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Abstract. Imitation learning enables robots to acquire complex ma-
nipulation skills from expert demonstrations, but offline-trained policies
struggle to generalize beyond their training distribution, where small er-
rors compound into severe distribution shift. Dataset Aggregation (DAg-
ger) mitigates this by collecting human corrections during deployment,
yet conventional DAgger operates entirely in the real world with a one-
to-one ratio between expert effort and training trajectories makes com-
prehensive out-of-distribution (OOD) coverage impractical. Digital Twin
(DT) techniques can scale data generation, but when applied to DAgger
data without modification, they ignore the spatial and temporal failure
patterns that DAgger rollouts reveal, leaving policies vulnerable precisely
where and when they fail most. We propose Twin-DAgger, which treats
each real-world intervention as simultaneously a spatial probe identify-
ing failure-prone workspace regions and a temporal prior marking criti-
cal deviation moments. Twin-DAgger exploits these signals through two
targeted augmentation mechanisms: difficulty-based stratified sampling
concentrates synthetic data generation on high-failure-rate regions, and
intervention-focused trajectory warping perturbs trajectories at each in-
tervention onset to simulate a distribution of near-failure states while
preserving the expert’s corrective recovery. On real-world manipulation
tasks, Twin-DAgger matches conventional DAgger performance using
only 15% human interventions and outperforms failure-agnostic DT base-
lines by 20% success rate under equal data budgets, demonstrating that
generating data where and when the policy fails, rather than generating
more data uniformly, is the critical driver of sample-efficient robustness.
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Fig. 1: Ideology of the proposed Twin-DAgger. Left: Conventional DAgger relies
entirely on costly real-world interventions, resulting in a highly inefficient one-to-one
ratio between expert effort and data production. Middle: Directly applying existing
DT augmentations designed for fully teleoperated data is inefficient, as they inherently
fail to leverage the critical temporal and spatial failure patterns revealed by the DAg-
ger process. Right: Our proposed Twin-DAgger explicitly leverages these spatial and
temporal patterns to convert a single sparse human correction into a batch of targeted,
high-utility training samples concentrated where and when the policy needs them most.

1 Introduction

Imitation learning [28] has proven to be effective for robot manipulation [12,
18], enabling policies to acquire complex visuomotor skills directly from expert
demonstrations. However, learned policies often struggle to generalize beyond
their training distribution [19]. When deployed in out-of-distribution (OOD)
scenarios, their small errors can easily accumulate into a severe distribution
shift [28, 39], which eventually leads to task failure.

Dataset Aggregation (DAgger) [13,28] mitigates the distribution shift of the
base policy by leveraging human corrections during its deployment for additional
post-training. Yet, conventional DAgger (Fig. 1, left) operates entirely in the real
world and remains highly inefficient [16,36]: Each costly intervention yields only
a single trajectory with expert corrections (i.e., a DAgger trajectory), creating a
one-to-one ratio between expert effort and data production, which is insufficient
if the vast diversity of potential OOD failures [36] is to be captured. To address
this inefficiency of DAgger, Digital Twin (DT) techniques [17,24,38] , which en-
able training data to be generated at scale, could be a promising solution. This
motivates us to consider leveraging DT techniques to overcome the aforemen-
tioned practical ineffectiveness of DAgger and eventually achieve cost-efficient
policy robustness.

Directly applying existing DT-based augmentation techniques (Fig. 1, mid-
dle) to the DAgger trajectories is technically feasible [8] but inefficient. As these
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augmentations originally target fully teleoperated data instead of DAgger data,
they are inherently unable to leverage two important failure patterns of the base
policy the DAgger process reveals: the temporal pattern and the spatial pattern.
Temporally, distribution shift compounds over time — small errors at critical
decision points cascade into larger deviations from the training distribution [28].
The time intervals of human interventions reveal these critical timesteps where
the policy begins to drift out-of-distribution. Spatially, the distribution shift does
not occur uniformly in space — OOD failures consistently occur more frequently
in some regions. Existing augmentation techniques [21, 22, 37, 38] ignore these
critical spatial-temporal information, treating all timesteps within the DAgger
trajectory and all regions within the workspace as equally important during aug-
mentation. Therefore, their generated data are not informative for post-training
the deployed base policy, and the overall efficiency of the DAgger framework
remains low.

In this paper, we propose Twin-DAgger (Fig. 1, right), which explicitly
leverages the failure patterns revealed by DAgger for DT-based targeted data
generation. Rather than treating each human intervention as a single data point
to consume, Twin-DAgger treats it as both a spatial probe revealing failure-prone
regions and a temporal prior marking critical decision points. As shown in Fig. 1,
this allows a single correction to seed an entire batch of targeted training samples
concentrated where and when the policy needs them most. Specifically, to exploit
the temporal pattern, we propose an intervention-focused trajectory warping that
treats expert intervention timestamps as temporal signals marking critical task
stages, generating diverse scenario variations around those moments while skip-
ping already-mastered phases where the policy reliably succeeds. To exploit the
spatial pattern, we introduce a difficulty-based stratified sampling that uses DAg-
ger rollout outcomes to map the success-rate distribution across the workspace,
identifying failure boundaries and concentrating synthetic data generation in
high-risk regions. This departs from untargeted uniform coverage with failure-
targeted augmentation precisely where the policy is most error-prone. Together,
these two mechanisms convert one human correction into a batch of high-utility
training samples that directly target the policy’s incapability, enabling the post-
trained policy to generalize to diverse OOD scenarios with substantially fewer
real-world interventions than a conventional DAgger framework. To summarize,
the contributions of this work are threefold:

– We introduce Twin-DAgger, a pipeline that uses DT augmentation tech-
niques to multiply the value of each real-world correction, substantially re-
ducing real-world data collection cost.

– We design a dual-axis priority sampling strategy that concentrates genera-
tion on failure-prone spatial regions and critical temporal windows identified
from expert corrections.

– Through experiments on real-world manipulation tasks, Twin-DAgger out-
performs both DT methods and conventional real-world DAgger baselines
using only 15% of the human intervention budget.
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2 Related Work

2.1 Imitation Learning for Robot Manipulation

Imitation learning enables robot manipulation policies to acquire visuomotor
skills from expert demonstrations. Behavior cloning methods such as ALOHA [40]
and Diffusion Policy [3] learn action predictions by directly mimicking demon-
strations, achieving strong performance on dexterous and multi-modal manipu-
lation tasks. RISE [6] further integrates 2D semantic features with 3D geometric
representations for robust action generation. More recently, Vision-Language-
Action (VLA) models have scaled imitation learning through pre-training on
large, heterogeneous robot datasets. The RT series [2, 41] leverage Open X-
Embodiment [25] for zero-shot generalization, OpenVLA [15] combines Internet-
scale vision-language data with robot demonstrations, and the π series [1, 11]
introduce flow matching-based architectures for general-purpose manipulation.
However, these offline-trained policies lack mechanisms to recover from deployment-
time errors: once the policy deviates from its training distribution, it cannot
self-correct, necessitating interactive supervision to close the loop.

2.2 Interactive Imitation Learning and DAgger

DAgger [28] addresses distribution shift by iteratively collecting expert correc-
tions on states visited by the learned policy, ensuring the policy learns to recover
from its own mistakes. Subsequent work has improved DAgger along several
axes. HG-DAgger [13] introduces a human-gated intervention mechanism with
uncertainty-driven risk metrics, allowing experts to selectively take over control
at unsafe states. ThriftyDAgger [7] further reduces expert burden by learning
a switching policy that solicits interventions only at states that are sufficiently
novel or risky, operating within a fixed human budget. Diff-DAgger [16] leverages
diffusion-based uncertainty estimation to predict task failure and trigger timely
human interventions. DMD [39] combines diffusion-based policies with DAgger
for eye-in-hand manipulation, synthesizing augmented views to reduce the need
for real-world corrections. CR-DAgger [36] introduces compliant residual control
during human interventions, enabling smoother and more informative correc-
tions for contact-rich tasks. IntervenGen [8] takes a step toward scaling correc-
tions by automatically generating synthetic interventions in simulation from a
small set of human demonstrations. However, existing methods either optimize
when to intervene or amplify corrections uniformly across the workspace, with-
out considering where and at what stage the policy struggles most. Conversely,
our method addresses both spatial and temporal dimensions simultaneously by
using intervention signals to guide DT augmentation.

2.3 Sim-to-Real Transfer for Robot Learning

DT technologies construct high-fidelity virtual replicas of real-world environ-
ments, enabling scalable synthetic data generation. RoboTwin [24] presents a
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procedural generation framework for synthesizing diverse task variations within
DT environments. TwinAligner [4] addresses the visual-dynamic alignment chal-
lenge by reconstructing simulation environments that match both photorealis-
tic appearance and physical dynamics of real-world scenes. Recently, Twin RL-
VLA [35] leverages DT for reinforcement learning-based exploration to refine
VLA models before real-world deployment. RialTo [32] proposes to robustify
real-world policies by fine-tuning them in DT via reinforcement learning, lever-
aging an ’inverse distillation’ procedure to transfer real-world expertise into sim-
ulation. Our Twin-DAgger builds on these reconstruction techniques to bridge
the gap between real-world intervention and simulation-based augmentation.

2.4 Digital Twins for Robot Manipulation

Recent work leverages DT to expand limited real-world datasets through syn-
thetic augmentation. RoboSplat [37] utilizes 3D Gaussian Splatting [14] (3DGS)
to construct photorealistic virtual environments, enabling robust one-shot ma-
nipulation by varying object poses and camera viewpoints. MimicGen [21] auto-
mates diverse demonstration generation via object-centric spatial and temporal
transformations within simulation. Real2Render2Real [38] utilizes 3DGS to ex-
tract object assets and motions from a single video, enabling scalable synthetic
data generation by kinematically rendering diverse trajectories and visual con-
texts. However, these approaches apply uniform augmentation that fails to cover
critical failure patterns, and remain decoupled from human expert feedback. In
contrast, Twin-DAgger utilizes DAgger intervention signals to direct augmenta-
tion toward failure-prone spatial regions and critical temporal windows.

3 Method

3.1 Overview of Twin-DAgger

The Twin-DAgger framework is designed to improve a base policy that has been
pre-trained on the initial demonstration data using the DAgger process [28].
The core idea is to adapt existing DT techniques according to the unique insight
about the base policy that the DAgger process reveals, augmenting a few trajec-
tories with human corrections into a rich manifold of failure pattern-aware data,
thus maximally reducing the post-training data acquisition cost. As illustrated
in Fig. 2, the system operates as a closed-loop “train-explore-augment-train”
pipeline containing four main components. We briefly describe each pipeline
component in the following paragraphs, while our targeted augmentations are
further detailed in Sec. 3.2 and Sec. 3.3.

Policy Pre-training and Post-training. Twin-DAgger operates upon a base
policy πθ that is trained on initial demonstration data Dinit. By performing
DAgger data acquisition and the proposed DAgger-tailored trajectory augmen-
tation (introduced later), a new, augmented set of data Daug is collected and
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Fig. 2: The Twin-DAgger framework. Twin-DAgger operates as a closed loop con-
taining the following steps: (1) Policy Pre-training : a pre-trained base policy is to be
improved by Twin-DAgger. (2) Real-world deployment & expert intervention: the base
policy is deployed in real world to explore its failure patterns and collect corrective
trajectories with human interventions. (3) DAgger-tailored Trajectory Augmentation:
The collected trajectories are augmented within a DT of the real environments, where
the temporal failure patterns are leveraged by the proposed intervention-focused tra-
jectory warping (Sec. 3.2), and the spatial patterns are exploited by the difficulty-based
stratified sampling (Sec. 3.3). (4) Policy Post-training : The augmented data are joined
with the original data to post-train the base policy. Finally, the loop closes as this
improved policy serves as the new base for the next iteration of deployment, effectively
completing the refinement cycle.

feeds back into policy training along with Dinit to form the post-training dataset
Dpost = Dinit ∪ Daug, enhancing the generalization of πθ.

Human Expert-Intervened Exploration. To initiate the DAgger process,
πθ is deployed onto a robot in the real world to explore its failure patterns
and collect corrective data. During its deployment, a human expert monitors
the robot’s execution through a VR-based interface. Upon observing abnormal
behaviors — such as a significant deviation from the expected trajectory —
the expert switches to teleoperation, provides a brief corrective segment, then
hands control back to πθ. Each successful trajectory τθ of length T collected in
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such way (i.e., a DAgger trajectory) consists of timestep-wise observations and
actions necessary for later augmentation:

τθ =
{(

st, ct
)}T

t=1
∪ pobj

0 , (1)

where st ∈ Rds is the robot’s proprioceptive state (i.e., joint angles), and
pobj
0 ∈ SE(3) is the initial pose of the object to manipulate, estimated via Foun-

dationPose [33]. Crucially, a binary indicator ct ∈ {0, 1} distinguishes between
autonomous execution (ct = 0) and human expert intervention (ct = 1). The
above process collects near-failure trajectories that are highly informative for
the post-training, but is high-cost in human power as an expert has to continu-
ously monitor the execution.

DT Construction. As a preparation for the DT-based augmentations, within
the ManiSkill 3 simulator [31], we construct a DT that matches both dynamics
and visual appearance of the real operational environment by importing the
robot’s Unified Robot Description Format (URDF) model and scanning high-
fidelity 3D meshes for surroundings and objects to manipulate. The collected
DAgger trajectories can be replayed and augmented within this DT, where the
corresponding camera observations and action outcomes that are necessary for
training can be obtained in a physically correct manner.

Object-Based Trajectory Warping. To generate new successful trajectories
from existing ones, standard object-based trajectory warping methods typically
warp the replayed trajectory by either linearly interpolating between the origi-
nal and modified end-effector poses [38] or adding a trajectory at the beginning
to reach the new starting pose [21]. Rather than applying such conventional
augmentations designed for purely teleoperated data, we leverage both the tem-
poral and spatial failure patterns exposed during the DAgger process to increase
data efficiency. Specifically, we propose two DAgger-tailored augmentation tech-
niques to generate the targeted dataset Daug: intervention-focused trajectory
warping for the temporal aspect (detailed in Sec. 3.2) and difficulty-based strat-
ified sampling for the spatial aspect (detailed in Sec. 3.3). Through these two
augmentation techniques, we obtain diverse yet representative data, effectively
bridging the gap between sparse expert corrections and the vast OOD spaces.

3.2 Intervention-Focused Trajectory Warping

Not all timesteps in a corrective trajectory carry equal information. The human
expert intervenes only when observing failures, and hands control back to the
policy when the state returns to normal. Thus, the start of an intervention seg-
ment accurately captures the critical failure state of the current policy, while
the endpoint means a successful recovery back to the expert manifold. We ob-
serve that the local spatial neighborhood surrounding this initial failure point
constitutes a dense region of potential OOD states that similarly require cor-
rective actions, thus adding small perturbations to this point yields diverse yet
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still error-prone trajectories. Conversely, the in-distribution state at the end-
point must remain untouched to guarantee final task completion. Motivated by
this characteristic of corrective trajectories, we propose an intervention-focused
trajectory warping technique (Fig. 2, top-right) to exploit the temporal failure
patterns of the base policy. It concentrates augmentation around the onset of
each intervention to train the base policy to recover from a distribution, rather
than a single observed point, of near-failure states.

This technique is superimposed on the aforementioned object-based trajec-
tory warping, which only provides variations of the target object location, at
each timestep. Firstly, we partition the trajectory into autonomous and inter-
vention segments to identify the intervention onset. At each onset point, a local
Gaussian perturbation is injected to simulate near-failure states. We then apply
a two-phase weight scheduling to smoothly interpolate from the original pose to
the perturbed pose, followed by sequential Inverse Kinematics to ensure kine-
matic feasibility.

Separating Intervention Segments. For a complete DAgger trajectory, we
partition it into consecutive segments based on the transition points of the in-
tervention indicators ct. Specifically, we identify N intervention segments, each
defined by a starting timestamp tonset,i (where ct transitions from 0 to 1) and
an ending timestamp tend,i (where ct transitions back to 0). This results in a
sequence of alternating segments:

τ = {τauto,1︸ ︷︷ ︸
Policy

, τint,1︸ ︷︷ ︸
[tonset,1,tend,1]

, τauto,2︸ ︷︷ ︸
Policy

, · · · , τint,N︸ ︷︷ ︸
[tonset,N ,tend,N ]

, τauto,N+1︸ ︷︷ ︸
Policy

} (2)

where τauto,i denotes the i-th policy inference period and τint,j denotes the j-th
expert intervention period. Although we support multiple segments of interven-
tion, most of our data contains only one interval of intervention. By using these
tonset and tend points as anchors, we can isolate segments where the policy failed
and the expert provided recovery guidance.

Injecting Perturbation at Intervention Onset. For each identified inter-
vention segment τint,i where i ∈ {1, . . . , N}, we focus on the onset moment
tonset,i where the policy deviates severely from the expert manifold. To broaden
the policy’s corrective range, we inject a local perturbation into the initial EE
pose eonset,i, while keeping the corresponding endpoint pose eend,i unperturbed.
The perturbed initial pose e′onset,i is given by:

e′onset,i = eonset,i + εi, εi ∼ N (0,Σi), (3)

where ε is a Gaussian noise vector and Σi controls perturbation magnitude
in translation and rotation. By selecting a Σi with proper scale, the warped
trajectory increases data diversity while remaining representative of failure cases
by avoiding pushing the robot into unrecoverable states that lie beyond the
distribution of the current demonstration.
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Weight Scheduling. To maintain kinematic continuity across the augmented
trajectory, for each intervened segment τint,i, we apply a two-phase weight schedul-
ing mechanism centered at its onset tonset,i, influencing the segment τauto,i and
τint,i expanding a time interval from timestep tend,i−1 (or 0 if i = 1) to tend,i.
The warping strength w(t) in this period is defined as follows. From the previous
intervention’s end (or the start of the trajectory) up to the current intervention
onset, or the pre-intervention phase, the warping strength ramps up from 0 to
1:

w(t) =
t− tend,i−1

tonset,i − tend,i−1
, t ∈ (tend,i−1, tonset,i]. (4)

This ensures the initial state of the trajectory remains unchanged while smoothly
transitioning to the perturbed state at the moment of failure. During the expert
correction phase, the strength decays from 1 back to 0:

w(t) = 1− t− tonset,i

tend,i − tonset,i
, t ∈ (tonset,i, tend,i]. (5)

This ensures that the augmented trajectory gradually converges to the origi-
nal expert manifold, reaching the unperturbed recovery point at tend,i. We then
warp the end effector from the original pose toward the perturbed pose at each
timestep t, during which w(t) serves as the weight of both spherical linear inter-
polation (Slerp) [30] for rotations and the linear interpolation for translations.

Obtaining Robot State from EE Pose. To map these Cartesian EE poses
back to the robot’s joint space, we employ an Inverse Kinematics (IK) solver
frame-by-frame. To maintain kinematic continuity and prevent joint-space dis-
continuities, each IK solve is started using the joint configuration from the pre-
vious frame. This process yields smooth and physically executable trajectories
that simulates the error-then-correction dynamics, effectively transforming a sin-
gle DAgger demonstration into a diverse set of augmented training samples.

3.3 Difficulty-Based Stratified Sampling

The demand for training samples varies significantly across different regions of
the robot’s workspace: In regions with high task success rates, such as the middle
of the workspace, a minimal amount of DAgger intervention data is sufficient
to maintain policy stability; conversely, more supervisory samples are needed
in low-success-rate regions. To maximize the data efficiency of the augmented
trajectories, we propose a difficulty-based stratified sampling strategy (Fig. 2,
middle-right) to effectively leverage the spatial failure patterns of the base policy.
This strategy quantifies the operational difficulty of different spatial regions and
selectively strengthens the model’s performance in error-prone regions under a
total resource budget.

Difficulty-based Augmentation Budget Allocation. We first partition the
workspace into K sub-regions and record each region’s empirical success rate Si
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during the exploration stage. Then, given total budget Ntotal of new trajectories
to generate, each region’s allocation is given by:

Ni =

⌊
Ntotal ·

(1− Si)
γ∑K

j=1(1− Sj)γ

⌋
, (6)

where an empirically-set concentrating factor γ = 5 further up-weight high-
failure-rate regions (Si ≈ 0).

The resulting quotas {Ni} govern the trajectory augmentation, concentrating
corrective data on spatial regions where the policy is most deficient.

Trajectory Augmentation in Regions. Once the regional quotas {Ni} are
determined, we utilize them to guide the large-scale synthesis of training data.
For each region, we select existing DAgger corrective trajectories within the
region to serve as seeds. To generate the required Ni samples, we randomly
perturb the target object’s pose within the spatial bounds of the region.

For each perturbed object pose, we apply the aforementioned trajectory
warping mechanisms, using both object-based and intervention-focused trajec-
tory warping to generate a diverse set of augmented corrective trajectories. By
aggregating these synthesized trajectories across all regions, we construct a bal-
anced training dataset that is concentrated in high-difficulty areas, thereby effi-
ciently strengthening corner-case robustness while maintaining global stability.

Using temporal intervention-focused trajectory warping and spatial difficulty-
based stratified sampling, we successfully transformed few real-world DAgger
trajectories into the a large amount of targeted data Daug. As illustrated in
the top-left component of Fig. 2, these generated data are sent to the Dataset
Aggregation module to post-train the base policy πθ, closing the “train-explore-
augment-train” loop and yielding a robust policy capable of recovering from
failure states.

4 Experiments

In this section, we provide some implementation details in Sec. 4.1, describe the
asynchronous policy inference system in Sec. 4.2, perform comparisons of the pro-
posed Twin-DAgger against conventional data collection frameworks in Sec. 4.3,
and conduct ablation studies on the proposed key components in Sec. 4.4. More
implementation details and experimental results can be found in the supplemen-
tary material.

4.1 Implementation Details

Hardware. Our real-world experiments are conducted on a RealMan RM-75-
6FB [27] robot equipped with an Inspire [9] EG2-4C2 1-DoF parallel gripper.
The robot features 7-DoF with a maximum reach of ∼640mm. For visual per-
ception, we employ a dual-camera setup at 640×480 resolution: a RealSense [10]
D435 camera in third-person view captures the global workspace, while a wrist-
mounted RealSense D405 provides an egocentric view.



Twin-DAgger 11

Teleoperation and Data Collection. We construct a teleoperation system
using the Meta Quest 3 [23] VR headset for two purposes: (1) collecting ini-
tial demonstration data for baseline policy training, and (2) enabling expert
intervention during the DAgger correction phase when policies encounter fail-
ure modes. For each manipulation task, we collect 100 human demonstrations
to train baselines and 50 real-world correction demonstrations where experts
intervene to provide corrective actions. Demonstrations are recorded at 30 Hz,
capturing synchronized observations from both cameras along with robot joint
states and end-effector poses.

Training Details. We evaluate all methods on two representative policies:
ACT [40] and π0 [1], adopting the RoboCOIN [34] and OpenPI [26] implementa-
tions, respectively. Both policies predict delta joint actions and absolute gripper
positions over a 50-step prediction horizon. ACT uses a batch size of 64 and
trains for 100K steps with the AdamW [20] optimizer at a constant learning rate
of 1 × 10−4. π0 uses a batch size of 32 and trains for 50K steps, following the
OpenPI training protocol with a peak learning rate of 5 × 10−5 and exponen-
tial moving average (EMA, decay rate 0.999) for model weight stabilization. All
experiments run on a single NVIDIA H200 GPU with 142 GB memory.

4.2 Asynchronous Policy Inference

Policy learning requires smooth, temporally consistent demonstrations [29], yet
naive synchronous inference introduces significant latency between observation
acquisition and action execution, causing trajectory stuttering that degrades
data quality. To ensure DAgger data meets the necessary quality standard, we
implement an asynchronous inference mechanism for all policies during the DAg-
ger process.

System Architecture. Our asynchronous inference system decouples policy
inference from action execution through a dual-thread architecture. The infer-
ence thread continuously queries the policy network via a high-performance Re-
mote Procedure Call (RPC) framework and writes predicted action chunks into
a thread-safe ring buffer, while the execution thread operates at a fixed frequency
fexec to retrieve and execute actions from the buffer, holding the last action when
the buffer is empty to maintain trajectory continuity.

Temporal Alignment and Scheduling. A critical challenge is temporal mis-
alignment: with execution frequency fexec, the inference latency ℓinf causes the
first nclip = ⌈ℓinf · fexec⌉ actions of each predicted chunk a = [a0, . . . , aL−1] to
become outdated by the time it arrives. We therefore clip these stale actions
and write only the valid remainder avalid = [anclip , . . . , aL−1] to the buffer, while
adaptively scheduling the next query from the remaining valid actions and ℓinf to
avoid buffer depletion. In our experiments, we set fexec = 30 Hz for both ACT
and π0, achieving buffer hold rates below 2% for smooth, continuous rollouts
throughout DAgger collection.
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Table 1: Success rates with different augmentation strategies. “#Collected by Expert”
denotes the number of real-world corrective trajectories provided by the human expert
via VR intervention. “#After DT Augmentation” indicates the total number of syn-
thetic trajectories generated within the DT to form the post-training dataset.

Augmentation Strategy #Collected
by Expert

#After DT
Augmentation

Success Rate

ACT [40] π0 [1]

None (Base Policy) 0 0 30.0% 55.0%

Real2Render2Real [38]
0 100 33.0% 55.0%

0 500 45.0% 43.3%

Twin-DAgger (w/o Spatial) 6 100 46.7% 68.3%

Twin-DAgger (w/o Temporal) 6 100 48.3% 76.7%

Twin-DAgger (Full) 6 100 55.0% 85.0%

4.3 Comparison

To evaluate Twin-DAgger, we compare it against two baselines: 1) Conven-
tional DAgger, which collects expert corrections directly from real-world deploy-
ment without any DT augmentation, and 2) Real2Render2Real (R2R2R) [38],
a state-of-the-art DT augmentation method. To ensure a fair comparison, we
re-implement R2R2R’s object-based trajectory warping within ManiSkill 3 [31]
to share the same DT environment as Twin-DAgger. We report success rate of
ACT [40] and π0 [1].

Task and Scene Setup. As illustrated in Fig. 2, all experiments are conducted
on a pick-and-place task in a workspace positioned directly in front of the robot
arm. We first collect 100 teleoperation demonstrations via our teleoperation
system to train the base policy πθ. For the DAgger exploration stage, we divide
the workspace uniformly into 6 regions; within each region, the target object
is randomly placed and πθ is evaluated for 10 trials. A human expert monitors
each rollout and intervenes whenever task failure is imminent, guiding the robot
back on track; any trial requiring intervention is recorded as a failure. After all
60 trials complete, we proceed to DT augmentation using one failure trajectory
per region — 6 real-world DAgger corrections in total — as seeds for targeted
data synthesis, followed by policy post-training. Success is defined as completing
the task within 2000 timesteps without human intervention.

Performance against Other Augmentation. Tab. 1 reports average suc-
cess rate (SR) across all six workspace regions, Fig. 4 provides the per-region
breakdown. ACT and π0 trained solely on the initial 100 demonstration tra-
jectories achieve 30.0% and 55.0% SR, respectively. We then utilize R2R2R to
generate 100 augmented samples, combine them with the original 100 demon-
strations, and conduct post-training. This yields only marginal improvement for
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Fig. 4: Visualization of success rates across
workspace regions for base policy, R2R2R, and
Twin-DAgger.

ACT (30.0% → 33.0%) and no gain for π0, showing that applying DT augmen-
tation to purely teleoperated data is largely ineffective. We further scale R2R2R
to 500 augmented samples, again combined with the same 100 initial demonstra-
tions for post-training. This improves ACT to 45.0%, yet even with 5× the data
budget, R2R2R still falls 10% behind Twin-DAgger at equal sample count. For
π0, performance actually drops to 43.3%, which falls below the base policy, sug-
gesting that large-scale naive DT augmentation during post-training may cause
the policy to forget previously well-learned scenarios, effectively increasing the
proportion of OOD cases rather than resolving them. This reveals a fundamental
limitation of failure-agnostic augmentation: indiscriminate data generation not
only fails to cover the policy’s actual failure states, but can actively erode its
existing competence. In contrast, post-training on 100 Twin-DAgger augmented
trajectories — combined with the same 100 initial demonstrations — achieves
55.0% for ACT and 85.0% for π0.

Data Efficiency vs. Conventional DAgger. To evaluate the cost efficiency
of Twin-DAgger, we compare it against two real-world post-training data source
by incrementally augmenting the initial 100 demonstrations with additional tra-
jectories: (1) Teleoperation data, adding fully-teleoperated demonstrations, and
(2) expert intervention data, adding human-corrected DAgger trajectories from
real-world deployment — representing conventional DAgger. We report average
SR as a function of total training trajectories in Fig. 3. Both real-world strategies
improve with more data, but with diminishing returns. Supplementary teleoper-
ation data plateaus near 40.0% after 30 additional trajectories, confirming that
more in-distribution data alone cannot resolve distribution shift. Conventional
DAgger makes steadier progress but still requires 50 real-world expert interven-
tions to reach 56.7%. Twin-DAgger, by contrast, matches that result with just
6 real-world DAgger corrections — roughly 15% of the 40 interventions conven-
tional DAgger requires.
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Spatial Analysis. Fig. 4 visualizes the per-region success rates. The base pol-
icy (a) fails consistently across the workspace, with right-column regions uni-
formly at 0.1–0.2, indicating systematic difficulty under lateral displacement.
R2R2R with 100 samples (b) improves only the center-left region, leaving all
others unchanged. Scaling to 500 R2R2R samples (c) broadly lifts the left col-
umn but leaves the top-right region entirely unimproved despite 5× the budget,
because uniform augmentation has no mechanism to direct samples toward per-
sistently failing locations. Our method with only 100 augmented samples (d)
breaks this pattern: top-right improves from 0.2 to 0.6 and top-left from 0.4 to
0.9, a direct consequence of difficulty-based stratified sampling concentrating the
augmentation budget on high-failure-rate regions.

4.4 Ablation Study

We first conducted ablation study to evaluate the two proposed strategies in-
dividually. As shown in Tab. 1, both components individually already outper-
form DT baseline at equal data budget, confirming that each failure signal —
temporal and spatial — carries irreplaceable value. Their combination achieves
55.0%/85.0%, a larger gain than either alone, indicating that the two mecha-
nisms target complementary failure modes rather than overlapping ones.

We then examine the sensitivity of each component to its key hyperparam-
eter. As shown in Fig. 5, for the spatial concentrating factor γ, performance
peaks at γ=5, where failure-prone regions receive substantially more budget
while easy regions retain a small non-zero allocation, preventing catastrophic
forgetting on already-mastered scenarios. Increasing to γ=10 degrades perfor-
mance to 38.3%: over-concentration on the hardest regions narrows the training
distribution and leaves the policy brittle on ordinary cases. For the temporal
perturbation magnitude Σ, Σ=0.5 produces perturbations too small to mean-
ingfully expand coverage beyond the original intervention state, yielding ∼51.7%
average. At Σ=5, performance collapses to 40%: perturbations of this magnitude
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displace the robot into configurations far outside the task-relevant workspace,
filling augmented trajectories with anomalous, task-irrelevant actions that cor-
rupt the policy’s learning of normal behavior rather than reinforcing corrective
responses. Based on these results, we adopt γ=5 and Σ=1 as defaults.

5 Conclusion

In this paper, we proposed Twin-DAgger that treats each DAgger trajectory as a
spatial probe marking where the policy broke down and a temporal prior identify-
ing when drift initiated, allowing a small number of interventions to seed a much
larger set of targeted augmented trajectories within a DT. The two proposed
mechanisms each exploited one axis of the failure patterns: Difficulty-based strat-
ified sampling concentrated data generation on failure-prone workspace regions,
and intervention-focused trajectory warping ensured those trajectories captured
the precise moments policy errors initiated. On real manipulation tasks, Twin-
DAgger matched conventional DAgger performance at 15% of the intervention
cost and outperformed uniform DT augmentation by 20% in success rate under
equal data budgets. The gains come not from generating more data, but from
generating it in the right places at the right moments — a distinction that turns
out to matter considerably in imitation learning.

Limitations. One limitation of Twin-DAgger is that, as we need to replay the
real-world trajectory in DT, Twin-DAgger primarily supports rigid-body ma-
nipulation, making it highly challenging to reconstruct and import flexible or
deformable objects (e.g ., cloth or string). Future work could explore integrat-
ing advanced scene representations, such as dynamic 3D Gaussian Splatting or
neural radiance field, to effectively model and augment the deformations of such
objects in the DT. Another limitation is that our DAgger data is collected us-
ing a VR device, requiring all joint angles to be solved through IK. Near the
boundaries of the workspace, this reliance on IK can result in unnatural joint
configurations. In the future, we may utilize a robot-isomorphic exoskeleton [5]
to directly capture more physically reasonable joint angles. Finally, as Twin-
DAgger builds upon DAgger, it inherits a fundamental limitation of correction-
based learning: failures that have already become unrecoverable by the time an
expert can react, such as shattering a fragile object, cannot be remedied by any
post-hoc correction. Handling such cases would require predictive intervention,
e.g ., guided by tactile feedback, which we leave to future work.
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In this supplementary material, we provide additional implementation details
of Twin-DAgger in Appendix A, additional results in Appendix B, cross-task
generalization results in Appendix C, and the attached video.

A Additional Implementation Details

A.1 Teleoperation and Data Collection Pipeline

During deployment, an expert monitors the robot in real time. When the robot
exhibits abnormal behavior such as deviating significantly from its target trajec-
tory, the expert switches to VR teleoperation mode, provides a brief corrective
segment to restore normal operation, then releases control back to the policy.
The expert is not required to demonstrate complete task execution. Instead, they
provide only short, targeted corrective interventions that return the robot to the
expert manifold or a recoverable state. This sparse correction mechanism reduces
the expert’s effort in collecting informative corrective trajectories when the robot
encounters out-of-distribution (OOD) scenarios during deployment, which are
then used for subsequent training. In practice, DAgger interventions typically
require only 10–15% of the effort needed for full teleoperation demonstrations.
Fig. 3 demonstrates that DAgger corrective data produces larger performance
gains over the base policy compared to an equivalent volume of standard tele-
operated demonstrations.
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Research Center of Visual Technology, and PKU-AI2 Robotics Joint Lab of Embod-
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Fig. S1: Visualization of the base policy (trained on initial data) during inference
(illustrated from left to right).

A.2 Digital Twin Construction

To support subsequent digital twin (DT) replay and data augmentation, we
utilize the ManiSkill 3 simulator [31] to construct a high-fidelity virtual envi-
ronment. To enhance data diversity, we perform large-scale augmentation of the
DAgger data within the simulation platform. First, we randomize environmental
lighting by configuring various combinations of ambient, directional, and point
light sources, capturing visual data under diverse illumination conditions. Next,
we vary the background of the workspace and introduce distracted objects to
the table to improve the generalization of the model. Finally, the simulator’s
rendering capabilities allow us to efficiently generate novel-view demonstrations
by sampling camera poses in the local neighborhood of the original third-person
view.
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Fig. S2: The DAgger data collection process and the subsequent deployment of the
post-trained policy (illustrated from left to right).

A.3 Trajectory Warping and Physical Feasibility

Twin-DAgger generates augmented data by warping each replayed DAgger tra-
jectory toward new object configurations. The resulting end-effector poses are
converted to joint commands with the Pinocchio dynamics library as the IK
solver, where each frame is initialized from the joint configuration solved for
the previous frame. This warm-start seeding suppresses discontinuous joint so-
lutions and preserves the smoothness of the warped trajectory. To ensure that
the augmented data remains physically executable, the augmentation stage ap-
plies collision detection in addition to the task-success criterion, retaining only
trajectories that satisfy both conditions.



4 J. Li et al.

DAgger Corrections Digital Twin Replay Targeted Augmentation Samples

Fig. S3: The augmented data generation process of Twin-DAgger in a Digital Twin
(DT) environment.

A.4 Workspace Partitioning for Stratified Sampling

Our difficulty-based stratified sampling distributes the augmentation budget over
a partition of the robot’s reachable workspace. We choose the partition to match
this reachable region: for the RealMan RM-75 arm used in our experiments, the
area with minimal motion constraints is a rectangle of 50 cm × 32 cm, which we
divide into a 3×2 grid of six regions. For a different arm, the partition is adapted
to its own reachable workspace; the effectiveness of the spatial allocation strategy
does not depend on this particular choice.

B Additional Results
B.1 Demonstration

To illustrate the Twin-DAgger process, Fig. S1 and Fig. S2 show synchronized
frames from a wrist-mounted camera and two third-person cameras during pol-
icy deployment. In Fig. S1, the base policy succeeds in an in-distribution (ID)
scenario (top) but fails when encountering an OOD object placement (bottom).
Fig. S2 then demonstrates how a human expert corrects this failure to collect
DAgger data (top), and how the post-trained policy successfully completes the
exact same OOD scenario that previously caused failure (bottom).
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In-hand Base Third-person

Fig. S4: Unseen environmental setup with red lighting for zero-shot robustness evalu-
ation.

Table S1: Zero-shot robustness evaluation of
base policy and Twin-DAgger under unseen
environmental conditions.

Strategy
Success Rate

ACT [40] π0 [1]

Base Policy 0% 36.7%
Twin-DAgger 26.7% 70.0%
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Fig. S5: Comparison of Twin-DAgger
against two common post-training data
sources for π0: teleoperation data and
conventional DAgger data.

We further illustrate the DT augmentation pipeline in Fig. S3. The first
column shows the real-world DAgger trajectory, which is replayed within the DT.
Using this replay as a seed, Twin-DAgger generates diverse augmented samples
through intervention-focused trajectory warping and difficulty-based stratified
sampling.

B.2 Robustness Evaluation

To evaluate the generalization ability of Twin-DAgger, we conduct a zero-shot
robustness evaluation under unseen visual conditions. Specifically, we apply a
red lighting setting (Fig. S4) that differs substantially from the training environ-
ment. As reported in Tab. S1, the base ACT policy completely fails under this
perturbation, with π0 dropping from 55.0% to 36.7%. In contrast, Twin-DAgger
retains 26.7% for ACT and 70.0% for π0. This robustness stems from the visual
augmentations applied within the DT, including randomized lighting, objects,
which expose the policy to diverse visual conditions during training, improving
its resilience to unseen perturbations at deployment.
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Fig. S6: Visualization of the two additional tasks used to evaluate the cross-task gen-
eralization of Twin-DAgger: the contact-rich Peg-in-Hole (PIH) task (top) and the
long-horizon Categorical-Sorting (CS) task (bottom), illustrated from left to right.

Beyond visual perturbations, the simulation-based augmentation also lets us
improve robustness to physical variation by randomizing the physical parame-
ters of the augmented rollouts. As a concrete instance, we post-train the base
ACT policy on augmented trajectories with randomized gripper–object friction,
applying the corresponding adjustments to the gripper actions, and evaluate it
in the real world under varied friction conditions realized with gripper fingertips
of different surface materials. The policy trained with friction randomization
reaches 20.0% success, compared with 15.0% without randomization and 3.3%
for the base policy, showing that physical domain randomization during aug-
mentation improves robustness to real-world dynamics.

B.3 Additional Data Efficiency Comparison
Fig. 3 in the main paper evaluates the cost efficiency of Twin-DAgger with the
ACT policy. Here we repeat the same comparison with π0 (Fig. S5). Both real-
world strategies improve with more data: supplementary teleoperation plateaus
near 61.7% after 50 additional trajectories, confirming that in-distribution data
alone cannot resolve distribution shift. Conventional DAgger makes steadier
progress but still requires 50 real-world expert interventions to reach 80.0%.
In contrast, Twin-DAgger achieves 85.0% with only six real-world corrections,
surpassing this level with significantly fewer interventions.

C Cross-Task Generalization

The experiments in the main paper focus on a pick-and-place setting. To exam-
ine whether the benefits of Twin-DAgger transfer to manipulation problems with
different demands, we further evaluate it on two additional tasks that stress com-
plementary capabilities (Fig. S6): (1) the contact-rich Peg-in-Hole (PIH) task,
in which a hexagonal block must be inserted into a matching slot under a strict
3 mm tolerance that demands high manipulation precision; and (2) the long-
horizon Categorical-Sorting (CS) task, in which the robot must sequentially sort
a red block and a green cylinder into receptacles of the matching color. Tabs. S2
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Table S2: Success rates of different augmentation strategies on the contact-rich Peg-
in-Hole (PIH) task.

Augmentation Strategy #Collected
by Expert

#After DT
Augmentation

Success Rate

ACT [40] π0 [1]

None (Base Policy) 0 0 16.7% 15.0%

VR Teleoperation 50 50 23.3% 16.7%

Conventional DAgger 50 50 46.7% 35.0%

Real2Render2Real [38] 6 100 31.7% 26.7%

Twin-DAgger (Ours) 6 100 43.3% 41.7%

Table S3: Success rates of different augmentation strategies on the long-horizon
Categorical-Sorting (CS) task.

Augmentation Strategy #Collected
by Expert

#After DT
Augmentation

Success Rate

ACT [40] π0 [1]

None (Base Policy) 0 0 13.3% 33.3%

VR Teleoperation 50 50 16.7% 48.3%

Conventional DAgger 50 50 28.3% 43.3%

Real2Render2Real [38] 6 100 23.3% 40.0%

Twin-DAgger (Ours) 6 100 33.3% 60.0%

and S3 report the success rates of ACT and π0 under the same set of aug-
mentation strategies as in our main experiments. On both tasks, Twin-DAgger
surpasses VR teleoperation and matches conventional DAgger while using sub-
stantially fewer expert corrections, and it consistently outperforms R2R2R under
an equal training budget. These results indicate that the advantages of Twin-
DAgger extend from pick-and-place to both contact-rich and long-horizon ma-
nipulation.
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