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1. Introduction

Simulation is an important paradigm for training robots
on diverse tasks [2, 5, 15, 17, 21]. However, building
useful simulation tasks still requires substantial human ef-
fort, such as teleoperation [l, 7]. Existing data genera-
tion paradigms face a dilemma: augmentation methods [9]
based on static datasets are limited by the semantic bound-
aries of the original data, while unconstrained generative
exploration [14, 16] often suffers from low efficiency. We
propose SeedWorld, a multi-agent simulation framework
that expands a single human demonstration into composable
simulation tasks for robot skill learning (Fig. 1). SeedWorld
coordinates task-proposal, task-construction, skill-learning,
and feedback agents to generate related task variants, in-
stantiate executable compositional tasks, train robot skills,
and improve low-success tasks. Experiments show that
SeedWorld generates diverse and physically plausible tasks
from very few seeds, enabling compositional skill general-
ization across different scenes with minimal human input.

2. SeedWorld Framework

SeedWorld is a coordinated multi-agent framework that ex-
pands a small set of human seed demonstrations into com-
positional simulation tasks. Given a human seed demon-
stration Tgeed, 1.€., a teleoperated trajectory of one manip-
ulation skill, SeedWorld extracts task information Qgeeq =
(Oseed Cseed, Rseeds Lsced ), Where Ogeeq denotes the scene
configuration, Cyeeq denotes physical properties, Rgeoq de-
notes the robot embodiment, and Lg..q denotes the task
goal. A coordinator agent routes this information among
four specialized agents: a task proposal agent, a task con-
struction agent, a skill learning agent, and a feedback agent.
SeedWorld grows one demonstrated skill into many learn-
able task compositions and continuously improve difficult
task skill learning through feedback enhancement.
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Figure 1. Overview of SeedWorld. A coordinator agent organizes
four specialized agents. Starting from a seed demonstration, Seed-
World proposes related task variants, constructs executable and
composable simulation tasks, trains robot skills, and evolves the
task set through feedback enhancement from low-success cases.

2.1. Seed-Anchored Task Proposal

The task proposal agent is responsible for proposing task
variants from a human seed demonstration. Given a seed
Tseed, the agent analyzes the demonstrated task and extracts
Qseed = <Oseeda C‘seedy Rseed7 Lseed>a where the four ele-
ments describe the scene configuration, physical properties,
robot embodiment, and task goal. The agent then uses this
information as constraints to produce a set of related but
diverse task proposals T = {7y, 72, - - , T, } by varying ob-
jects, goals, physical conditions, embodiments, and scene
configurations. These proposals preserve the action logic
and task goal demonstrated in the seed while exploring new
task settings for later compositional construction.

2.2. Composable Task Construction

The task construction agent acts as a planning agent that
turns coarse task proposals into executable compositional
tasks. It selects compatible subtasks, orders them into a
goal-conditioned sequence, and pairs each subtask with a
configuration specifying the required objects, scene setup,
initial state, goal condition, and success predicate. The



Table 1. Quantitative assessment of task diversity. Lower scores
({) indicate higher diversity.

#

Method Tasks Self-BLEU | SBERT | ViT| CLIP |
SemanticMimic 100 0.252 0.163 0.184 0.752
RoboGen [14] 106 0.284 0.165 0.193  0.762
Behavior-100 [12] 100 0.299 0.210 0.389 0.833
RLBench [6] 106 0.317 0.200 0.375 0.864
Meta-World [18] 50 0.322 0.263 0.517  0.867
ManiSkill2 [4] 20 0.674 0.194 0.322  0.828
GenSim [13] 70 0.378 0.288 0.717 0932

agent then builds a simulation instance for each subtask
configuration and checks whether the full sequence is con-
sistent with the task goal and physically feasible. Invalid
plans are revised until they become valid training tasks.

2.3. Compositional Generalization in Skill Learning

The skill learning agent receives the valid compositional
tasks constructed in the previous stage. Each task is orga-
nized as an ordered sequence of proposed subtasks, where
each subtask is associated with a concrete configuration.
Initialized with the seed-skill action prior, SeedWorld trains
policies in simulation using reinforcement learning. This
initialization reduces random exploration and helps the
robot acquire subtask-level skills, which are then executed
in the planned order to complete the full task composition.

2.4. Verification and Evolution

The feedback agent evaluates the learned subtask-level
skills. It identifies low-success compositions and routes
them back for targeted enhancement, using successful tra-
jectories collected under the same subtask configurations
as task-specific supervision. When a task composition is
solved reliably, its successful trajectory sequence is pro-
moted to a new seed demonstration. In this way, SeedWorld
closes the loop from task proposal to skill learning: solved
task compositions are reused as new demonstrations, en-
abling iterative task expansion and skill improvement.

2.5. Evaluation Metrics

We evaluate SeedWorld from two perspectives. Task Diver-
sity measures whether the proposed tasks cover diverse lan-
guage and visual variations. For task descriptions, we use
Self-BLEU [10, 19] and Sentence-BERT similarity [19];
for rendered scene images, we use ViT [3] and CLIP [11]
embedding similarity. Skill Success measures whether the
learned policy can complete the generated tasks.

3. Results and Discussion

Task Diversity Evaluation. We first generate 100 task
variations from different seed demonstrations and com-
pare them with representative robot learning and simulation

Table 2. Success rate of learned skills. We compare the initial
policy trained on generated tasks with two enhancement strategies:
fine-tuning from the best checkpoint and retraining from scratch.

Task Success Rate

Initial Fine-tuning Retraining
Apple Plate 0.16 0.46 0.44
Drink Cake Plate 0.52 0.68 0.52
Drink Cleanup 0.20 0.42 0.36

(a) Seed demonstration (b) Compositional task 1

(c) Compositional task 2 (d) Compositional task 3

Figure 2. Task variation. SeedWorld expands a seed demonstra-
tion into related but diverse compositional tasks.

benchmarks. As shown in Table 1, SeedWorld achieves
low task-description similarity and image similarity, indi-
cating that the proposal agent produces diverse task varia-
tions. Figure 2 further illustrates how seed demonstrations
can be expanded into multiple compositional tasks.

Skill Learning Evaluation. We evaluate whether
the generated compositional tasks can support robot skill
learning. Experiments are conducted in Robosuite [20],
and policy training follows the default configuration of
Robomimic [8]. As shown in Table 2, the learned poli-
cies can complete the generated tasks, suggesting that
SeedWorld produces not only diverse but also executable
and learnable tasks. For low-success tasks, feedback en-
hancement further improves performance by using success-
ful trajectories collected from the corresponding task in-
stances. Results show that SeedWorld can expand limited
human demonstrations into useful compositional training
tasks while preserving action guidance for skill learning.
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