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AutolIrialGen: Automated Data Generation from Few Human

Demonstrations via Trajectory Annotation and Simulation Trials

Huailiang Ma', Aiguo Song', Mutian He', Mingyu Li!, Yibing Yan' and Linhu Wei'

Abstract—While imitation learning is a powerful paradigm for
teaching robots complex manipulation skills, its effectiveness is
often bottlenecked by the need for large-scale, human-collected
datasets. This paper presents AutoTrialGen, an automated frame-
work designed to generate large and diverse datasets of successful
simulated demonstrations through trial-and-error, from only a
few human demonstrations. Initially, AutoTrialGen employs a
vision-language model to automatically decompose unprocessed
human demonstrations into a library of object-centric and
reusable skill primitives. Within a simulated environment, it then
intelligently composes these primitives to solve new task instances,
employing a novel weighted manipulability selection mechanism
to ensure the quality and efficiency of the generated trajecto-
ries. Policies trained using the proposed sim-augmented data
demonstrate improved performance and enhanced data efficiency
across six diverse and challenging real-world manipulation tasks,
compared with the baseline method.

Index Terms—Learning from demonstration, imitation learn-
ing, robotic manipulation.

I. INTRODUCTION

EVELOPING robotic systems capable of performing
long-horizon, multi-stage manipulation tasks remains a
significant challenge in robotics. Such tasks, commonplace in
human environments, require not only precise motor control
but also the seamless sequencing of distinct skills while
adapting to variations in the environment. Imitation learning
(IL) [1]-[3]] has emerged as a powerful and intuitive paradigm,
enabling robots to acquire complex behaviors by learning
from human-provided demonstrations. This approach bypasses
the need for complex reward engineering and has shown
considerable success in a variety of manipulation settings.
Despite its promise, the effectiveness of imitation learning
is often constrained by a significant bottleneck, namely its
heavy reliance on large amounts of data. To achieve robust
performance and generalize to even minor variations in object
poses or scene configurations, IL policies typically require
large-scale, diverse datasets of expert demonstrations [4]—[7].
The process of collecting this data is notoriously resource-
intensive, demanding substantial human effort, time, and
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Fig. 1. AutoTrialGen Overview. AutoIrialGen provides an automated
pipeline for data-efficient imitation learning. A human operator first collects
a few task demonstrations via teleoperation. AutoTrialGen then automatically
decomposes them into reusable, object-centric skill primitives and generates
a large set of high-quality simulated demonstrations through trial-and-error.
Finally, a policy is trained on the sim-augmented data and deployed in the
real world.

specialized hardware. This creates a critical trade-off where
researchers must either invest heavily in data collection or
settle for smaller datasets that often yield policies with limited
generalization capabilities.

To mitigate this data collection burden, recent works [8[|—
[15] have explored methods for automatically generating or
augmenting demonstration data. A promising direction, exem-
plified by methods like MimicGen [J8], involves adapting a
small set of human demonstrations to new scenarios by decom-
posing them into segments and recombining them. While these
approaches reduce the need for human intervention, they often
suffer from a critical flaw: they rely on simplistic or random
strategies for composing skill segments. This randomness can
produce lower-quality or kinematically inefficient trajectories,
and in some cases, combinations that are invalid or unstable,
thereby degrading the quality of the generated dataset and
hindering the performance of the final learned policy. In
addition, they require extensive human annotation on task
stages and the hand-crafting per-stage discriminator functions
for each task.

To address these limitations, we propose AutolrialGen, a
framework for data-efficient imitation learning that facilitates
the automated generation of large-scale, high-quality datasets
from only a few human demonstrations. The proposed frame-
work is built upon a fully automated pipeline that transfers a
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small number of real-world demonstrations into a digital-twin
simulation environment. It then automatically decomposes
these demonstrations into a library of reusable, object-centric
skill primitives using an off-the-shelf state-of-the-art vision-
language model (VLM). Finally, it intelligently generates a
large and diverse dataset in simulation, which is then used to
train a robust policy for real-world deployment.

A key insight of our work is that the method used to
compose skill primitives is paramount to the quality of the gen-
erated data. Unlike prior approaches that randomly combine
segments [8]—-[L0], AutoTrialGen employs a novel weighted
manipulability selection mechanism. This mechanism intelli-
gently selects the most suitable skill primitive at each step by
optimizing a composite score that jointly considers kinematics
feasibility and transition efficiency. By prioritizing smooth
transitions and stable configurations, AutolrialGen ensures
that the generated demonstrations are not only successful but
are also of high quality, closely resembling the efficient and
deliberate motions of a human expert.

In summary, the contributions of this paper are as follows.

o An automated data generation framework, AutoTrialGen,
is proposed to generate large-scale, high-quality datasets
of robotic behaviors from only a few human demon-
strations. We construct a digital twin of the real-world
environment, replay demonstrations, and generate new
trajectories via trial-and-error for real-world policy train-
ing and deployment.

o An automatic skill decomposition module segments
demonstrations into reusable, object-centric skill prim-
itives. Building upon these primitives, a novel weighted
manipulability selection mechanism is developed to com-
pose them by jointly reasoning about feasibility and effi-
ciency, generating stable and high-quality demonstrations
compared with random composition strategies.

« Extensive experiments on challenging, multi-stage real-
world manipulation tasks validate that policies trained
on data from AutoTrialGen achieve substantially higher
task success and better data efficiency than the baseline
method, with average success rates rising from 49.1% to
70.3% in simulation and from 57.7% to 78.3% in real-
world evaluations.

II. RELATED WORKS
A. Data-Efficient Imitation Learning

Behavioral Cloning (BC) [[16]] is a foundational method
for learning control policies from expert demonstrations, with
notable successes in domains like autonomous driving [[17]]
and robotic manipulation [2f, [3]. A primary limitation of
standard BC, however, is its struggle with generalization;
policies trained on small to moderately-sized datasets often
fail to adapt to unseen variations in environmental layouts
and visual appearances [[18], [[19]. While mitigating this issue
through conventional means often necessitates large-scale data
collection [[1]], [2], [20], this approach introduces significant
scalability challenges. In contrast, this work tackles the prob-
lem of data efficiency. We apply state-of-the-art imitation
learning methods to diverse datasets synthesized from only

a few human demonstrations via our proposed data generation
pipeline.

B. Data Generation and Augmentation for Robotic Manipula-
tion.

Strategies for data generation and augmentation in robotic
manipulation generally fall into two categories. One line of
work leverages offline data augmentation techniques to syn-
thetically expand the training dataset for policy learning [21]-
[25]. Another recent approach focuses on generating entirely
new demonstrations, often by leveraging Large Language
Models (LLMs) for high-level task decomposition, followed
by motion planning or reinforcement learning for subtask res-
olution [26[-[28]]. A distinct but related strategy, exemplified
by MimicGen [[§] and its extensions [9]—[11], adapts existing
human-collected demonstrations to novel object configurations
rather than generating them from scratch. This is achieved
by synthesizing new execution plans from segments of source
demonstrations. However, this methodology suffers from crit-
ical limitations: it requires extensive manual effort, including
multi-stage annotation for each task and the hand-crafting of
discriminator functions for each stage. Furthermore, its random
combination of segments from different source demonstrations
can degrade the quality and kinematic consistency of the
generated data [8]]. The proposed AutoTrialGen enables a fully
automated pipeline that first transfers real-world data from
the physical environment to simulation, where a large-scale
and diverse dataset is generated, and ultimately transfers the
learned policy back to the real world.

III. PrRoBLEM FORMULATION

Imitation Learning. Each manipulation task is formal-
ized as a Partially Observable Markov Decision Process
(POMDP). We are given a dataset of N demonstrations D =
{(sh, oy, ab, si, o, ai, ..., 5}1)}5\;1, where each demon-
stration % is a time-ordered trajectory of horizon H;. Here
st € S denotes the underlying system state at time step t,
o} € O the observation available to the policy, and a¢ € A the
executed action. Each initial state s§ ~ D is sampled from the
initial state distribution D C S. The goal is to learn a policy
7 : O — A that maps observations to a distribution over the
action space. We focus on Behavioral Cloning (BC) [16] meth-
ods that find a policy via the maximum-likelihood objective
0* = argmaxy E(; 00 ~p[logms(a | 0)]. We train policies
via BC with datasets generated via AutolrialGen.

Assumptions. Like MimicGen [8]], we make these assump-
tions. (A1) The action space A consists of continuous pose
commands for an end effector controller along with a discrete
gripper command (open/close). (A2) Each task involves a set
of manipulable objects, and can be divided into object-centric
subtasks (see Sec.[[V-A). (A3) During data collection, the pose
of objects can be observed or estimated prior to a robot arm
making contact with that object.

IV. METHOD

The proposed AutoTrialGen, a framework for learning com-
plex manipulation skills from a few human demonstrations by
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Fig. 2. Pipeline of AutoTrialGen: On the left, real-world teleoperation demonstrations are processed by a vision-language model to automatically generate
subtask discriminator Python functions (e.g., grasping, pouring, placing) that segment trajectories into object-centric skill motions. On the right, under new
object configurations, these skill primitives are composed using our skill composition strategy and replayed in simulation to generate new successful trajectory

data for policy training.

generating a large-scale, sim-augmented dataset. An overview
of proposed pipeline is illustrated in Fig.[T} AutoTrialGen com-
prises four key components (see Fig. [2): (1) Automatic Sub-
task Decomposition: Decomposing human demonstrations
into reusable, object-centric skill primitives. (2) Real-to-Sim
Transfer: Replicating real-world assets within a physically-
randomized simulation. (3) Demonstration Generation: Syn-
thesizing a large dataset by intelligently composing skill prim-
itives in simulation. (4) Policy Learning: Training a visuomo-
tor policy on the generated data for real-world deployment.

A. Automatic Subtasks Decomposition

Our method begins with a small source dataset of human
demonstrations, Dy, with the aim of automatically generat-
ing a large dataset D for the same task or a variant. We
assume that every task consists of a sequence of object-
centric subtasks (S1(01), S2(02), , Snr(onr)), where the
manipulation in each subtask S;(0;) is relative to a single
object’s coordinate frame (o; € O, where O is the set
of objects). Our pipeline divides each source demonstration
T € Dy into contiguous object-centric manipulation segments
{7;}M,, where each segment corresponds to a subtask S;(0;).
Each segment is a sequence of end-effector control poses
T = (TV?,D, TV]{:}, ce TVIEJ,K),, where TV?,‘ € SE(3) denotes
the 6-DoF pose of the robot end effector at time step t,
and W denotes the world coordinate frame. To perform this
decomposition automatically, we leverage a VLM through a
structured prompt design rather than model fine-tuning. The
VLM receives as input (i) a single RGB image of the scene to
provide static scene and object context, and (ii) task-relevant
object poses and (iii) robot end-effector poses across all time
steps of the demonstration. A prompt specifies the task goal
and object semantics, providing high-level prior information
(including the involved objects and the expected number of
object-centric skill segments) to guide the model in generating
an executable Python discriminator function d;(s;) : S —
{0,1} with NumPy operations, while avoiding fine-grained
semantic rules or explicit segmentation criteria. This process
decomposes each trajectory in Dy, into free-space motion
and object-centric manipulation segments, referred to as robot

skills in Fig. 2. The object-centric segments form a skill library
that is composed to generate trajectories for novel object
configurations in simulation.

To ensure the resulting skill segments are generalizable,
each end-effector pose action TW is stored i 1n the frame of the
relevant skill object O; as gi b (T V?, ) T V?,‘, where TO
denotes the observed pose of object O; in the world frame prior
to executing the skill. The first end-effector pose in the skill
demonstration, Tgf + 7;[0], is defined as the initiation state,
specifying the entry point for the skill. The last pose in the
demonstration, qu‘, % implicitly defines the termination state,
with its detection determined by a task-specific discriminator
function produced by a vision-language model.

B. Real-to-Sim Transfer

To enable scalable data generation, we construct a digital
twin of the real-world environment in PyBullet [29]. First, we
obtain high-fidelity textured meshes for all scene objects using
an off-the-shelf multi-view 3D reconstruction method [30].
Then, to model the physical properties of these objects (e.g.,
density, friction), we avoid the complexities of explicit system
identification, which typically requires extensive real-world
trials [31]—[33]. Instead, we employ domain randomization:
during the data generation process, we sample dynamics
parameters from bounded distributions. This strategy helps
bridge the reality gap and promotes the successful transfer
of the learned policy to the real world.

C. Demonstration Generation

With the established library of skill primitives and the
simulated environment, a large-scale dataset D is generated
to enable data-efficient policy learning. The generation pro-
cess is an automated trial-and-error loop where AutolrialGen
sequences skill primitives to solve the task under new, random-
ized initial conditions, and only save the successful trajectories.
This process involves three main steps: adapting a selected skill
to the current scene, intelligently composing skills to form a
full trajectory, and generating smooth transitional motions.
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1) Skill Adaptation: At each step of a task, a skill prim-
itive s is chosen from the library (the selection process is
detailed below). This primitive contains an object-relative
trajectory 75 = (Tgf, e ,Tgf). To execute this in a new

scene where the target object Os has a pose TO;, we
transform the entire trajectory into tl}e world frame: 7 =
(TEo, ..., TE) where TL' « TV?/S g’ This transforma-
tion preserves the learned end-effector motions relative to the
target object, allowing the skill to be applied to novel object
configurations. The resulting trajectory 7/ is then executed by
the end-effector controller in the simulator.

2) Skill Composition with Weighted Manipulability Selec-
tion: A key challenge arises when multiple skill primitives
from the library can accomplish the next required subtask. A
naive strategy, such as random selection, can degrade dataset
quality by producing inefficient or unstable trajectories. To ad-
dress this, AutoTrialGen employs a Weighted Manipulability
Selection mechanism to guide the composition process. This
method selects the optimal skill primitive s* from a set of
candidates S by minimizing a carefully designed penalty score
that balances kinematic feasibility and motion efficiency.

The penalty is a weighted sum of two components: a
manipulability penalty and a pose proximity penalty. To ensure
these physically distinct measures are comparable, all penalty
terms are normalized:

1. Kinematic Feasibility: We employ the Yoshikawa ma-
nipulability index [34] to penalize robot configurations near
kinematic singularities. Given a candidate primitive’s starting
joint configuration ¢, the manipulability w(s) is w(s) =
V/det(J(gs)J(gs)T), where J(gs) is the geometric Jacobian.
The normalized manipulability penalty is:

_ 1
Pmanip(s) = (’LU(S) + E) pmax ?

manip

(D

where ¢ > 0 ensures numerical stability and P ;"% depends on
the robot’s kinematic structure, representing the upper bound
of its manipulability index.

2. Transition Efficiency: To encourage smooth motions
between skills, we penalize large deviations between the
current end-effector pose Teyrene and the candidate primitive’s
start pose Ty We compute the normalized translational and
rotational distances:

rans = ||ps drl:::(rremHQ7 (2)

trans

i arccos (1 (tr(R.] Reurrent) — 1))

rot —

qmax : (3)

Tot

where di2% and dg2*, determined by the robot’s kinematic
structure and workspace, correspond to the maximum reach-
able displacement and the largest feasible rotational deviation
of the end-effector, respectively. These constants normalize
disans and dyo; to the range [0, 1], yielding dimensionless and
comparable penalty terms for weighted optimization.

Final Selection: The composite penalty score for a candi-

date skill s is a weighted combination of these terms:

Pweighted(s) = )\lpmanip(s) + )\2 (Oéd~trans + Bdrot)a (4)

where the hyperparameters A1, Ao, a, 5 balance the contribu-
tions of each factor. The primitive minimizing the composite
penalty is selected for execution:

* = in Pyej . 5
S arg rgnelg Welghted(s) (5)

Furthermore, the selection rule in (3)) depends only on the
relative comparison of penalty magnitudes among candidates,
whereas their absolute values are not physically meaningful.
Hence, the critical factor is the relative scaling between A; and
A2. As described in Section both coeflicients were set to
equal proportions to balance the influence of the two penalties,
and this configuration was empirically validated by the ablation
results presented in Section The parameters @ and (3
were kept fixed to maintain equal weights for translation and
rotation, since the skill primitives varied across tasks.

Ilustrative Example. For illustration, Fig. |3| visualizes our
weighted manipulability selection on two representative tasks
(cup hanging and tea pouring). From the current robot state
(left), multiple candidate skill primitives are available (right),
each with an associated penalty. This example is included
here for clarity, while the complete evaluation of all tasks is
presented in Sec. V.

3) Transitional Motion and Data Diversity: After selecting
and adapting a skill primitive, a smooth transitional path is
generated from the robot’s current pose to the primitive’s initi-
ation state using Cartesian interpolation. Linear interpolation is
applied to the translational component, while spherical linear
interpolation (Slerp) is used for the rotational component. To
further improve the diversity and generalization of the final
dataset D, the initial poses of all objects are randomized within
a predefined range at the start of each new demonstration
attempt. The entire process of selection, adaptation, and execu-
tion is repeated until the task is complete, and only successful
trajectories are stored in the final dataset.

D. Policy Learning

The final stage of our framework is to learn a robust policy
m from the large-scale dataset D generated by AutolrialGen.
For the policy architecture, we adopt Diffusion Policy [[18], a
state-of-the-art model for imitation learning. The policy takes
the current robot proprioceptive state (e.g., joint positions)
and the SE(3) poses of all task-relevant objects as input to
predict a sequence of end-effector actions. While ground-truth
object poses are readily available during training in simulation,
a robust pose estimation system is required for real-world
deployment. To this end, we leverage the textured 3D object
models acquired during our Real-to-Sim transfer pipeline and
employ FoundationPose [35] to accurately estimate object
poses from sensor data at runtime.

V. EXPERIMENTS

We designed the experiments to evaluate the quality of the
augmented datasets generated by AutoIrialGen. Specifically,
we aim to answer the following questions: 1) Does AutoTri-
alGen generate a higher-quality dataset, and how does this
affect performance on complex, long-horizon tasks? 2) Does
the proposed skill composition mechanism improve policy
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Fig. 3. Illustration of the weighted manipulability selection mechanism.
Left: the current robot state for two representative tasks (cup hanging and tea
pouring). Right: multiple candidate skill primitives, where the shown right-
hand configurations correspond to segment start states rather than intermediate
execution states, each associated with an estimated penalty value. Our method
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Fig. 4. Experimental Tasks. We evaluate across six manipulation tasks, cov-
ering both short-horizon (Button Pressing, Mouse Placement, Cup Hanging,
Beverage Placement) and long-horizon scenarios (Storage Box Organization,
Tea Pouring). Each task is shown in both the real-world setup (left) and the
corresponding simulated environment (right).

performance compared to the baseline? 3) How do the key
components of our selection mechanism—kinematic manipu-
lability and pose proximity contribute to the final result? 4)
Is AutoTrialGen practical and effective for real-world robotic
deployment? 5) Can the datasets generated by AutolrialGen
serve as a substitute for human-collected teleoperation data,
and how does their data efficiency compare?

A. Experimental Setup

We evaluated AutoTrialGen in both simulation and real-
world. Simulation experiments were conducted in PyBul-
let [29]. The physical setup consisted a URI10 arm with
a Robotiq parallel gripper; a global-view RealSense D435i
camera provides object-centric observations. For each task, 1-4
teleoperated demonstrations were collected using a Geomagic
Touch haptic device, and 500 synthetic demonstrations were
generated in simulation. Visual prompting of the OpenAl O3
model was used to synthesize Python-based discriminator
functions for subtask termination. In simulation, we evaluate
50 episodes with 3 different random seeds per task under ran-
domized object configurations. In the real world, we evaluate
50 episodes per task. The evaluation metrics include the task
success rate, the data generation success rate, and trajectory
smoothness, which is quantified using a joint-space angular
velocity change metric defined as the mean of the top 5%
largest velocity change magnitudes (lower is better).

Task Design. Evaluation of AutoIrialGen was conducted
through six representative manipulation tasks: four short-
horizon and two long-horizon tasks which involved diverse
skills such as pressing, grasping, placing, and hanging in both
simulation and the real world (see Fig. [4). During simulation-
based data generation, each object’s initial pose was randomly
perturbed within a bounded planar region (typically 20-30 cm
in translation and up to +180° in rotation, depending on the
task) to enhance variability across trials.

« Button Pressing: Pressing a button mounted on the table
surface. We provided four demonstrations with distinct
initial poses.

e Mouse Placement: Grasping a mouse and placing it
onto a mousepad. We provided two demonstrations with
distinct initial poses.

o Cup Hanging: Hanging a cup on a holder, demonstrated
once for each of the three available hooks, which requires
precise alignment of the cup handle with the narrow hook
gap.

o Beverage Placement: Placing a beverage into a carrying
rack, demonstrated twice, which requires precise align-
ment with limited tolerance.

o Storage Box Organization (long-horizon): Sequentially
placing multiple objects into a storage box in cluttered
scenes. Two demonstrations were provided, with task
variants TO, T1, and T2 involving 4, 7, and 10 objects,
respectively, where each target object induces a grasp-
place subtask pair.

+ Tea Pouring (long-horizon): Grasping the teapot, pour-
ing tea into a cup, and returning the teapot to a coaster,
which involves maintaining a stable grasp during pour-
ing motions. Three demonstrations with distinct pouring
motions were recorded.

Baseline. We implemented the dataset generation pipeline
of MimicGen as our baseline [§]]. In both AutoTrialGen and
MimicGen, the same small set of expert demonstrations was
segmented into subtasks using a vision-language model. The
key difference lay in recombination: our approach employed
manipulability-based selection, while MimicGen randomly
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sampled segments. To ensure fairness, the same object pose
perturbation scheme was applied to both methods.

Policy Training. The generated dataset was used to train
a Diffusion Policy [[18] for action prediction. The inputs of
policy included object-centric observations (object pose, end-
effector state, and gripper state), and outputs were absolute
control commands for the end-effector pose and gripper. We
adopted the DDPM [37] framework with a Conditional U-
Net1D architecture.

B. Quantitative Results

Simulation Results. AutoTrialGen was first evaluated across
six simulation tasks. As shown in Table the proposed
weighted manipulability mechanism significantly outper-
forms the MimicGen baseline, achieving an average success
rate of 70.3%. Our analysis highlighted key advantages:

1) Manipulability-Aware Selection Yields Higher-Quality
Datasets. Our method’s core benefit stems from gen-
erating superior datasets. By prioritizing skill segments
that avoid kinematic singularities, we achieved a higher
data generation success rate than MimicGen (80.2%
vs. 66.8%). Furthermore, incorporating a pose proxim-
ity term regularizes skill transitions and yields signifi-
cantly smoother joint-space trajectories, reducing abrupt
joint velocity changes by approximately 32.9% (49.4
vs. 73.6 deg/s). For instance, in the Mouse Placement
task, two grasp poses were possible, differing by a 180°
rotation. MimicGen’s random selection often chose the
kinematically challenging grasp near a singularity, result-
ing in a low 56.0% success rate. In contrast, AutoIrialGen
consistently selected the more stable grasp, boosting the
success rate to 90.7%.

2) Gains are Amplified in Long-Horizon Tasks. The
advantages of our systematic skill composition are par-
ticularly pronounced in multi-step, long-horizon tasks. In
Storage Box Organization and Tea Pouring, AutoTrialGen
improved success rates by over 20 and 16 percentage
points, respectively (42.0% — 64.0% and 72.7% —
89.3%). Task difficulty is influenced by temporal horizon
as well as the precision requirements of the underlying
manipulation primitives, and some short-horizon tasks
can be more challenging than longer-horizon ones, as
seen in Beverage Placement versus Storage Box Orga-
nization (61.3% vs. 64.0%). Long-horizon performance
is affected by subtask difficulty, with more challenging
stages leading to lower overall success rates. As the num-
ber of subtasks increases, both policy performance and
data generation success rates decrease across methods,
with degradation becoming more pronounced from TO to
T2. Despite this, AutolrialGen consistently outperforms
MimicGen, demonstrating stronger scalability under in-
creasing subtask complexity.

3) Implicit Collision Reduction via Singularity Avoid-
ance. Although our method did not explicitly model ob-
stacles, it implicitly reduced collisions. By favoring skill
segments with high manipulability, it naturally steered the

TABLE I
TASK SUCCESS RATE AND DATA GENERATION RATE FOR MIMICGEN AND
AUTOTRIALGEN (IN %), WITH TRAJECTORY SMOOTHNESS REPORTED AS
JOINT-SPACE ANGULAR VELOCITY CHANGE (DEG/S).

Task MimicGen AutoTrialGen (ours)
Succ. Rate  Gen. ‘ Succ. Rate  Gen.
Button Pressing 833 £34 953 | 86.0£33 957
Mouse Placement 560+ 1.6 924 | 90.7£09 956
Cup Hanging 60.7 =25 582 | 727£09 785
Beverage Placement 413 +£25 764 | 613 +£25 859
Storage Box Org. (T0) 42.0+33 708 | 640+ 1.6 875
Storage Box Org. (T1) 26.7 £23 39.6 | 567+ 12 624
Storage Box Org. (T2) 100 £2.0 184 | 413 £12 440
Tea Pouring 727 +£25 834 | 893 +£19 923
Averaged 49.1 66.8 \ 70.3 80.2
Trajectory Smoothness 73.6 \ 49.4
TABLE II

REAL-WORLD TASK SUCCESS RATE COMPARISON BETWEEN MIMICGEN AND
AUTOTRIALGEN. EACH METHOD 1S EVALUATED OVER 50 EPISODES PER TASK.
VALUES DENOTE SUCCESS RATES (IN %0).

Task MimicGen  AutoTrialGen (ours) A

Button Pressing 80.0 90.0 +10.0
Mouse Placement 54.0 88.0 +34.0
Cup Hanging 62.0 74.0 +12.0
Beverage Placement 40.0 64.0 +24.0
Storage Box Org. (T0) 42.0 68.0 +26.0
Tea Pouring 68.0 86.0 +18.0
Average 57.7 78.3 +20.6

robot away from workspace boundaries where singular-
ities and self-collisions were more likely. This focus on
feasible configurations contributed to the +8.0% improve-
ment in data generation success rate over MimicGen, as
fewer trajectories were discarded due to collisions. This,
in turn, leads to safer and more reliable policies.

Real-World Experiments. We further validated our approach
on a physical UR10 robotic arm across six tasks. The real-
world results, presented in Table corroborated our simu-
lation findings. Our method again consistently outperformed
the baseline, raising the average success rate from 57.7%
to 78.3%. The most significant improvements were observed
in tasks with high kinematic redundancy, such as Mouse
Placement (+34.0%) and Storage Box Organization (+26.0%).
1) Effective Sim-to-Real Transfer. The learned policies ex-
hibited strong sim-to-real transferability. The high-fidelity
simulation environment, combined with accurate object
pose estimation from FoundationPose, ensured a minimal
reality gap. The average success rate dropped by less than
5% from simulation (77.3%) to the real world (73.1%),
validating the effectiveness of our training pipeline.

2) System Robustness and Data Efficiency. The overall
success of the framework is underpinned by two key
factors. First, a robust vision backbone allows the system
to reliably perceive object states despite environmental
variations like lighting changes. Second, our approach is
highly data-efficient, generating large-scale, high-quality
datasets in simulation from only a few human demonstra-
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TABLE III
ABLATION STUDY ON DIFFERENT WEIGHTING RATIOS A1 : Ag FOR
SHORT-HORIZON AND LONG-HORIZON TASKS. A\] AND A2 CORRESPOND TO THE
WEIGHTS OF THE MANIPULABILITY AND POSE PROXIMITY TERMS, RESPECTIVELY.
VALUES DENOTE TASK SUCCESS RATE (IN %).

Task 0:1 1:5 1:2 1:1 2:1 5:1 1:0
Short-horizon 69.5 71.2 76.7 777 760 710 71.0
Long-horizon 68.3 700 71.6 767 77.6 76.0 723
All tasks 69.1 708 750 773 765 726 714

tions. This efficient real-to-sim-to-real pipeline makes
the system both scalable and practical for real-world
applications.

3) Data Source Efficiency. Policies trained on AutoTrial-
Gen datasets achieved comparable performance to those
trained on human-collected demonstrations of equal size,
and scaling to larger sim-generated datasets (e.g., 500
trials) even surpassed the 100-human baseline (82.0%
vs. 78.0%). The results are shown in Fig. 5] Across
three representative tasks (Button Pressing, Cup Hanging,
Tea Pouring), AutoTrialGen data achieved performance
comparable to, and in some cases surpassing, human-
collected data. This demonstrates that AutoTrialGen can
effectively substitute for costly teleoperation data while
maintaining strong task performance.

C. Ablation Studies

We conducted two sets of ablation studies to analyze the
effects of data scale and the influence of the relative weighting
between the manipulability and pose proximity terms in our
weighted selection mechanism.

a) Data Scale Ablation: To understand the impact of
dataset size, we trained policies with the number of demon-
strations per task varying from 50 to 1000 in simulation
and evaluated each configuration 50 episodes over 3 different
random seeds. As shown in Figure [5] performance scales
with data but exhibits diminishing returns. On average, the
success rate grows significantly when scaling from 50 to 500
demonstrations (61.3% — 82.0%), but additional data yields
marginal gains. Task complexity affects the saturation point:
simple tasks saturate early, while more complex tasks (e.g.,
Cup Hanging) benefit from larger datasets.

This analysis shows that diffusion policies require larger
datasets than conventional behavioral cloning to fully realize
their generative capacity. For the experimental setup, 500
demonstrations per task yield a favorable balance between data
efficiency and policy performance.

b) Component Ablation: To assess the contribution of
each component in our weighted penalty formulation, we
performed an ablation study on the two components of our
weighted penalty design: the manipulability term and the
pose proximity term. We adjusted the relative weighting ratio
between A; and )\, and evaluated each configuration in
simulation for 50 episodes across 3 different random seeds.
As shown in Table [l both components are essential for

Data Scale Ablation

Success Rate (%)

Button Pressing Cup Hanging

(I 50 demos 1100 demos 500 demos [ 1000 demos |

Tea Pouring

Data Source Comparison
T

Success Rate (%)
[$))
o

Button Pressing Cup Hanging

‘-50 Human [EZ220100 Human [ 100 AutoTrialGen [N 500 AutoTriaIGen‘

Tea Pouring

Fig. 5. Comparison of success rates (%) across different data conditions.
(Top: Data Scale Ablation) Diffusion policies trained with datasets of
different sizes (50, 100, 500, and 1000 demonstrations). (Bottom: Data
Source Comparison) Policies trained on equal-scale datasets collected from
human teleoperation or generated by AutoTrialGen. Each task was evaluated
over 50 rollouts.

performance; removing the manipulability term causes the
largest drop (77.3% — 69.1%), whereas removing the pose
proximity term results in a smaller degradation (71.4%).

Notably, pose proximity benefits short-horizon tasks, while
manipulability term benefits long-horizon tasks (1:2 vs. 5:1).
The two components provide complementary benefits: manip-
ulability steers the robot away from singular configurations,
while pose proximity promotes smoother skill transitions,
together enabling safe and efficient task execution.

VI. CoNCLUSION

This letter presents AutolrialGen, a framework that ad-
dresses the data-collection bottleneck in imitation learning
through a complete real-to-sim-to-real pipeline. By first trans-
ferring a few expert demonstrations into simulation and then
deploying the trained policy back to the physical robot, our
approach maximizes data efficiency. Within this pipeline, we
identify that the common practice of random skill composition
is a critical flaw, often producing inefficient or unstable tra-
jectories. Our core technical contribution is a novel weighted
manipulability selection mechanism that intelligently assem-
bles skill primitives by optimizing for kinematic manipulability
and motion efficiency. Extensive experiments confirm the
success of this entire workflow, demonstrating that policies
trained on our high-quality generated data achieve superior
performance in real-world execution compared to the baseline.
Ultimately, our findings highlight that a robust real-to-sim-
to-real framework, when coupled with an intelligent data
generation strategy, is a powerful paradigm for teaching robots
complex, long-horizon skills.

Limitations. Despite strong results, our approach has several
limitations that suggest avenues for future work. First, our
evaluation focuses on quasi-static manipulation tasks and does
not cover highly dynamic or deformable-object scenarios.
Second, the framework assumes a single central object per
subtask and sufficiently accurate object pose estimates at
deployment; in real-world settings, pose estimation errors may
propagate to action execution, particularly for fine-grained
manipulation tasks. Third, our demonstrations are generated
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for a single object instance; extending to more geometrically
diverse objects is another important step.
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