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Abstract

Open-source large language models (LLMs) suffer from
catastrophic performance collapse (19–58% success rate)
when faced with ambiguous, human-like instructions char-
acterized by implicit pronouns and noisy dialogue. To
bridge this gap, we introduce FAST-PLAN, a scalable,
annotation-free framework that synthesizes training data
by identifying and refining a model’s own planning fail-
ures. By fine-tuning open source backbones (Llama-3.2-
Inst., Qwen-3-4B-Inst.) on these 1.8K failure-driven tra-
jectories, we achieve a +50 to +80 percentage points suc-
cess rate increase on REI-Bench and demonstrate zero-shot
generalization to the CLARA (+6.14 F1) and AmbiK, two
out-of-distribution embodied ambiguity benchmarks.

1. Introduction
Embodied agents must navigate the “semantic gap” be-
tween vague human commands (e.g., “heat it and put it
there”) and deterministic robotic actions. While fron-
tier models (GPT-4o) possess innate reasoning to resolve
such ambiguity, they are impractical for on-device robotics
due to API latency, cost, and privacy concerns. Con-
versely, open-source models lack the targeted training sig-
nals required for systematic disambiguation. We propose
a paradigm shift from inference-time prompting to deep,
failure-driven training supervision grounded in the AI2-
THOR environment.

2. Methodology: The FAST-PLAN Pipeline
FAST PLAN generates training data through an automated
failure driven pipeline that turns ambiguous household in-
structions into grounded planning supervision. First, the
system samples valid task settings in AI2 THOR [3] and
constructs each scenario using deterministic scene informa-
tion, including the target object, destination, distractor ob-

jects, and expert action plan. An augmentor then rewrites
each task as a natural human instruction with varying am-
biguity, such as explicit object names, attribute based ref-
erences, pronouns, short context, or noisy dialogue. A re-
solver predicts the intended object and destination from the
dialogue, and a plan writer produces an executable robot
plan from the resolved entities and scene description. The
generated plan is passed through a grounding checker that
removes physically invalid actions, nonexistent objects, and
incomplete plans. Finally, a critic model audits the interac-
tion, assigns fine grained failure labels, and provides correc-
tive feedback, so only grounded successful plans and useful
failure corrected trajectories are retained as supervised fine
tuning data for robust ambiguity aware embodied planning.
The overall 6 stage pipeline is shown in Fig. 1.

3. Experimental Results
Experimental results across three model scales demonstrate
that FAST-PLAN effectively bridges the ”semantic gap”
where inference-time interventions falter. As shown in
Fig. 2, open-source backbones collapse on REI-Bench [2]
using standard prompting—peaking at 58.7% (Qwen-4B
via ICL)—whereas our failure-driven SFT catapults suc-
cess rates to 93.8–96.6%. This leap confirms that referen-
tial ambiguity is a training distribution deficit rather than
a prompt-engineering bottleneck. Furthermore, Fig. 3 il-
lustrates zero-shot generalization to OOD scenarios, yield-
ing a +5.8% SR gain on AmbiK [1] safety tasks and a
+6.14 macro-F1 increase on CLARA [4]. These results in-
dicate that failure-aware synthetic trajectories enable com-
pact models to match proprietary system performance for
on-device deployment.

4. Conclusion
We presented FAST-PLAN, a scalable, annotation-free,
failure-driven framework that transforms open-source LLM
planning mistakes into high-quality supervised fine-tuning



Figure 1. Overview of the FAST-PLAN data generation and validation pipeline. Phase 1 deterministically samples AI2-THOR task
configurations and synthesizes symbolic task tuples, defining the target object, destination, scene context, and gold plan. Phase 2 converts
these tuples into ambiguous linguistic instructions, resolves entities, generates candidate robot plans, and validates them through grounding
checks and critic-based failure diagnosis. Invalid plans are rejected or sent for replanning with feedback, while grounding-verified plans
are retained as high-quality SFT training data.
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Figure 2. REI-Bench Success Rates. Our approach significantly
outperforms all prompting baselines across models.

signals Fine-tuning Llama-3.2-1B-Inst., Llama-3.2-3B-
Inst., and Qwen3-4B-Inst. on synthesized trajectories
yields 94 to 96% success rates on REI-Bench, achieving
a 50 percentage point improvement over advanced prompt-
ing baselines Crucially, these models exhibit strong zero-
shot transfer to CLARA (+6.14 macro-F1) and AmbiK
(+5.8 on safety-critical categories), confirming that the
improvements reflect genuine disambiguation competence.
By eliminating dependence on frontier API-based models,
FAST-PLAN enables privacy-preserving, on-device deploy-
ment without recurring API inference cost, lowering barri-
ers to accessible robotic assistance These results establish
that LLM fragility under human-like ambiguity is funda-
mentally a training data problem, and FAST-PLAN offers a
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Figure 3. Out-of-domain results comparing base and SFT models.
AmbiK denotes success rate (%); CLARA denotes macro-F1 (%).
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