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ABSTRACT

Data scaling has revolutionized fields like natural language processing and com-
puter vision, providing models with remarkable generalization capabilities. In
this paper, we investigate whether similar data scaling laws exist in robotics, par-
ticularly in robotic manipulation, and whether appropriate data scaling can yield
single-task robot policies that can be deployed zero-shot for any object within
the same category in any environment. To this end, we conduct a comprehensive
empirical study on data scaling in imitation learning. By collecting data across
numerous environments and objects, we study how a policy’s generalization per-
formance changes with the number of training environments, objects, and demon-
strations. Throughout our research, we collect over 40,000 demonstrations and
execute more than 15,000 real-world robot rollouts under a rigorous evaluation
protocol. Our findings reveal several intriguing results: the generalization perfor-
mance of the policy follows a roughly power-law relationship with the number
of environments and objects. The diversity of environments and objects is far
more important than the absolute number of demonstrations; once the number of
demonstrations per environment or object reaches a certain threshold, additional
demonstrations have minimal effect. Based on these insights, we propose an effi-
cient data collection strategy. With four data collectors working for one afternoon,
we collect sufficient data to enable the policies for two tasks to achieve approxi-
mately 90% success rates in novel environments with unseen objects.

1 INTRODUCTION

Scaling has been a key driver behind the rapid advancements in deep learning (Brown et al., 2020;
Radford et al., 2021). In natural language processing (NLP) and computer vision (CV), numer-
ous studies have identified scaling laws demonstrating that model performance improves with in-
creases in dataset size, model size, and total training compute (Kaplan et al., 2020; Henighan et al.,
2020). However, comprehensive scaling laws have not yet been established in robotics, preventing
the field from following a similar trajectory. In this paper, we explore the first dimension of scal-
ing—data—as scaling data is a prerequisite for scaling models and compute. We aim to investigate
whether data scaling laws exist in robotics, specifically in the context of robotic manipulation, and
if so, what insights and guidance they might offer for building large-scale robotic datasets.

While data scaling has endowed models in NLP and CV with exceptional generalization capabili-
ties Achiam et al. (2023); Kirillov et al. (2023), most of today’s robotic policies still lack compara-
ble zero-shot generalization (Xie et al., 2024). From the outset, we treat generalizable manipulation
skills as first-class citizens, emphasizing real-world generalization over evaluations in controlled lab
settings. In this context, we aim to investigate the following fundamental question: Can appropri-
ate data scaling produce robot policies capable of operating on nearly any object within the same
category, in any environment?

To answer this, we present a comprehensive empirical study on data scaling in imitation learn-
ing, which is a predominant method for learning real-world manipulation skills (Shafiullah et al.,
2024). We categorize generalization into two dimensions: environment generalization and object
generalization, which essentially encompass all factors a policy may encounter during real-world


https://data-scaling-laws.github.io/

Published as a conference paper at ICLR 2025

Figure 1: Illustrations of all tasks. We derive the data scaling laws through extensive experiments
on Pour Water and Mouse Arrangement, and further validate these findings on additional
tasks, including Fold Towels and Unplug Charger.

deployment. We do not consider task-level generalization at this stage, as we believe it would re-
quire collecting vast amounts of data from thousands of tasks (Padalkar et al., 2023; Khazatsky et al.,
2024), which is beyond the scope of our work. Instead, we systematically explore how a single-task
policy’s performance changes in new environments or with new objects as the number of training
environments or objects increases. Additionally, we examine how the number of demonstrations
impacts policy generalization when the number of environments and objects is fixed.

We use hand-held grippers (i.e., UMI (Chi et al., 2024)) to collect human demonstrations in various
environments and with different objects, modeling this data using a Diffusion Policy (Chi et al.,
2023) (Sec. 3). We begin by focusing on two tasks as case studies—Pour Water and Mouse
Arrangement—to thoroughly analyze how policy generalization changes with the number of en-
vironments, objects, and demonstrations (Sec. 4.1), summarizing data scaling laws (Sec. 4.2). Then,
based on these data scaling laws, we propose an efficient data collection strategy to achieve the de-
sired level of generalization (Sec. 4.3). We apply this strategy to two new tasks (Fold Towels and
Unplug Charger), and within a single afternoon using four data collectors, we collect sufficient
data to train policies that achieve around 90% success rates across 8 new environments and objects
for each task (Sec. 5). Lastly, we go beyond data scaling by conducting preliminary explorations
of model size scaling (Sec. 6). Throughout our research, we collect over 40,000 demonstrations
and conduct all experiments under a rigorous evaluation protocol that included more than 15,000
real-world robot rollouts. Our extensive investigation reveals surprising results and contributions:

» Simple power laws. The policy’s generalization ability to new objects, new environments, or both
scales approximately as a power law with the number of training objects, training environments,
or training environment-object pairs, respectively.

* Diversity is all you need. Increasing the diversity of environments and objects is far more effec-
tive than increasing the absolute number of demonstrations per environment or object.

* Generalization is easier than expected. Collecting data in as many environments as possible
(e.g., 32 environments), each with one unique manipulation object and 50 demonstrations, allows
training a policy that generalizes well (90% success rate) to any new environment and new object.

2 RELATED WORK

Scaling laws. Scaling laws are first discovered in neural language models (Kaplan et al., 2020),
revealing a power-law relationship between dataset size (or model size, computation) and cross-
entropy loss. Subsequently, scaling laws have been observed in discriminative image modeling (Zhai
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et al., 2022), generative image modeling (Peebles & Xie, 2023), video modeling (Henighan et al.,
2020), and other domains (Hilton et al., 2023; Liu et al., 2024). These laws not only validate the
scalability of neural networks—a key factor in the success of recent foundation models (Bommasani
et al., 2021; Brown et al., 2020; Touvron et al., 2023)—but also enable performance prediction for
larger models based on their smaller counterparts, thereby guiding more effective resource alloca-
tion (Achiam et al., 2023). In this paper, we examine data scaling laws to explore the relationship
between the generalization of robot policies and the number of environments, objects, and demon-
strations, and to develop ef cient data collection strategies based on these insights.

Data scaling in robotic manipulation. Similar to the elds of NLP and CV, robotic manipula-

tion is also experiencing a trend toward scaling up data (Sharma et al., 2018; Kalashnikov et al.,
2018; Mandlekar et al., 2018; Dasari et al., 2019; Ebert et al., 2021; Jang et al., 2022; Brohan
et al., 2022; Walke et al., 2023; Bharadhwaj et al., 2023; Fang et al., 2023a; Sha ullah et al., 2023;
Padalkar et al., 2023; Khazatsky et al., 2024; Zhao et al., 2024). The largest existing dataset, Open
X-Embodiment (OXE) (Padalkar et al., 2023), comprises over 1 million robot trajectories from 22
robot embodiments. The primary objective of scaling OXE is to develop a foundational robot model
that facilitates positive transfer learning across different robots. However, deploying such models
in new environments still requires data collection for ne-tuning. In contrast, our scaling objective
focuses on training a policy that can be directly deployed in novel environments and with unseen
objects, eliminating the need for ne-tuning. Additionally, we observe that Gao et al. (2024) also
explore strategies for ef cient data scaling to enhance generalization. However, their work is limited
to in-domaincompositional generalization, whereas our focus isatrof-domairgeneralization.

Generalization in robotic manipulation. Creating a generalizable robot has been a longstanding
aspiration within the robotics community. Some research aims to improve generalization to new ob-
jectinstances (Mahler etal., 2017; Mu et al., 2021; Fang et al., 2023b; Zhu et al., 2023a), while other
efforts focus on enabling robots to adapt to unseen environments (Hansen et al., 2020; Xing et al.,
2021; Teoh et al., 2024; Xie et al., 2024). Recently, signi cant attention has been paid to develop-
ing policies that can generalize to new task instructions (Jang et al., 2022; Bharadhwaj et al., 2023;
Brohan et al., 2023; Team et al., 2024). In this paper, we concentrate on the rst two dimensions
of generalization: creating a single-task policy capable of operating on reearlgbjectwithin the

same category, iany environmentThis kind of single-task policy can serve as a primitive skill for
planning algorithms (Ahn et al., 2022; Hu et al., 2023a) and is also the foundation for further re-
search into multi-task generalist policies (Kim et al., 2024). UMI (Chi et al., 2024) demonstrates that
training on diverse demonstrations signi cantly enhances the generalization performance of policies
in novel environments and with novel objects. Concurrently with our work, RUMs (Etukuru et al.,
2024) develop policies capable of zero-shot deployment in novel environments. However, neither
UMI nor RUMs delves into a comprehensive analysis of the relationship between generalization and
different data dimensions—a gap our work aims to address.

3 APPROACH

In this section, we rst outline the generalization dimensions we consider and the formal formulation
of the data scaling laws. Then, we demonstrate our data source and design choices for policy learning
methods. Finally, we introduce our rigorous evaluation protocol.

Generalization dimensions We use behavior cloning (BC) to train single-task policies, a dominant
approach for learning real-world manipulation skills. However, many BC-trained policies exhibit
poor generalization performance. This generalization issue manifests across two dimensions: (1)
Environment—generalization to previously unseen environments, which may involve variations in
lighting conditions, distractor objects, background changes, and mor@bj2rt—generalization

to new objects within the same category as those in human demonstrations, differing in attributes
such as color, size, geometry, and so on.

Prior research in this area has attempted to isolate the variations within each dimension by control-
ling speci ¢ factors independently (Xie et al., 2024; Pumacay et al., 2024). For instance, special
lighting setups might be used to change only the color of illumination, or 3D-printed objects might
be designed to vary only in size without altering their shape or geometry. While this approach allows
precise control over individual factors, it cannot account for all possible variation factors. More im-
portantly, real-world performance depends not on generalizing to individual factors but on handling
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the complex interplay of multiple factors that vary simultaneously. To address this, we focus on
generalization across two dimensionsavironmentindobject—which collectively encompass all
factors a policy may encounter in natural, real-world scenarios. For environment variations, we scale
the number of real scenes by collecting human demonstrations across diverse in-the-wild environ-
ments. For object variations, we scale the number of accessible objects by acquiring a large variety
of everyday items within the same category. See Appendix A for visualizations of the environments
and objects used in our study. We believe that this emphasis on real-world diversity enhances the
applicability of our ndings to more varied and practical contexts.

Data scaling laws formulation. For simplicity, we consider a scenario where a demonstration

We evaluate the policy's performance using test sc8ré&described in detail later) on environments

and objects not seen during training. The data scaling laws in this paper aim to: (1) characterize the
relationship betweeB and the variable® , N, andK , speci cally, how the generalization ability
depends on the number of environments, objects, and demonstrations; and (2) determine ef cient
data collection strategies to achieve the desired level of generalization based on this relationship.

Data source. Existing robotic manipulation datasets do not provide enough environments and ob-
jects for a single task to meet our requirements. Therefore, we opt to use the Universal Manipulation
Interface (UMI) (Chi et al., 2024), a hand-held gripper, to independently collect a substantial num-
ber of demonstrations. UMI's portability, intuitive design, and low cost make it an ideal tool for our
data collection needs. It enables highly ef cient data collection and allows for seamless switching
between different in-the-wild environments with minimal setup time. However, as UMI relies on
SLAM for capturing end-effector actions, it may encounter challenges in texture-de cient environ-
ments. We observe that approximately 90% of our collected demonstrations are valid. For more
details on our data collection and experience with UMI, see Appendix B.

Policy learning. We employ Diffusion Policy to model the extensive data we collect, due to
its demonstrated excellence in real-world manipulation tasks and its recent widespread applica-
tion (Sha ullah et al., 2024; Ze et al., 2024). Following Chi et al. (2023), we utilize a CNN-based
U-Net (Ronneberger et al., 2015) as the noise prediction network and employ DDIM (Song et al.,
2020a) to reduce inference latency, achieving real-time control. See Appendix C for more training
details. To further enhance performance, we make two improvements:

(1) DINOV2 visual encoder: In our experiments, ne-tuning the DINOv2 ViT (Oquab et al., 2023)
outperforms both ImageNet pre-trained ResNet (He et al., 2016; Deng et al., 2009) and CLIP
ViT (Radford et al., 2021). We attribute this improvement to DINOv2 features' ability to explicitly
capture scene layout and object boundaries within an image (Caron et al., 2021). This information
is crucial for enhanced spatial reasoning, which is particularly bene cial for robot control (Hu et al.,
2023b; Yang et al., 2023; Kim et al., 2024). To ensure model capacity does not become a bottleneck
when scaling data, we utilize a suf ciently large model, ViT-Large/14 (Dosovitskiy et al., 2020).

(2) Temporal ensemble: Diffusion Policy predicts a sequence of actions €yestgps, with each
sequence having a length ©f (T, > T 1), and only the rstT; steps are executed. We observe

that discontinuities between executed action sequences can cause jerky motions during switching.
To address this, we implement the temporal ensemble strategy proposed in ACT (Zhao et al., 2023).
Speci cally, the policy predicts at each timestep, resulting in overlapping action sequences. At any
given timestep, multiple predicted actions are averaged using an exponential weighting scheme,
smoothing transitions and reducing motion discontinuity.

Evaluation. We conduct rigorous evaluations to ensure the reliability of our results. First, to eval-
uate the generalization performance of the policy, we exclusively testiiseerenvironments or

with unseerpbjects. Second, we use tester-assigned scores as the primary evaluation metric. Each
manipulation task is divided into several stages or steps (typically 2—3), each with well-de ned scor-
ing criteria (see Appendix D). Each step can receive a maximum of 3 points, and we report a nor-

i H Total test score i H i
C o o3 SCOre. .
malized score, de ned as Normalized scere;— rear of steps with a maximum value of 1. Unlike

the commonly used success rate—which is an overly sparse signal lacking the granularity to dis-
tinguish between policies—our scoring mechanism captures more nuanced behaviors. While action
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mean squared error (MSE) on the validation set is another potential metric, we nd it often does not
correlate with real-world performance (see Appendix E.1 for more details). Finally, to minimize the
tester's subjective bias, we simultaneously evaluate multiple policies trained on datasets of different
sizes; each rollout is randomly selected from these multiple policies, while ensuring identical initial
conditions for both the objects and the robot arm, enabling a fair comparison across policies. See
Appendix E.2 for an example of the evaluation work ow and Appendix F for the hardware setup.

4 UNVEILING OF DATA SCALING LAWS

In this section, we rst explore how increasing the number of training objects affects object gener-
alization. Next, we analyze how the number of training environments impacts environment gener-
alization. Finally, we study generalization across both dimensions simultaneously. Throughout all
experiments, we also analyze the effect of demonstration quantity (Sec. 4.1). From these results, we
derive the power-law data scaling laws (Sec. 4.2). Based on these laws, we further demonstrate an
ef cient data collection strategy to achieve a generalizable policy (Sec. 4.3).

4.1 RESULTS AND QUALITATIVE ANALYSIS

Tasks. We rst focus on two manipulation task®®our Water andMouse Arrangement

In Pour Water , the robot performs three steps: rst, it grabs a drinking bottle placed randomly
on the table; second, it pours water into a mug; and nally, it places the bottle on a red coaster.
This task demands precision, especially in aligning the bottle's mouth with the mulylolise
Arrangement , the robot completes two steps: it picks up a mouse and positions it on a mouse pad
with its front facing forward. The mouse may be tilted, requiring the robot to employ non-prehensile
actions (i.e., pushing) to rst align it. lllustrations of all tasks are shown in Fig. 1, with further task
details available in Appendix D. Robot rollout videos can be found on our website.

Object generalization. We use 32 distinct objects within the same environment to collect 120
demonstrations per object, yielding a total of 3,840 demonstrations for each task. After SLAM
Itering, the number of valid demonstrations f@®tour Water andMouse Arrangement is
reduced to 3,765 and 3,820, respectively. To investigate how the number of training objects
in uences the policy's ability to generalize to unseen objects, we randomly s2feabbjects

(m = 0;1;2;3;4,;5) from the pool of 32 for training. Furthermore, to examine how policy per-
formance varies with the number of demonstrations, we randomly sa2Apfeactions of valid
demonstrationsn( = 0; 1; 2; 3; 4; 5) for each selected object. For each combination of
(m;n), we train a policy if the total number of demonstrations exceeds 100. In total, 21 policies are
trained, and each is evaluated usingriseen objecti the same environment as the training data,
with 5 trials per object. The average normalized score across 40 trials is reported for each policy.

Fig 2 presents the results, with shaded regions representing 95% con dence intervals. There are sev-
eral key observations: (1) As the number of training objects increases, the policy's performance on
unseen objects consistently improves across all fractions of demonstrations. (2) With more training
objects, fewer demonstrations are required per object. For examteuin Water , when train-

ing with 8 objects, the performance using 12.5% of the demonstrations signi cantly lags behind
that using 100% of the demonstrations; however, this gap nearly disappears when training with 32
objects. (3) Object generalization is relatively easy to achieve. The initial slope of the performance
curve is very steep: with only 8 training objects, the normalized score for both tasks exceeds 0.8.
When the number of training objects reaches 32, the score surpasses 0.9. These scores correspond
to policies that have already generalized well to any new objects within the same category.

Environment generalization. To explore the effect of the number of training environments on
generalization, we use the same manipulation object across 32 distinct environments, collecting 120
demonstrations per environment. Heour Water andMouse Arrangement , this result in

3,424 and 3,351 valid demonstrations, respectively. We randomly s#leetivironmentsr =

0;1;2; 3; 4;5) from the 32 available for training, and for each selected environment, we randomly
select2” fractions of vaild demonstrationa (= 0; 1; 2; 3; 4; 5). Each policy is evaluated

in 8 unseen environmentsing the same object as in training, with 5 trials per environment.

Fig. 3 presents the results, revealing several notable patterns: (1) Increasing the number of training
environments enhances the policy's generalization performance on unseen environments. This trend
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Figure 2:Object generalization. Each curve corresponds to a different fraction of demonstrations
used, with normalized scores shown as a function of the number of training objects.

Figure 3: Environment generalization. Each curve corresponds to a different fraction of demon-
strations used, with normalized scores shown as a function of the number of training environments.

persists even when the total number of demonstrations is kept constant (see Appendix G.2, Fig. 22).
However, while increasing the fraction of demonstrations in each environment initially boosts per-
formance, this improvement quickly diminishes, as indicated by the overlap of the lines representing
50% and 100% demonstration usage. (2) Environment generalization appears to be more challeng-
ing than object generalization for these two tasks. Comparing Fig. 2 and Fig. 3, we observe that
when the number of environments or objects is small, increasing the number of environments re-
sults in smaller performance gains compared to increasing the number of objects. This is re ected
in the lower slope of the performance curve for environment generalization.

Generalization across both environments and objectsNext, we explore a setting where both

the training environments and objects vary simultaneously. Data is collected from 32 environments,
each paired with a unique object. F@our Water andMouse Arrangement , the number of

valid demonstrations is 3,648 and 3,564, respectively. We randomly 28lestivironment-object

pairs fn = 0;1;2; 3; 4, 5) from the pool of 32 for training and, for each selected pair, we randomly
sample2” fractions of valid demonstrations E0; 1; 2; 3; 4; 5). Each policy is evaluated

in 8 unseen environmentgsing twounseen objectger environment, with 5 trials per environment.

Fig. 4 illustrates that (1) increasing the number of training environment-object pairs substantially
enhances the policy's generalization performance, consistent with previous observations. (2) Inter-
estingly, although generalizing across both novel environments and objects is more challenging, the
bene t of additional demonstrations saturates faster in such cases (as evidenced by the overlapping
lines for 25% and 100% demonstration usage). This indicates that, compared to changing either the
environment or the object alone, simultaneously changing both increasedidatkity, leading to

more ef cient policy learning and reducing dependence on the number of demonstrations. This nd-
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Figure 4:Generlization across environments and objectsEach curve corresponds to a different
fraction of demonstrations used, with normalized scores shown as a function of the number of train-
ing environment-object pairs.

Figure 5: Power-law relationship. Dashed lines represent power-law ts, with the equations pro-
vided in the legend. All axes are shown on a logarithmic scale. The correlation coef cient (Pearson's
r) indicates a power-law relationship between the generalization ability and the number of objects,
environments, and environment-object pairs. See Appendix G.1 for data scaling laws on MSE.

ing further emphasizes that expanding the diversity of environments and objects is more effective
than merely increasing the number of demonstrations for each individual environment or object.

4.2 POWER-LAW FITTING AND QUANTITATIVE ANALYSIS

We next explore whether our experimental results follow power-law scaling laws, as seen in other

domains. Speci cally, if two variable¥ andX satisfy the relatiorY = X 1, they exhibit a
power-law relationship. Applying a logarithmic transformation to bétland X reveals a linear
relationshiplog(Y) = log(X)+log( ). Inour contexty represents the optimality gap, de ned

as the deviation from the maximum score (i., Normalized Score), whil& can denote the
number of environments, objects, or demonstrations. Using data from our previous experiments
with a 100% fraction of demonstrations, we t a linear model to the log-transformed data, as shown
in Fig. 5. Based on all the results, we summarize the following data scaling laws:

LAlthough we recognize the irreducible errdfs associated with scaling the data alone, tting a three-
parameter modef = X + Y; does not seem statistically justi ed given that we have only 6 data points.



Published as a conference paper at ICLR 2025

» The policy's generalization ability to new objects, new environments, or both scales approxi-
mately as gpower lawwith the number of training objects, training environments, or training
environment-object pairs, respectively. This is evidenced by the correlation coefrcieffig. 5.

* When the number of environments and objects is xed, there is no clear power-law relationship
between the number of demonstrations and the policy's generalization performance. While perfor-
mance initially increases rapidly with more demonstrations, it eventually plateaus, as most clearly
shown in the leftmost plot of Fig. 7 (see caption for details).

These power laws regarding environments and objects can serve as predictive tools for larger-scale
data. For example, according to the equation in Fig. 5, we predict thtdose Arrangement ,
achieving a normalized score of 0.99 on novel environments and objects would require 1,191 training
environment-object pairs. We leave the veri cation of this prediction for future work.

4.3 EFFICIENT DATA COLLECTION STRATEGY

In this section, we present an ef cient data collection strategy guided by the data scaling law. Recall
that our data is collected acrolk environments an®l manipulation objects, witk demonstra-

tions for each object in every environment. The main question we seek to answer is: for a given
manipulation task, how can we optimally selé&tt, N, andK to ensure strong generalization of

the policy without incurring an excessively laborious data collection process? To explore this, we
continue to use the taskour Water andMouse Arrangement as examples.

Figure 6:Multiple objects per environment. Brighter colors indicate higher normalized scores.

How to select the number of environments and objectsPreviously, we consider only the setting
where each environment contains a single uniqgue manipulation object. In practical data collection,
however, collecting multiple objects per environment might improve performance and thus be a
more ef cient method. To explore this possibility, we assume Més a multiple ofM , with each
environment containinl=M unique objects. Speci cally, we use 16 environments, each containing

4 unique objects, and collect 120 demonstrations for each oblject=(16;N = 64;N=M =

4;K = 120). ForPour Water andMouse Arrangement , this results in 6,896 and 6,505
valid demonstrations, respectively. We then randomly sé®cenvironmentsrg = 0;1;2; 3;4)

from the 16 available environments. For each selected environment, we use all demonstrations of
objects i = 1; 2; 3; 4) as the training data. In total, we train 20 policies, each evaluated in 8 unseen
environments using two novel objects per environment, with 5 trials for each environment.

The heatmap in Fig. 6 shows that when the number of environments is small, collecting multiple
objects in each environment boosts performance. However, as the number of environments increases
(e.g., to 16), the performance gap between collecting multiple objects per environment and just a
single object becomes negligible. For large-scale data collection, where the number of environments
typically exceeds 16, adding multiple objects within the same environment does not further enhance
policy performance, suggesting that this approach may be unnecessary. Based on our experimental
results, we recommend the followingollect data in as many diverse environments as possible, with
only one unique object in each environmeliYhen the total number of environment-object pairs
reaches 32, it is generally suf cient to train a policy capable of operating in novel environments and
interacting with previously unseen objects.
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Figure 7:Number of demonstrations. Left: In the setting where we collect the maximum number

of demonstrations, we examine whether the policy's performance follows a power-law relationship
with the total number of demonstrations. The correlation coef cient®fmur Water andMouse
Arrangement are 0:62and 0:79, respectively, suggesting only a weak power-law relationship.
Right: For varying environment-object pairs, the policy performance increases with the total num-
ber of demonstrations at rst, and then reaches saturation.

How to select the number of demonstrations?The experimental results in Sec. 4.1 indicate that
increasing the number of demonstrations beyond a certain point yields minimal bene ts. This sec-
tion aims to identify that threshold. We rst examine the setting whdre= 16 andN = 64 (as in

the previous experiment), representing the scenario with the maximum number of collected demon-
strations—over 6400 in total. We vary the total number of demonstrations used for training, ranging
from 64 to 6400, and train 8 policies. The results, presented in the leftmost plot of Fig. 7, show
that performance for both tasks plateaus when the number of demonstrations reaches 800. Next,
we consider our recommended setting of collecting environment-object pairdi.e.,N). The

results, depicted in the two rightmost plots of Fig. 7, indicate that when the number of environment-
object pairs is smaller, fewer total demonstrations are needed to reach saturation. Speci cally, for 8,
16, and 32 pairs, performance plateaus at 400, 800, and 1600 demonstrations, respectively. Based
on these ndings, we recommermbllecting 50 demonstrations per environment-object pair (i.e.,

K =50 ) for tasks of similar dif culty to oursMore challenging dexterous manipulation tasks may
require more demonstrations; we leave the exploration of this aspect to future work.

5 VERIFICATION OF DATA COLLECTION STRATEGY

\ Pour Water Mouse Arrangement Fold Towels Unplug Charger
Score 0.922 0.075 0.933 0.088 0.95 0.062 0.887 0.14
Success Rate 85.0 19.4% 925 9.7% 875 17.1% 90.0 14.1%

Table 1: Success rate across all taskdle report the average success rate and standard deviation
across 8 unseen environments. The performance in each environment is detailed in Table 12.

To verify the general applicability of our data collection strategy, we apply it to new tasks and assess
whether a suf ciently generalizable policy can be trained. We experiment with two new taslkis:

Towels andUnplug Charger . InFold Towels , the robot rst grasps the left edge of the
towel and folds it to the right. ItUnplug Charger , the robot grabs the charger plugged into a
power strip and swiftly pulls it out. For each task, we collect data from 32 environment—object pairs,
with 50 demonstrations per environment. Consistent with previous experiments, we evaluate the
policy in 8 unseen environments, each with 2 unseen objects, and perform 5 trials per environment.
The results, shown in Table 1, report both the policy's normalized score and the corresponding
success rate (for the de nition of success criteria, see Appendix D). As the table indicates, our
policies achieve around 90% success rates across all four tasks—the two from previous experiments
and the two new ones. Notably, achieving this strong generalization performance on the two new
tasks requires only one afternoon of data collection by four data collectors. This highlights the
high ef ciency of our data collection strategy and suggests that the time and cost required to train a
single-task policy capable of zero-shot deployment to new environments and objects are moderate.
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Case Score

DINOv2 ViT-L/14 0.90 Case Score Case Score
LfS ViT-L/14 0.03 DINOv2 ViT-S/14 0.66 small U-Net 0.88
frozen DINOv2 0.00 DINOv2 ViT-B/14 0.81 base U-Net 0.90
LoRA DINOv2 0.72 DINOv2 ViT-L/14 0.90 large U-Net 0.83

(a) Training strategy. Both pre- (b) Visual encoder scaling Scal- (c) Diffusion model scaling Scal-
training and full ne-tuning are in- ing visual encoder yields a consis-ing action diffusion model does
dispensable. tent performance boost. not bring a performance boost.

Table 2:Model related experimentson Pour Water . The entries marked i gray are the same,

which specify the default settings: the visual encoder is a fully ne-tuned ViT-L/14 model pre-
trained with DINOv2, while the action diffusion model employs a base-size 1D CNN U-Net.

6 MODEL SIZE AND TRAINING STRATEGY: BEYOND DATA SCALING

Finally, we extend our exploration beyond data scaling to investigate the model side. The Diffusion
Policy consists of two components: a visual encoder and an action diffusion model. Our investi-
gation focuses on the importance of the training strategy for the visual encoder and the effects of
scaling the parameters of both the visual encoder and the action diffusion model. We conduct ex-
periments orPour Water , using data collected from 32 environment-object pairs and selecting
50% of all valid demonstrations as the training set. The results, shown in Table 2, lead to several
key observations: (1) Both pre-training and full ne-tuning are essential for the visual encoder. As
shown in Table 2a, a Learning-from-Scratch (LfS) ViT-L/14 and the use of frozen DINOv2 pre-
trained features achieve scores closedm Additionally, parameter-ef cient ne-tuning methods

like LORA (rank=8) (Hu et al., 2021) do not match the performance of full ne-tuning. (2) Increas-
ing the size of the visual encoder signi cantly enhances performance. Table 2b demonstrates that
scaling the visual encoder from ViT-Small to ViT-Large leads to a steady improvement in the pol-
icy's generalization performance. (3) Contrary to expectations, scaling the action diffusion U-Net
does not yield performance improvements. As shown in Table 2c, despite the increase in maximum
feature dimensions—from 512 to 2048—as the network scales from small to large, there is no cor-
responding improvement in score. In fact, performance slightly declines with the largest U-Net. We
hypothesize that the small U-Net's capacity may already be suf cient for modeling the current action
distribution, or that we have yet to identify a scalable architecture or algorithm for action diffusion.

7 DISCUSSION LIMITATIONS, & FUTURE WORKS

Data scaling is an exciting and ongoing event in robotics. Rather than blindly increasing data quan-
tity, emphasis should be placed on data quality. What types of data should be scaled? How can this
data be ef ciently obtained? These are the fundamental questions we aim to answer. Speci cally, in
the context of imitation learning, we uncover the signi cant value of diversity in environments and
objects within human demonstrations, identifying a power-law relationship in the process. Further-
more, we believe that in-the-wild generalization is the ultimate goal of data scaling, and our study
aims to demonstrate that this goal is closer than it may appear. We show that, with a relatively mod-
est investment of time and resources, it is possible to learn a single-task policy that can be deployed
zero-shot to any environment and object. To further support researchers in this endeavor, we release
our code, data, and models, with the hope of inspiring further efforts in this direction and ultimately
leading to general-purpose robots capable of solving complex, open-world problems.

Our work has several limitations that future research can address. First, we focus on data scaling for
single-task policies and do not explore task-level generalization, as this would require collecting data
from thousands of tasks. Future studies could incorporate language-conditioned policies to explore
how to scale data to obtain a policy that can follow any new task instructions (Kim et al., 2024).
Second, we study data scaling only in imitation learning, while reinforcement learning (RL) likely
enhances policy capabilities further; future research can investigate the data scaling laws for RL.
Third, our use of UMI for data collection introduces inherent small errors in the demonstrations, and
we model the data using only Diffusion Policy algorithm. Future research can investigate how data
guality and policy learning algorithms affect data scaling laws. Lastly, due to resource constraints,
we explore and validate data scaling laws on only four tasks; we hope that future work will verify
our conclusions on a larger and more complex set of tasks.
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