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Abstract

We introduce CUBE (Collaborative Multi-Agent Block-Pushing Environment),
a lightweight yet expressive testbed for studying embodied cooperation in multi-
agent systems. While traditional agent cooperation benchmarks designed for
reinforcement learning emphasize low-level action spaces and scalar rewards, and
symbolic planning domains emphasize logical reasoning under deterministic transi-
tions, neither approach alone captures the combination of embodiment, uncertainty,
and symbolic structure needed to evaluate emerging embodied LLM-based agents.
CUBE addresses this gap by wrapping primitive block-pushing actions into a
symbolic action vocabulary, enabling interpretable and compositional cooperation
strategies. It also provides a library of symbolic concepts for customized feedback
at both per-agent and collective levels. These features allow the same environment
to support reinforcement learning and LLM-based agents, as well as hybrid archi-
tectures. For ease and fair comparison across experiments, a single parameter n
specifies the number of agents, grid size, and block weights, creating a transparent
curriculum that scales difficulty and cooperation demands. CUBE thus offers
a flexible platform for scalable evaluation of algorithms that integrate symbolic
reasoning with embodied multi-agent interaction. The project is open-sourced at:
https://happyeureka.github.io/cube.

1 Introduction

As large language models (LLMs) take on a growing role as planners and decision-makers, the
environments used to study them must adapt to evaluate these capabilities. Traditional benchmarks,
built with reinforcement learning agents in mind [ s s s s

, ], emphasize low-level action spaces and scalar rewards. These signals are
effective for gradient-based training but provide little support for symbolic reasoning, interpretability,
or debugging. For LLM agents, producing long strings of primitive moves and waiting for numerical
rewards is both unnatural and inefficient. Recent work has highlighted that large language models
struggle to plan reliably without structured support [ , ], though methods such
as policy sketches [ , ] and program-induction prompting [ , ] point
to ways of bridging symbolic and learned reasoning.
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Symbolic planning domains define actions through explicit preconditions and effects, making them
clear and interpretable [ , ]. However, they typically assume deterministic transitions,
simplifying away many uncertainties that characterize real environments [ , , ,

]. In addition, they rarely capture embodied dynamics such as collisions, congestion, or force
accumulation, meaning agents can hardly influence one another’s states through physical interaction.
As aresult, while symbolic domains provide strong abstractions for logical reasoning, they remain
limited in representing the interactive constraints of multi-agent physical tasks.

Human reasoning, in contrast, blends Box count Agent count N
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at the level of raw motor actions or max box size

purely at the level of logical abstrac- = @ . 5
tions. For embodied LLM agents,

this same integration is essential.
Just as people act and learn from their Grid size i
environment — forming symbolic pro-
totypes from past experience, con-
structing mental models of a plan and
its expected outcomes, and then re-
lying on feedback from acting in the
physical world to refine those proto-
types [ , ,

s ] — embodied LLM agents
can likewise leverage such dual-layer
representations to perceive, plan, an-
ticipate, detect deviations, and adjust. In the language of perceptual control theory by [ 1,
behavior can be understood as a continuous feedback process, where agents act to minimize the
discrepancy between expected and perceived outcomes. This iterative loop of symbolic reasoning
and embodied correction, forming, testing, and updating hypotheses, is central to how humans learn
to coordinate and adapt. Thus, benchmarks for embodied LLM agents should combine symbolic
structure with low-level, uncertain dynamics, which is precisely the goal of CUBE.

Figure 1: Illustration of CUBE’s scaling mechanism. A single
parameter n jointly determines the number of agents, the
number and weights of blocks, and the grid size. Increasing
n expands the agent population, block spectrum, and grid
dimensions. Right: an example instance with n = 5 shows
five agents and a set of blocks with varying weights placed on
the grid, with the goal zone in green, where blocks must be
delivered through coordinated pushes.

In addition to bridging symbolic structure with low-level embodied actions, CUBE aims to enable
the evaluation of agent cooperation, which is critical to solving many embodied tasks in the real
world [ , ]. While larger teams promise greater
collective capablhty, they also 1ntroduce amphﬁed challenges — communication of intent, spatial-
temporal coordination, and misalignment between interpretation, goals, and actions — leading to
frequent failures [ , ]. Despite progress, existing frameworks remain limited to small
groups of agents, and even those claiming scalability are typically evaluated on restricted team sizes
due to the absence of standardized environments for systematic large-scale testing [

, ]. CUBE addresses this gap by providing a scalable, physically grounded
and symbollcally represented environment where collaboration is both necessary and measurable,
enabling evaluation of cooperative strategies across diverse team sizes and task complexities.

CUBE (Collaborative Multi-Agent Block-Pushing Environment, Fig. 1) is a lightweight yet expressive
testbed designed with the above-mentioned needs in mind. Inspired by prior cooperative block-
pushing tasks [ , ], CUBE extends this paradigm with symbolic interfaces and
scalable cooperative settings. The environment integrates symbolic reasoning with the uncertainty
and interaction of an embodied multi-agent world: agents must coordinate to push weighted blocks
into a goal zone. Success depends on communication of intention, spatial-temporal alignment,
joint action synchronization, making cooperation necessary. CUBE provides a dual-layer interface
described in Section 2 that combines the strengths of the symbolic domain — compositionality,
interpretability, and verifiability — with the raw vector representations used in traditional learning-
based approaches, thus supporting diverse agent architectures and encouraging the development of
novel methods that advance the next generation of cooperative intelligence.

Our work makes the following key contributions:

* We introduce CUBE, a lightweight, portable, and scalable multi-agent environment that
supports variation in both the number of agents and the difficulty of tasks.



* We provide a reproducible difficulty curriculum specification for fair comparison, governed
by a single interpretable parameter n, enabling systematic study of cooperation across
consistent difficulty levels while allowing customization for targeted case studies.

* We design a dual interface that supports both symbolic and vector-based representations
across observation, action, and feedback channels, enabling cooperative learning across
reinforcement- and language-based agents as well as novel hybrid approaches.

* We perform baseline and scalability evaluations, demonstrating the computational efficiency
of CUBE and revealing behaviors in both heuristics and LLM-based agents.

Section 2 introduces the environment design and dual-layer interface of CUBE. Section 3 examines
embodied mechanics, emergent failure modes, and baseline evaluations. Section 4 concludes with a
discussion of the broader challenges and research opportunities enabled by CUBE.

2 Environment Design

At its base level, CUBE is a grid-world environment built on PettingZoo’s parallel API [ ,

], where agents must cooperate to push square blocks into a designated goal region. The
environment consists of agents and movable blocks placed on a grid. We denote the set of agents by
A and the set of blocks available at the start of an episode by B. At step t, B*) C B denotes the subset
of blocks that have not yet been delivered. Each block B; € B has an integer weight w(B;) > 1,
indicating the number of agents needed to push it. The block occupies a contiguous square of side
length w(Bj), so its physical size grows in direct proportion to its weight. This proportionality
ensures consistency, as larger blocks both span more grid cells and require a greater quorum of agents
to move. Each agent A; € A occupies a single grid cell, with position denoted x! at step ¢. Episodes
terminate successfully when all blocks have been delivered to the goal region. Episodes truncate if
the max_steps is reached without delivering all blocks.

CUBE features a dual-layer interface that integrates symbolic reasoning with vector-based repre-
sentations across observation, action, and feedback channels (see Sections 2.3-2.5 for details).
The symbolic layer abstracts the dynamics of the environment into discrete entities and relations
such as the distance between the agents and the quorum, allowing high-level reasoning, planning,
and language interaction. Complementing this, the vector-based layer provides dense spatial and
state features suitable for reinforcement learning and low-level control. Together, these layers allow
agents to ground symbolic reasoning in embodied experience, supporting cooperative learning across
reinforcement, language, and hybrid agent architectures.

2.1 Episode Initialization and Fair Benchmarking

CUBE is designed to reduce the burden of fine-grained environment engineering and to prevent unfair
or inconsistent comparisons caused by unclear environment settings, ensuring fair benchmarking
across algorithms. Each episode is automatically generated from a single governing variable n, which
defines both the environment scale and cooperative difficulty. By default, the grid side length is
k = max(20, n), with n agents placed on the board and a structured set of blocks whose weights
range from |n/2| + 1 down to one. Lighter blocks appear in greater numbers, creating a balanced
mix of large, coordination-intensive tasks and smaller, easily solvable ones. The block distribution is
chosen to ensure that episodes remain neither trivial nor overcrowded across scales, with roughly
half of the grid covered by blocks. Agents are initialized along the wall opposite the goal region,
and blocks are placed under constraints that prevent adjacency to walls or other blocks, since only
pushing is allowed and agents would have no way to move them if a block were placed in a corner.

The parameter n simultaneously determines the number of agents, grid size, and block weights,
creating a transparent and controllable progression of task difficulty. As n increases, heavier blocks
require larger agent quorums, and more-block configurations lead to greater congestion and syn-
chronization demands, since each agent contributes only one unit of force. Although individual
layouts vary, tasks at the same n exhibit comparable cooperative complexity, enabling systematic
evaluation of coordination and planning strategies from minimal to large-scale embodied settings that
involve negotiation, allocation, synchronization, and sub-team organization. In addition, we allow
user-specified scenario design to override the default configuration, enabling control over grid size,
number of agents, block weights, and their distributions for targeted case studies.



2.2 Environment Dynamics

CUBE is a grid-world where agents and blocks move according to simple rules. Their dynamics
create coordination challenges through collisions, congestion, and enforced collaboration.

2.2.1 Block Chain and Agent Chain

Block chain. A block B; € B of weight w(B;) may occupy one P B o
or more grid cells. When another block By, € B lies directly in ~ B et o
front of B; along a push direction d € {1, ], -, —}, the blocks ® Q o
form a block chain. The chain behaves as a composite structure et

whose motion depends on whether the total applied force at its
leading face is sufficient to move all blocks within the chain. Let
7 index agents in the corresponding agent chain, each contribut- Figure 2: Illustration of chains:
ing unit force f; = 1 along direction d. A chain advances one a chain succeeds or fails depend-
cell in direction d if and only if ), fi > > 5 uin w(B) and  ing on whether available agents
all destination cells are unoccupied and within bounds. Upon meet the block’s weight require-
success, all blocks in the chain advance by one cell; otherwise, ment and the maximum force ex-
the entire chain of blocks remains in place. erted on the block face.

x (2]

(a) Successful chain (b) Failed chain

Agent chain. Agents exert unit forces on blocks through pushing chains. A pushing chain forms
when multiple agents align collinearly behind a block and all push in the direction of the block face.
The effective force at the contact face is the number of aligned agents in that direction. If this total
meets or exceeds the required block (or chain) weight, the structure advances. Otherwise, the attempt
fails and all participating agents remain in place, as shown in Fig. 2.

2.2.2 Agent Movement and Collisions

While the environment supports a dual-layer action interface, primitive and symbolic (see Section 2.4
for details), each symbolic action is unrolled into a sequence of primitive actions, with all movements
and collisions resolved at the primitive level. At each timestep, each agent A; € A issues a primitive
action u; € U, which specifies a target cell on the grid. A move is valid if the target cell lies within
bounds and is not occupied by a block (including newly moved blocks). If multiple agents attempt
to move into the same unoccupied cell, the agent with the smallest index ¢ successfully claims the
cell, while all others involved in the conflict remain unmoved. If any agent attempts to move into a
cell occupied by a stationary agent, the move fails and both agents stay in place. This rule prevents
overlap and introduces a consistent tie-breaking mechanism for simultaneous movements.

2.3 Observation Space

CUBE provides two observation modalities: a symbolic observation and a multi-channel observation.
This dual interface supports diverse agent architectures, enabling reinforcement learning agents to
rely on grid-based encodings, LLM-based agents to operate over symbolic state descriptions, or novel
approaches that combine both.

Symbolic Observation. At each step t, every agent A; receives a symbolic dictionary describing
the current state. This includes global environment information (grid size, positions of all agents)
as well as a compact summary for each block (block ID, weight, position, and distance to the goal
column). The dictionary also records all symbolic actions taken so far in the episode, along with
their corresponding primitive actions and the status (start, in progress, or end) at each timestep. This
structured interface allows reasoning directly about concepts such as which blocks remain, how far
they are from the goal, and where teammates are, supporting high-level planning and coordination.

Multi-channel Observation. In addition, a five-channel grid encodes agent locations, block weights,
the goal column, a channel marking which agent occupies each cell, and a channel marking which
block occupies each cell. This representation resembles standard reinforcement learning observations
and is primarily included for compatibility with reinforcement learning pipelines and for visualization.



2.4 Action Space

CUBE supports two sets of action spaces. The primitive action space provides low-level grid
movements, enabling agents to interact directly with the environment through discrete directional
moves. The symbolic action space abstracts these primitives into higher-level cooperative strategies,
such as aligning on a block face, synchronizing for a push, or waiting for teammates. Together, these
two levels allow experiments to target both reinforcement learning agents, which operate naturally
over primitive actions, and LLM-based agents, which benefit from reasoning over symbolic actions.

Primitive Actions. Each agent selects from a discrete 5-action set
U = {STAY =0, UP = 1, DOWN = 2, LEFT = 3, RIGHT = 4}.

At time ¢, each agent i issues an action u! specifying a movement direction, and all agents act in
parallel to move one unit in their respective directions. Moves succeed only if the target cell is free;
collisions with walls, agents, or insufficiently supported blocks cause the agent to remain in place. A
push succeeds if the aligned agents’ combined force exceeds the total weight of the aligned blocks
and the destination cell is free, in which case both the blocks and agents advance one step.

Symbolic Actions. Beyond primitive grid movements, CUBE provides a library of symbolic actions
that capture higher-level coordination patterns such as aligning on a block face, synchronizing for
a push, or waiting for teammates. Each symbolic action is grounded in the underlying transition
dynamics, with execution compiling into the necessary sequence of primitive moves until the specified
condition is met. For instance, push_block compiles into primitive moves where each aligned agent
repeatedly issues the action directed into the block face. Similarly, a move_to_block unfolds into a
path of primitive moves that positions the agent on the specified face of the block.

Action Arguments Effect
move (direction, steps) Move in the specified direction for a set number of steps.
move_to_block  (block, face) Move toward a block and align on the given face.
(block, face, count, If aligned with the block face, enter a rendezvous state defined by the block and face; wait
rendezvous . . .
timeout) until enough agents enter the same rendezvous state or timeout.
push_block (block, steps) Push the block for a set number of steps; the push direction is inferred (toward the block).
yield_block (block, steps) Move‘away from the block for a set number of steps; the face is inferred as the opposite of the
direction toward the block.
idle (steps) Remain idle for a set number of steps.
wait_agents (count, timeout) Enter the wait state and remain idle until enough agents are also in the wait state or timeout.

Table 1: Symbolic actions in CUBE. Each action specifies a high-level effect that can be decomposed
into primitive actions.

Although the symbolic action is compact, the inclusion of arguments such as block identifiers,
sides, timeouts, and step counts allows each action to be instantiated in many different ways. This
parameterization substantially expands the effective planning and action space, making it far richer
and more expressive than it initially appears.

Plan. An agent can submit a plan to the environment for execution. A plan m; for agent A; is
composed of a sequence of parameterized symbolic actions:
Liply 2(p2 T (T
m = [a; (0;), a7 (67), -, a; (6;)],

2

where each a¥ is a symbolic action with arguments 6. Each symbolic action is executed sequentially
and decomposed into primitive actions during execution. Thus, within this space, agents must
determine how to align with a block, synchronize with teammates, wait for collaborators, or yield
when obstructing others. For example, move_to_block may be followed by rendezvous to ensure
that sufficient agents are placed on the same block face before executing push_block. Such
combinations illustrate that symbolic actions are not only flexible but can also be sequenced logically
to achieve more effective coordination.

Table 1 lists each symbolic action with its arguments, preconditions, and effects. The executing agent
is implicit and denoted by A;. The symbolic actions designed for synchronization, rendezvous
and wait_agent, align agents for interaction and temporarily change their state from normal.
rendezvous is valid only when an agent is aligned with a block face; it then enters a rendezvous state
defined by that block face, waiting until enough agents enter the same rendezvous state. wait_agent



places the agent in a wait state until enough agents are also waiting. When the condition is met or
timeout, the agent returns to normal and proceeds with its plan or generates a new plan. By exposing
a shared vocabulary of strategies, CUBE enables LLM-based agents to reason, communicate, and
adapt at the level of meaningful cooperative behaviors rather than isolated unit steps.

2.5 Feedback

CUBE provides both scalar and symbolic feedback channels to evaluate agent performance and
task progress. This dual-layer design enables low-level reinforcement learning signals alongside
interpretable, concept-based metrics for higher-level reasoning.

Rewards. We use r; for the step cost (default 0.01) and r4 for the delivery reward (default 1.0).
Delivered blocks are removed immediately, and if multiple blocks reach the goal in the same step,
their rewards are summed. The per-step reward for agent A, is given below, with D(*) = 0 if no block
is delivered. All agents share a global reward signal that reflects collective progress, following a

. . . t )
similar environment in [ 1: rz( ) — —rg+ ?T\’ where D) = > Bedelivered Td " W(B).

Symbolic Concepts for Customized Feedback. In addition to symbolic actions, CUBE exposes a
library of symbolic concepts that capture the geometric and relational properties of the environment.
These concepts do not prescribe feedback directly; instead, they provide a flexible vocabulary that
researchers can combine to design adaptive feedback signals for task progress and cooperation quality.

Table 2 summarizes the available concepts implemented in the environment. They include utilities
for querying blocks, computing distances, reasoning about alignment, inferring push directions,
and pathfinding. Together, these concepts make it possible to define higher-level evaluative criteria
without modifying the environment’s core mechanics.

Concept Arguments Return

get_distance (entity, entityz) ~ Manhattan distance between two entities (agent, block, or position).
is_aligned_with_block (block, side) Boolean indicating whether an agent is aligned with the given block face.
count_aligned_agents (block, side) Number of agents aligned with a given block face.
all_aligned_positions (block, side) Set of all valid alignment positions for a block face.

block_progress (block) Distance of the block to the goal.

delivered (block) Boolean indicating whether the block has been delivered.

quorum_status (block, side) Boolean indicating whether aligned agents meet or exceed block weight.
quorum_deficit (block, side) Number of additional agents required to push the block.

blocked (block, side) Boolean indicating whether a block face is blocked by a wall, block, or agent.

Table 2: Symbolic concepts available in CUBE. Each concept is a function returning a property or
relation, providing reusable primitives for defining customized feedback or evaluation signals.

3 Evaluation

In our evaluation, we empirically demonstrate the scalability of CUBE, Table 3: Average LLM
showing that the environment sustains high performance with negligible ~inference time on Azure
computational overhead even when scaled to hundreds of agents. We over 10 runs for generat-
further evaluate the integration of different classes of agents, illustrating ing a 3-step plan.

how LLM-based agents can operate effectively within the environment. -
LLM inference dominates the total runtime, with inference time >  Model Time (s)

CUBE’s time per step (Table 3, Figure 3a), confirming that the overhead  gpt-40 0.7 + 0.09
of CUBE is negligible. The environment is implemented in native  gpt-40-mini 1.6 = 0.07
Python, accelerated with Numba for efficiency, and executes entirely on
a single CPU core without requiring GPU resources. It is designed to be lightweight, portable, and
easily customizable, and operates independently of the broader LLM infrastructure.

3.1 Scalability and Computational Footprint

We evaluate CUBE by examining how well different classes of agents leverage its dual interfaces to
solve cooperative block-pushing tasks, highlighting CUBE’s scalability with respect to n.
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Figure 3: Scalability analysis of primitive actions with respect to the number of agents and blocks
(n). (a) Mean time per step grows smoothly with n, remaining negligible at small scales and rising
gradually as agent count increases. (b) Memory usage follows an approximately linear trend, reaching
under 1 GB at n = 256, with overhead in the tens of MB for small n. (¢c) CPU utilization increases

steadily with n and remains below 90% with 256 agents operating simultaneously.
10~*+— Runtime vs Number of Agents by Action Type

Scalability of Primitive Actions. To evaluate the
computational footprint of our environment, we mea-
sured runtime and system resource usage' as a func-
tion of the number of agents (n), using randomly act- push ok
ing agents to isolate the overhead of the environment : P S "
from the complexity of the policy. Each setting was Number of Agents
run five times to account for variability (see Figure 3). (a) Mean runtime per symbolic action
Mean time per step grows roughly linearly with the
number of agents, remaining sub-millisecond for small
teams and reaching roughly 0.05s at 256 agents. Pro-
cess memory usage also increases approximately lin-
early with n, from tens of MB at small n to 0.9 GB
at 256 agents. CPU utilization rises gradually at first,
then steepens around mid-scale team sizes, approach- D3 b b 15 s e4 1 26
ing ~ 90% by 256 agents. Overall, the environment Number of Agents
stays lightweight for small and moderate teams and
scales to a few hundred agents on a single-core proces-
sor; the main pressure at high n is CPU, while memory Figure 4: Scalability of symbolic actions
remains below 1 GB. as the number of agents increases. Lighter
actions (e.g., idle) remain inexpensive
Scalability of Symbolic Actions. We profile per- across scales, while heavier actions that re-
action runtime as a function of the number of scripted ~quire inspecting environment objects (e.g.,
agents, with all agents hard-coded to follow the same ~Push_block, which infers direction from a
symbolic action sequence. These measurements cap- Plock reference and checks agent alignment)
ture the additional overhead of symbolic mediation, cur higher computational cost at larger n.
which is checking preconditions and decomposing into primitive steps, relative to directly executing
primitive actions. We note that some symbolic actions are easier to optimize for performance than
others. For example, move_to_block can be efficiently accelerated with Numba, while actions more
tightly coupled to Python class logic are less amenable to such optimization. Both the line plot and
the heatmap in Figure 4 exhibit the same trend2. Most symbolic actions remain inexpensive across
scales, around 104 to 1073 seconds even at n = 256. In contrast, symbolic actions that require
accessing Python objects to perform multi-agent checks, such as rendezvous, wait_agents, and
push_block, grow progressively more expensive. Nevertheless, even the most expensive actions
remain lightweight, with per-action overhead under 0.05 seconds.
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3.2 Failure: Interaction, Congestion, and Geometry “® Stk e Step ket

Although the underlying rules of CUBE are simple, Oril 15 O
their interaction yields complex cooperative dynamics. @ =0
Agents must not only reason symbolically about goals
and block relations but also contend with the effects of
embodied actions, making an apparently simple envi-
ronment fundamentally nontrivial in practice.

Figure 5: Failure due to agent and environ-
ment dynamics. Spatial congestion blocks
the targeted face, halting progress.

"Experiments were run on Apple M2 (8-core CPU, 10-core GPU, 16GB unified memory).
2Experiments were run on Intel(R) Xeon(R) CPU E5-2630 v4 @ 2.20 GHz.



In CUBE, embodied movement introduces uncertainty during execu-
tion, as a previously feasible plan could become infeasible over time.
Figure 5 illustrates this effect. At step k, the left face of block B is
available, and agents A; and A, plan to approach it while Ay pushes
block B3 rightward. When B3 moves adjacent to Bs at step k+1,
the left face of By no longer exists as a valid approach direction.
The agents that had committed to this face now encounter an invalid
target, creating ambiguity in their subsequent actions. This example
highlights how valid tasks in CUBE can disappear dynamically as
a result of embodied motion and spatial reconfiguration, requiring
agents to adapt their strategies during execution.

Moreover, a cell race occurs when agents Ay and A; attempt to
move into the same cell, as shown in Figure 6. When multiple agents
target the same location, the one with the smaller ID claims the
position, while the others remain stationary. This rule introduces
unanticipated outcomes from each agent’s local perspective, often
invalidating their intended plans. Such racing behavior underscores
the limitations of purely reactive or independent control policies and
motivates the development of higher-level coordination mechanisms
to prevent conflicts through shared expectations.

Challenges further arise from action constraints when blocks are
located at the grid boundary, since agents can only move a block by
pushing, not pulling. In Figure 7, block B, lies along both the left
and top edges of the environment, leaving no valid cell from which
an agent can push it toward the goal zone. Adjacent cells that could
serve for alignment or approach fall outside the reachable workspace.
Consequently, the block becomes effectively isolated and no longer

s:1 é s:1

Figure 6: Failure caused by a
cell access race during concur-
rent movement.

Figure 7: A boundary-aligned
block (B,4) becomes unaction-
able under the push action.

Figure 8: Failure caused by an
agent occupying a feasible po-
sition adjacent to a block.

actionable under the push operation. This illustrates how boundary geometry alone can make certain

tasks infeasible, even without coordination errors.

While moving, an agent may temporarily lock a task if it lacks spatial understanding and coordination.
In Figure 8, all agents attempt to align on the left side of By. However, Agent O can temporarily
occlude the remaining positions along that side during its movement. It needs to recognize that it is
blocking the paths of other agents if it remains stationary. Agent 0 must move upward to create space
for the other agents to gather. The agents must also understand the order of arrival, as this determines

which cells they can claim behind a side of a block.

3.3 Agent Performance in the Environment

gpt-do
gpt-do-mini
heuristic

3.3.1 Baselines

Number of Completed Blocks vs Number of Agents by Model.

Total Blocks: 6

Heuristic. We implement a heuristic baseline that
follows a greedy strategy: at each step, the block

Total Blocks: 3

Total Blocks: 1

Number of Completed Blocks
o = N W & U o

closest to the goal is selected, and all agents are

assigned to move it. Once a target block is chosen,
each agent is given a step-by-step plan expressed

n

as symbolic instructions such as move_to_block,
rendezvous, and push_block. These instruc-
tions are repeated until the block is delivered, after
which the process restarts for the next closest block.
The baseline therefore produces valid cooperative
behavior but does not attempt to optimize efficiency,
parallelize work across blocks, or resolve conges-
tion. It provides a straightforward point of compar-
ison for more advanced approaches.

Figure 9: Number of completed blocks versus
agent count n for gpt-4o, gpt-4o0-mini, and
the heuristic baseline. Red dashed lines indicate
the total number of blocks present at each n
(1, 3, 3, 6). The heuristic baseline consistently
completes all available blocks. gpt-4o0 matches
this except at n = 6. gpt-4o-mini not only
underperforms but also exhibits high variance,
indicating instability across runs.

Naive Language Agent. As a language-based baseline, we use OpenAl’s gpt-4o and gpt-4o-mini
models in a zero-shot setting. Each agent repeatedly generates short plans from the prompt based on



symbolic observation. The prompt encodes a simple strategy similar to the heuristic agent, always
targeting the block closest to the goal zone, but expressed in natural language rather than in code.

3.3.2 Performance

Figures 9 and 10 present a comparison of our three baselines. The heuristic planner provides consistent
cooperative behavior through a simple strategy. Naive LLM agents (gpt-4o and gpt-4o0-mini)
show that pretrained language models can generate executable symbolic plans, but their performance
is inconsistent and brittle, particularly when coordination across multiple agents is required. They
succeed on simpler instances but degrade when plans involve other agents. Notably, gpt-4o generates
longer and higher-quality plans than gpt-4o-mini, which is reflected in Fig. 9: gpt-40-mini never
completes an episode once n > 2 and also incurs longer runtimes, suggesting it replans more often.

This gap is further re-
flected in lower comple-
tion rates, longer execu-
tion traces, and higher vari-
ance relative to the heuris-
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tic baseline. Taken together, e T - T T s : :
these baselines are not in- ’
tended as competitive solu- (a) Average steps to completion. (b) Average runtime.

tions but as reference points
that highlight the potential
of studying embodied co-
operation in CUBE. While
general-purpose LLMs can
produce nontrivial symbolic
behaviors, they fall short of robust cooperative performance on their own, particularly as n scales.

Figure 10: Baseline comparison across increasing agent counts (n).
The heuristic baseline consistently produces valid cooperative behav-
ior, while naive LLLM agents (gpt-4o0, gpt-40-mini) can generate
symbolic plans but remain less reliable and less efficient, revealing the
coordination gap that CUBE is designed to expose.

4 Challenges and Opportunities Enabled by CUBE

CUBE provides a scalable and reliable testbed for embodied cooperation that exposes the interplay be-
tween symbolic reasoning and embodied dynamics and reveals research challenges and opportunities
for advancing multi-agent cooperative intelligence.

As the number of agents and blocks increases, coordination in CUBE becomes increasingly complex.
Pushing a block requires both spatial reasoning to align precisely with a block face and temporal
coordination to synchronize collective actions. The environment further introduces soft spatial
dependencies among blocks, where a front block may obstruct others along a delivery path. The
formation of block chains adds another layer of difficulty: while chains can enable more efficient
collective motion, they also require agents to reason jointly about force distribution, timing, and spatial
configuration. Moving a block not only changes the current layout but can also alter task difficulty by
forming new chains or reducing space for subsequent deliveries. Agents must therefore manage task
decomposition, negotiation, and allocation, deciding how to divide labor and sequence sub-goals
efficiently while maintaining adaptive strategies that respond to an ever-changing environment.

Failures such as those discussed in Section 3.3 demonstrate that simple local decision rules can pro-
duce emergent dependencies that disrupt otherwise coherent plans. Effective cooperation, therefore,
requires joint reasoning over space, time, and intention, as well as predictive modeling of others’
actions and their effects. Agents must anticipate completion of teammates’ subtasks, infer how their
own motion influences team accessibility, and yield or reroute proactively to prevent blocking.

CUBE is a lightweight, extensible environment that unifies symbolic reasoning with embodied multi-
agent interaction. Its dual-layer interface for observation, action, and feedback enables systematic
study of hybrid reasoning, combining symbolic planning and reinforcement learning within a shared
environment. A compositional feedback system allows adaptive reward design. A single scaling
parameter n defines a transparent curriculum for examining how coordination strategies generalize
with team size and environmental complexity. Together, CUBE serves as a foundation for advancing
cooperative intelligence by linking symbolic abstraction with embodied execution, bridging reasoning
and action toward scalable, generalizable multi-agent cooperation.
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