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Abstract—The scalability of robot learning is significantly
hindered by the cost of collecting real-world manipulation data.
Despite recent progress in imitation learning, existing datasets are
still predominantly acquired through expert teleoperation, which
requires continuous low-level human control, specialized hard-
ware, and carefully calibrated environments. This labor-intensive
paradigm severely limits data throughput, generalizability, and
long-term scalability. We propose PaPA: Pick-and-Place Any-
thing, a scalable robotic data collection framework for real-world
manipulation that addresses this bottleneck through autonomous
trajectory generation with minimal human supervision. PaPA
leverages world knowledge encoded in vision-language models
to ground open-vocabulary language instructions into explicit
geometric representations, enabling the autonomous generation
of robot-executable manipulation trajectories. This approach re-
duces human supervision to lightweight post-hoc binary verifica-
tion, eliminating the need for continuous teleoperation. Through
extensive real-world experiments, we demonstrate that datasets
collected by PaPA match the quality of expert teleoperation for
imitation learning, achieving a policy success rate of 97.5%, while
maintaining an efficient data collection rate of approximately two
episodes per minute. These results show that high-quality robotic
manipulation data can be acquired at scale without continuous
expert supervision, positioning PaPA as a practical and effective
alternative to teleoperation-centric data collection. More broadly,
PaPA demonstrates how world knowledge can be systematically
transformed into scalable real-world robotic data, offering a
concrete step toward data-driven robot learning at scale.

I. INTRODUCTION

Large-scale data-driven learning has become a central part
of the modern artificial intelligence, in particular natural lan-
guage processing and computer vision [55, 11, 57, 7]. Empir-
ical evidence demonstrates that model performance improves
predictably with increasing dataset size, model capacity, and
training compute [38, 28]. Moreover, these successes in data
scaling enable qualitatively new capabilities such as in-context
learning and cross-domain generalization [68, 7]. As data
scaling has emerged as a dominant paradigm, numerous fields
have attempted to transfer its successes to their own domains,
including robotics [43, 8, 9].

While recent work demonstrates that imitation learning
can benefit from large-scale datasets [52, 6, 5], it remains a
challenge to achieve robotic data at a scale comparable to
vision and language domains (e.g., 10 trillion tokens of text
and 5 billion images) [38, 28, 10, 59]. This difficulty stems
from the fundamental nature of robotic data: unlike the web-
sourced data used in vision and language domains, robotic
data collection requires active environmental interaction to
capture the physical dynamics and the causal relationship
between actions and observations [44, 17]. In practice, active
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Fig. 1: PaPA: Pick-and-Place Anything. Comparison between stan-
dard teleoperation-based data collection and PaPA. While conven-
tional approaches require continuous low-level control by human
experts, PaPA leverages world knowledge to automatically generate
grounded manipulation trajectories from visual observations and
language instructions. Human involvement is reduced to lightweight
trajectory validation, significantly lowering the burden of data col-
lection.

interaction typically requires human-in-the-loop control or
manually designed systems (e.g., teleoperation or simulation
environments with scripted policies) [50, 56, 36]. Such cost-
intensive collection methods yield datasets with limited envi-
ronmental diversity, which in turn restrict the deployment of
learned policies to a narrow set of environments [54, 21, 4].

We argue that the major bottleneck in scaling robotic data
is rooted in the dominant data collection strategy: teleopera-
tion. As shown in Fig. 1, teleoperation-based data collection
typically requires specialized hardware, precise calibration,
and continuous human labor [64, 75, 49, 73]. For even
seemingly simple tasks like pick-and-place, human experts
must continuously control the robot through low-level actions
while observing action outcomes [14, 13, 18]. This continu-
ous interaction requires active human involvement, preventing
continuous and around-the-clock data collection. Empirically,



collecting even a minimally sufficient dataset for behavior
cloning often requires over an hour of human labor. At larger
scales, robotic data such as DROID [39] curate 350 hours
of robotic interaction data over a year-long data collection
effort involving 50 expert human operators. In other words,
substantial time and human overhead in teleoperation-based
data collection highlights the need for a shift away from
teleoperation toward more scalable robotic data collection
paradigms.

Various approaches have been proposed to shift from the
standard teleoperation system. One line of work explores
alternative data collection devices, such as hand-held gripper
devices, which enable data collection with simpler hardware
setup [15, 60]. Although these interfaces alleviate the cost
of specialized teleoperation hardware, they still depend on
expert demonstrations and continuous human-in-the-loop in-
teraction [71, 20]. Another line of work investigates policy-
assisted teleoperation frameworks that partially automate task
execution with a motor policy [16]. However, these meth-
ods still require human intervention at unpredictable points,
necessitating continuous supervision and thus limiting their
scalability [18]. More recently, language-based teleoperation
has been proposed to enable robotic data collection by non-
expert users [48, 2]. Nevertheless, the need for repetitive
human instruction in these approaches leaves the fundamental
scalability bottleneck unresolved [37]. These works call for
a scalable data collection framework that removes continuous
human intervention while still producing high-quality robotic
data.

In this paper, we propose PaPA: Pick-and-Place Anything,
an autonomous robotic data collection framework designed
to overcome the data scaling bottleneck. We focus on pick-
and-place manipulation tasks, a constrained but practically
dominant class of behaviors in real-world robotic datasets.
As illustrated in Fig. 1, PaPA converts language instruc-
tions and visual observations into high-quality manipulation
trajectories. The process begins with perception via world
knowledge, where task-relevant semantics are extracted from
open-vocabulary instructions and visual observations using
off-the-shelf multimodal models. By grounding language into
explicit semantic masks, PaPA leverages vast world knowledge
to ensure the robot precisely understands “what” and “where”
to manipulate, even in diverse, unseen environments. These
masks are then passed to the trajectory planning stage, which
converts semantic information into executable robot actions.
This decoupled approach allows for the generation of high-
quality interaction episodes while maintaining the flexibility
to handle a wide range of objects. Finally, PaPA employs a
lightweight human supervision step where a supervisor only
provides simple binary labels for task success. This post-
hoc verification significantly reduces the human effort per
data point, enabling robotic data collection to scale efficiently
while ensuring that only successful, high-fidelity trajectories
are incorporated into the final dataset. Through this pipeline,
PaPA provides an efficient and scalable approach to building
high-quality manipulation datasets with minimal human effort.

We conduct a comprehensive set of experiments to evaluate
PaPA as a scalable robotic data collection framework. Our
evaluation focuses on three key aspects. First, we assess the
quality of PaPA-collected data by evaluating imitation learning
performance and trajectory quality against prior baselines.
Second, we analyze data collection efficiency, showing how
PaPA improves episode collection rate while minimizing hu-
man effort. Third, we perform ablation studies on trajectory
generation strategies to validate our design choices. Together,
these results show that PaPA yields human-like data that
effectively trains imitation learning policies while improving
collection efficiency and reducing human effort. Ablations
further highlight the importance of trajectory diversity and
lightweight supervision.

In short, our contributions are threefold:
• We propose PaPA, a scalable robotic data collection

framework for real-world manipulation that overcomes
the bottleneck of labor-intensive data scaling via au-
tonomous trajectory generation with minimal human su-
pervision.

• We design a world knowledge-driven trajectory gener-
ation pipeline that grounds open-vocabulary language
instructions into explicit geometric representations, en-
abling autonomous generation of high-quality manipula-
tion trajectories with post-hoc binary verification.

• We demonstrate that PaPA produces human-like, high-
quality dataset, matching human teleoperation in im-
itation learning performance (97.5%) while achieving
an efficient data collection rate of approximately two
episodes per minute.

II. RELATED WORKS

A. Scalable Robotic Data Collection

Scaling robotic data remains a fundamental bottleneck due
to the high cost of active interaction [43]. While large-scale
datasets collected via human-in-the-loop teleoperation have
improved generalization [54, 21], they are inherently limited
by the need for continuous human involvement and specialized
hardware [39, 8]. To reduce this burden, several approaches
bootstrap data collection using an exploratory policy to au-
tonomously generate trajectories for further training [44, 56].
However, these methods typically require a robust base policy
to ensure safety and struggle to generalize to open-world
scenes with unseen objects and novel tasks. Similarly, learning
from human activity videos offers a web-scale supervision
source [61, 72], yet converting these action sequences into
precise, robot-compatible control remains a significant techni-
cal challenge [42]. Apart from data sources, another line of
work focuses on improving data collection interfaces to reduce
operator burden. These range from specialized hardware [70,
23, 22] and simplified handheld setups [15, 60, 20, 71] to
higher-level language-based guidance [48, 2]. While these
interfaces lower the entry barrier, they still necessitate iter-
ative human interaction and often fail to scale to open-world
settings where robots must interact with novel tasks without
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Fig. 2: Overview of autonomous trajectory generation in PaPA. (Top) Given a language instruction and initial visual observations, PaPA
autonomously generates a grounded pick-and-place trajectory without teleoperation or task-specific supervision. The pipeline is decomposed
into two stages: Perception via World Knowledge and Trajectory Planning. (Bottom) In Perception via World Knowledge, vision-language
reasoning provides global semantic guidance (e.g., target object and goal direction), while segmentation grounds these semantics in the
visual scene. Trajectory Planning then reconstructs object geometry from the grounded perception, estimates grasp poses, and generates a
robot-executable manipulation trajectory.

expert guidance. In contrast, PaPA addresses the open-world
challenge by autonomously generating executable trajectories
for novel objects, restricting human involvement to lightweight
binary success labeling.

B. Vision-Language Model in Robotic Manipulation

Recent advances in vision-language models (VLMs) have
enabled the transfer of vast internet-scale knowledge to robotic
manipulation [55, 51, 24]. One line of work employs vision-
language reasoning to generate executable manipulation plans,
represented as code-based policies [29, 31, 46]. While these
methods offer high-level task planning, their robustness often
depends on environment-specific assumptions on environment
states or predefined interaction primitives [47, 65, 69]. Alterna-
tively, other approaches ground instructions into explicit spa-
tial representations, such as affordance maps [62, 33] or key-
points [45, 74, 30]. Although these methods perform explicit
geometric reasoning, their performance critically depends on
accurate 3D perception, making them sensitive to real-world
sensing noise [32]. More recently, end-to-end models that
build upon vision-language models to directly map vision-
language inputs to low-level actions (i.e., vision-language-
action models) have emerged [9, 52, 40]. Although these mod-
els introduce a unified framework connecting vision-language
reasoning with low-level action control, their effectiveness
depends on large-scale vision-language-action paired datasets,
making robotic data scaling a persistent challenge [6, 5]. To
mitigate this data bottleneck, VLMs have been leveraged to
guide data synthesis via simulation [12, 67, 66], yet these often

rely on simulation assets, necessitating additional engineering
to bridge the sim-to-real gap [19, 26, 35]. By contrast, PaPA
leverages world knowledge encoded in VLMs to extract task-
relevant semantic priors from unconstrained, real-world lan-
guage instructions and visual observations. By grounding these
priors into actionable representations, PaPA enables scalable
real-world robotic manipulation data collection.

III. PAPA: PICK-AND-PLACE ANYTHING

In this section, we present the problem formulation and an
overview of PaPA, followed by a detailed description of each
component. We first describe the perception module, which
leverages world knowledge to extract task-relevant informa-
tion. We then introduce the trajectory planning procedure built
upon these perceptions. Finally, we explain the lightweight
labeling process used to curate a high-quality dataset with
PaPA.

A. Problem Formulation

PaPA is an autonomous dataset collection framework for
manipulation tasks to minimize human expert teleopera-
tion. PaPA aims to construct a dataset D = {En | En =
(τn, Ln), n ∈ {1, . . . , |D|}}, where each episode En consists
of a robot trajectory τn paired with a corresponding natural
language instruction Ln. A trajectory τn = {(at, ot) | t ∈
{1, . . . , |τn|}} is composed of robot actions at and multi-view
visual observations ot = {I1t , . . . , ICt }, where t denotes the
time index, C the numbers of the cameras, and Ic the image
of a single camera c.
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Fig. 3: Vision-language-grounded object geometry reconstruction.
Given a textual object description and multi-view images, PaPA
reconstructs an object point cloud by combining vision-language
grounding with classical multi-view geometry. A pretrained vision-
language model produces grounded segmentation masks, which de-
fine silhouette cones under the visual hull formulation. Intersecting
these cones across camera views yields the reconstructed object point
cloud.

B. Overview

For each data collection episode, PaPA takes a language
instruction L and initial visual observations o1 as input,
and autonomously generates a robot-executable pick-and-place
trajectory a1:|τ |. As illustrated in Fig. 2, PaPA first perceives
the scene by leveraging the inherent world knowledge of
VLMs to extract task-relevant information. This semantic in-
formation is subsequently transformed into explicit geometric
representations g. Based on these geometries, key grasp poses
are identified to generate a sequence of manipulation ac-
tions a1:|τ |. Upon execution, the resulting candidate trajectory
τ̃ = {(at, ot) | t ∈ {1, . . . , |τ̃ |}} is evaluated by a human
supervisor. Successful rollouts are appended to the dataset
D until the target size is reached, while failed attempts are
discarded.

C. Perception via World Knowledge

As shown in Fig. 2, we decouple high-level semantic reason-
ing from low-level visual grounding by separating semantic in-

ference from pixel-level localization: a vision-language model
reasons over the language instruction and visual observations,
while detection modules provide explicit semantic masks in
the image.

Vision-Language Reasoning. The VLM is queried to infer
two key components of task-relevant semantic information:
global guidance and target descriptors. The global guidance
provides a preferred approach direction for the manipulator,
serving as a prior to encourage approach directions consistent
with the semantic intent while facilitating data diversity. Si-
multaneously, the VLM generates concise textual descriptors
for both the object to be grasped and the target placement
region. These descriptors allow PaPA to interpret implicit in-
structions (e.g., “buying yellow fruits”) by resolving semantic
ambiguities within the specific context of the current scene.

Grounded Segmentation. Based on the textual descriptors
from the VLM, a detection module (i.e., groundedSAM [58])
extracts semantic masks for the target objects across all camera
views. These masks isolate task-relevant entities from the
multi-view observations o1, providing the spatial geometry g
that is used to construct 3D geometric representations for tra-
jectory generation. By masking out irrelevant scene elements,
this step ensures that the subsequent trajectory generation
focuses on the objects essential for task completion.

D. Trajectory Planning

During the trajectory planning stage, we project 2D seg-
mentation masks into 3D object-centric point clouds, which we
then use to estimate optimal grasp poses and key manipulation
waypoints (see Fig. 2).

Point Cloud Reconstruction. To obtain object geometry in a
computationally efficient yet robust manner, PaPA reconstructs
3D point clouds using a visual hull algorithm based on silhou-
ette cone intersections [41]. Fig. 3 illustrates how segmentation
masks from multiple views define silhouette cones whose
intersections form the object geometry. Specifically, for each
camera c ∈ {1, . . . , C} with known extrinsics Tw

c , the 2D
semantic mask mc is back-projected into the 3D world frame.
Each pixel (u, v) ∈ mc defines a ray rc(d) that forms a view-
dependent silhouette cone Cc:

Cc =

rc(d)

∣∣∣∣∣∣∣∣ rc(d) = Tw
c ·


u
v
1
1

 d, (u, v) ∈ mc, d > 0

 .

(1)
The 3D object geometry V is then defined as the maximal
volume consistent with all observed masks:

V =

C⋂
c=1

Cc. (2)

These reconstructed point clouds then serve as object geome-
tries for subsequent grasp planning.

Grasp Pose and Trajectory Generation. Given the recon-
structed object point clouds, PaPA samples grasp poses to
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Fig. 4: Grasp-pose-aware trajectory generation. PaPA generates a pick-and-place trajectory by interpolating three key waypoints: the initial
pose, pick pose, and place pose. (Left) The trajectory is constructed by sequential interpolation (initial → pick → place). (Right) The robot
executes the trajectory using a low-level controller, closing the gripper at the pick pose and opening it at the place pose.

define key waypoints for the manipulation sequence. We build
upon a PCA-based grasping method [34] to estimate the
object’s principal axes and orientation. Once the grasp poses
are identified, a pick-and-place trajectory is constructed by
connecting a sequence of key poses: the picking pose on
the target object and the placing pose at the destination (see
Fig. 4). These waypoints are joined via interpolation to form
a continuous, robot-executable trajectory. To ensure reliability,
the resulting motion is filtered for kinematic feasibility and
smoothness, allowing the robot to transport the object seam-
lessly from the source to the target location.

E. Trajectory Validation

The generated trajectory is executed on the robot to per-
form the specified task. During execution, the robot records
multi-view visual observations ot and executed actions at at
each timestep t, forming an episode candidate τ̃ . Successful
executions are identified through human verification, such as
lightweight success labeling, and are added to the dataset
for subsequent imitation learning. Failed executions, typically
caused by grasp slippage or collisions, are discarded.

IV. EXPERIMENTS

We conduct a comprehensive set of experiments to evaluate
PaPA. Specifically, our experiments are designed to (1) assess
the quality of the collected data for training imitation learning
policies, (2) demonstrate the efficiency of the proposed data
acquisition framework, and (3) validate key design choices
through ablation studies.

A. Experimental Setup

Hardware Setup. All experiments are conducted using an
AgileX PiPER robotic arm, a 6-degree-of-freedom (6-DoF)
manipulator equipped with a two-finger gripper. The 6-DoF
manipulation capability provides sufficient motion flexibility
to execute a wide range of trajectories within the workspace
of the robot. The robotic arm is paired with a multi-view
RGB perception system consisting of three cameras: one wrist-
mounted camera and two fixed workspace cameras (Intel
RealSense D455 and L515). Camera extrinsics are calibrated

PiPER Arm

RGB Cameras

Fig. 5: Hardware setup. Our setup consists of an AgileX PiPER
robotic manipulator and a multi-view RGB perception system with
three cameras: a wrist-mounted camera, a front-facing camera, and
an overhead table-view camera. A variety of everyday objects are
placed within the workspace for pick-and-place data collection.

prior to data collection using AprilTag-based methods [53]
and standard hand–eye calibration [63]. This aligns visual
observations with robot kinematics, enabling accurate 3D
reconstruction.
Baselines. We evaluate PaPA in comparison to three repre-
sentative robotic data collection pipelines: (i) leader–follower
teleoperation, (ii) language-based teleoperation [37], and (iii)
VoxPoser [32], a semantically grounded trajectory generation
framework. For the leader–follower teleoperation baseline,
hereafter referred to as human teleoperation, a human expert
manipulates a leader arm with an identical embodiment to the
robot, which directly commands the follower arm in real time.
This setup enables intuitive control and accurate trajectory
transfer by leveraging identical hardware for both the leader
and follower units, providing high-quality expert demonstra-
tions. Language-based teleoperation (CLIP-RT) serves as a



TABLE I: Task-wise behavior cloning performance. Success counts
over 10 evaluation rollouts for imitation learning policies trained on
datasets collected by different methods. Higher values indicate better
task execution, and bold entries denote the best performance.

Baseline Behavior Cloning Task Success

Task 1 Task 2 Task 3 Task 4

Human Teleoperation 10 / 10 9 / 10 9 / 10 10 / 10
CLIP-RT 0 / 10 0 / 10 0 / 10 0 / 10
VoxPoser 3 / 10 1 / 10 3 / 10 1 / 10
PaPA (ours) 10 / 10 9 / 10 10 / 10 9 / 10

human-in-the-loop baseline that converts iterative high-level
language instructions into executable low-level actions (e.g.,
move forward a bit: [0.05, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0]). Lastly,
VoxPoser represents a more autonomous trajectory generation
approach, utilizing LLMs to produce 3D value maps over
voxelized scene representations, which are then used to guide
trajectory optimization for autonomous execution.

Tasks & Data Collection. We construct a diverse set of pick-
and-place manipulation tasks to evaluate the data collection
performance of each baseline. We design the task instruction
to follow a pick-and-place structure (i.e., ‘Pick A and place
it into B’), where A ∈ {banana, sausage, corn, carrot} and
B ∈ {plate, basket, pan, pot}. For each task, we collect
20 successful demonstrations for training imitation learning
policies. We instantiate four tasks using the following ob-
ject–container pairs: Task 1 (banana, plate), Task 2 (sausage,
basket), Task 3 (corn, pan), and Task 4 (carrot, pot).

Evaluation. We evaluate PaPA and the baselines using four
complementary metrics that capture task success, data quality,
collection efficiency, and human effort. (1) Behavior Cloning
Task Success counts successful task completions during be-
havior cloning policy rollouts. We train Diffusion Policy [14]
on each dataset and evaluate the policy over 10 rollouts per
task. (2) Trajectory quality is assessed along two axes: (i)
trajectory similarity, measured by Fréchet distance [1] and
Dynamic Time Warping (DTW) [3] over end-effector Carte-
sian trajectories (x, y, z), and (ii) smoothness and kinematic
cost, quantified by jerkiness. (3) Collection efficiency evaluates
episode collection rate and data yield. Episode collection rate
measures the number of successful episodes collected, while
data yield denotes the fraction of successful demonstrations
among all attempted demonstrations. (4) Human effort is
evaluated by measuring the expert workload. To capture the
objective workload, we measure physical effort and cognitive
effort. We also report a subjective workload by conducting
surveys on five teleoperation experts.

B. Data Quality

Behavior Cloning Performance. Policies trained on trajecto-
ries collected by PaPA achieve behavior cloning performance
comparable to those trained on expert human teleoperation
data. As shown in Table I, PaPA-trained policies attain an
average task success of 9.75/10, matching the performance
of policies trained on human teleoperation demonstrations

TABLE II: Trajectory Quality Comparison. Fréchet distance and
DTW quantify similarity to human demonstrations while jerkiness
measures motion smoothness. Lower values indicate better perfor-
mance across all metrics, and bold entries denote the best results.

Baseline Fréchet distance (cm) DTW (cm) Jerkiness (cm/s3)

Human Teleoperation – – 38.0 ± 3.7
CLIP-RT 14.6 ± 3.0 4.5 ± 0.8 90.7 ± 9.1
VoxPoser 20.9 ± 0.7 5.4 ± 0.1 76.0 ± 1.2
PaPA (ours) 9.2 ± 1.1 2.9 ± 0.4 9.7 ± 0.6

Fig. 6: Visualization of Sampled Trajectories. The figure shows
three sampled trajectories from dataset collected for Task 1 by
(a) PaPA (Ours), (b) Human Teleoperation, (c) CLIP-RT, and (d)
VoxPoser.

(9.75/10). In contrast, policies trained on datasets collected
using CLIP-RT (0.0/10) and VoxPoser (2.0/10) perform sub-
stantially worse, indicating insufficient demonstration quality
for effective imitation learning. Given that imitation learning
fundamentally aims to reproduce human-like trajectories, data
collected via human teleoperation serve as a strong reference
for high-quality behavior cloning. Notably, the comparable
performance achieved by PaPA demonstrates that it can serve
as a practical and reliable data collection framework for
imitation learning.

Trajectory Quality. Table II reports trajectory quality across
data collection methods using Fréchet distance, DTW, and
jerkiness. For Fréchet distance and DTW, each trajectory is
compared against the set of trajectories collected via human
teleoperation, which serves as a reference for expert behavior.
For each trajectory, we compute the minimum distance to the
closest human demonstration and report the mean and standard
deviation of these minimum distances across the dataset. PaPA
achieves the lowest Fréchet distance (9.2) and DTW (2.9),
compared to CLIP-RT (14.6, 4.5) and VoxPoser (20.9, 5.4). In
terms of smoothness, PaPA also records the lowest jerkiness



Fig. 7: Data Collection Efficiency. Average number of episodes
collected per minute across four tasks for each method. Higher values
indicate more efficient data collection.

(9.7), while human teleoperation yields 38.0, and CLIP-RT
(90.7) and VoxPoser (76.0) show substantially higher values.
Qualitative Analysis. For a qualitative analysis, we sample
three trajectories from each dataset of the same task and
visualize them in Fig. 6. Compared to smooth and diverse
patterns shown in human teleoperation data, CLIP-RT demon-
strations are constrained to stiff and piecewise motions due
to the restricted action space imposed by its language-based
interface. In addition, trajectories generated by VoxPoser show
limited diversity and are often straight-line, owing to its
greedy optimization. We also observe that low-level subtasks
decomposed by VoxPoser heavily rely on context prompts and
lack kinematic constraints, often demonstrating unfavorable
sudden movements. By contrast, PaPA generates trajectories
with diverse approach behaviors toward the target, while
maintaining clear convergence to precise grasp and placement
poses. These properties stem from robust target localization
and interpolation between key waypoints.

The behavior cloning results and trajectory quality analyses
provide a coherent picture of data quality across methods.
While behavior cloning performance measures downstream
utility of the collected data, trajectory quality metrics explain
the underlying causes of these results. This explains why
PaPA, through its generation of high-quality human-like trajec-
tories, can serve as a reliable data source for imitation learning,
achieving performance comparable to human teleoperation. In
contrast, CLIP-RT and VoxPoser, despite being capable of
executing the tasks, do not provide demonstrations suitable
for effective robotic data collection.

C. Efficiency in Data Collection

Data Collection Rate. We evaluate data collection rate by
measuring the number of episodes recorded per minute. Fig. 7

TABLE III: Data Yield Evaluation. Data yield measured as the
ratio of successful demonstrations to total trials when collecting
20 successes per task. Higher values indicate more reliable data
collection with fewer failed attempts, and bold entries denote the
best results.

Baseline Data Yield Rate (%)

Task 1 Task 2 Task 3 Task 4

VoxPoser 74.1 80.0 50.0 54.1
PaPA (ours) 90.9 80.0 90.9 83.3

shows that PaPA consistently achieves 1.9–2.1 episodes per
minute across all tasks. In comparison, human teleoperation
records episodes at a higher rate of 3.1–3.3 episodes per
minute. Conversely, CLIP-RT and VoxPoser exhibit substan-
tially lower throughput, achieving only 0.7–0.9 and 0.6–0.7
episodes per minute, respectively. The lower episode collection
throughput of CLIP-RT and VoxPoser can be attributed to the
structure of their data-generation pipelines. CLIP-RT requires
a human operator to iteratively provide language instruction
for incremental motion control. These iterative language inputs
for fine-grained motion introduce significant interaction over-
head. Meanwhile, VoxPoser necessitates repeated perception
and planning cycles before execution, slowing down a single
rollout. In contrast, although slower than human teleoperation,
PaPA achieves efficient and stable data collection by restricting
vision-language reasoning to a single perception step and
generating complete trajectories via lightweight geometric
planning.

Data Yield. Data collection efficiency is also influenced by
data yield, defined as the fraction of successful demonstrations
among all attempted trials. To evaluate data yield, we measure
the percentage of successful rollouts over all attempts, as
reported in Table III. We compare PaPA and VoxPoser, since
human teleoperation and CLIP-RT rely on human experts and
rarely fail during execution. PaPA achieves a data yield of
90.9% on Task 1, indicating that approximately 91 out of 100
attempted rollouts result in valid demonstrations. In contrast,
VoxPoser attains a lower yield of 74.1%, requiring more failed
attempts to collect the same number of successful trajectories.
Across all evaluated tasks, PaPA consistently achieves higher
data yield than VoxPoser, with gains ranging up to 40 per-
centage points. These results indicate that PaPA provides a
more efficient and reliable trajectory generation pipeline for
autonomous data collection.

Human Effort. We analyze human effort, as data collection
efficiency is closely tied to expert workload. We consider
both physical and cognitive effort during data collection. For
physical effort, we quantify the amount of direct human
interaction required by each method (e.g., leader arm control
or keyboard inputs). Human teleoperation requires continuous
control of the leader arm throughout each episode, demanding
full-time expert involvement and thus incurring the highest
physical effort. For CLIP-RT, we measure the number of
iterative language instructions issued per episode, reporting an



TABLE IV: Ablation Studies. We ablate key design components
of PaPA, including global guidance and human supervision. Both
ablations demonstrate their importance across multiple evaluation
metrics.

Ablations Task Success Fréchet distance (cm) DTW (cm)

w/o global guidance 3 / 10 10.5 ± 2.0 3.2 ± 0.2
w/o human supervision 8 / 10 9.6 ± 0.5 3.1 ± 0.1
PaPA (ours) 10 / 10 9.2 ± 1.1 2.9 ± 0.4

average of 36.61 instructions across tasks. In contrast, PaPA
and VoxPoser require only lightweight human involvement in
the form of post-hoc success verification, averaging 1.16 and
1.61 interventions per episode, respectively. To assess cogni-
tive effort, we adopt a dual-task paradigm based on the Paced
Auditory Serial Addition Test (PASAT) [25], which evaluates
mental load through an auditory task without interfering with
visual or motor control. PaPA exhibits the lowest cognitive
load, achieving 0.33 correct responses per second, followed
by VoxPoser (0.30), human teleoperation (0.28), and CLIP-RT
(0.17). We further report perceived workload using NASA-
TLX ratings [27], following the protocol of [18], which show
a consistent trend: PaPA imposes the lowest mental workload,
followed by VoxPoser, human teleoperation, and CLIP-RT.
Further details are shown in Appendix.

The results on collection rate, data yield, and human effort
highlight clear differences in data collection efficiency across
methods. Although human teleoperation achieves the highest
raw throughput, it relies on continuous expert involvement,
limiting scalability. In contrast, CLIP-RT and VoxPoser ex-
hibit substantially lower efficiency due to iterative human
inputs or repeated perception and planning overhead, which
reduce both collection rate and data yield. PaPA, on the other
hand, achieves a favorable balance by generating complete
trajectories from a single perception step, resulting in stable
collection rates, consistently high data yield, and minimal
human effort. These characteristics suggest that PaPA provides
a more scalable and practical data collection pipeline for real-
world robotic manipulation.

D. Ablation Studies

Effect of Global Guidance. Removing global guidance from
the vision-language reasoning stage leads to a pronounced
degradation in imitation learning performance (Table IV).
Without global guidance, trajectories are generated solely
by interpolating key waypoints, lacking consistent approach
directions and motion diversity. As a result, behavior cloning
success drops from 10/10 to 3/10 compared to PaPA. Tra-
jectory similarity metrics also degrade, with Fréchet distance
increasing from 9.2 to 10.5 and DTW from 2.9 to 3.2. These
results indicate that global guidance is not merely a heuristic
for task completion, but a critical component for inducing
human-like and diverse motion patterns. Although successful
demonstrations can still be collected, the reduced trajectory
diversity significantly harms generalization in imitation learn-
ing.
Zero Human Supervision. We study an ablation without
human supervision, where all rollouts are collected regardless

of success. In this setting, we collect 20 episodes and train
the policy on a dataset containing 18 successful and 2 failed
demonstrations. As shown in Table IV, task success decreases
to 8/10, and trajectory similarity also degrades, with Fréchet
distance increasing from 9.2 to 9.6 and DTW from 2.9 to
3.1. Although the drop in task success is modest, removing
human supervision causes noticeable qualitative degradation,
such as oscillatory and corrective motions. This highlights that
minimal post-hoc human verification is crucial for maintaining
data quality in imitation learning.

V. DISCUSSION, LIMITATIONS AND FUTURE WORK

A. Discussion

We presented PaPA: Pick-and-Place Anything, a scalable
robotic data collection framework that reduces the cost of
teleoperation-based data collection. By decomposing the data
collection paradigm into autonomous trajectory generation and
lightweight human supervision, PaPA enables efficient real-
world robotic data collection without continuous expert inter-
action, while maintaining data quality suitable for imitation
learning. Through extensive experiments, we find that world
knowledge encoded in pretrained vision-language models is
sufficient for robust perception in open-world pick-and-place
tasks. Moreover, we observe that smooth trajectories and
motion diversity are critical factors for constructing high-
quality datasets, and that lightweight yet sufficient human
supervision (i.e., post-hoc verification) further improves data
reliability. Additionally, we investigate how PaPA can extend
as a fully automated robotic data collection framework (see
Appendix).

B. Limitations and Future Work

While PaPA performs well on pick-and-place tasks that
constitute a large portion of everyday manipulation, it remains
challenging to extend the framework to more complex and
dexterous tasks, such as cloth folding. This limitation high-
lights the need to extend PaPA to a tighter integration of
grounded scene perception and planning for sophisticated dex-
terous manipulation. Future work could augment the existing
PaPA framework with richer grasp and contact modeling, and
task-aware motion primitives, enabling the autonomous collec-
tion of data for fine-grained manipulation tasks. Addressing
these challenges would expand the task coverage of PaPA
beyond pick-and-place and move toward scalable high-quality
data collection for more dexterous real-world manipulation.

VI. CONCLUSION

We introduced PaPA, a scalable robotic data collection
framework that leverages vision-language world knowledge to
generate high-quality manipulation trajectories without con-
tinuous teleoperation. PaPA matches expert teleoperation in
imitation learning performance of 97.5% while achieving effi-
cient data collection at approximately two episodes per minute.
Overall, PaPA offers a practical pathway toward scalable real-
world robotic data collection and serves as a strong foundation
for autonomous robot learning in open-world settings.
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man, Dmitry Kalashnikov, Dorsa Sadigh, Edward Johns,
Ethan Foster, Fangchen Liu, Federico Ceola, Fei Xia,
Feiyu Zhao, Felipe Vieira Frujeri, Freek Stulp, Gaoyue
Zhou, Gaurav S. Sukhatme, Gautam Salhotra, Ge Yan,
Gilbert Feng, Giulio Schiavi, Glen Berseth, Gregory
Kahn, Guangwen Yang, Guanzhi Wang, Hao Su, Hao-
Shu Fang, Haochen Shi, Henghui Bao, Heni Ben Amor,
Henrik I Christensen, Hiroki Furuta, Homanga Bharad-
hwaj, Homer Walke, Hongjie Fang, Huy Ha, Igor Mor-
datch, Ilija Radosavovic, Isabel Leal, Jacky Liang, Jad
Abou-Chakra, Jaehyung Kim, Jaimyn Drake, Jan Peters,
Jan Schneider, Jasmine Hsu, Jay Vakil, Jeannette Bohg,
Jeffrey Bingham, Jeffrey Wu, Jensen Gao, Jiaheng Hu,
Jiajun Wu, Jialin Wu, Jiankai Sun, Jianlan Luo, Jiayuan
Gu, Jie Tan, Jihoon Oh, Jimmy Wu, Jingpei Lu, Jingyun
Yang, Jitendra Malik, João Silvério, Joey Hejna, Jonathan
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