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Figure 1: An overview of robotic data sources and their quantified Utilization. The figure illustrates
three data types—teleoperation, simulation, and human video—along with their conceptual trade-
off between collection cost and training cost.

“Our biggest cost is not power, or servers, or people. It’s lack of utilization. It
dominates all other costs.” — Jeff Bezos

ABSTRACT

Teleoperation, simulation, and human video represent the three primary data
sources for robotic manipulation. Teleoperation data offers high quality at a high
collection cost, whereas simulation and human video data are cheaper to acquire
but introduce significant embodiment gaps. This trade-off has sparked a debate in
the robotics community about the most effective data types for training robot poli-
cies. To address this, we introduce a data utilization law for robotic manipulation,
drawing an analogy from economics to establish a formal ”exchange rate” across
data types. We quantify data utilization by using a single real-world teleoperated
trajectory as a base unit and then measuring the volume of other data (i.e., sim-
ulation or human video) required to achieve equivalent performance. Through a
comprehensive investigation across three manipulation tasks—training Diffusion
Policy and π0 on over 8000 trajectories—we systematically analyze the interplay
between real, simulated, and human video data. Our analysis reveals several key
findings: 1) Simulation data generally improves model generalization, with an ap-
proximate exchange rate of 8 simulation samples providing the equivalent benefit
of 1 teleoperated sample. 2) Human video tends to degrade in-domain model per-
formance, where adding approximately 10 human video samples can negate the
benefit of a single teleoperated data point. 3) Whether human video helps general-
ization or simulation aids in-domain performance varies significantly across tasks.
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We believe that our work provides crucial insights into balancing the costs of data
collection with the computational demands of model training.

1 INTRODUCTION

The robotics community has embraced data scaling as a path toward generalizable and robust robot
policies, drawing parallels to the recent wave of success in large language models. This pursuit has
primarily followed three directions: collecting targeted in-the-lab datasets via teleoperation, creating
simulated environments for large-scale data generation, or leveraging unstructured in-the-wild hu-
man videos. While the community widely accepts the ”more-is-better” paradigm, this heterogeneity
of sources means we lack a principled understanding of the relative value of each data type. As il-
lustrated by the data pyramid in Figure 1, roboticists must navigate a trade-off between data fidelity
and scale. Teleoperation data, collected directly on a physical robot, offers the highest quality and is
most aligned with the test distribution in terms of environment and embodiment. However, this data
is expensive and labor-intensive to collect. Conversely, data from simulations and web-scale human
videos are far easier to obtain but suffer from significant visual and embodiment gaps. This raises a
crucial, yet underexplored, question regarding the true economic efficiency of each data source.

Typically, the cost of data is viewed solely through the lens of collection: Cost total = Cost of data
collection. This perspective suggests that cheaper data is always better because it scales more easily.
However, this view overlooks a critical factor: data utilization. Some data types are inherently less
effective than others. For instance, if a task can be solved by a model trained on 500 teleoperated
trajectories, achieving the same performance might require 5,000 human video trajectories. In this
scenario, the tenfold increase in training cost could easily outweigh the savings in data collection.
This necessitates a more comprehensive cost function: Cost total=Cost data collection+Cost model
training. This revised model brings the concept of data utilization to the forefront. In economics,
utilization measures how fully a resource is used. Applying this here, our core idea is to establish
a quantitative ”exchange rate” between different data types, thereby creating a formal method to
measure their relative utility and true cost-effectiveness.

To this end, we introduce the data utilization law for robotic manipulation. We operate within the
imitation learning paradigm—the dominant approach for real-world robot skill acquisition. We in-
vestigate the trade-offs between two critical data pairs: simulation versus teleoperation data and
human video versus teleoperation data. To ground our study, we curate a large-scale dataset for a
suite of representative manipulation tasks—Pick Dual Bottles, Hand Over Block, and Rank RGB
Blocks. This data set comprises real-world teleoperated data collected with an Agilex-2.0 system,
RoboTwin 2.0 simulation data Chen et al. (2025), and human video demonstrations processed via
MediaPipe Lugaresi et al. (2019). Leveraging state-of-the-art policy models like Diffusion Pol-
icy Chi et al. (2023) and pre-trained vision-language-action model π0 Black et al. (2024), we metic-
ulously evaluate how varying the composition of training data impacts policy generalization across
two key axes: visual background and object position. By analyzing the data utilization ratio, we
derive empirical data utilization laws. Our extensive investigation, backed by over 10,000 demon-
strations and more than 600 real-world rollouts reveals that:

• We find that simulation data consistently improves a model’s ability to generalize to new scenar-
ios. While it is less potent than real-world data, its utility is quantifiable. Our results establish a
concrete ”exchange rate,” revealing that, on average, 8 simulation trajectories provide a general-
ization benefit equivalent to 1 teleoperated data. This demonstrates that large volumes of cheap
simulation data can be a highly effective strategy for enhancing model generalization.

• Conversely, naively adding human video data can be actively detrimental to in-domain task per-
formance. The significant embodiment gap often introduces conflicting signals that confuse the
policy. We measured a ”negative exchange rate,” where adding approximately 10 human video
trajectories can completely negate the learning gains from 1 high-quality teleoperated trajectory.
This highlights the hidden costs of using easily accessible but poorly aligned data sources for
specialized tasks.

• Finally, we find that while human video generally hurts in-domain performance, its effect on
generalization can vary from helpful to harmful. Similarly, the benefit of simulation data for in-
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domain tasks is inconsistent. This crucial nuance shows that the optimal data-mixing strategy
must be tailored to the speci�c goals and context of the robotic task at hand.

Our work offers a novel framework and a new vocabulary for the systematic analysis of robot data,
providing a principled guide for mixing different data types in real-world applications.

2 RELATED WORK

Data scaling in robotic manipulation. In computer vision and natural language processing
(NLP), scaling laws have established that model performance improves predictably with increas-
ing data, model size, and compute (Kaplan et al., 2020; Hoffmann et al., 2022; Devlin et al., 2019;
Brown et al., 2020; Deng et al., 2009; Schuhmann et al., 2021; Radford et al., 2021). Robotic
manipulation faces unique scaling challenges: collecting real-world interaction data is expensive,
time-consuming, and often task-speci�c. While recent advances leverage simulated interactions
(Andrychowicz et al., 2020; Chen et al., 2025; Liu et al., 2023), large-scale teleoperation (O'Neill
et al., 2024), or human videos (Hoque et al., 2025; Grauman et al., 2022), existing datasets remain
orders of magnitude smaller than those in vision and language. This motivates a shift from merely
scaling data volume to systematically understanding data quality and composition.

Imitation learning in robot learning. Imitation learning (IL) provides a data-ef�cient paradigm
for training robotic agents by leveraging expert demonstrations rather than trial-and-error explo-
ration. Early IL methods, such as behavioral cloning (BC) (Pomerleau, 1989) and inverse reinforce-
ment learning (IRL) (Ng & Russell, 2000) enabled policy acquisition from demonstration trajecto-
ries, but often suffered from compounding errors and poor generalization. More recent approaches
combine IL with large-scale pretraining and multimodal inputs, leading to vision-language-action
(VLA) models (Brohan et al., 2022; Reed et al., 2022; Black et al., 2024; Bjorck et al., 2025; Wen
et al., 2025a;b). These models align perception, language, and action, allowing robots to execute
natural-language-speci�ed tasks and transfer across environments.

3 APPROACH

3.1 DATA SOURCES

We collect data from three primary sources: teleoperation, simulations, and human videos.

Task description. We evaluate performance on three robotic manipulation tasks: Pick Dual Bottles
(easy), Hand Over Block (easy), and Rank RGB Blocks (hard).

• Pick Dual Bottles. The robot uses its right arm to grasp a Sprite bottle, followed by
using its left arm to pick up a Coca-Cola bottle. Subsequently, both arms lift the bottles
simultaneously in a coordinated manner.

• Hand Over Block. It requires the robot's left arm to grasp a red block, perform a hand-over
to the right arm, and place the block into the designated top-right goal location.

• Rank RGB Blocks. It assesses multi-step rearrangement skills by sorting three colored
blocks (Red, Green, Blue) from random permutations into the canonical R–G–B order.

Teleoperation. We collected a dataset of expert demonstrations, Dteleop, using two real-world
robotic platforms: the Aloha-Agilex-2.0 and the Dual-ARX-R5. For each of the three tasks, we
gathered 200 to 500 trajectories per platform, resulting in a total of approximately 1500 teleoper-
ation demonstrations. Both systems utilize a 14-DoF action space, representing the joint angles of
their dual 7-DoF arms and binary gripper states. Further details are in Appendix C.1.

Simulation. To investigate the role of large-scale, low-cost data, we generated a simulated dataset,
Dsim, using the RoboTwin2.0 environment (Figure 2, middle). We created trajectories for both the
Aloha-Agilex-2.0 (1,000 trajectories per task for three tasks) and Dual-ARX-X5 (1,000 trajectories
per task for two tasks) models, yielding 5,000 simulated demonstrations in total. A key feature of
this dataset is extensive background randomization, where we systematically varied background
textures. See Appendix C.2 for details.
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Figure 2: Overview of the three different datasets used in this study: (Left) Teleoperation data
collected via teleoperation on Aloha-Agilex-2.0 and Dual-ARX-R5; (Middle) Simulation data gen-
erated in the RoboTwin2.0 environment with background randomization; (Right) Human video data
captured using a chest-mounted DJI Action Pro 5.

Human video. To leverage the natural variability of human motion, we collected a dataset of hu-
man demonstrations, denoted as Dhuman. An operator, wearing a chest-mounted DJI Action Pro
5, performed each task bimanually in the same physical environment as the robot. We recorded
500 trajectories per task, totaling 1,500 demonstrations. We process these videos with MediaPipe
(Lugaresi et al., 2019) to extract 3D hand poses. Details are listed in Appendix C.3.

3.2 TRAINING STRATEGY

Policy models and con�gurations. Our primary policy network is the Diffusion Policy Chi et al.
(2023) equipped with a CNN-based U-Net architecture, where visual features are extracted using
a ResNet-50 encoder pretrained on ImageNet. For instruction, we embed textual inputs via Distil-
BERT Sanh et al. (2019). We also utilize the state-of-the-art vision-language-action model �0. To
isolate the effects of the model architecture from the pre-training data, we initialized all models with
the PaliGemma pre-trained weights Steiner et al. (2024). This approach allows for a fair assessment
of architecture-agnostic generalization. See Appendix D for more details.

Training setup. We compare two distinct training protocols. In the teleoperated-from-scratch set-
ting, the policy is trained directly and exclusively on the teleoperated demonstration dataset Ntele for
the entire training budget, i.e., Ttele = T total. In the non-teleoperated pre-train + teleoperated �ne-
tune setting, the policy is �rst trained for Tnt steps on a non-teleoperated dataset Nnt—comprising
simulation trajectories Nsim or human video demonstrations Nhuman—and then �ne-tuned for Ttele
steps on Ntele. Since neither simulation-only nor human-video-only training is suf�cient to accom-
plish the tasks, we adopt this pre-train–�ne-tune procedure to leverage the complementary strengths
of both data sources. To ensure computational fairness, both protocols satisfy Tnt + T tele = T total,
guaranteeing that any performance differences arise solely from the training data composition rather
than unequal training effort.

3.3 EVALUATION

We conduct all evaluations on a real-world Aloha-Agilex-2.0 platform. To ensure statistical signif-
icance, each policy is evaluated for 10 trials per scenario. Performance is measured by the success
rate, S, a �ne-grained score from 0 to 1 that aggregates the completion of critical sub-steps (e.g.,
reaching, grasping, placing). Further details on the task setup are provided in Appendix B.2.

We �rst distinguish between in-domain and out-of-domain scenarios. In-domain refers to scenes
with backgrounds and object positions seen during training, whereas out-of-domain includes
changes to either the background or the object positions. As illustrated in Figure 3, we evaluate
our policies in three scenarios: in-domain, unseen background, and unseen position. The In Do-
main scenario replicates the training environment, while Unseen Background and Unseen Position
introduce backgrounds and initial object positions not present in the training set, respectively. The
teleoperation-only policy is tested in all three scenarios. The simulation-pretrained policy is eval-
uated in the in-domain and unseen background settings, whereas the policy pretrained with human
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Figure 3: Our three real-world evaluation scenarios: In-domain (left). The training set contains the
same background and positions as the evaluation. Unseen Background (middle). The background
is new in the test set. Unseen Position. The object positions are not in the training set.

Task Test Condition S (Teleoperation) S (+Simulation) �local

Pick Dual Bottles in-domain 0.70 0.55 �23
unseen background 0.20 0.30 16

Hand Over Block in-domain 0.70 0.60 �23
unseen background 0.50 0.65 11

Rank RGB Blocks in-domain 0.45 0.50 18
unseen background 0.13 0.20 4

Table 1: Success rate S and local utilization ratio �local when adding simulation data to teleopera-
tion, evaluated under in-domain and unseen-background conditions for three tasks. �local measures
the relative effectiveness per sample between simulation and teleoperation data.

videos is assessed in the in-domain and Unseen Position settings. Details of the evaluation procedure
are provided in Appendix B.3.

3.4 DATA UTILIZATION RATIO DEFINITION AND COMPUTATION

We introduce the data utilization ratio, �, to quantify the value of non-teleoperated data sources
(Dsim, Dhuman) relative to our primary teleoperated data (Dtele). A positive � indicates bene�cial data,
meaning that � non-teleoperated samples provide the same performance gain as one teleoperated
sample. A negative � implies detrimental in�uence, meaning that j�j non-teleoperated samples
degrade performance equivalently to one teleoperated sample.

Our �rst method computes a local utilization ratio. We select an operating point N�
tele , a quantity

of teleoperated data suf�cient for the policy to achieve reasonable performance. Near this point, we
approximate the task completion metric, S, with a simple additive model:

S = 
 tele N tele + 
 nt Nnt ; (1)

where Nt and Nnt are the number of teleoperated and non-teleoperated samples, and 
t and 
nt are
their respective marginal contributions to performance. In practice, we obtain these contributions by
running two trainings: one using only N�t teleoperated samples, and another using a combination
of non-teleoperated pre-training plus teleoperated �ne-tuning to the same total sample count. These
two measured success rates give us a pair of linear equations that can be solved for 
t and 
nt . The
local utilization ratio is then �local = 
 t =
 nt .
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Figure 4: Global utilization ratio of simulation data in in-domain evaluation. All axes are on a
logarithmic scale. For simpler tasks (left and middle), adding simulation data is detrimental to
performance. For a dif�cult task (right), it provides a signi�cant bene�t.

Figure 5: Global utilization ratio of simulation data under out-of-domain background. Simulation
data is consistently bene�cial across all tasks. Notably, its utility increases with task dif�culty.

While this linear approximation is simple and direct, it does not capture the global, sublinear scaling
of performance with increasing data, often known as diminishing returns. To obtain a more compre-
hensive measure that is valid across different data scales, we use a power-law curve to compute the
global utilization ratio.

First, we �t a power-law function, Steleop(N t ) = �N �
t , to the performance curve using only teleoper-

ated data. Next, we measure the performance Smix of a policy trained on a mixed dataset containing
N 0

t teleoperated and N0nt non-teleoperated samples. We then use the �tted model to calculate the
equivalent teleoperation data, Neq, that would be required to achieve this same performance. The
global utilization ratio, �global , is then computed as:

Neq =
�

Smix

�

� 1=�

; � global =
N 0

nt

Neq � N 0
t
: (2)

Neq � N 0
t represents the contribution of the non-teleoperated data, measured in the currency of

equivalent teleoperated samples. However, due to the limited number of points available for �tting
the power-law, the resulting �t can be inaccurate. Therefore, we use the global utilization ratio
mainly to verify the sign (positive or negative utility) of non-teleoperated data across real-robot
dataset scales, complementing the more precise local linear estimate near N�

t .

4 EXPERIMENTAL ANALYSIS OF DATA UTILIZATION

In this section, we apply the methodology described in Section 3.1 to empirically measure the uti-
lization ratios of simulation and human video data. For each source, we analyze both the local ratio
(� local ) to understand its marginal value and the global ratio (�global ) to assess its scalability and
effectiveness when integrated at various scales.
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