runs, 29 pass initially; diagnostic repair accepted
14 of the remaining 16, raising the yield from 64.4% to
95.6%. Recovery was most critical for T4 and T5, improv-
ing acceptance from 1/10 to 10/10. T7 was the only task
with unrecovered runs (3/5), accounting for 11 of the 30
total recovery cycles. Since the larger 15-stage T6 program
succeeded in all five runs without recovery, raw program size
alone does not explain formation difficulty. Instead, the T7
result suggests that combining heterogeneous manipulation
phases poses a greater challenge. Within the tested scope,
these results establish diagnostic-guided repair as an effective
mechanism for recovering initially invalid programs.

Rows C report the language interaction. Kuafu uses 110.5k
tokens per task, compared with 234.4k for Eureka’s one-
time reward search. VoxPoser instead uses 16.99 calls and
31.6k tokens per rollout. At the reported mean rates, its
cumulative interaction exceeds Kuafu’s after just two ex-
ecutions (calls) and four rollouts (tokens). Thus, forming
a persistent program converts language interaction from a
recurring execution cost into a task-level cost.

B. Performance and Ablation Analysis

Table II reports structural handoff controls that remove
program-derived progress supervision, the behavioral prior,
or the residual constraint. For scalar refinement, Kuafu
permits at most 5 residual-RL iterations per task. An iteration
is deemed collapsed if its final success falls below 50%
of its peak. Refinement halts at the first non-collapsed
configuration or upon exhausting the 5-iteration budget,
freezing the controller for evaluation. The closest matched
ablation isolates program-derived supervision. Starting from
the same Stage-BC prior and bounded residual learner, the
sparse-reward variant achieves 35.67% task-macro success,
versus 82.03% for Kuafu’s L42 mean, a 46.36-point gain.
Separately, the 3-run robustness aggregate reaches 79.43%
success. Because the accepted program, MPC mentor set,
and residual training vary jointly across these runs, this
result confirms the complete pipeline’s effectiveness beyond
a single lineage. False-completion rates remain low post-
handoff, at 0.60% across the three lineages.

The remaining partial handoffs establish complementarity.
Stage-BC alone achieves 24.75%. With the SUN Program
reward, residual architecture, and action bound held fixed,
removing the accepted Stage-BC prior drops performance to
0% (Pure RL, SUN Program reward). Applying residual RL
to a stage-free BC reaches only 18.56%. Similarly, adding a
behavioral prior raises TD-MPC2 from 12.63% to 31.95%,
though success remains concentrated on T0, T2, and T3.
Removing or broadening the residual bound collapses all
tasks to 0% success; we have omitted the resulting all-zero
row from Table II. Neither accepted behavior nor program
supervision alone reproduces the complete handoff.

Conversely, baselines that rely on iterative reward search
or online planning without persistent task semantics struggle
to achieve robust, multi-stage success. Eureka exhibits non-
monotonic instability: its best candidate within 5 search
rounds reaches 18.24% success, but the final policy de-
grades to 12.85% (e.g., Task T0 drops from 45.14% to
0.21%), indicating reward overfitting. VoxPoser achieves
only 10.00% success, failing completely on five tasks. These
results confirm that Kuafu’s gains stem not from increased



TABLE II
CONTROL-TO-LEARNING HANDOFF AND BASELINES

Variant / method T0 T1 T2 T3 T4 T5 T6 T7 T8 Mean

A. Accepted-program transfer success (%): MPC, Stage-BC, and bounded residual learning (with/without program supervision)

MPC 100.00 96.15 100.00 89.29 62.50 58.14 94.34 70.92 82.50 83.76
Stage-BC 36.01 10.79 25.11 29.80 22.47 31.82 13.81 38.80 14.16 24.75
Bounded RRL + Sparse Rewards 58.67 87.20 49.56 58.67 58.96 0.00 0.00 7.95 0.00 35.67
Kuafu (L42) 98.48 95.78 98.01 84.62 58.80 69.70 87.25 95.21 50.43 82.03
Kuafu (L42, L43, L44) 98.37±0.81 94.75±0.62 97.58±1.04 82.09±0.65 56.24±1.81 62.04±5.34 84.72±1.32 94.06±1.06 44.99±1.84 79.43

B. False completion rates (%) for Kuafu final controllers

Kuafu (L42) 0.37 0.00 0.05 3.26 0.45 0.00 0.00 0.00 1.05 0.58
Kuafu (L42, L43, L44) 0.59±0.57 0.01±0.00 0.03±0.02 3.21±0.27 0.48±0.07 0.00±0.00 0.00±0.00 0.00±0.00 1.07±0.50 0.60±1.05

C. Kuafu component-ablation success (%): partial handoffs and alternative state-policy learners

Stage-free-BC 52.20 12.16 3.38 11.17 5.29 0.00 0.00 0.00 0.77 9.44
Pure RL, naive reward 0.04 0.00 0.13 0.00 0.43 0.00 0.00 0.00 0.00 0.07
Pure RL, SUN Program reward 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Stage-free-BC + RRL 1.20 67.30 0.03 0.00 60.31 17.49 3.83 0.16 16.69 18.56
TD-MPC2 [25], naive reward 79.64 27.00 0.00 5.99 1.07 0.00 0.00 0.00 0.00 12.63
TD-MPC2 + prior, naive reward 77.58 13.00 97.47 99.27 0.20 0.00 0.00 0.00 0.00 31.95

D. Baseline performance success (%): iterative reward search (Eureka) and online planning (VoxPoser)

Eureka: Train@1 45.14 0.02 20.25 0.19 1.03 0.01 0.00 0.00 0.01 7.41
Eureka: Train@5 0.21 0.01 78.96 8.53 5.29 0.00 0.00 0.00 0.00 10.33
Eureka: Best Train ≤ 5 60.53 0.02 78.96 18.17 6.47 0.01 0.00 0.01 0.01 18.24
Eureka: Final Eval. 25.85 0.01 71.75 15.16 2.83 0.01 0.00 0.00 0.01 12.85
VoxPoser: Direct 50.00 10.00 0.00 20.00 0.00 0.00 10.00 0.00 0.00 10.00

TABLE III
END-TO-END CONTROLLER COMPUTE (GPU-HRS)

Kuafu Eureka

Form. MPC BC RRL Total Search Final Total

Sum 1.55 69.03 3.21 48.86 122.67 412.24 67.36 479.60

LLM search budget, but from the synergistic integration of
a verified prior, program-derived supervision, and bounded
correction, which eliminate semantic drift.

The paired tasks provide a structured test of horizon
robustness. Kuafu drops only 8.53 points as stacking grows
from 8 stages (T1, 95.78%) to 15 (T6, 87.25%), 2.80 points
when drawer opening (T2, 98.01%) is extended to the 14-
stage open-and-place task (T7, 95.21%), and 13.86 points
from the close-E-stop task (T0, 98.48%) to the more difficult
open-E-stop task (T3, 84.62%). Across the three pairs, Kuafu
retains 91.4% of its shorter-task performance; the matched
sparse-reward handoff instead falls from 65.14% to 22.21%.
In a boarder view, no non-Kuafu learned handoff or baseline
reaches 50% on either T6 or T7, with taskwise maxima of
only 13.81% and 38.80%, whereas Kuafu reaches 87.25%
and 95.21%. This shows that the retained SUN Program
preserves competence as stage sequences lengthen rather
than merely improving isolated tasks.

Table III details the end-to-end compute costs, encompass-
ing program formation, MPC validation, mentor trajectory
collection (1000 per task), Stage-BC, and bounded residual
learning. In constrast, the Eureka baseline accounts for
5 rounds of 4-candidate reward-searches plus finalization.
Under one-GPU worker-hour accounting, Eureka uses 479.60
GPU-hours, compared with 122.67 for Kuafu (a 3.91×
efficiency gain). Notably, while MPC validation and men-
tor collection dominate Kuafu’s cost, program formation is
negligible (1.55 GPU-hours). Thus, Kuafu’s superior perfor-
mance is achieved at a fraction of the computational cost,
ruling out compute budget as a confounding factor.

TABLE IV
KUAFU DATA GENERATION

A. Downstream DP3 success (%) (500 successful trajectories per task)

Task MimicGen SkillMimic Isaac Lab
Mimic

Isaac Skill
Mimic Kuafu

T0 94.52 97.07 90.78 72.82 95.70
T1 4.95 3.91 14.21 1.04 58.70
T2 36.12 30.65 40.92 22.54 55.50
T3 33.33 62.00 36.54 15.25 85.30
T4 8.27 8.05 9.35 5.47 0.78
T5 0.00 0.00 0.00 0.00 15.80
T6 0.00 0.00 0.00 0.00 12.70
T7 0.00 0.00 0.00 0.00 69.00
T8 0.00 0.26 0.00 0.26 20.70

Mean 19.69 22.44 21.31 13.04 46.02

B. MPC-relative Q95 yield and successful-trajectory diagnostics

Method Q95
(%↑)

Time/
MPC50 ↓

EEF path/
MPC50 ↓

Action path/
MPC50 ↓

Action ∆2/
MPC50 ↓

MimicGen 20.4 1.11 1.14 1.94 1.27
SkillMimic 6.9 1.66 1.15 3.01 1.28
Isaac Lab Mimic 12.1 1.12 1.38 1.96 1.25
Isaac SkillMimic 6.2 1.61 1.46 2.89 1.21
Kuafu (ours) 57.3 1.04 0.67 0.52 0.28

Human reference 0.0 3.06 1.59 2.81 1.25

C. Successful trajectory-time throughput (min/active production hr, ↑)

Task Human MimicGen SkillMimic Isaac Lab
Mimic

Isaac Skill
Mimic Kuafu

Task macro 23.34 29.36 26.48 32.19 24.79 246.79
vs. Human 1.00 1.26 1.13 1.38 1.06 10.57

D. Final-controller readiness and successful-demonstration break-even

Task Controller
ready (GPU h)

Human demos
at ready

Break-even
demos

Post-ready
collect (min)

Task macro 13.63 494 513 29.10
Across-task range 4.84–25.52 222–805 225–854 4.35–76.19

C. Data Efficiency

During data collection, the learned controller replaces
online MPC, while the retained SUN Program continues to
supply stage annotations, completion monitoring, diagnos-



TABLE V
VISUAL POLICY PERFORMANCE AND ZERO-SHOT TRANSFER

A. Single-task success (%) by visual-policy architecture (same Kuafu data)

RGB policy Mean Point-cloud policy Mean

ACT [26] 35.40 DP3 46.02
Diffusion Policy 38.52 FlowPolicy [27] 21.01
smolVLA [28] 26.73 ManiFlow-PC [29] 46.46
ManiFlow-RGB [29] 34.09 MP1 [30] 12.94

B. Per-task modality maxima (RGB vs. point-cloud) and state-controller success (%)

T0 T1 T2 T3 T4 T5 T6 T7 T8 Mean

RGB max 84.53 30.54 73.98 60.70 25.50 10.10 12.10 73.00 23.00 43.72
Point-cloud max 98.38 65.53 86.28 85.30 10.05 15.80 12.70 69.00 20.70 51.53
State controller 98.48 95.78 98.01 84.62 58.80 69.70 87.25 95.21 50.43 82.03

C. Multi-task VLA success (%) (single policy across T0–T8)

Policy T0 T1 T2 T3 T4 T5 T6 T7 T8 Mean

SmolVLA [28] 5.87 0.26 12.94 2.08 0.00 0.00 0.00 0.00 0.00 2.35
WALL-X [31] 22.22 1.56 60.07 11.78 0.00 0.00 0.00 10.51 0.00 11.79
π0.5 [32] 26.61 0.0 81.87 0.00 4.17 4.17 0.00 69.17 0.00 20.67

D. Zero-shot Sim2Real (DP3) transfer to physical robots

Franka FR3
Franka Hand

Franka FR3
Robotiq 2F-85

Kinova Gen3
Robotiq 2F-85

Task T1 T2 T7 T8 T4 T5 Task Macro

Trials 20 20 20 30 10 6
Success 3 11 7 9 4 2
Rate (%) 15.0 55.0 35.0 30.0 40.0 33.3 34.72

tics, and false-completion filtering. Table IV evaluates down-
stream utility under a matched successful-data budget, while
also reporting MPC-relative trajectory diagnostics, steady-
state production throughput, and controller amortization.

To assess efficiency and smoothness beyond physical suc-
cess, we define a rollout as Q95-qualified only if it satisfies
gext and its completion time, end-effector path length, action
path length, and action second difference are each no greater
than the corresponding task-specific 95th percentile among
successful MPC trajectories. Q95 yield is the fraction of
evaluated rollouts that satisfy all of these conditions. As
an MPC-relative metric, Q95 measures mentor-aligned ef-
ficiency and smoothness rather than universal quality; thus,
the fixed-learner test reported in Rows A of Table IV serves
as the primary utility measure. For reporting, metrics (time,
paths, action derivatives) are normalized by task-specific
successful-MPC medians (MPC50). Human baselines were
collected via simulation teleoperation using an AgileX PIKA
gripper, with measured poses defining the simulated end-
effector targets. The simulated manipulator is still subjected
to dynamics constraints and collisions.

Rows A of Table IV provide the primary data-utility
comparison. Under a matched budget of 500 successful
trajectories per task and a fixed DP3 learner, Kuafu data
reach 46.02% task-macro success, compared with 22.44%
for SkillMimic, the strongest alternative, a 2.05× gap. The
seed-42 source leads on seven tasks and alone gives nonzero
downstream success on all nine. Since L42 is used exclu-
sively for this comparison (excluding L43 and L44), the
result isolates data quality from selection bias. On T5–T7,
all competing sources achieve 0%, whereas Kuafu reaches
15.80%, 12.70%, and 69.00%, respectively. Thus, Kuafu’s

advantage stems from downstream utility, not data volume.
Rows B of Table IV characterize trajectory fidelity relative

to the accepted MPC reference. Kuafu attains a 57.3% Q95
yield (vs. 20.4% for MimicGen, a 2.81× gain). Among suc-
cessful rollouts, it produces the shortest paths and smoothest
actions (metrics: 1.04 completion time, 0.67 end-effector
path, 0.52 action path, 0.28 action second difference).

Rows C and Rows D of Table IV separate steady-state
data-generation throughput from the one-time generator cost.
With the final state controller, Kuafu generates 246.79 suc-
cessful trajectory minutes per GPU-hour, a 10.57× increase
over human teleoperation (23.34 min/hr).

D. Visual Learning and Zero-Shot Transfer

Table V presents the utility of Kuafu’s trajectories after
removing privileged state and stage inputs. Across four
RGB and four point-cloud architectures, every single-task
policy family achieves nonzero task-macro success. Notably,
ManiFlow-PC reaches 46.46% and DP3 reaches 46.02%,
outperforming the strongest RGB policy 38.52%. Rows B
report per-task maxima within each modality family; these
represent optimal architectures for each task, not a single
deployable oracle. While maxima nearly match the state
controller on T0 (98.38% vs. 99.61%) and exceed it on T3
(85.30% vs. 84.95%), the 15-stage T6 shows the largest gap
(12.70% vs. 87.51%). These gaps, along with the multi-task
results, reflect losses from observation conditioning, partial
observability, and architectural constraints rather than state-
based execution alone.

For physical deployment, each simulated setup reproduces
the calibrated two or three RGBD-cameras configuration of
the coresponding workspace, with constrained randomiza-
tion. We double the dataset to 1,000 trajectories per task and
deploy the resulting policies without real-world fine-tuning.
DP3 achieves 36 successes in 106 trials across six tasks and
three robot-gripper configurations without real-world fine-
tuning. This yields a 34.72% task-macro and nonzero success
on every tested task. The pooled rate is 33.96% (95% Wilson
interval: 25.6–43.4%, with the smallest task showing 2/6
successes (9.7%–70.0%). Inspection of failed trials identifies
precise grasp acquisition as the main remaining challenge: T1
has the lowest success rate at 15%, and grasping is the most
frequent observed failure mode on T7. These results establish
zero-shot sim-to-real feasibility using dataset produced under
persistent SUN programs.

V. CONCLUSIONS

We presented Kuafu, a control-to-learning framework that
preserves an MPC-screened Semantically UNified (SUN)
Program as a persistent, executable task artifact along-
side a learned policy. Across three independent lineages,
Kuafu achieves an average 79.43% task-macro success rate,
demonstrating end-to-end robustness on multi-stage manipu-
lation tasks. In our evaluation, the complete handoff reaches
82.03% success, significantly outperforming the sparse-
reward baseline (35.67%) and alternative learners; ablation
studies further isolate the distinct contributions of the verified



behavioral prior and bounded residual correction. Lever-
aging the SUN Program’s supervision in data generation,
Kuafu trajectories yield 46.02% success in fixed-volume DP3
training, support eight single-task visual architectures and
three multi-task VLAs, and enable zero-shot transfer across
106 physical trials. Results establish a key principle: task
semantics validated through control remain effective even
after behavior is amortized into a learned policy.
Scope and limitations. SUN Programs rely on a registered
scene interface with informative object frames and axes,
as well as a finite, typed-operator library. Consequently,
Kuafu cannot handle deformable objects or fluids without
defining new operators. Furthermore, our evaluation does
not cover held-out instructions, operators, scene seman-
tics, or task compositions, limiting strong claims of open-
world generalization. Methodologically, the stage monitor
advances monotonically and cannot rollback after a physical
regression. Additionally, the Q95 metric is MPC-relative,
measuring efficiency against a specific planner rather than
absolute trajectory quality. Finally, the validation (6 task,
106 trials) establishes zero-shot feasibility across the tested
robot-gripper configurations but does not guarantee broad
sim-to-real reliability in unstructured environments.
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