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Abstract

While Large Language Models (LLMs) have demonstrated impressive high-level reasoning
capabilities, their deployment in embodied decision-making tasks remains hindered by a
lack of standardized, diagnostic evaluations. We present a retrospective on the NeurIPS
2025 Embodied Agent Interface Challenge, which systematically benchmarked LLMs across
four critical reasoning modules: goal interpretation, subgoal decomposition, action sequenc-
ing, and transition modeling. Hosted on the BEHAVIOR and VirtualHome simulators, the
competition departed from traditional, binary task-success metrics. Instead, it leveraged
Linear Temporal Logic (LTL) to evaluate alternative viable trajectories and introduced fine-
grained metrics to pinpoint specific failures, such as affordance violations, hallucinations,
and missing preconditions. The competition attracted significant engagement globally,
with 58 registered teams developing diverse solutions. An analysis of the winning and most
innovative submissions reveals a clear trend: while hybrid neuro-symbolic pipelines and
test-time compute significantly enhance trajectory feasibility, spatial relationship modeling
remains a pervasive bottleneck for current LLMs. In this report, we detail the competition
design, summarize the top-performing methodologies, and present key lessons learned to
guide the future development of robust, interpretable embodied AI systems.

Keywords: Embodied Decision Making, Embodied Agents, Reasoning and Planning,
Physical State Change, Large Language Models (LLMs)

1. Introduction

Large Language Models (LLMs) have demonstrated remarkable capabilities in zero-shot
reasoning, tool use, and high-level task planning (Huang et al., 2022a; Yao et al., 2023;
Kojima et al., 2022; Hao et al., 2023; Schick et al., 2023; Shen et al., 2023). Over the past few
years, a surge of research has attempted to harness these capabilities for embodied agents,
utilizing LLMs to translate human instructions into robot policies (Ahn et al., 2022; Huang
et al., 2022b; Brohan et al., 2023; Huang et al., 2023; Singh et al., 2023; Liang et al., 2023),
guide open-ended exploration (Wang et al., 2023a,b,c, 2024; Li et al., 2025), and leverage
environment feedback for iterative replanning (Huang et al., 2022c; Liu et al., 2023b; Rana
et al., 2023; Shinn et al., 2023; Skreta et al., 2024; Mei et al., 2024). However, deploying
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Figure 1: We formalize and standardize the evaluation of LLMs for embodied decision-
making within a Markov Decision Process (MDP) framework.

these models as embodied agents in physical or simulated environments remains profoundly
challenging. While LLMs excel at generating plausible, human-like text, they frequently
struggle to ground their reasoning in the physical constraints of the real world (Bisk et al.,
2020; Cherian et al., 2024; Ghaffari and Krishnaswamy, 2024). For instance, an LLM might
generate a flawless textual recipe for cooking a meal but fail to recognize that a robot
cannot grasp an object inside a closed refrigerator without first opening the door, or it may
struggle with spatial relationships and geometric reasoning (Liu et al., 2023a).

Despite the growing intersection of natural language processing and robotics, progress is
hampered by a lack of diagnostic evaluation frameworks. Existing embodied AI bench-
marks (Anderson et al., 2018; Savva et al., 2019; Shridhar et al., 2020; Deitke et al., 2020;
Padmakumar et al., 2022) typically evaluate systems end-to-end, relying heavily on a binary
task success rate. Even more recent benchmarks aimed specifically at LLM planners (Deng
et al., 2023; Valmeekam et al., 2023; Xie et al., 2024; Liu et al., 2024; Zhou et al., 2024;
Qin et al., 2024; Choi et al., 2024) often focus solely on the final action sequence genera-
tion without diagnosing the underlying planning logic. When an agent fails to complete a
long-horizon task, a single success metric obscures the root cause of the failure: Did the
model misinterpret the human instruction? Did it fail to break the goal down into viable
subgoals? Did it hallucinate an object that does not exist in the scene? Or did it violate
basic physical affordances? Without granular feedback, researchers are left in the dark
about how to selectively improve LLM reasoning.

To address these limitations, we organized the NeurIPS 2025 Embodied Agent In-
terface Challenge. The primary scientific objective of this competition was to answer
fundamental questions about LLM capabilities: How do LLMs reason under embodiment
constraints, where exactly do they fail, and how can we systematically evaluate and improve
their modular capabilities?
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Figure 2: Four evaluated ability modules in the EAI Challenge.

Building upon the framework proposed in the Embodied Agent Interface (Li et al.,
2024), we standardized the evaluation of embodied decision-making using a Markov De-
cision Process (MDP) formulation as shown in Figure 1. The challenge decomposed the
planning problem into four critical, testable modules: Goal Interpretation, Subgoal
Decomposition, Action Sequencing, and Transition Modeling.

To ensure rigorous and scalable evaluation, the competition was hosted across two diverse
simulation environments: VirtualHome (Puig et al., 2018), which emphasizes high-level
symbolic planning in household scenarios, andBEHAVIOR (Srivastava et al., 2022), which
features complex, temporally extended goals grounded in realistic physics. A core novelty
of this competition was the use of Linear Temporal Logic (LTL) (Pnueli, 1977) to for-
malize both state-based and temporally dependent goals. Unlike rigid sequence matching,
LTL allows the evaluation pipeline to recognize and reward alternative, valid paths to task
completion. Furthermore, we introduced fine-grained evaluation metrics that automati-
cally categorize reasoning errors, providing an unprecedented level of diagnostic feedback
to participants.

In this retrospective report, we summarize the outcomes of the NeurIPS 2025 Embod-
ied Agent Interface Challenge, highlight key lessons learned, and outline promising
directions for future research in the embodied AI community.

2. Competition Design: Data, Tasks, and Baselines

The core design philosophy of the Embodied Agent Interface Challenge was to
move away from monolithic, end-to-end evaluations. Instead, we formulated embodied
decision-making as a standardized, modular Markov Decision Process (MDP). This allowed
us to isolate, evaluate, and diagnose specific reasoning abilities of LLMs using fine-grained
metrics.

2.1. Task Formulation and Interface

We defined an embodied decision-making problem as a tuple ⟨U ,S,A, g, ϕ, ā⟩, representing
objects, states, actions, goals, subgoals, and action trajectories, respectively. Within this
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framework, participants were tasked with developing or fine-tuning models to solve one or
more of the following four ability modules shown in Figure 2:

• Goal Interpretation (G): Given an initial state s0 and a natural language instruc-
tion lg, the model must output a formal goal specification g in Linear Temporal Logic
(LTL) (Pnueli, 1977).

• Subgoal Decomposition (Φ): Given s0 and an LTL goal g, the model generates a
temporally ordered sequence of intermediate LTL subgoals ϕ̄ = {ϕi}ki=1.

• Action Sequencing (Q): Given s0, goal g, and a transition model M, the LLM acts
as a planner to generate an executable action sequence ā = {ai}ni=1.

• Transition Modeling (T ): Given s0, g, and an action operator o, the model predicts
the preconditions and post-effects ⟨pre, eff⟩ in PDDL (Planning Domain Definition Lan-
guage) format (McDermott et al., 1998).

2.2. Datasets and Simulators

The competition utilized two complementary simulation environments to ensure diverse and
robust evaluation:

• VirtualHome (Puig et al., 2018): Emphasizes high-level symbolic planning in diverse
household scenarios. Tasks in VirtualHome have an average action sequence length of
8.76 steps, requiring broad semantic understanding of everyday objects.

• BEHAVIOR (Srivastava et al., 2022): Features low-level manipulation tasks grounded
in realistic physics. BEHAVIOR tasks are significantly longer (averaging 14.6 steps) and
contain complex, quantified goal conditions expressed in the BEHAVIOR Domain Defi-
nition Language (BDDL).

Validation Holdout

#task instruction 438 4745
#goal 1474 3204
- #state 493 1360
- #relation 819 1196
- #action 162 648

#trajectory 438 4745
- #step 4420 11840
- avg. step 10.09 8.76

Table 1: Dataset statistics.

To prevent data contamination, we
split the dataset into a publicly re-
leased validation set used during the
Development Phase and a hidden test
set used for the Final Evaluation
Phase. The hidden test set included
six newly annotated scenarios built ex-
clusively for this competition, com-
prising 4,745 held-out task instruc-
tions, over 3,200 LTL goals, and nearly
12,000 action steps.

2.3. Fine-Grained Evaluation Metrics

A major contribution of this challenge was the introduction of LTL to evaluate alternative
trajectories and fine-grained metrics to capture specific reasoning bottlenecks:

• Goal Evaluation: Evaluated via an F1 logic matching score, assessing whether gener-
ated LTL predicates accurately capture State Goals (e.g., is open), Relation Goals (e.g.,
next to), and Action Goals (e.g., touch).
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• Trajectory Feasibility: Used a simulated environment checker to detect both Grammar
Errors (parsing failures, hallucinated objects) and Runtime Errors. Runtime errors were
further categorized into Missing Steps, Additional Steps, Wrong Order, and Affordance
Violations (e.g., trying to grasp an un-grabbable object).

• Transition Logic Accuracy & Planner Success: For transition modeling, models
were scored using bipartite graph matching on predicted PDDL logic forms, followed by a
Planner Success Rate metric which tested if a symbolic planner could successfully utilize
the LLM-generated rules.

2.4. Baselines and Starter Kit

To lower the barrier to entry and establish competitive performance ceilings, the orga-
nizing team provided a comprehensive starter kit1 with detailed instructions2. The kit
included data loaders, the local evaluation API, prompt templates, and sample submissions
generated by the Qwen3-14B model (Yang et al., 2025). During our preliminary baseline
testing, we observed a wide spread in capabilities. For instance, among proprietary models,
o1-preview (OpenAI, 2024) established the highest average performance baseline (74.9% on
BEHAVIOR), demonstrating strong capabilities in test-time reasoning for subgoal decom-
position and action sequencing. Claude-3.5-Sonnet (Anthropic, 2024) showed particular
strength in goal interpretation. Among open-weight baselines, Llama-3-70B (Llama Team
et al., 2024) and Mixtral-8x22B (Mistral AI, 2024) proved highly competitive but strug-
gled severely with spatial relation transitions and long-horizon affordance tracking. These
baselines provided reference points that participants were challenged to surpass through
innovative methods.

3. Participation Statistics and Organization

To ensure a seamless, accessible, and rigorous competition, the challenge was hosted on the
EvalAI platform3 (Yadav et al., 2019) to encourage broad participation while mitigating
risks of data contamination and leaderboard overfitting.

Demographics. The challenge attracted substantial interest from the natural language
processing, computer vision, and robotics communities. In total, 342 participants from 24
countries or regions registered for the competition, forming 58 active teams. The participant
pool exhibited a balanced composition, with 76% affiliated with academic institutions and
24% from industry research laboratories.

Engagement. To facilitate communication and collaboration, the organizing committee
maintained an active Slack workspace4 for announcements, discussions, and issue tracking.
Over the course of the competition, more than 4,500 submissions were evaluated across the
four ability modules, reflecting the intensive iterative development efforts of participating
teams, particularly those achieving top performance.

4. Winning Solutions and Innovative Approaches

1. https://drive.google.com/file/d/1d-SfGfp109NjRVhY8tFWrNu_KyWpLJbB/view?usp=sharing
2. https://neurips25-eai.github.io/participate
3. https://eval.ai/web/challenges/challenge-page/2621/overview
4. https://join.slack.com/t/eaichallengen-xzk8506/shared_invite/zt-3cm0dms1t-tvylNsamaZQgC03k0kBB9g
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Model

Goal Interpretation Action Sequencing Subgoal Decomposition Transition Modeling Average Perf.

F
1

Task SR Execution SR Task SR Execution SR F
1

Planner SR Module SR

V B V B V B V B V B V B V B V B

AxisTilted2 65.4 99.6 82.6 98.0 94.3 99.0 78.7 97.0 91.2 98.0 100.0 100.0 99.8 99.0 81.7 98.5

SingaX 64.5 86.2 81.9 85.0 92.0 91.0 79.3 79.0 89.1 86.0 99.5 98.9 99.9 99.0 81.4 87.3

CtrlAct 48.2 83.2 71.6 85.0 83.6 96.0 73.3 96.0 89.9 96.0 95.1 97.7 97.8 97.0 72.4 90.4

nju-lamda12 57.9 85.0 73.5 81.0 84.9 91.0 74.7 80.0 86.6 88.0 98.8 99.8 99.9 99.0 76.4 86.3

Gemini-2.5-Pro* 37.8 85.4 67.6 72.0 81.9 80.0 71.3 59.0 88.3 65.0 45.1 58.1 91.0 96.0 61.2 73.4

Table 2: Final evaluation results of winning teams. * denotes the zero-shot baseline.
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Figure 3: The overwhelming majority of mod-
els cluster beneath this line, highlighting the
systematic difficulty gap of VirtualHome.

The challenge received a diverse array of
submissions, ranging from fully autonomous
closed-loop agents to highly optimized, dis-
tilled lightweight models. A recurring
theme across the top submissions was the
recognition that frontier LLMs do not lack
general knowledge, but rather fail due to
a human-simulator mismatch, a failure to
adhere to strict physical constraints, for-
matting rules, and implicit state dependen-
cies. To bridge this gap, the winning teams
employed techniques spanning evaluator-
guided distillation, iterative prompt induc-
tion, linguistic rule enforcement, and test-
time reflection.

4.1. First Place: Evaluator-Guided
LLM Distillation (Team AxisTilted2)

Team AxisTilted2 (Pradeep and Sreekala, 2025) secured first place by demonstrating that
small, task-specialized open-source models can match or outperform frontier LLMs when
trained on high-quality, evaluator-verified data. Their approach treated each EAI mod-
ule as a supervised sequence-to-sequence task, utilizing a two-stage “evaluator-in-the-loop”
distillation pipeline.

Evaluator-in-the-Loop Data Construction. Instead of relying solely on ground-truth
annotations, the team generated synthetic training data using a cyclic refinement process.
A frontier model (e.g., GPT-5-mini) generated an initial candidate output (such as an action
sequence or subgoal list). This output was then scored by the official EAI local evaluator. If
the evaluator returned errors (e.g., missing preconditions, affordance violations), the error
log was appended to the prompt, and the model was asked to refine its answer. This process
was repeated up to eight times, yielding a highly robust dataset of prompts and verified
correct responses.

Specialized Distillation and Scaffolding. Using the curated data, the team fine-tuned
various Qwen3 models using QLoRA (Dettmers et al., 2023). Their results revealed a
striking difference between the two simulator environments:

• BEHAVIOR: Because BEHAVIOR tasks are strictly bounded, a remarkably small Qwen3-
0.6B model, fine-tuned on compact prompt templates, nearly saturated the benchmark
(achieving 98.0% task success on Action Sequencing and 99.5% on Transition Modeling).
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• VirtualHome: Due to higher semantic diversity and longer horizons, VirtualHome re-
quired larger models and advanced scaffolding. The team fine-tuned a Qwen3-32B model
using Domain Adaptation (Gururangan et al., 2020) and Cross-Task Learning (Pfeiffer
et al., 2020). Furthermore, they introduced a learned LLM-as-an-evaluator, a Qwen3-32B
model explicitly trained on the trajectory of corrections from the data generation phase
to judge and refine candidate outputs at inference time.

AxisTilted2’s success proved that carefully internalizing the evaluator’s implicit criteria via
Supervised Fine-Tuning (SFT) (Ouyang et al., 2022) is vastly more compute-efficient at
inference time than complex agentic scaffolding. Their code and models are available on
GitHub5,6,7 and HuggingFace8.

4.2. Second Place: Iterative Prompt Induction (Team SingaX)

Figure 4: Iterative Prompt Induction Frame-
work proposed by SingaX.

Team SingaX (Niu et al., 2025) took a
training-free approach, achieving second
place by focusing on automated prompt
optimization and multi-model consensus.
Their core insight was that LLM reasoning
failures are highly systematic and can be
preemptively avoided by injecting explicit
“safeguards” derived from historical error
logs into the system prompt.

Safeguard Generation via Prompt In-
duction. The team developed an iterative
prompt induction framework illustrated in Figure 4. During the development phase, base-
line solutions were evaluated using the EAI local verifier to generate detailed JSON error
logs. These logs were fed into a secondary “Safeguard Generation LLM” utilizing GPT-5.
This meta-agent was tasked with synthesizing high-level, generalizable rules from the spe-
cific failures. For example, if the logs showed frequent affordance errors regarding closed
containers, the Safeguard LLM generated the rule: “If CLOSED: OPEN before interacting”.
These guardrails were then injected into the system prompt for the primary answering LLM.
This method successfully prevented the model from repeating known logical inconsistencies
without requiring weight updates.

Multi-Model Best-of-N (BoN). To further enhance robustness, SingaX deployed a het-
erogeneous Best-of-N strategy. Rather than oversampling a single model, they queried three
distinct model families (Qwen, Gemini, and GPT) using the safeguard-optimized prompts.
This created a diverse candidate pool. A strong LLM verifier was then prompted to score
each candidate based on syntactic validity, environment constraints, and goal plausibil-
ity. By selecting the highest-scoring candidate across different model families, the team
effectively mitigated the correlated failure modes typically seen in single-model sampling.

4.3. Third Place: Linguistic Guidance and Domain Alignment (Team CtrlAct)

5. https://github.com/CinnamonRolls1/inference-central
6. https://github.com/CinnamonRolls1/eai-extractor
7. https://github.com/spsanps/eai-experiments
8. https://huggingface.co/AxisTilted2
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Figure 5: The action generation pipeline proposed by CtrlAct.

Team CtrlAct (Xiao et al.,
2025) secured third place
by systematically decom-
posing the embodied plan-
ning pipeline into linguis-
tic grounding and proce-
dural reasoning, applying
targeted interventions to
each component.

Rule-Based Linguistic Guidance. CtrlAct observed that errors in Goal Interpretation
frequently stemmed from linguistic ambiguity rather than poor spatial reasoning. Through
error analysis, they designed rule-based linguistic prompts to handle edge cases, such as
distinguishing between telic and atelic verbs (e.g., recognizing that the instruction “wash
clothes” does not necessarily entail the end state “clothes are clean” depending on task
boundaries). By explicitly mapping surface linguistic forms to the structured task ontology
in the prompt, they significantly reduced hallucination and misinterpretation errors.

Domain Alignment vs. Planning. For procedural tasks, the team contrasted Supervised
Fine-Tuning (Ouyang et al., 2022) with PPO (Schulman et al., 2017) and Activation Steer-
ing (Zou et al., 2023). They found that SFT was highly effective for Transition Modeling
where the model learns static domain-specific knowledge, achieving near-perfect accuracy
with minimal data. However, for long-horizon planning, SFT improvements were marginal.

Crucially, CtrlAct reported that applying RL and Activation Steering degraded sequential
reasoning performance. RL destabilized the model’s temporal ordering, indicating that sim-
ple reward-shaping is insufficient for the complex causal dependencies of realistic embodied
planning. Instead, they relied heavily on a standard Best-of-N oversampling strategy, which
proved highly effective for the Action Sequencing module, raising success rates from 79%
to 85% simply by scaling inference compute. Their code is available on GitHub9.

4.4. Most Innovative Approach: Re2 Agent (Team nju-lamda12)

The Most Innovative Approach award was granted to Team nju-lamda12 (Chen et al., 2025)
for their Reflective and Re-execution (Re2) Agent. While other teams primarily used
the local evaluator offline to generate synthetic training data or tune prompts, nju-lamda12
built a closed-loop, interactive agent architecture that mimics trial-and-error learning during
task execution, as shown in Figure 6.

Knowledge-Driven Prompting and Checklists. The Re2 Agent initializes with a
strong knowledge-driven prompt. For Subgoal Decomposition, they introduced a “Critical
Preconditions Checklist” that forces the LLM to explicitly check container accessibility, tool
activation, and instrument requirements before proposing a step.

Reflection and Re-execution. The core innovation lies in the agent’s interactive loop.
Upon generating a candidate action sequence, the agent simulates execution. If an error
occurs (e.g., a missing precondition), the agent receives the environmental feedback, enters
a Reflection phase to abstract the failure into a temporal logic rule, and Re-executes the
task with the newly injected constraint. For instance, in Transition Modeling, their verifier-

9. https://github.com/omics-ai/ctrlact
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Figure 6: The Re2 Agent framework proposed by nju-lamda12.

corrector explicitly repairs illegal quantifications (e.g., swapping exists for forall) and
prunes hallucinated objects on the fly.

By dynamically balancing environmental feedback with task constraints, the Re2 Agent
achieved an impressive 86.35% overall score on the BEHAVIOR benchmark. This approach
successfully highlighted the necessity of moving beyond static, single-shot prompting toward
agents capable of autonomous, online error recovery. Their code is available on GitHub10.

5. Lessons Learned

The NeurIPS 2025 Embodied Agent Interface Challenge provided a rigorous test-
ing ground for evaluating how Large Language Models handle physical constraints, causal
dependencies, and spatial reasoning. By analyzing the successes and failures across all par-
ticipating teams, several critical lessons emerged for the broader embodied AI community.

Test-Time Compute is Essential for Embodied Planning. A consensus across the
top submissions is that LLMs are inherently weak at single-shot, autoregressive planning
over long horizons. However, they are exceptionally strong at verifying plans and reflecting
on errors. Teams that utilized test-time compute, such as multi-model Best-of-N sampling
(Team SingaX) or interactive reflection and re-execution (Team nju-lamda12), drastically
outperformed those relying on zero-shot generation. The ability to simulate a trajectory,
catch missing preconditions, and iteratively refine the output is now a mandatory paradigm
for reliable embodied reasoning.

10. https://github.com/chenyang126/Re-2-Agent
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Environment’s Physics Should Be a Center Focus of Finetuning. Team AxisTilted2
demonstrated that massive parameter counts are not necessary for embodied planning if
the model is fine-tuned on high-quality, evaluator-verified data. A 0.6B parameter model
successfully saturated the BEHAVIOR benchmark modules by internalizing the simulator’s
specific constraints. However, as Team CtrlAct noted, Supervised Fine-Tuning is highly
effective for domain knowledge (e.g., Transition Modeling) but scales poorly to complex,
dynamic planning (e.g., Subgoal Decomposition), where test-time search remains superior.

The Human-Simulator Mismatch Requires Explicit Safeguards. LLMs are trained
on human text, which relies heavily on conversational implicature. A human-level instruc-
tion says “put the milk in the fridge”, omitting the steps such as “walk to the fridge”, “open
the door”, and “ensure your hand is free”. Simulators and real-world robots, however, re-
quire these explicit intermediate steps. Teams found that injecting explicit safeguards and
physical checklists into the system prompt effectively forced the LLMs to bridge this se-
mantic gap, drastically reducing affordance and missing-step errors.

Standard Language-Centric Alignment Techniques Struggle in Embodied Con-
texts. Methods that traditionally improve standard NLP benchmarks such as naive RL via
reward shaping or Activation Steering frequently degraded performance in embodied tasks.
Team CtrlAct found that RL interventions often destabilized temporal coherence and pre-
condition ordering. This suggests that the causal dependencies in physical environments are
too complex for simple scalar reward signals, necessitating richer, hierarchical supervision
or structured symbolic feedback.

6. Future Challenges and Improvements

While the competition revealed major advances in symbolic embodied reasoning, it also
exposed the limits of current paradigms. Pushing toward truly generalist robotic agents
will require future benchmark iterations to address the following challenges.

From Abstract Symbols to Multimodal Inputs. The current Embodied Agent
Interface operates on text-based, object-centric abstractions (e.g., a JSON list of scene
objects and relations). Real-world deployment requires agents to perceive the environ-
ment directly. The next evolution of this challenge must integrate Vision-Language Models
(VLMs) and Vision-Language-Action (VLA) architectures, requiring agents to interpret raw
egocentric visual streams, ground semantic concepts in pixels, and maintain spatial memory
without relying on an oracle state text prompt.

Transitioning to Continuous Control. Currently, the action space consists of discrete,
symbolic operations (e.g., GRASP(apple)). To bridge the sim-to-real gap, the interface must
evolve to support continuous kinematic control. Future tasks should evaluate whether an
LLM/VLM can output parameter-rich action primitives (e.g., 7-DoF end-effector poses) or
successfully orchestrate a low-level continuous control policy.

Handling Stochasticity and Noisy Environments. The current simulators execute
valid symbolic actions with 100% success. In reality, actions fail probabilistically in sce-
narios such as objects slipping, doors jamming, and navigation paths becoming obstructed.
Future benchmarks must introduce environmental stochasticity, testing an agent’s ability
to monitor its own execution, recognize physical failures, and dynamically replan on the fly
without user intervention.
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