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ABSTRACT

Large language models excel at abstract reasoning but their capacity for em-
bodied agent reasoning remains largely unexplored. We present OmniEAR,
a comprehensive framework for evaluating how language models reason about
physical interactions, tool usage, and multi-agent coordination in embodied tasks.
Unlike existing benchmarks that provide predefined tool sets or explicit collabo-
ration directives, OmniEAR requires agents to dynamically acquire capabilities
and autonomously determine coordination strategies based on task demands.
Through text-based environment representation, we model continuous physical
properties and complex spatial relationships across 1,500 scenarios spanning
household and industrial domains. Our systematic evaluation reveals severe
performance degradation when models must reason from constraints: while
achieving 85-96% success with explicit instructions, performance drops to 56-
85% for tool reasoning and 63-85% for implicit collaboration, with compound
tasks showing over 50% failure rates. Surprisingly, complete environmental
information degrades coordination performance, indicating models cannot filter
task-relevant constraints. Fine-tuning improves single-agent tasks dramatically
(0.6% to 76.3%) but yields minimal multi-agent gains (1.5% to 5.5%), exposing
fundamental architectural limitations. These findings demonstrate that embodied
reasoning poses fundamentally different challenges than current models can
address, establishing OmniEAR as a rigorous benchmark for evaluating and
advancing embodied AI systems.

1 INTRODUCTION

Large language models have achieved remarkable success in complex reasoning tasks(Brown et al.,
2020; Wei et al., 2022), yet their ability to reason about embodied environments remains poorly
understood. In embodied tasks, agents must understand how object properties affect what actions
are possible, recognize when their capabilities are insufficient for a task, and determine when
collaboration becomes necessary (Ahn et al., 2022; Wu et al., 2023). These reasoning abilities
fundamentally differ from abstract problem-solving, as they require understanding the physical
principles that govern real-world interactions.

Current evaluation approaches fail to capture this embodied reasoning complexity. Existing
benchmarks model environments through discrete states like open/closed doors or picked/placed
objects (Shridhar et al., 2020; Puig et al., 2018), overlooking continuous properties such as weight,
temperature, or material composition that determine action feasibility. Tool usage evaluations
typically provide fixed action sets (Chang et al., 2024; Huang et al., 2022), missing how agents
should reason about capability gaps. Multi-agent benchmarks rely on explicit collaboration
instructions or efficiency metrics (Kang et al., 2025; Zhang et al., 2024), rather than examining
whether agents can recognize when tasks exceed individual abilities. This evaluation paradigm
cannot assess understanding of embodied principles.

The core challenge is that real-world embodied reasoning emerges from understanding environ-
mental realities and task requirements. When objects are too heavy for single agents, collaboration
naturally becomes necessary. When tasks require manipulating materials beyond native capabilities,
tools provide the solution. When spatial layouts limit individual reach, coordinated action enables
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First, I need to get the USB drive. Then, plug it into the laptop. After that, 
find the files on the laptop and copy them to the USB drive. That should 
do it. Let's start by locating the USB drive.

I'm Agent #1 with a workload of 
30. The 50-weight spool is on the 
table, and my task is to move it to 
the belt. I tried the CORP_Grab 
Spool action, thinking I could 
manage. But it failed. So, I'll 
cooperate with Agent #2 to place 
the spool on the conveyor belt.
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has 3, Tube 2 has 9, Tube 
3 has 5. 9 is the biggest, 
so Tube 2 has the most 
obvious precipitate. I 
should shake it.

Embodied Task

L1

L2

L3

L1

L2
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Figure 1: Overview of the OmniEAR framework comprising three integrated components: EAR-
Sim (left) uses structured text representation to model environments with objects, agents, and spatial
relationships, enabling dynamic tool-capability binding and physics-constrained collaboration;
EAR-Bench (right) presents our comprehensive evaluation matrix spanning single-agent and multi-
agent tasks across increasing cognitive complexity levels.

task completion (Zeng et al., 2022; Wang et al., 2023). Current benchmarks rely on static tool sets
and explicit collaboration instructions, preventing assessment of how models reason about capability
acquisition and coordination needs based on task requirements.

We introduce OmniEAR, a comprehensive framework for evaluating agent reasoning in embodied
tasks. Our key insight is that embodied reasoning requires understanding how physical properties
shape possible actions, how capability limitations necessitate tools, and how task demands drive
collaboration.

By designing scenarios where agents must dynamically acquire capabilities and autonomously
determine coordination strategies based on task requirements, we can assess whether models
genuinely comprehend the principles governing embodied interactions.

OmniEAR employs text-based environment representation to efficiently model rich physical proper-
ties while enabling large-scale evaluation. The framework comprises three integrated components:
EAR-Sim captures detailed object attributes and spatial relationships while supporting dynamic
capability evolution through tool acquisition; an automated pipeline generates diverse scenarios
where task solutions naturally depend on understanding embodied principles; and EAR-Bench
provides systematic evaluation through 1,500 scenarios across household and industrial domains.

Our evaluation focuses on three core aspects of embodied reasoning. First, we assess how agents
reason about object properties like weight, material, and temperature when determining feasible
actions, requiring comparison and inference about continuous attributes. Second, we examine
whether agents recognize when tasks demand capabilities beyond their current abilities and plan
appropriate tool acquisition. Third, we evaluate autonomous coordination decisions, testing whether
agents identify when task requirements exceed individual capacities without explicit collaboration
instructions. These capabilities reflect fundamental aspects of embodied intelligence.

Systematic evaluation reveals fundamental gaps in current models’ embodied reasoning abilities.
While achieving 85-96% success on explicit instructions, performance degrades sharply when
reasoning must emerge from physical constraints. Tool reasoning drops to 56-85% when models
must infer capability needs, and implicit collaboration falls to 63-85% compared to 88-92% with
explicit coordination. Compound tasks show the steepest decline, with failure rates exceeding 50%.
Paradoxically, complete environmental information harms coordination performance, suggesting
models cannot filter task-relevant from irrelevant constraints. Even reasoning-specialized models,
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which excel at logical planning, fail to ground physical constraints effectively, demonstrating that
current architectures lack the mechanisms necessary for autonomous embodied decision-making.

Our analysis uncovers important patterns in model capabilities. Smaller models cannot maintain the
planning state necessary for multi-step reasoning about tools and coordination. Reasoning models
excel at logical planning but struggle to ground abstract concepts in concrete physical properties.
While supervised fine-tuning improves single-agent performance, these gains fail to transfer to
multi-agent scenarios, suggesting that coordination reasoning requires architectural capabilities
beyond current training approaches.

In summary, our contributions are:

• We present OmniEAR, a framework that evaluates embodied reasoning through scenarios
requiring agents to understand how physical properties determine actions, capabilities, and
coordination needs, addressing fundamental gaps in current evaluation methods.

• We develop EAR-Bench, a benchmark of 1,500 scenarios with continuous physical
properties and dynamic capabilities, supported by EAR-Sim and an automated generation
pipeline.

• We provide empirical evidence that current language models lack core embodied reasoning
capabilities, with performance degrading over 60% when moving from explicit instructions
to embodied reasoning, revealing critical requirements for advancing embodied AI.

2 RELATED WORKS

Prior embodied benchmarks have made significant contributions to task evaluation but differ
fundamentally in their approach to physical reasoning and collaboration. While ALFRED (Shridhar
et al., 2020) and BEHAVIOR-1K (Li et al., 2024a) provide extensive task coverage, they model
physical states through discrete representations (e.g., binary door states, picked/placed objects)
rather than continuous attributes necessary for reasoning about weight, temperature, or material
properties. Tool usage evaluation spans from low-level manipulation in RoCo (Mandi et al.,
2024) to high-level planning in PARTNR (Chang et al., 2024), yet both maintain static action
spaces determined at initialization, preventing assessment of dynamic capability acquisition.
Recent multi-agent benchmarks including TDW-MAT (Zhang et al., 2024) and EmbodiedBench
(Yang et al., 2025) advance collaboration evaluation through load constraints and task allocation
optimization, but rely on explicit task division instructions or efficiency-driven participation rather
than collaboration that emerges from physical constraints. In contrast, OmniEAR introduces
continuous property reasoning with 6,381 distinct attributes, dynamic tool-capability binding that
expands action spaces during execution, and implicit collaboration where agents must autonomously
recognize when tasks exceed individual capacities based on physical constraints, fundamentally
shifting evaluation from instruction compliance to constraint-based reasoning. A comprehensive
comparison with related work is provided in Appendix 6.1.

3 FRAMEWORK

We present OmniEAR, a comprehensive framework for evaluating agent reasoning in embodied
tasks. Our framework addresses the fundamental challenge of assessing whether language models
understand embodied principles. We achieve this through three key design principles: (1) tasks
must require reasoning about physical properties and constraints rather than following explicit
instructions, (2) agent capabilities should dynamically evolve based on tool acquisition rather than
remaining static, and (3) collaboration needs should emerge from task requirements rather than
predetermined protocols.

3.1 TASK DESIGN AND FORMALIZATION

Environment Representation. We formalize embodied environments as directed graphs Gt =
(Vt, Et, At) that capture the essential structure of physical spaces. The node set Vt encompasses
three entity types: spatial nodes representing rooms and areas, object nodes for interactive items,
and agent nodes for autonomous entities. Each node maintains an attribute dictionary At storing
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continuous physical properties such as weight, temperature, material composition, and geometric
dimensions. The edge set Et encodes spatial relationships through static containment relations (e.g.,
“in”, “on”) and dynamic proximity relations Enear that track which objects fall within an agent’s
interaction range. This graph representation enables efficient reasoning about spatial constraints
while avoiding the computational overhead of continuous 3D simulation.

Task Formalization. Each evaluation task is defined as a tuple T = (Sinit, I, Ggoal,Atask), where
Sinit specifies the initial environment state, I provides the natural language instruction, Ggoal
defines success conditions through logical predicates, and Atask identifies participating agents. The
evaluation objective is to assess whether agents can generate an action sequence Π = (π1, . . . , πT )
that transforms the environment from Sinit to a terminal state Sfinal satisfying all predicates in Ggoal.
This formalization captures both the planning and execution aspects of embodied reasoning.

3.2 HIERARCHICAL TASK TAXONOMY

Our evaluation framework organizes tasks along two orthogonal dimensions: agent configuration
(single vs. multi-agent) and cognitive complexity (L1: basic, L2: intermediate, L3: advanced). This
structure enables systematic assessment of how reasoning capabilities scale with task demands.

Single-Agent Tasks. Single-agent scenarios (|Atask| = 1) isolate individual reasoning capabilities
across three complexity levels. At the basic level, Direct Command tasks require straightforward
instruction following, such as “place cup#1 on table#1,” establishing baseline comprehension
abilities. Intermediate complexity introduces two parallel challenges: Attribute Reasoning tasks
require comparing continuous properties to identify targets (e.g., “move the heaviest cup” requires
solving v∗ = argmaxv∈Vcups At(v,weight)), while Tool Use tasks demand recognizing capability
gaps and acquiring right tools. For instance, “clean the table” requires agents to identify that cleaning
actions are unavailable in their base action set Ai, locate cleaning tools, and execute grasp(vtool)
to dynamically expand their capabilities. Advanced Compound Reasoning tasks integrate multiple
challenges, such as “clean the heaviest table,” requiring simultaneous attribute comparison, tool
acquisition, and multi-step planning.

Multi-Agent Tasks. Multi-agent scenarios (|Atask| > 1) evaluate coordination capabilities through
parallel complexity progression. Basic Explicit Collaboration tasks provide clear coordination
directives, such as “Agent A and Agent B cooperate to open the heavy cabinet,” testing fundamental
synchronization abilities. Intermediate Implicit Collaboration removes explicit instructions,
requiring agents to autonomously recognize when tasks exceed individual capabilities. For example,
“move the dining table to the storage room” requires agents to infer that At(vtable,weight) >
Cmax(i) for any individual agent i, necessitating collaborative effort. Advanced Compound
Collaboration combines all elements, such as “cooperatively repair the malfunctioning television,”
demanding tool acquisition, capability assessment, and coordinated execution.

3.3 EAR-SIM: EFFICIENT ENVIRONMENT SIMULATION

State Representation and Updates. EAR-Sim employs text-based environment modeling to
achieve efficient simulation at scale. The graph structure Gt maintains spatial relationships
through topological connections rather than continuous coordinates, eliminating expensive collision
detection while preserving essential spatial constraints. State updates follow an incremental
approach where actions modify only directly affected nodes and edges. For instance, when an agent
executes GOTO(table), the system updates only the relevant proximity relations in Enear rather than
recomputing global spatial relationships.

Dynamic Capability Management. A key innovation in EAR-Sim is the dynamic tool-capability
binding system. Agent actions are partitioned into basic actions (movement, grasping, opening)
available to all agents, and tool-dependent actions (cleaning, heating, repairing) that require specific
tools. Each tool object maintains a capability attribute specifying which actions it enables.
When an agent grasps a tool, the system dynamically binds the associated capabilities to the agent’s
action set. Upon releasing the tool, these capabilities are automatically unbound. This mechanism
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Figure 2: OmniEAR automated benchmark generation and evaluation framework. (a) Four-stage
generation pipeline combining LLMs with rule-based validation: scene generation from internet
corpus, task generation with skill sampling, evaluation logic extraction, and expert trajectory
generation with human validation. (b) EAR-Bench statistics: 1,500 scenarios, 64K objects, 6K
attribute types, spanning diverse domains and material compositions. (c) Balanced task distribution
across seven categories spanning single-agent (Direct Command, Tool Use, Attribute Reasoning,
Compound Reasoning) and multi-agent tasks (Explicit/Implicit/Compound Collaboration).

enables realistic modeling of how agents extend their abilities through tool use, moving beyond the
static action spaces of existing benchmarks.

Emergent Collaboration. EAR-Sim supports collaboration that emerges from physical con-
straints rather than explicit programming. When agents attempt actions on objects whose properties
exceed individual capabilities, the system enables collaboration request mechanisms. For instance,
if an agent attempts to move an object where At(v,weight) > Cmax(agent), it can initiate
collaboration by identifying suitable partners and coordinating joint actions. The system validates
preconditions for all participating agents and maintains consistency throughout collaborative
execution, ensuring realistic multi-agent interactions.

3.4 AUTOMATED BENCHMARK GENERATION

Generation Pipeline. Creating diverse, physically consistent scenarios at scale requires careful
orchestration of neural generation and symbolic validation. As shown in 2, our pipeline operates
in four stages, each combining the creative capabilities of large language models with rule-based
consistency checking. This hybrid approach enables generating thousands of unique scenarios while
maintaining physical realism and task solvability.

Scene and Task Generation. Scene generation begins with semantic seeds extracted from
diverse text sources(Li et al., 2024b), which guide a neural generator gscene in creating structured
environment descriptions. The generator, implemented using high-temperature language models for
diversity, produces initial scenes S0 containing objects, spatial layouts, and agent configurations.
Task generation follows a two-stage process: first, an environment analyzer Cenv extracts feasible
actions based on the scene structure, then a task generator gtask creates instructions anchored in
physical possibilities. This grounding prevents generation of impossible tasks while maintaining
creative diversity.

Evaluation Logic and Trajectories. For each generated task, we automatically derive evaluation
criteria by parsing the instruction and scene to extract minimal state changes required for success.
This produces a goal predicate set Ggoal that serves as an objective success measure. Expert
trajectories are generated using oracle agents with complete environmental knowledge, creating
high-quality demonstrations for each task. These trajectories undergo filtering to remove suboptimal
sequences, providing ideal solutions for comparison and learning.
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Quality Assurance. As shown in Figure 3, generated scenarios undergo a three-stage validation
pipeline. Automated validators check structural consistency and physical feasibility, correcting
87.6% of detected errors. Trained human annotators then verify scenarios against explicit criteria
for instruction clarity, feasibility, and solvability (Cohen’s κ = 0.84). Finally, oracle agents
validate expert trajectories through simulation replay. This rigorous process yielded 1,500 validated
scenarios from 2,100 initial candidates (71.4% acceptance rate). Detailed procedures, annotation
interface, and quality threshold examples are provided in Appendix 6.3.

3.5 BENCHMARK STATISTICS AND COVERAGE

Figure 3: Overview of the Data Quality Assurance Pipeline.
The pipeline consists of three sequential stages: (1) Au-
tomated Validation for rule-based error correction, (2)
Human-in-the-Loop Verification for semantic and physical
feasibility checks, and (3) Expert Trajectory Validation to
ensure genuine solvability via oracle agents.

EAR-Bench encompasses 1,500 sce-
narios across 11 domains including
laboratory (39%), office (19%), in-
dustrial (12%), and medical environ-
ments, containing 64,057 interactive
objects with rich physical proper-
ties. The dataset maintains careful
balance across our task taxonomy:
65% single-agent tasks spanning all
complexity levels, and 35% multi-
agent tasks with emphasis on im-
plicit collaboration scenarios that re-
quire genuine reasoning about co-
ordination needs. With 6,381 dis-
tinct property types and 214 action
types, EAR-Bench provides compre-
hensive coverage of embodied rea-
soning challenges while maintaining
tractable evaluation scope. Detailed statistics are provided in Appendix 6.4.

4 EXPERIMENTS

We systematically evaluate current LLMs on EAR-Bench to assess their physical reasoning
capabilities in embodied tasks. Our experiments examine: (1) How performance degrades when
models must dynamically acquire tools and determine coordination requirements from task contexts,
(2) Whether model scale and architectural choices affect constraint-based reasoning capabilities,
and (3) How environmental information presentation and training approaches impact autonomous
decision-making in embodied scenarios.

4.1 EXPERIMENTAL SETUP

Model Selection. We evaluate nine representative models spanning three architectural paradigms.
Closed-source models include GPT-4o (Hurst et al., 2024) and Gemini-2.5-Flash (Comanici et al.,
2025), representing current commercial state-of-the-art. Open-source foundation models cover a
wide parameter range: Deepseek-V3 (Liu et al., 2024) at 671B parameters, the Qwen2.5 series
(Team, 2024) at 3B, 7B, and 72B parameters, and Llama3.1-8B(Touvron et al., 2023). This selection
enables analysis of how model scale affects embodied reasoning. We also include reasoning-
specialized models: Deepseek-R1 (Guo et al., 2025) and QwQ-32B(Li et al., 2024b), which employ
explicit chain-of-thought reasoning during inference.

Evaluation Protocol. All models undergo identical evaluation to ensure fair comparison. We
implement partial observability where agents must explore environments to discover object locations
and properties, reflecting realistic deployment conditions. Each model completes 2,800 test
scenarios across seven task categories with three independent runs for statistical reliability. We
standardize prompts, environment descriptions, and action vocabularies across all models, with
tool-dependent actions dynamically enabled based on context. This design ensures performance
differences reflect reasoning capabilities rather than implementation artifacts. Detailed experimental
configurations are provided in Appendix 6.8.
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Model

Single-Agent Tasks Multi-Agent Tasks

Direct Tool Attribute Compound Explicit Implicit Compound
Command Use Reasoning Reasoning Collab. Collab. Collab.

SR Step SR Step SR Step SR Step SR Step SR Step SR Step

Closed-source Models

GPT-4o 96.6 12.9 80.0 13.6 77.8 12.3 69.2 14.5 90.0 13.9 77.5 14.4 32.0 22.9
Gemini-2.5-Flash 90.5 11.0 82.3 16.5 56.3 17.5 59.4 20.0 88.5 8.4 85.5 7.1 40.5 16.2

Reasoning-specialized Models

Deepseek-R1 94.1 10.3 85.8 14.1 41.9 12.2 70.6 16.2 92.0 7.4 84.5 9.6 48.5 12.5
QwQ-32B 85.2 10.3 73.4 13.0 44.9 11.0 54.1 13.6 88.0 8.5 84.0 8.3 36.5 19.0

Open-source Foundation Models

Deepseek-V3 91.1 11.2 82.3 15.1 56.3 10.3 67.1 16.0 82.0 9.4 63.0 9.7 36.0 20.2
Qwen2.5-72B 89.7 14.7 56.4 21.7 57.4 17.2 66.7 21.1 56.0 24.1 65.4 15.6 28.6 29.5
Llama3.1-8B 24.9 34.4 8.3 34.6 9.9 34.8 12.4 34.3 4.0 3.5 1.5 2.1 0.0 3.4
Qwen2.5-7B 40.2 24.1 15.4 31.7 22.2 26.6 16.5 30.5 38.5 25.0 13.5 24.1 1.0 27.2
Qwen2.5-3B 0.6 30.5 1.8 31.3 0.6 34.0 2.9 32.9 8.5 20.4 1.5 16.3 0.5 16.8

+ SFT 76.3 15.4 45.0 24.7 33.5 22.8 36.5 24.7 22.5 29.2 5.5 28.3 1.0 27.1

Table 1: Performance across task categories. Success Rate (SR) measures task completion
percentage, Step Count indicates average actions for successful completion. Bold indicates best
in category, underline shows overall best.

Fine-tuning Configuration. To assess whether supervised learning can address reasoning limita-
tions, we fine-tune Qwen2.5-3B on expert trajectories. We collect 1,942 successful demonstrations
from Qwen2.5-72B with complete environmental access, filtering for optimal action sequences. The
resulting 20,346 instruction-action pairs train the model using standard causal language modeling
objectives, testing whether smaller models can learn embodied reasoning patterns from larger
models. Complete hyperparameters are listed in Appendix 6.6.

Deployment Configurations. We evaluate models in two configurations. Single-agent scenarios
test individual reasoning capabilities without collaborative complexity. Multi-agent scenarios
employ centralized coordination where one model controls all agents with complete state visibility,
isolating collaborative reasoning from communication challenges. This design choice allows
us to assess pure multi-agent reasoning capabilities without confounding factors from limited
observability or communication protocols.

4.2 MAIN RESULTS

Table 1 presents comprehensive evaluation results across our task hierarchy. The results reveal
systematic performance patterns that validate our framework design and expose fundamental
limitations in current models.

Task Complexity Hierarchy. Figure 4 reveals systematic performance degradation across our
task hierarchy, with success rates declining from 85.2-96.6% on Direct Commands to 32.0-48.5% on
Compound Collaboration tasks. This consistent pattern confirms that performance differences reflect
reasoning complexity rather than task difficulty alone. Tool Use (73.4-85.8%) requires recognizing
capability gaps from context, while Attribute Reasoning (41.9-77.8%) demands grounding language
in physical properties. Both involve inferring requirements from environmental constraints rather
than following explicit instructions. Notably, Explicit Collaboration outperforms several single-
agent tasks, indicating that reasoning about physical constraints poses greater challenges than multi-
agent coordination when guidance is provided. The severe performance drop in compound tasks
demonstrates that current models cannot integrate multiple constraints simultaneously, supporting
our framework’s focus on autonomous inference from physical context as the key determinant of
embodied reasoning difficulty.
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Figure 4: Performance comparison across task categories demonstrating systematic difficulty
hierarchy and distinct model performance tiers.
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Figure 5: Scaling patterns reveal distinct thresholds for embodied reasoning capabilities. (a)
Direct Command and Tool Use scale sharply with parameters while Attribute/Compound Reasoning
plateau early. (b) Reasoning-specialized models achieve higher success through longer execution
paths.

Model Scale and Reasoning Capabilities. Figure 5a reveals distinct scaling patterns across task
types. While Direct Command performance improves sharply with model size (from near-zero at 3B
to over 90% at 72B), tasks requiring physical constraint reasoning show more complex relationships.
Tool Use exhibits similar steep scaling, suggesting that maintaining multi-step plans for capability
acquisition correlates strongly with model capacity. However, Attribute Reasoning and Compound
Reasoning plateau earlier, with diminishing returns beyond 72B parameters. This differential scaling
indicates that raw parameter count enables better execution and planning but does not necessarily
improve understanding of physical properties.

Table 1 provides further evidence distinguishing execution capability from genuine reasoning.
Reasoning-specialized models like Deepseek-R1 achieve the highest performance on Compound
Collaboration (48.5%) despite lower scores on Attribute Reasoning (41.9%) compared to GPT-
4o (77.8%). This performance inversion suggests these models excel at explicit logical planning
but struggle with grounding abstract properties in physical contexts. The success rate versus
step count trade-off in Figure 5b reinforces this interpretation: reasoning models achieve higher
success through longer, more deliberate execution paths rather than efficient understanding of
constraints. Fine-tuning results provide the clearest evidence that current models lack true embodied
reasoning: while Qwen2.5-3B improves dramatically on single-agent tasks through imitation (0.6%
to 76.3%), multi-agent performance remains negligible (1.5% to 5.5%), indicating that learned
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Figure 6: Performance changes with World Graph enhancement. Tool Use and Attribute Reasoning
benefit substantially, while Implicit Collaboration shows degradation, suggesting information
overload effects.

behaviors cannot generalize to scenarios requiring autonomous assessment of physical constraints
and coordination needs.

4.3 DETAILED ANALYSIS

We conduct analyses to understand the factors driving model performance and identify specific
capability bottlenecks.

Task 3B 7B 72B 671B

w/o w/ w/o w/ w/o w/ w/o w/

Direct Cmd 0.6 11.2 40.2 78.7 89.7 94.1 91.1 95.9
Tool Use 1.8 10.7 15.4 36.1 56.4 84.0 82.3 87.0
Attr. Reas. 0.6 5.4 22.2 29.3 57.4 53.3 56.3 69.5
Comp. Reas. 2.9 11.2 16.5 34.1 64.5 65.9 67.1 68.8

Expl. Coll. 8.5 4.5 38.5 64.0 62.5 80.5 82.0 80.5
Impl. Coll. 1.5 0.5 13.5 9.5 65.4 42.5 63.0 54.0
Comp. Coll. 0.5 0.0 1.0 1.0 28.6 18.0 36.0 31.5

Table 2: Success rates (%) with and without World
Graph enhancement across model scales, revealing
task-specific gains and unexpected drop in implicit
collaboration.

Environmental Representation Impact.
Table 2 and Figure 6 reveal task-specific
effects of structured environmental
knowledge. Tool Use benefits most
significantly (up to 27.7% improvement),
as World Graph transforms spatial search
into direct tool selection. Smaller models
gain more than larger ones, suggesting that
full environmental knowledge compensates
for limited working memory. Conversely,
Implicit Collaboration consistently drops
with World Graph across all model scales.
This counterintuitive pattern indicates that
exploration-based discovery helps models
focus on task-relevant constraints, while
complete information introduces distraction.
The divergent effects across task types
demonstrate that optimal information
presentation depends on reasoning requirements, not information quantity.

Computational Efficiency Trade-offs. Figure 7a identifies three efficiency regimes with distinct
cost-performance profiles. Foundation models achieve moderate performance with minimal tokens
(456-1400), while commercial models trade higher token usage (1817-2457) for improved success
rates. Reasoning models consume up to 12,000 tokens but excel on complex tasks. The efficiency
frontier shifts dramatically between single and multi-agent scenarios: Gemini-2.5-Flash optimizes
single-agent efficiency, but Deepseek-R1 becomes necessary for multi-agent tasks despite 75%
higher costs. This shift reflects the irreducible computational complexity of modeling multiple agent
states and coordination protocols, suggesting no universal optimization exists across task types.

Execution Efficiency Analysis. Figure 8 compares model solutions to expert demonstrations via
Relative Step Ratios (RSR = Lexpert/Lmodel). Single-agent tasks show consistent moderate efficiency
(median RSR 0.40-0.55), while multi-agent tasks exhibit both lower efficiency and higher variance,
reflecting uncertainty in coordination timing and strategy selection. Compound Collaboration

9
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Figure 8: Relative Step Ratio distributions showing execution efficiency compared to expert
trajectories. Multi-agent tasks show both lower efficiency and higher variance than single-agent
tasks.

reveals a striking bimodal distribution: models either adopt simple sequential execution or attempt
complex parallel coordination, with no successful middle strategies. This polarization suggests
current models lack adaptive coordination mechanisms, defaulting to extreme approaches rather
than selecting strategies based on task constraints.

5 CONCLUSION

We presented OmniEAR, a benchmark for evaluating embodied agent reasoning through 1,500
scenarios requiring inference from physical constraints. Our evaluation reveals that current
models show severe performance degradation when moving from explicit instructions to constraint-
based reasoning, with performance dropping from over 85% to below 65% across tool usage
and coordination tasks. We identify critical parameter thresholds for maintaining multi-step
plans, paradoxical effects of environmental information on coordination, and the inability of
fine-tuning to address multi-agent reasoning gaps. Results demonstrate that embodied reasoning
requires fundamentally different computational mechanisms than those underlying current language
models. OmniEAR provides systematic diagnostics of these limitations and a rigorous platform
for developing next-generation embodied AI systems. We discuss broader implications and future
research directions in Appendix 6.7.
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6 APPENDIX

Dataset Scenes Domain Task Types Actions Action Space Collab. Auto Gen.

ALFRED 120 House D 7 Static — ×
PARTNR 60 House D 11 Static Effic. ✓
BEHAVIOR-1K 50 Diverse D,T 6 Static — ×
WAH 7 House D 10 Static Effic. ×
TDW-MAT 6 House D,E 7 Static Effic. ×
C-WAH 6 House D,E 7 Static Effic. ×
Overcooked 5 Kitchen E,I,C 6 Static Effic. ×
OmniEAR 1.5K Diverse D,A,T,R,E,I,C 218 Dynamic Phys. ✓

Table 3: Comparison of embodied AI datasets and benchmarks. Task types: D (Direct Command),
A (Attribute Reasoning), T (Tool Use), R (Compound Reasoning), E (Explicit Collaboration),
I (Implicit Collaboration), C (Compound Collaboration). Actions: number of available action
types. Collab.: collaboration mechanism (Effic. = efficiency-based, Phys. = physical necessity-
driven). Auto Gen.: automated task generation capability. Our framework uniquely combines
comprehensive task coverage, dynamic action spaces, physical necessity-driven collaboration, and
scalable automated generation.

6.1 RELATED WORK

Embodied Intelligence Benchmarks The embodied intelligence evaluation landscape has es-
tablished diverse benchmark frameworks spanning navigation to complex manipulation tasks(Puig
et al., 2023; Li et al., 2021). ALFRED (Shridhar et al., 2020) provides foundational standards for
instruction-following task evaluation, while BEHAVIOR-1K (Li et al., 2024a) extends coverage
to 1,000 daily activity scenarios. These benchmarks effectively assess task execution capabilities,
yet physical property modeling predominantly employs discrete state representations, such as
binary door operations and object pickup/placement, with limited requirements for reasoning about
continuous attributes including weight, hardness, and temperature. Our framework addresses
this limitation by introducing continuous physical property reasoning tasks that require agents to
compare object attributes and make decisions based on physical constraints.

Embodied Tool Use Tool usage evaluation in embodied AI exhibits stratified characteristics
across different complexity levels. RoCo (Mandi et al., 2024) focuses on low-level manipulation
skills such as grasping precision, while high-level benchmarks like PARTNR (Chang et al., 2024)
adopt predefined tool configurations with agent action spaces fixed at task initialization. This
design effectively simplifies evaluation complexity but presents limitations in assessing dynamic
tool reasoning capabilities based on task requirements. Current approaches typically provide static
tool sets (Chowa et al., 2025; Fung et al., 2025), preventing evaluation of how agents should
reason about capability gaps and tool acquisition needs. Our framework introduces dynamic tool
acquisition mechanisms, requiring agents to autonomously infer tool requirements and expand their
action spaces based on task demands, thereby supplementing existing evaluation dimensions.

Multi-Agent Collaboration Multi-agent embodied intelligence evaluation has emerged as a
significant research direction, with related work achieving valuable progress in collaboration
modeling(Sun et al., 2024; Wang et al., 2024). PARTNR evaluates multi-agent planning capabilities
through heterogeneous task design, TDW-MAT (Zhang et al., 2024) creates collaborative scenarios
using load capacity constraints, and EmbodiedBench (Yang et al., 2025) focuses on task allocation
and execution optimization. Existing approaches primarily model collaboration requirements
through two pathways: explicit collaboration instructions that clearly specify inter-agent task
division, and efficiency optimization that drives multi-agent participation to enhance task completion
speed. However, real-world collaboration decisions often stem from physical constraints rather than
external instructions or efficiency considerations. Our framework employs implicit collaboration
design requiring agents to autonomously assess whether tasks exceed single-agent capability ranges
based on physical constraints and determine collaboration strategies accordingly, transforming
collaboration judgment from external instructions to constraint-driven internal reasoning processes.
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6.2 TASK CATEGORY EXAMPLES

Figure 9 illustrates our hierarchical task taxonomy with representative examples, organized by agent
configuration (single-agent vs. multi-agent) and cognitive complexity level (L1-L3). The figure
demonstrates the progression from basic instruction following to advanced reasoning requiring
dynamic capability acquisition and autonomous coordination. Table 4 provides detailed descriptions
of the key reasoning requirements for each task category.

L2

L3 Compound Reasoning Compound Collaboration

L1 Direct Command Explicit Collaboration

Figure 9: Representative examples for each task category in EAR-Bench. Left column shows
single-agent tasks progressing from Direct Command (L1) through Attribute Reasoning and Tool
Use (L2) to Compound Reasoning (L3). Right column shows multi-agent tasks from Explicit
Collaboration (L1) through Implicit Collaboration (L2) to Compound Collaboration (L3). Each
example includes the task instruction, relevant object properties, agent reasoning process, and
resulting state transitions.

Level Task Type Example Task Key Reasoning Requirements

Single-Agent Tasks

L1 Direct Command Place the red cup on the kitchen
table.

Basic object manipulation and spatial understanding
through straightforward instruction following.

L2 Tool Use Clean the dirty table in the living
room.

Recognizing capability gaps, locating appropriate tools,
and dynamically expanding action capabilities through
tool acquisition.

L2 Attribute Reasoning Move the heaviest box to the
storage room.

Comparing continuous physical properties across mul-
tiple objects to identify correct manipulation targets.

L3 Compound
Reasoning

Clean the heaviest table in the
room.

Integrating attribute comparison, tool acquisition, and
multi-step planning simultaneously.

Multi-Agent Tasks

L1 Explicit Collab. Agent A and Agent B cooperate
to move the heavy dining table.

Fundamental multi-agent synchronization with explicit
coordination directives provided.

L2 Implicit Collab. Move the piano to the music
room.

Autonomously recognizing when tasks exceed individ-
ual capabilities without explicit coordination instruc-
tions.

L3 Compound Collab. Cooperatively repair the mal-
functioning television.

Combining tool acquisition, capability assessment, and
coordinated execution with autonomous collaboration
recognition.

Table 4: Representative examples for each task category in EAR-Bench. Tasks span single-agent
scenarios (Direct Command, Tool Use, Attribute Reasoning, Compound Reasoning) and multi-agent
scenarios (Explicit, Implicit, and Compound Collaboration) across three complexity levels.
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6.3 DATA QUALITY ASSURANCE AND VALIDATION

A key challenge in LLM-based benchmark generation is ensuring that generated scenarios are
physically consistent, unambiguous, and genuinely solvable (Li et al., 2025; Shen et al., 2024).
To address this challenge and ensure benchmark reliability at scale, we implement a rigorous three-
stage validation pipeline that combines automated error correction, systematic human-in-the-loop
verification, and simulation-based trajectory validation, as illustrated in Figure 3. This hybrid
approach balances scalability with quality control, achieving validation standards comparable to
manually curated benchmarks while enabling generation at scale.

6.3.1 STAGE 1: AUTOMATED VALIDATION

The first stage addresses systematic errors that can be detected and corrected programmatically,
reducing the burden on human annotators while ensuring basic structural integrity.

Error Analysis and Correction. Systematic analysis of 2,100 initially generated scenarios
identified five primary error categories, summarized in Table 5. We developed specialized rule-
based validators to automatically detect and correct each error type: ID mismatches are resolved via
semantic similarity matching (cosine threshold 0.7), spatial violations are corrected via dimension
checking and constraint propagation, tool-capability conflicts are resolved via attribute cross-
referencing against our capability ontology, and state inconsistencies are handled via priority-based
resolution that preserves task-critical states. This automated pipeline successfully corrected 87.6%
of detected errors. The remaining 12.4% of scenarios—primarily those with complex logical
inconsistencies requiring semantic understanding—were rejected, yielding 1,804 candidates for
human review.

Error Type Frequency Auto-
Correctable

ID Mismatch 32.4% 91%
Invalid Spatial Relations 28.7% 85%
Tool-Capability Conflict 23.1% 89%
State Inconsistency 10.3% 94%
Other Logical Errors 5.5% 62%

Overall 100% 87.6%
Table 5: Distribution of LLM generation errors and automatic correction rates by category.

6.3.2 STAGE 2: HUMAN-IN-THE-LOOP VERIFICATION

While automated validation effectively handles systematic errors, subtle semantic ambiguities, non-
obvious unsolvability, and nuanced physical inconsistencies require human expertise. We therefore
implement rigorous human-in-the-loop verification with carefully selected and trained annotators,
standardized evaluation criteria, and quantitative quality control measures.

Annotator Selection and Training. Five annotators were recruited from graduate programs in
robotics and embodied AI, each with at least two years of research experience in related domains.
All annotators completed a standardized 4-hour training program comprising three components:
conceptual training on embodied reasoning principles and physical constraints (1.5 hours), hands-
on system familiarization with environment representation and the validation interface (1 hour),
and calibration exercises on 20 expert-validated scenarios with group discussion and feedback
(1.5 hours). The calibration scenarios were independently validated by two senior researchers to
establish reliable ground truth labels. Annotators were required to achieve Cohen’s κ ≥ 0.75
against these gold labels before beginning independent annotation; those falling below this threshold
received additional training until reaching the required level. During the main annotation phase,
each annotator reviewed approximately 720 scenarios (with systematic overlap for agreement
computation), averaging 3-4 minutes per scenario to ensure careful evaluation.
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Annotation Interface. To ensure consistent and reliable human evaluation, we developed a
standardized annotation interface illustrated in Figure 10. The interface presents three integrated
components: (1) a structured scene representation panel displaying room layouts, object properties
(weight, material, dimensions), spatial relationships, and agent configurations in a clear hierarchical
format; (2) a task instruction panel with automatically highlighted key elements including target
objects, required actions, and relevant constraints; and (3) an evaluation panel presenting the three
assessment criteria as binary selections along with a mandatory text field for rejection justification.
This standardized interface ensures consistent evaluation conditions across all annotators and
scenarios, minimizing variance arising from interface interpretation differences and enabling
systematic collection of rejection rationales for error analysis.

Figure 10: Human annotation interface for scenario verification. The left panel displays structured
scene representation including room configuration, agent properties, and interactive objects with
their attributes. The right panel shows the task instruction with highlighted key elements (top),
three evaluation criteria with binary pass/fail selections (middle), and a rejection justification field
requiring written rationale for any failed criterion (bottom).

Annotation Guidelines. Annotators evaluated each scenario against three binary criteria with
explicit operational definitions designed to ensure consistent judgment:

• Instruction Clarity: The task instruction unambiguously specifies the goal state, target
objects, and required actions without relying on implicit assumptions or domain-specific
knowledge not provided in the scene description.

• Physical Feasibility: All actions required to complete the task respect the physical
constraints encoded in the environment, including weight limits, spatial accessibility, tool
requirements, and material properties.

• Solvability: A valid action sequence exists that transforms the initial environment state to
a goal state satisfying all success criteria within the maximum step limit of 25 steps.

Each scenario received independent review from two randomly assigned annotators to eliminate
individual bias. Acceptance required unanimous approval on all three criteria; any rejection
required written justification specifying the failed criterion and the specific issue identified, enabling
systematic failure analysis and iterative improvement of the generation pipeline.

Quality Threshold Examples. To provide concrete grounding for our annotation guidelines and
demonstrate the practical application of our quality criteria, Table 6 presents representative examples
of accepted and rejected scenarios across different task categories. These contrastive examples
illustrate the key distinctions between scenarios meeting our quality standards and those rejected
for ambiguity, physical infeasibility, or unclear collaboration requirements. The examples were
selected to highlight common failure modes and the reasoning behind acceptance decisions.
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Task Type Instruction Decision Rationale

Tool Use Clean the dusty shelf using supplies
from the cabinet which is located in the
corner of the room next to the window.

✓ Clear goal specification, explicit tool source,
verifiably solvable path exists, and the operation
steps are clear and easy to execute.

Tool Use Clean everything in the room including
the floor, the ceiling, the furniture and all
the small ornaments on the shelf.

✗ Ambiguous task scope; “everything” lacks clear
termination criteria and target enumeration, which
may lead to endless work and cannot be completed
effectively.

Attribute
Reasoning

Move the heaviest box which is marked
with red label to storage room B on the
second floor of the warehouse.

✓ Unambiguous quantitative comparison criterion
(weight), clearly specified destination, and the
marking of the box avoids confusion.

Attribute
Reasoning

Move the large box to storage which is
not clearly designated with a specific
room number or location.

✗ “Large” is subjectively interpretable; multiple
boxes may satisfy this criterion, and the storage
location is not clear, leading to operational
ambiguity.

Implicit
Collab.

Move the 150kg industrial cabinet which
is made of solid steel to warehouse
located 500 meters away from the
current location.

✓ Object weight (150kg) clearly exceeds single-agent
capacity (50kg); collaboration requirement is
inferable from physical constraints, and the
material and location information are clear.

Implicit
Collab.

Move the cabinet which is of unknown
material and weight to warehouse
without any additional information.

✗ Cabinet weight (30kg) is within single-agent
capacity; collaboration necessity unclear and
potentially unnecessary, and the lack of detailed
information increases operational uncertainty.

Table 6: Representative examples of accepted (✓) and rejected (✗) scenarios with detailed rationale
illustrating our quality threshold criteria.

Inter-Annotator Agreement. We assessed annotation reliability by measuring pairwise agree-
ment using Cohen’s κ across all 1,804 scenarios evaluated in Stage 2. The results demonstrate
strong overall agreement: κ = 0.84 (95% CI: [0.82, 0.86], computed via bootstrap resampling
with 10,000 iterations). Agreement varied by criterion: Instruction Clarity achieved the highest
agreement (κ = 0.88), followed by Physical Feasibility (κ = 0.82) and Solvability (κ = 0.79). The
relatively lower agreement on Solvability reflects the inherent cognitive difficulty of determining
solution existence through mental simulation alone, which validates our design decision to include
simulation-based verification in Stage 3. Disagreements between annotators (204 cases, 11.3% of
scenarios) were systematically adjudicated by a senior researcher through interactive simulation-
based verification, with final decisions documented for quality tracking.

Acceptance Results. Human verification accepted 1,500 of 1,804 candidate scenarios (83.1%),
demonstrating that automated validation alone is insufficient for ensuring benchmark qual-
ity—16.9% of automatically validated scenarios contained subtle issues detectable only through
human expertise. Analysis of rejection rationales revealed the following distribution: ambiguous or
underspecified instructions (37.2%), unsolvable tasks due to missing preconditions or unreachable
goals (31.6%), physical inconsistencies between object properties and task requirements (22.4%),
and other issues including edge cases and annotation uncertainties (8.8%).

Acceptance rates varied systematically by task complexity, as shown in Table 7. The observed
inverse relationship between task complexity and acceptance rate provides indirect validation of our
hierarchical task taxonomy: more complex tasks involving multiple reasoning dimensions naturally
present greater opportunities for subtle generation errors. This pattern also confirms the importance
of human verification, particularly for advanced task categories where automated checks are less
effective.
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Task Category Acceptance Rate

Direct Command (L1) 91.2%
Tool Use (L2) 85.7%
Attribute Reasoning (L2) 82.3%
Compound Reasoning (L3) 78.9%
Explicit Collaboration (L1) 84.1%
Implicit Collaboration (L2) 79.6%
Compound Collaboration (L3) 76.4%

Table 7: Human verification acceptance rates by task category, showing systematic variation with
task complexity.

6.3.3 STAGE 3: EXPERT TRAJECTORY VALIDATION

The final validation stage ensures that all accepted scenarios are not only well-formed but genuinely
solvable through executable action sequences. Oracle agents with complete environmental
knowledge generated expert demonstration trajectories for all 1,500 human-verified scenarios.

Trajectory Generation and Verification. Each generated trajectory underwent rigorous sim-
ulation replay to verify three critical properties: (1) precondition satisfaction at each action
step, ensuring no invalid state transitions; (2) goal state achievement upon trajectory completion,
confirming task success; and (3) physical constraint compliance throughout execution, validating
that all intermediate states respect environmental limitations. Trajectories failing any verification
criterion were regenerated using alternative planning strategies, with a maximum of three attempts
per scenario. Scenarios with persistent trajectory failures were removed from the final dataset (18
scenarios, 1.2%), as such failures indicate potential issues not detected in earlier stages.

Oracle Quality Validation. To verify that oracle trajectories represent high-quality reference
solutions rather than merely valid but suboptimal ones, we conducted an additional validation study
on a randomly sampled subset of 100 scenarios stratified across task categories. Two human experts
with extensive experience in embodied AI independently solved each scenario without access to
oracle solutions, and we compared their solutions with the corresponding oracle trajectories using
step count as the primary efficiency metric. Oracle solutions matched or outperformed human expert
solutions in 94% of evaluated cases, with the remaining 6% representing alternative but equally valid
strategies (typically involving different but equivalent tool choices or spatial paths). This validation
confirms that oracle trajectories provide appropriate reference solutions for both evaluation and
potential use in supervised learning approaches.

Final Dataset Statistics. The validated dataset comprises 1,500 scenarios instantiated into 16,592
task instances (multiple task variations per scenario). Expert trajectory statistics: mean length
9.1 steps (SD 4.2), median 9.0 steps, range [3, 25] steps. The high trajectory generation success
rate (98.8% of human-verified scenarios, averaging 1.3 generation attempts per scenario) provides
empirical validation that our human verification process effectively identifies genuinely solvable
scenarios.

Ethics Statement. All human annotators provided written informed consent prior to participation
and were compensated at standard institutional rates ($20 USD per hour). The annotation task
involved evaluation of synthetic embodied AI scenarios and did not involve deceptive practices,
collection of personal information, or exposure to sensitive or harmful content. This study protocol
was reviewed and approved by our institutional review board (IRB) prior to data collection.

Summary. Our three-stage validation pipeline systematically addresses the quality challenges
inherent in LLM-based benchmark generation. Automated validation handles 87.6% of systematic
errors efficiently, human verification with trained annotators (Cohen’s κ = 0.84) catches
subtle semantic and physical issues, and simulation-based trajectory validation confirms genuine
solvability. The resulting benchmark of 1,500 validated scenarios provides a reliable foundation for
evaluating embodied reasoning capabilities.
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Metric Count

Total Scenarios 1,500
Total Task Files 1,481
Total Task Instances 16,592
Interactive Objects 64,057
Spatial Nodes (Rooms) 6,634
Average Objects per Scene 42.7
Average Rooms per Scene 4.4
Collaborative Agent Pairs 1,481

Table 8: Dataset Overview and Scale

Task Category Count Percentage

Single-Agent Tasks (65%)
Direct Command 2,684 16.2%
Attribute Reasoning 2,669 16.1%
Tool Use 2,190 13.2%
Compound Reasoning 2,214 13.3%

Multi-Agent Tasks (35%)
Explicit Collaboration 2,160 13.0%
Implicit Collaboration 2,582 15.6%
Compound Collaboration 2,093 12.6%

Total 16,592 100%
Table 9: Hierarchical Task Distribution

6.4 BENCHMARK STATISTICS AND COVERAGE

EAR-Bench encompasses 1,500 scenarios with 64,057 interactive objects, providing comprehensive
coverage across diverse domains and task complexities. Tables 8 through 11 present detailed
statistics demonstrating the scale and diversity of our benchmark.

Physical Property Modeling. The benchmark features exceptional attribute diversity with 6,381
distinct property types. Core physical properties are comprehensively modeled: weight (64,047
objects), material composition (35,411 objects), size dimensions (22,820 objects), color (28,034
objects), and dynamic states (17,547 objects). This rich attribute space enables sophisticated
reasoning about physical constraints and object affordances.

Action Space and Tool Ecosystem. The framework supports 214 distinct action types, partitioned
into basic actions (60%) available to all agents and tool-dependent actions (40%) requiring specific
capabilities. Among the 64,057 objects, 15,134 are classified as tools (23.6%), with 13,482 objects
possessing the provides abilities attribute that enables dynamic capability extension. This
design enables realistic modeling of how agents acquire new abilities through tool use.

Cross-Domain Coverage. The benchmark spans diverse application domains, with laboratory
environments comprising 39.0% of scenarios, followed by office (18.8%), industrial (11.5%), and
medical (6.2%) settings. This distribution reflects our emphasis on professional environments where
embodied reasoning is particularly critical. Each domain presents unique challenges: laboratory
settings require precise tool usage and material handling, office environments emphasize multi-
agent coordination, and industrial scenarios demand reasoning about heavy equipment and safety
constraints.

Quality Assurance and Expert Trajectories. All 16,592 task instances include expert demon-
stration trajectories averaging 8.7 steps, providing optimal solutions for comparison and learning.
Each trajectory undergoes validation to ensure physical feasibility and task completion. The eval-
uation framework supports multi-level verification including spatial relationships (1,300 location
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Category/Material Count Percentage

Object Categories
Container 17,632 27.5%
Tool 15,134 23.6%
Appliance 8,963 14.0%
Furniture 6,234 9.7%
Consumable 4,890 7.6%
Others 11,204 17.6%

Material Types (Top 10 of 1,123)
Plastic 13,767 21.5%
Metal 11,274 17.6%
Wood 8,263 12.9%
Glass 6,277 9.8%
Fabric 5,060 7.9%
Ceramic 3,843 6.0%
Silicon 1,794 2.8%
Aluminum 1,601 2.5%
Steel 1,153 1.8%
Others 11,025 17.2%

Table 10: Object Categories and Material Distribution

Domain/Room Type Count Percentage

Application Domains
Laboratory 585 39.0%
Office 282 18.8%
Industrial 173 11.5%
Medical 93 6.2%
Household 93 6.2%
Educational 63 4.2%
Retail 48 3.2%
Service 30 2.0%
Entertainment 27 1.8%
Transportation 23 1.5%
Others 83 5.6%

Room Types (Top 5)
Laboratory 1,876 28.3%
Storage 1,234 18.6%
Workspace 987 14.9%
Office 765 11.5%
Workshop 543 8.2%

Table 11: Domain and Spatial Distribution

checks), state transitions (open/closed, on/off states), and compound conditions for complex task
assessment. This comprehensive validation ensures that all tasks are both challenging and solvable,
maintaining benchmark integrity while achieving unprecedented scale.

6.5 ANALYSIS

Failure Mode Analysis. Systematic failure analysis reveals task-specific performance bottlenecks
that vary distinctly across model scales. Tool Use failures are dominated by exploration deficits
(31.2%), where models fail to locate required tools while maintaining spatial representations.
Models below 7B parameters exhibit 2.7-fold higher failure rates (84.2% vs. 31.2%), confirming
critical scale thresholds for embodied reasoning. Compound Reasoning failures stem primarily from
planning degradation (28.7%), with models losing track of intermediate subgoals during execution.

Implicit Collaboration shows distinct timing failures (35.8%)—models either initiate collaboration
prematurely or miss coordination opportunities. This failure mode exhibits no scale correlation,
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indicating that collaboration timing demands reasoning mechanisms absent from current architec-
tures. These failure patterns demonstrate that task categories stress fundamentally different cognitive
capabilities, necessitating targeted architectural solutions beyond universal parameter scaling.

6.6 HYPERPARAMETERS

Supervised Fine-Tuning. We performed full-parameter supervised fine-tuning on the
Qwen2.5-3B-Instruct model to adapt it to our dataset. The training was conducted on
4x NVIDIA A100 GPUs. The effective batch size was 64, achieved through a per-device batch size
of 1 and 16 gradient accumulation steps across 4 devices. Key hyperparameters for the SFT stage
are summarized in Table 12.

Hyperparameter Value

Base Model Qwen2.5-3B-Instruct
Fine-tuning Method Full-parameter
Effective Batch Size 64
Learning Rate 1.0e-5
LR Scheduler Cosine Decay
Warmup Ratio 0.1
Training Epochs 3
Max Sequence Length 15,360
Precision BF16

Table 12: Hyperparameters for Supervised Fine-Tuning.

Model Inference. To ensure a fair and consistent comparison, all models were evaluated using the
same set of inference parameters. We utilized the vLLM engine for efficient serving, with a tensor
parallel size of 4. The decoding strategy was configured to balance response quality and exploration
in complex reasoning tasks. The inference settings are detailed in Table 13.

Hyperparameter Value

Inference Engine vLLM
Tensor Parallel Size 4
Decoding Strategy Nucleus Sampling
Temperature 0.3
Top-p 1.0 (Default)
Max Generation Tokens 4096
Max Model Length 15,360

Table 13: Hyperparameters for Model Inference.

6.7 DISCUSSION

Embodied vs. Abstract Reasoning. Our results demonstrate that embodied reasoning requires
distinct computational mechanisms from abstract reasoning in current language models. The
persistent performance gaps across reasoning-specialized architectures indicate that chain-of-
thought approaches cannot bridge the representational divide between symbolic manipulation and
physical constraint processing. Current transformer architectures lack the specialized components
necessary for grounding abstract representations in continuous physical properties.

Architectural Limitations. The constraint selection failures reveal that current attention mech-
anisms cannot dynamically filter task-relevant physical constraints from environmental noise.
Unlike abstract reasoning tasks where all provided information typically bears relevance, embodied
scenarios require selective attention over spatially and temporally distributed constraint sets. The
discrete scaling transitions at 7B parameters indicate that embodied reasoning demands sufficient
working memory capacity to simultaneously track environmental states, capability constraints, and
coordination requirements—a computational bottleneck absent in pure language tasks.
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Limitations and Future Work. Our text-based framework abstracts away continuous control,
sensorimotor feedback, and real-time constraints present in physical embodied systems. While this
abstraction enables systematic evaluation, it may not capture all aspects of embodied intelligence.
The identified architectural requirements require validation in continuous control settings. Future
work should investigate how these components integrate with sensorimotor processing and examine
whether the observed computational bottlenecks persist in physically grounded systems. Addition-
ally, exploring hybrid symbolic-neural architectures that can explicitly reason about physical laws
while maintaining learned flexibility represents a promising direction(Rabinowitz et al., 2018).

6.8 AGENT PROMPT CONFIGURATIONS

This section details the system and user prompts used for different experimental configurations:
single-agent and multi-agent scenarios.

Single-Agent Configuration. This configuration tests individual agent reasoning capabilities
through structured prompts.

System prompt for single-agent

1. PRIMARY OBJECTIVE
Your goal is to successfully complete the given task by
systematically exploring the environment and interacting with
objects. Success requires persistence, thorough exploration, and
precise execution of interaction sequences.
2. MANDATORY OUTPUT REQUIREMENTS
You must follow these absolute rules in every single response:
Strict Format Compliance: Your entire output must be in the exact
format ‘Thought: <reasoning>\nAgent 1 Action: <command>‘. Do not
include any other text, explanations, or formatting.
Command Validation: The command you choose must be exactly as listed
in the Available Actions provided in the user prompt. Do not invent
or modify commands.
Progress Verification: After completing any part of the task, always
re-read the task description in your next thought to verify if
additional objectives remain incomplete.
Completion Protocol: Use the DONE action if and only if you have
verified that all objectives in the task description have been
successfully completed.
3. OPERATIONAL FRAMEWORK
Exploration Strategy: First use EXPLORE to thoroughly examine your
current room. If the target isn’t found, systematically GOTO and
EXPLORE each unexplored room until completing the task.
Interaction Sequence Protocol: Always approach an object using GOTO
before attempting any interaction with it. Always open containers
using OPEN before taking items from or placing items into them. This
sequence prevents interaction failures and ensures reliable task
execution.
4. CRITICAL FAILURE PATTERNS TO AVOID
Premature Task Abandonment: Do not conclude failure without
exploring every available room and container. Persistence is
essential for task completion.
Object Name Confusion: Different names represent different objects.
Verify exact matches between task requirements and available objects
before taking action.
Distance Interaction Violations: Do not attempt to interact with
objects that are not in immediate proximity. Always use GOTO to
approach objects first.
Container Access Oversight: Do not forget to open containers before
attempting to access their contents. This is a common cause of
interaction failures.
5. ERROR RECOVERY PROTOCOL
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If your chosen action results in an error, acknowledge the error in
your next thought and immediately re-evaluate your strategy based on
available information. Do not repeat failed actions unless the
environmental situation has changed.
6. REQUIRED OUTPUT FORMAT
Your response must contain exactly two lines in this format:
Thought: [Your reasoning for taking this action]
Agent 1 Action: [Command from the available action list]
Example Response:
Thought: I am in the main work area and need to find the target
objects. I have not explored the living room yet, so I should go
there next.
Agent 1 Action: GOTO living room 1

User prompt for single-agent

You are an intelligent agent tasked with completing the given
objective by strictly following the operational framework established
in your system instructions. Analyze the information provided below
and determine the single best next action that will advance progress
toward task completion.
Current Environment
{environment description}
Task Objective
{task description}
Available Actions
{available actions list}
Recent Action History
{history summary}
Execution Guidelines
Respond with exactly one thought and one action. Your thought should
demonstrate systematic reasoning that considers the current
situation, task requirements, and appropriate next steps. Your
action must be selected from the available actions list and should
represent the most logical progression toward completing the task
objective.
Remember that systematic exploration, proper interaction sequences,
and persistent problem-solving are essential for successful task
completion. The available action descriptions will guide you on
exactly how to execute each command effectively.

Multi-Agent Configuration. This configuration provides prompts for coordinated reasoning
between two agents.

System prompt for multi-agent

You are a central coordination controller managing two intelligent
agents working collaboratively to complete complex tasks. Your
responsibility is to analyze the current situation, decompose
objectives into executable subtasks, and assign optimal actions to
both agents while ensuring efficient coordination and conflict
avoidance.
Core Coordination Principles
Strategic Assignment Protocol: Assign actions based on each agent’s
current position, capabilities, and the optimal path toward task
completion. Prioritize complementary actions that maximize overall
efficiency.
Conflict Prevention Framework: Ensure that assigned actions do not
create spatial conflicts, resource competition, or contradictory
objectives between the two agents.
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Exploration Optimization: When agents have completed their immediate
objectives, prioritize exploration of unknown areas to gather
additional environmental information and identify new opportunities
for task advancement.
Cooperation Command Protocol
For collaborative tasks requiring joint action, implement the
following cooperation strategy:
Pre-Cooperation Positioning: Before initiating any CORP command
sequence, ensure that both participating agents have successfully
executed GOTO commands to reach the target object or designated
cooperation zone.
Cooperative Transport Sequence: For tasks involving collaborative
object movement, execute the following mandatory sequence without
interruption:
1. CORP GRAB - Both agents grab/pick up the target object
2. CORP GOTO - Coordinated movement to the destination location
3. CORP PLACE - Synchronized placement of the object at the target
location
Critical CORP PLACE Requirement: After executing CORP GOTO, you MUST
execute CORP PLACE to actually place the object at the destination.
The object is not considered "moved" until CORP PLACE is completed.
Sequence Integrity Requirement: The cooperative transport sequence
must be executed continuously without interspersing other commands.
Any interruption requires restarting the entire cooperation sequence.
NEVER output DONE after CORP GOTO - always complete with CORP PLACE
first.
Cooperation Readiness Verification: Verify that both agents are
properly positioned and available for cooperation before initiating
any CORP command. This prevents coordination failures and ensures
successful collaborative execution.
Task Completion Management
Individual Agent Completion: When an agent has no additional
meaningful tasks to perform, assign the DONE command to that specific
agent while continuing to provide actionable commands to the other
agent.
Final Task Termination: The overall task concludes only when both
agents simultaneously receive DONE commands, indicating that all
objectives have been completed and no further actions are required.
Continuation Protocol: When one agent completes all its tasks,
consistently assign DONE to that agent in all subsequent action
assignments while continuing to provide meaningful actions to the
remaining active agent until it also completes its objectives.
Mandatory Output Format
Your response must adhere to the following strict format without any
additional content or explanations:
Thought: [Comprehensive analysis of current situation, task
requirements, and strategic reasoning for action assignments]
Agent 1 Action: [Specific command for agent 1 from available action
set]
Agent 2 Action: [Specific command for agent 2 from available action
set]
Example:
Thought: Agent 1 is in the main work area and needs to explore,
while agent 2 should go to the living room to find target items.
Agent 1 Action: EXPLORE
Agent 2 Action: GOTO living room 1
Strategic Planning Guidelines
Situational Assessment: Evaluate each agent’s current location,
recent actions, and immediate objectives to determine the most
effective next steps.
Resource Allocation: Consider the spatial distribution of tasks and
assign agents to different areas when possible to maximize coverage
and minimize redundancy.
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Progress Monitoring: Track completion status of subtasks and adjust
assignments based on evolving priorities and environmental
discoveries.
Efficiency Optimization: Balance individual agent productivity with
collaborative opportunities to achieve optimal overall task
completion time.

User prompt for multi-agent

Analyze the provided information and generate coordinated action
assignments for both agents:
Current Environment State
{environment description}
Task Objectives
{task description}
Available Commands
{available actions list}
Agent Status and History
{history summary}
Coordination Requirements
Generate action assignments that advance task completion while
maintaining coordination efficiency. Ensure that cooperative tasks
follow the established CORP command protocols and that individual
assignments complement overall strategic objectives.
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