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1. Introduction
Embodied agents require training environments that are
both semantically diverse and physically valid, especially
for long-horizon manipulation [5, 10, 11]. Existing data-
generation pipelines have improved the scalability of robot
learning data, but they often treat generation as either one-
shot augmentation or open-ended task synthesis. As a re-
sult, generated tasks may be physically infeasible, already
trivial, or weakly aligned with the current policy’s failure
modes. We present FailGen in Figure 1, a frontier-aware it-
erative data-generation framework for embodied manipula-
tion. Unlike prior trajectory-centric augmentation methods
[12] and open-ended generative simulation systems [19],
FailGen explicitly couples data generation to the learner’s
evolving competence frontier. At each iteration, FailGen es-
timates the frontier from rollout statistics, prompts a VLM
to propose semantic variations near this frontier, validates
them with a hybrid solver combining motion planning and
learned control, and consolidates successful demonstrations
through replay-based behavioral cloning. Our main contri-
bution is a policy-conditioned evolutionary data-generation
paradigm that turns data synthesis from static dataset expan-
sion into closed-loop capability expansion. Our preliminary
results suggest that FailGen expands the policy’s effective
capability range and improves performance stability across
challenging manipulation settings involving geometric ob-
struction, contact-rich interaction, and long-horizon logic.

2. Method
FailGen is a closed-loop frontier-aware iterative data-
generation framework. Given a current policy, FailGen first
identifies task variations near the policy’s current compe-
tence boundary, then attempts to solve these tasks with a
hybrid demonstration generator, and finally consolidates the
generated demonstrations into the policy through replay-
based behavioral cloning. This Propose–Solve–Learn loop
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Figure 1. Overview of FailGen: a self-evolving loop of frontier-
aware task generation, hybrid solver, and policy refinement for
hard embodied manipulation.

is repeated to adapt the training distribution as the policy
improves. We consider challenging embodied manipula-
tion tasks whose difficulty arises from a combination of
geometric constraints, physical interaction, and sequential
structure [4, 11, 13]. We denote a task configuration by
θ = [θgeo, θphy, θlogic], where θgeo captures geometric vari-
ations, θphy captures physical interaction requirements, and
θlogic captures long-horizon dependencies. In FailGen, θ
serves as a compact interface between semantic task pro-
posal and physical trajectory generation [2, 14, 15].
A. VLM-Guided Frontier-Aware Task Proposal: The
central principle of FailGen is that curriculum generation
should be conditioned on the evolving competence of the
policy. Instead of decomposing a target task into a fixed
sequence of subtasks, FailGen uses policy performance as
feedback for proposing the next task configuration. At it-
eration k, the VLM is provided with the current task con-
text and rollout statistics, and proposes a new configuration
θk+1 near the current failure boundary. We estimate the
policy frontier with thresholded rollout statistics. Given the
success rate or subtask-completion score sk for configura-
tion θk, FailGen applies three update rules: if sk ≥ τhigh,
the task is treated as mastered and difficulty is increased
along one or more semantic dimensions; if τlow < sk <
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Table 1. Policy success rate across three difficulty levels.

Task Geometric Obstruction Contact-Rich Insertion Long-Horizon Logic

Level 1 Level 2 Level 3 Level 1 Level 2 Level 3 Level 1 Level 2 Level 3
Open-Loop (Static) 55.2 30.5 0.0 45.6 20.3 0.0 38.7 12.8 0.0
FailGen w/o Buffer 80.3 75.6 68.9 78.4 70.1 63.6 74.9 31.3 0.0

FailGen 97.5 92.4 85.8 95.2 88.6 81.3 94.6 65.5 58.1

τhigh, the task is considered frontier-level and nearby varia-
tions are generated to improve robustness; if sk ≤ τlow, the
task is treated as rarely solvable, and the system backs off
to a more granular intermediate variation [3]. This process
keeps synthesized tasks near the current failure boundary,
reducing trivial or unusable data generation [1].
B. Hybrid Solver for Trajectory Repair: Task propos-
als produced by the semantic module may invalidate exist-
ing trajectories or require new interaction strategies [17].
FailGen therefore uses a hybrid solver to recover demon-
strations when possible [18]. For globally constrained seg-
ments, the solver relies on RRT-Connect from OMPL to
produce geometrically feasible motion skeletons [8]. For
contact-rich segments, control is handed to a RL policy that
adapts to physical interaction [7]. The segment-level tra-
jectories are stitched sequentially, with each segment’s ter-
minal state serving as the next segment’s initial state. The
stitched trajectory is then rolled out in Robosuite/MuJoCo.
This allows FailGen to filter infeasible proposals while pre-
serving challenging but physically valid demonstrations.
C. Replay-Based Policy Consolidation: FailGen treats
generated demonstrations as part of an evolving training
distribution rather than as one-shot supervision. Each batch
of newly solved frontier tasks is inserted into a persistent ex-
perience buffer together with demonstrations of previously
acquired skills [16]. A reactive student policy is then trained
with behavioral cloning over this accumulated dataset [6].
This replay-based consolidation serves two purposes. First,
it allows the policy to absorb newly generated corner cases
near its current failure boundary [9]. Second, it mitigates
forgetting of earlier sub-skills as the curriculum shifts to-
ward harder configurations. As the policy improves, the es-
timated frontier moves outward, providing the next round
of task generation with a stronger base policy.

3. Results
We evaluate FailGen on manipulation tasks derived from
the MimicGen dataset. All tasks are instantiated in Robo-
suite with the MuJoCo physics engine. For semantic cur-
riculum generation, we use a VLM (Qwen-VL-Max) to an-
alyze scene renderings, the current policy state, and target-
task descriptions, and to generate task parameters.
Efficacy of VLM-Driven Curriculum: We examine
whether VLM-guided task proposal leads to broader capa-
bility growth than non-adaptive task sampling in Fig 2. Vi-
sualizing performance across six difficulty dimensions re-

Figure 2. The structural evolution of the capability boundary be-
tween our method (b) and current method (a).

Table 2. Ablation results on five tasks.

Obs. Reach Nut Assem. Stack Bin place Obs. Assem.

Random Curriculum 0.18 0.23 0.45 0.33 0
Human-Designed 0.53 0.48 0.82 0.83 0.33

Planning-only 0.57 0 0 0 0
RL-only 0 0.51 0.71 0.64 0
FailGen 0.57 0.51 0.84 0.83 0.33

veals a stark contrast: while non-adaptive baselines exhibit
a “spiky collapse”, FailGen achieves a more isotropic ex-
pansion. These results suggest that conditioning task gener-
ation on the current policy frontier can make the synthesized
curriculum more relevant to the agent’s failure modes.

Solver Necessity: Ablation studies in Tab 2 confirm that
both classical planning and learned control are indispens-
able. While planning-only ensures global geometric fea-
sibility, it fails in contact-rich tasks. Conversely, RL-only
handles local adaptation but struggles with complex geo-
metric constraints. Only the full hybrid solver consistently
succeeds across all task types, effectively bridging geomet-
ric reachability with physical interaction.

Benefits of closed-loop refinement: We compare three
training paradigms to study the effect of closed-loop re-
finement in Tab 1. The static pipeline performs poorly on
higher-difficulty configurations, suggesting that one-pass
data generation is insufficient for bridging large capability
gaps. The no-buffer variant degrades on long-horizon tasks,
consistent with forgetting of earlier sub-skills. FailGen
maintains stronger performance across difficulty levels, in-
dicating that frontier-aware synthesis and replay-based con-
solidation are both important for stable capability growth.
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