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ABSTRACT

We present HAMMR, a human-aligned multi-agent framework
for language-guided robotic manipulation, enabling explainable
planning, step-by-step action justification, risk assessment, and
mandatory human approval, achieving 89% success on RLBench
tasks.
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1 INTRODUCTION

Large language models are increasingly transforming robotics by
enabling natural language understanding, high-level task plan-
ning, decision making, and intuitive human-robot interaction [12].
Early systems such as SayCan [1] grounds language in action by
using LLMs to propose action sequences and value functions to
evaluate their feasibility, while Inner Monologue [5] extends this
paradigm with closed-loop planning through continual percep-
tion and self-reflection. Code-as-Policies [9] and RobotGPT [7]
translate instructions into executable programs or action code,
emphasizing programmatic control. RT-2 [2] enables generalized
robotic control through end-to-end vision-language-action mod-
els, whereas VoxPoser [4] emphasizes interpretability by building
structured 3D scene representations. Progress in LLM reasoning
frameworks, particularly ReAct [13], enables agents to interleave
reasoning and action through iterative thought-action-observation
cycles. ROSA [10] integrates this paradigm into robotic systems as
embodied agents. Extending beyond single-agent systems, multi-
agent architectures enable collaborative specialization, improving
robustness on complex tasks. SMART-LLM [8] enables collabora-
tive multi-agent reasoning by decomposing tasks and orchestrating
robots based on their skills, while MALMM [11] introduces a Plan-
ner—Coder—Supervisor framework for zero-shot manipulation.
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While these approaches leverage LLMs for high-level planning [1,
5] and low-level control [9, 11], they prioritize autonomous execu-
tion over human understanding. Decision-making processes remain
largely opaque, preventing users from inspecting plans, assessing
safety, or intervening before actions occur. As highlighted by Raptis
et al. [12], transparency and explainability remain under-explored
in LLM-driven robotics, limiting deployment in safety-critical envi-
ronments. Article 13 of the EU AI Act formalizes this requirement
by mandating that high-risk Al systems provide sufficient trans-
parency for deployers to interpret system outputs and exercise
human oversight [3].

To address these gaps, we introduce HAMMR (Human-Aligned
Multi-Agent Manipulation with Reasoning)'. It is designed to
place humans explicitly in the decision loop by requiring inter-
pretable planning and mandatory pre-execution approval before
any physical action occurs. The framework extends existing multi-
agent paradigms, by incorporating step-by-step plan justifications,
task-level risk classification, and parameter-level user control. Au-
tonomous execution is retained after approval, enabling efficient
task completion without sacrificing transparency, interpretability,
or alignment with human intent.

2 MOTIVATION

Figure 1 illustrates HAMMR’s intended deployment within a smart
factory setting, where heterogeneous robotic systems and sensors
operating alongside human workers under a central supervisor.
The supervisor issues natural-language commands ranging from
global directives to coordinated multi-agent tasks. HAMMR en-
ables selective human oversight: routine low-risk actions execute
autonomously, while novel or safety-critical tasks generate explain-
able plans for supervisor review and approval, ensuring transparent
and safe collaboration.
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Figure 1: HAMMR in Smart Factory

!Demo video: https://youtu.be/DE1d4G4PUCK; Code repository: https://github.com/
RoopsHub/rlbench-multi-agent
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3 FRAMEWORK OVERVIEW

HAMMR enforces a strict two-phase workflow that distinctly sepa-
rates human oversight from autonomous execution. The framework
consists of four agents: a central Planner Agent, which orches-
trates the overall workflow, and three specialized agents, Sensing,
Perception, and Motion, that are executed sequentially and lever-
age high-level MCP tools to accomplish users request (Figure 2).
MCP enhances modularity by supporting multiple simulators (e.g.,
Gazebo, CoppeliaSim) and enabling direct transfer to real robots,
while providing an abstraction layer that decouples LLM reason-
ing from the underlying robot implementations. We implement
HAMMR using RLBench [6], a benchmark suite for robot manip-
ulation built on CoppeliaSim, featuring multi-modal observations
including RGB images, depth maps, and point clouds. This work
focuses on single-arm manipulation tasks, laying the groundwork
for future deployments with heterogeneous robotic systems.

3.0.1 Phase 1: Explainable Planning. The Planner Agent receives
natural language commands (e.g., "pick up the red cube") and iden-
tifies the task category by analyzing linguistic patterns. Each cate-
gory maps to a predefined motion sequence template(e.g., this task
follows: open gripper—approach cube—grasp—maintain closed
gripper—move to target). The agent instantiates this template with
step-by-step justifications (e.g., "move to 15cm above object to
ensure collision-free descent") and performs automatic risk assess-
ment: tasks without grasping are LOW risk, single-object manipu-
lation is MEDIUM risk, multi-object tasks requiring state tracking
are HIGH risk. Plans include adjustable parameters like approach
height and grasp offset. Users modify these conversationally (e.g,
"increase grasp offset to 0.02m), which triggers validation and up-
dates to the plan. Critically, the orchestrator operates without tool
access during planning, enforcing plan-execution separation. Only
upon explicit user approval does autonomous execution begin. Once
approved, execution proceeds automatically through three special-
ized agents in strict sequential order.

3.0.2  Phase 2: Autonomous Execution. Sensing Agent initiates the
pipeline by invoking the load_task(task_name) MCP tool to initial-
ize the RLBench task, followed by the get_camera_observation()
MCP tool to capture multi-modal data: RGB image, depth map, point
cloud, camera intrinsics, and camera-to-base pose transformation.
The agent retrieves automatically extracted detection prompts ("red
cube . red sphere") and ground-truth positions for validation. Out-
puts are structured as JSON and passed to the Perception Agent.

Perception Agent performs vision-language grounding via the de-
tect_object_3d() MCP tool, which encapsulates: (1) GroundingDINO
inference yielding 2D bounding boxes, (2) LAB color space verifica-
tion to correct/verify object colors, (3) extraction of corresponding
3D points from depth data, and (4) coordinate transformation to the
robot base frame. For single-object task, it returns position_3d: [x, y,
z] with confidence. For multi-object tasks with compound prompts,
it returns an objects[] array with positions and confidences.

Finally, Motion Agent executes approved motions using the
move_to_position() and control_gripper() MCP tools,which ab-
stracts inverse kinematics and trajectory generation. The agent
maintains gripper state awareness and halts immediately upon
failure.
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Figure 2: HAMMR multi-agent workflow demonstrating a
red cube grasp-and-lift task

Table 1: HAMMR task performance across 15 trials per task
(75 total episodes).

Task Complexity Success Failure Cause
ReachTarget Simple 15/15 -
PushButton Simple 15/15 -
PickAndLift Medium 12/15  Grasp misalignment
PutRubbishInBin Medium 12/15 Perception noise
StackBlocks Long-horizon  13/15  Placement instability
Overall 67/75 89%

4 EVALUATION

HAMMR is evaluated on five RLBench manipulation tasks spanning
simple, medium, and long-horizon complexity categories across
75 trials (15 per task), using GPT-5-mini as the reasoning model.
Table 1 reports task-wise results, achieving 89% overall success,
with failures attributed solely to execution-level perception noise
or motion inaccuracies rather than planning errors. Direct compar-
ison with the closely related MALMM [11] was not possible due to
the lack of publicly available replication resources; architecturally,
HAMMR extends MALMM with step-wise justifications, risk clas-
sification, and operator-adjustable parameters. Future work will
focus on benchmarking against related multi-agent frameworks
and extending HAMMR to heterogeneous multi-robot settings, first
in simulation and subsequently on real-world systems to evaluate
scalability and deployment robustness under human oversight.
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