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Abstract—Scaling robot learning requires data collection
pipelines that scale favorably with human effort. In this work, we
propose Crowdsourcing and Amortizing Human Effort for Real-to-
Sim-to-Real(CASHER), a pipeline for scaling up data collection
and learning in simulation where the performance scales super-
linearly with human effort. The key idea is to crowdsource digital
twins of real-world scenes using 3D reconstruction and collect
large-scale data in simulation, rather than the real-world. Data
collection in simulation is initially driven by RL, bootstrapped
with human demonstrations. As the training of a generalist policy
progresses across environments, its generalization capabilities
can be used to replace human effort with model-generated
demonstrations. This results in a pipeline where behavioral data
is collected in simulation with continually reducing human effort.
We show that CASHER demonstrates zero-shot and few-shot
scaling laws on three real-world tasks across diverse scenarios.
We show that CASHER enables fine-tuning of pre-trained policies
to a target scenario using a video scan without any additional
human effort.

1. INTRODUCTION

Robot learning has the potential to revolutionize decision-
making for robots by leveraging data to learn behaviors de-
ployable in unstructured environments, showing generalization
and robustness. Critical to the success of robot learning,
beyond the algorithms and model architectures, is the training
data. As in most machine learning, getting the “right” type,
quality, and quantity of data holds the key to generalization.
Robot learning is still grappling with the question of what the
right type of data and how to obtain it at scale. The type of
data we can train on is inherently tied to the abundance of this
data - good data is both high-quality and abundant. This paper
proposes a system for obtaining this diverse, high-quality data
at superlinear scale with sublinear human effort.

Unlike vision and language, data for learning is not available
passively - there are relatively few robots that are already
finding use in the world. This makes applying the same recipes
we did in vision and language challenging, necessitating more
careful consideration of how and where this data comes from.
One option is to rely on teleoperation to collect this data.
This approach is inherently limited by human effort, since the
cost to collect data scales linearly with human involvement.
Recent work [16, 30, 2] has attempted to scale the amount
of teleoperation data however the quantity of data collected
is still orders of magnitude smaller than the scale at which
vision and language models show emergent capabilities.

So where might we find data that scales superlinearly
with human effort? Simulation offers a potential solution, at

face value providing free data up to the limit of computing.
However, this hides a significant cost - scene, task, and
reward creation per domain is non-trivial, and even with scenes
generated, behaviors are costly to obtain. This suggests that
despite the promise, simulation data isn’t quite free of cost, and
requires considerable amounts of human efforts for content and
behavior creation per environment. While it is possible to gen-
erate random environments procedurally, generating thousands
of environments randomly is unlikely to cover the distribution
of “natural environments”, and generating behaviors randomly
is unlikely to lead to success.

In this work, we propose a method to scale up continual
data collection, ensuring human effort amortizes sublinearly
with the number of environments. Our key idea is to leverage
simulation for data scaling without the corresponding increase
in content and behavior creation effort. For content scaling,
we utilize 3D reconstruction methods, shifting the burden
from designers to non-expert users and cheap data collection.
For behavior generation, we employ techniques that leverage
model generalization to reduce the required human data over
time. The insight is that as we go across many simulated
environments, models will show some levels of generalization.
This generalization can be leveraged to continually reduce
the amount of human data needed as new environments are
encountered. CASHER (1) creates a data flywheel, where data
begets more data through model generalization.

Our contributions include 1) a novel continual data collec-
tion system based on real-to-sim-to-real for training generalist
policies, 2) a novel scanned deployment fine-tuning technique
for improving the accuracy of a generalist policy on a target
environment without additional human demonstrations, 3) a
detailed analysis of the scaling laws for zero-shot performance
of our generalist policies, 4) evaluation of the few-shot per-
formance of the resulting generalist policies.

II. RELATED WORK

Large Scale Data Collection for Robotics: Learning from
real-world demonstrations has proven effective [6, 46, 29].
To facilitate this, various studies have focused on improving
hardware to ease the data collection process for teleoperators
[46, 7, 43]. Efforts have also scaled up the volume of data from
real-world demonstrations [30, 16, 2], staying nevertheless
in the low-data regime. Moreover, real-world data collection
is costly, requiring expert supervision and physical robots,
which limits scalability. CASHER, instead, trains entirely
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Fig. 1.
zero-shot transfer and scanned fine-tuning capabilities.

in simulation, using real-world scans obtained via standard
smartphones. Additionally, while traditional teleoperation data
collection scales linearly with human effort, CASHER reduces
the human effort needed for subsequent learning steps by
leveraging the knowledge acquired during training.

Autonomous Learning: To improve scalability of robot
learning and reduce the amount of human demonstrations
required, the field has explored autonomous data collection
and learning methods. One approach is reinforcement learn-
ing (RL) in the real world [21, 19], but the standard RL
techniques’ need for resets poses scalability issues, as it
requires either human supervision or substantial engineering
efforts for automating resets. Reset-free reinforcement learning
[1, 45, 37, 11] offers a promising alternative, but it still
requires occasional human intervention and struggles with
high sample complexity for learning more challenging tasks,
making it hard to learn in the real-world. Autonomous learning
in the real world presents significant challenges that are
mitigated in simulation, where resets are manageable and data
collection is more abundant. In CASHER, we exploit these
advantages of simulation while minimizing the sim-to-real gap
through real-to-sim scene transfers. Continual learning also
faces challenges, such as catastrophic forgetting, as discussed
in prior work [18]. We address this by decoupling the policy
used to generate trajectories, which is fine-tuned with RL,
from the final generalist policy, which is trained with imitation
learning over the entire dataset.

Prior work studies how to autonomously collect data in
simulation by starting from a set of demonstrations and making
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Overview of CASHER, we propose a system for training generalist policies leveraging real-to-sim simulation on crowdsourced scans. These have

certain assumptions to augment them [22]. These assumptions
are limiting such as free-space movement through linear
interpolation between human-annotated subtasks, rigid objects,
or object-gripper-centric demonstrations. These assumptions
fail in tasks involves circular motion or moving objects in
clutter, where avoiding collisions is crucial. Other works
leverage VLMs to provide reward functions in simulation [42];
however, the policy exploits the physics in unrealistic ways
that do not transfer to the real world. CASHER addresses
these challenges by using human demonstrations to induce
more natural, transferable behaviors, and solves tasks with
RL, which removes the required assumptions and makes our
method more scalable.

Procedural and Synthetic Data Generation: Creating
realistic environments for robot learning in simulation is a
significant challenge. To address this, prior work has proposed
using large language models (LLMs) or heuristics to generate
scene plans resembling the real world [40, 9, 26, 42], or
utilizing real-world scans to replicate actual scenes [10, 5].
Despite reducing human involvement, these methods often
produce scenes that are unrealistic in appearance or object
distribution, such as failing to accurately simulate real-world
clutter. Generating procedurally accurate training environ-
ments remains an open challenge. However, extracting digital
twins from the real world mitigates this issue, as scans
reflect the actual test distribution. Relevant to our work, [44]
automates the creation of simulatable environments from real-
world scans, which could be integrated into our pipeline to
scale up environment crowdsourcing. Once the environments



are available, generating valid robot trajectories that solve the
task is another challenge. An option becomes procedurally
generating the motions using motion planning techniques [12].

Real-to-Sim-to-Real Transfer for Robotics: Real-to-sim-
to-real techniques have proven effective in learning robust
policies for specific scenarios with minimal human supervision
[39, 41]. However, these policies often fail to generalize to
different scenarios, requiring significant human effort for each
new environment. In this work, we address this limitation
by learning generalist policies through a novel technique
that amortizes the number of human demonstrations through
training. Other research has tackled various challenges in real-
to-sim-to-real, such as enhancing simulator accuracy with real-
world interaction data [23, 35, 3], and automatically generating
articulations from images [5, 14, 27]. These complementary
advancements make simulators more realistic and could reduce
human effort further in CASHER. Additionally, real-to-sim
techniques have shown promise in their use for simulated
evaluation of real-world policies [20].

III. AMORTIZED DATA SCALING FOR LEARNING
GENERALIST POLICIES THROUGH REAL-TO-SIM-TO-REAL

This work presents CASHER, a pipeline for large-scale
continual data collection for robotic manipulation. The pri-
mary challenge for data scaling in the realm of robotics is
the absence of “passive”, easy-to-collect data from naturally
occurring, inadvertent sources, as iS common in vision and
language. While procedural generation in simulation can pro-
vide large amounts of data, the distribution and diversity
of the data does not overlap with real-world environments.
In this work, we argue that a multi-task, multi-environment
real-to-sim-to-real pipeline can enable large-scale data gen-
eration, by leveraging model generalization to scale human-
effort sublinearly as increasing numbers of environments are
encountered. This is opposed to typical human teleoperated
data collection that requires considerable expertise, physical
infrastructure and suffers from linear scaling in human effort.
This approach enables the scaling laws necessary for large
scale data collection and training of robotic foundation models,
showing non-trivial zero-shot generalization performance as
well as cheap and efficient fine-tuning in new environments.
CASHER consists of three elements - 1) fast, accessible
digital twin generation with 3-D reconstruction methods, 2)
multi-environment model learning that amortizes the data col-
lection process through autonomous data collection and model
generalization, 3) efficient fine-tuning in new environments
using 3-D scans, and minimal human demonstrations.

A. Real-to-Sim Scene Synthesis

Our proposed data collection pipeline adopts a real-to-sim-
to-real approach, building digital twins of real-world scenes in
simulation and collecting behavioral data in these simulations
instead of the real world. This method offers several advan-
tages - 1) data collection does not require a physical robot
setup, and hence can occur in a broader variety of realistic

environments 2) it allows for safe, decentralized, and asyn-
chronous data collection 3) digital twins capture the complex-
ities of real-world scenarios more accurately than procedurally
generated simulations. These advantages are crucial to the
democratization and scalability of data collection as it is scaled
up to thousands of non-experts and real environments beyond
the lab. We leverage easily accessible mobile software[8, 32]
for scene reconstruction from sequences of images to easily
crowdsource simulated environments !. These environments
indicate the geometry, visuals and physics of diverse real-
world scenes in simulation but do not have any demonstrations
of the desired optimal behavior. We discuss how this can be
obtained efficiently in the following section.

B. Amortized Data Collection

Algorithm 1 CASHER: Amortized Data Collection for Gen-
eralist Policies

1: Input: Human demonstrator H, crowdsource humans C

2: Initialize vision-based generalist policy mg

3: while True do

4. Sample set of K digital twins from crowdsourced

humans {Exy1,Ex42,---,E1} ~C

s: T+ {}

6: for & in EK,5K+1,---;52K do
7: Te < RolloutPolicy(&;, 7a)
3
9

T <« T UFilterSuccessfulRollouts(7c)
. 7 < RLFinetuning(7,{€x11,Ex 22, .-, &K })
10 Tp <+ {}
11:  F < FailedEnvironments({Ex+1,Ex+2, ...,k },7Ts)
122 for &; in F do
13: Tr < T, U CollectDemos(&;, H)
14 7 <+ PPORLFinetuning(F, 7p)

15 7wg < TeacherStudentDistillation(&, 7, ms, 7h)

Given the diversity of realistic simulation scenes available
through the digital twin pipeline outlined in Section III-A,
learning generalizable decision-making policies requires a
large training set of visuomotor trajectories demonstrating
optimal behavior for each distinct environment. Two natural
alternatives for obtaining these trajectories are: 1) human-
provided demonstrations and 2) optimal policies trained via
reinforcement learning 2. While tabula-rasa reinforcement
learning can provide a robust set of trajectories with extensive
state coverage without expensive human intervention, it faces
considerable challenges related to exploration and reward
design. On the other hand, human demonstrations avoid these
issues but are expensive to collect at scale.

A natural solution is to use sparse-reward reinforcement
learning bootstrapped with human demonstrations [39, 13,

'We provide further details about the real-to-sim pipeline in Appendix
VII-A, including how to stage these scenes, articulate them quickly and so
on.

2QOther techniques such as trajectory optimization or motion planning may
be applicable as well
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Fig. 2. Overview of the proposed continual data collection system for amortizing human data collection.

3413, This approach balances human effort for data collection
and reward specification with state-space coverage. However,
scaling it up to hundreds or thousands of scenes becomes
tedious, as the required human effort increases linearly with
the number of environments. In this work, we learn a gener-
alist multi-environment policy to amortize the cost of human
data collection across environments. We demonstrate that the
capacity of such a multi-environment model to display non-
trivial generalization allows the cost of continual human data
collection to decrease as the number of training environments
increases.

This system, formally stated in the Algorithm 1 and depicted

2, 2,
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While human demonstrations are used to bootstrap the data
generation and training of the first iteration of the generalist
policy mg on the first K environments, our key insight
is that if mg shows non-trivial level of generalization on
visuomotor deployment in the next i simulation environments
- k41, .- -, &2k, then this policy mg can be used to collect
simulated demonstrations 7 = Tr11,TK41,2;---,T2K,N»
where N is the number of demonstration for bootstraping RL,
in place of a human demonstrator. We do so by deploying the
visuomotor policy 7w (at|o) using perceptual observations o
such as RGB point clouds, but since we are in the simulation
we collect T with paired data of visual observations o;, actions
a; and low-dimensional privileged Lagrangian state s;. These
privileged state-based trajectories enable the usage of efficient
demonstration-bootstrapped reinforcement learning of a state-
based policy 7, rather than operating from high-dimensional
perceptual observations. See Eq 1 and Appendix VII-B1 for

3We refer readers to Appendix VII-BI for details of demonstration boot-
strapped reinforcement learning

min(im(adst)

>
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in Fig. 2, divides the total number of environments into
batches of size K. For the first batch of K environments
&1,&9,...,Ek, we have a multi-environment visuomotor pol-
icy mg randomnly initialized with no generalization capabil-
ities. Thereafter, we initialize it with data from the first X
environments, using reinforcement learning bootstrapped with
human-provided demonstrations. Demonstration bootstrapped
RL produces optimal visuomotor trajectories per environment
D, that are then distilled into a single perception-based, gen-
eralist multi-environment policy mg with visuomotor policy
distillation [4] (Appendix VII-B2).

mo(as|st)

T o (at |St)

Ay, clip( 1 —e, 1 +e)ds)

Tl (at |St)

(Vo(se) — Vi) ++ > logmg(ails;)
(si,ai)ET

ey

the state-based policy update using PPO [36] with a BC loss,
where A; is the estimator of the advantage function at step ¢
[36], and V, is the learned value function.

T can be used to obtain a single robust, state-
covering optimal multi-environment policy 7+ (a:|s:) for all
Ex+1,--.,E K via demonstration-bootstrapped reinforcement
learning. Nevertheless, in some environments, the policy may
still perform poorly due to the occasional low-quality demon-
strations from mwg. To address this, we define the set of
environments where 75 achieves below r success rate as F C
{€k,EKx+1, .. ., Eak }. For these environments F, we fall back
to querying the human demonstrator for high-quality demon-
strations and learn a second state-based policy 745 (a;|s;) using
demonstration-bootstrapped reinforcement learning on F.

The two learned policies ms; and 755 can then be used
for generating data on {Exi1,Ek42,...,E2x \F and F
respectively with these new trajectories being added into D.
Then, a visuomotor policy can be trained by fitting D on the
first 2K environments with supervised learning (see Appendix
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VII-B2 for implementation details).

@)

TG ¢ max E(0;,0:)~D [log mag(ailoi)]

Then the process repeats for the next K environments.
As the visuomotor generalist policy mg is trained across
more environments, it demonstrates increasingly non-trivial
generalization, gradually replacing the human demonstrator
in more environments. This reduces the amount of human
effort required for data collection as training progresses.
Importantly, the generalization across environments does not
need to achieve perfect success rates but should be sufficient
to bootstrap a demonstration-augmented policy learning algo-
rithm (Equation 1). This suggests an interesting scaling law
- data collection becomes more human-efficient as training
progresses, eventually becoming self-sustaining. For a detailed
outline of the practical data collection pipeline, refer to Algo-
rithm 1.

C. Fine-tuning of Generalist Policies on Deployment

The generalist policies mwg(a¢|o;) pretrained in Section
III-B, show non-trivial generalization across environments but
may not achieve optimal performance in any one environment
upon zero-shot deployment. However, these generalist policies
can serve as a starting point for efficient fine-tuning at test
time. In this section, we present an alternative for fine-tuning
generalist policies mo(a;|o;) during deployment. We make the
observation that we can follow the same procedure as model-
bootstrapped autonomous data collection during training de-
scribed in Section III-B. Given a scanned digital twin £y of
the testing environment in simulation, the pre-trained multi-
environment model 7 (a¢|o;) shows some non-trivial zero-
shot generalization, but may not achieve optimal performance
in Ees. By executing the visuomotor policy wg(atlor) in
Eest, We collect a dataset of only successful trajectories T
consisting of (o¢, as, s¢) tuples in simulation, without the need
for any external human intervention. This model-generated
data can then be used to train a robust, high-coverage state-
based policy 7s(as|s:) using demonstration-bootstrapped re-
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inforcement learning (Eq 1). Finally, for real-world transfer
from visual observations this state-based policy 7s(az|s:) is
distilled into a “fine-tuned” visuomotor policy ¢ ¢(at|ot), by
collecting a set of successful rollouts D with m,(a;|s;) and
fine-tuning the previously obtained generalist policy 7 (a:|o;)
as in Eq 2. This approach allows the model to retain the
generalist capabilities of mg while achieving high success in
&iest- Importantly, this fine-tuning step is accomplished using
only a video scan of the environment, without the need for
human-provided demonstrations or feedback in the physical
environment. (See Algorithm 2, in Appendix VII-C1). Finally,
in the Appendix VII-C2, we propose a second technique
involving few-shot supervised fine-tuning using a limited set
of human-provided demonstrations.

1V. EXPERIMENTAL EVALUATION

Our experiments are designed to answer the following
questions: (a) What are the scaling laws of CASHER? (b)
How much can we amortize the quantity of human data needed
through learning without a loss in performance? (c) What are
the few-shot/scanned fine-tuning capabilities of the learned
generalist policies? (d) Do these scaling laws hold across
different tasks? (e) Do these generalist policies extrapolate to
multi-object environments when trained with single object?

To answer these questions, we design two different tasks:
placing bowls/mugs/cups in sinks and placing boxes in shelves.
We use a single-arm manipulator, the Franka Research 3 arm
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results on the task of pick and place mug/bowl/cups in the sink

with 7 DoF and a parallel jaw gripper, see Appendix XII.
We crowdsourced environment data collection, obtaining (a
maximum of ) 56 and 36 different scenes for the two tasks,
respectively. We evaluated the policies across two institutions
on 8 and 2 real-world scenes not included in the training set.
Further details on the hardware setup and tasks are provided
in Appendix VIII and XII.

A. Zero-Shot Scaling Laws Analysis

In this section, we analyze the zero-shot performance of
multiple generalist policies trained with varying amounts of
training environments on the task of put a mug/bowl/cup in
a sink. For fair comparison, we train these policies using
human demonstrations in each environment. In Section IV-B,
we compare this baseline to the autonomous data collection
system presented in Section III-B.

The first experiment involves a thorough real-world eval-
uation of these policies across two institutions, using three
different kitchens and six different objects, with six rollouts
each (a total of 108 rollouts per policy). As shown in Figure
3 a, we confirm the real-to-sim-to-real pipeline scaling law:
as the number of trained environments increases, the zero-
shot success rate also increases, reaching a 62% when trained
on 56 environments. Furthermore, Figure 3 b shows a linear
correlation between simulation and real world performance,
indicating that our real-to-sim-to-real scaling approach in sim-
ulation proportionally corresponds to improved performance in
the real world.

To verify the robustness of the learned policies, we ran
evaluation on eight additional kitchens. The results highlight
an improvement of 16% to 60% rate as the number of
training environments increased from 9 to 56 (Figure 3 c).
Figure 8 shows a sample of the objects and environments
used for evaluation. Finally, we stress-tested against other
types of robustness (Figure 3), including extreme lighting
changes, clutter and physical disturbances, and observed that
the policies suffer a drop in performance but keep obtaining
success rates above 30% (see Appendix XI-B). On the same
lines we evaluate the policy on multiple objects in the scene
and observe that even though it was only trained to pick up
one object, it still succeeds 10% of the times to clean a scene
with 3 objects (See Figure 5 and Appendix XI-A).
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B. Amortized Human Data Needed Through Continual Data
Collection

In this section, we evaluate the amortization of number of
human demonstrations needed as learning progresses across
multiple environments. We compare two approaches: our
proposed system using continual data collection performed
in four sequential batches of 10 environments each, and
another baseline providing human demonstrations for each
environment individually. The evaluation is conducted in a
single real-world kitchen with six different objects for the task
of put a bowl/mug/cup in a sink, performing 6 rollouts per
object. Figure 4(a) shows that the performance per number
of demonstrations significantly increases as the policy starts
developing generalization. Specifically, as shown in Figure
4(b), the quantity of human demonstrations needed decreases
as the policy improves with each subsequent batch. Although
CASHER shifts the burden to compute rather than human
effort, Figure 4(c) indicates that the compute required de-
creases as well when scaling up the system, since the success
rate of the generalist policy is higher, the number of trials
performed to reach the same number of successful rollout
decreases. Finally, we observe that the performance of the
continually learned policy is higher than of the policy learned
solely from human demonstrations. We hypothesize that this
is due to the multimodality in behaviors from the human
demonstrations. When the policy autonomously collects the
data, behaviors remain closer to those already learned, whereas
human-provided demonstrations may introduce more variabil-
ity, making learning harder.

C. Fine-Tuning of Generalist Policies

Unsupervised scanned deployment fine-tuning: To eval-
uate the efficacy of unsupervised fine-tuning through a scan
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Fig. 6. Fine-tuning results. left: CASHER successfully improves its
performance fine-tuning autonomously on a scanned deployment environment.
right: Few-shot fine-tuning on 10 demos we can significantly improve the

performance of the generalist policy on the target scene.



(Section III-C), we select two scenes for the task of placing
a mug/cup/bowl in a sink where the policy trained on 36
environments performs poorly (£ 20%). We then apply the
scanned deployment fine-tuning algorithm as described in
Section III-C. As shown in Figure 6, this results in an average
performance increase of 55% without any additional human
demonstrations.

Few-shot supervised fine-tuning: We select three envi-
ronments where the base policy trained on 36 environments
performs poorly (<£20%). We then collect 10 demonstrations
for each environment and apply the few-shot fine-tuning pro-
cedure described in Section III-C. This fine-tuning improves
the performance of the base policy by an average of a 54% in
success rate.

D. Analysis of CASHER on More Tasks

We attempt to solve two additional tasks, putting a box on a
cabinet and opening a cabinet. The first is a more complicated
manipulation task since it requires more precise grasping to
not make the box fall, and the second shows how our proposed
method works for articulated objects (see Appendix VII-A
where we give more details on how the proposed real-to-sim
pipeline can handle articulated objects). In these two tasks,
we focus our analysis on few-shot fine-tuning as described in
Section III-C. For putting a box on a cabinet, we crowdsourced
36 environments, collected 10 demonstrations for each of
three scenes, and reported the performance after fine-tuning
with 10 demos. For opening a cabinet, we crowdsource
10 environments, collect 10 demonstrations for a new test
environment and report the performance after fine-tuning with
these demos. In Figure 5, we show the performance increases
with the number of training environments, without reaching a
saturation point. Fine-tuning the policy trained on 36 and 10
environments respectively resulted in a significant performance
improvement of 36% and 30% compared to the imitation
learning baseline, which had a 0% success rate. We expect
the performance of the generalist policies to keep improving
as we have not reached a saturation point.

V. CONCLUSION

In this work, we present a system for scaling up robot
learning through crowdsourced simulation. We showed that
through the learning of visual generalist policies, we are
able to scale across environments with decreasing amounts of
human effort. The resulting policies are shown to transfer to
the real world, enabling both zero-shot and finetuning results.

Limitations: While with this work we demonstrate superlin-
ear scaling of data with respect to human demonstrations, the
burden shifts to compute. And even though we have shown
a reduction in compute time with scaling, it still exceeds
the time required for collecting real-world demonstrations.
Additionally, training in simulation poses challenges, as not
all real-world objects can be accurately simulated yet, such
as liquids and deformable objects. However, contrary to the
human teleoperation efforts, with advancements in compute
resources and simulator research, systems like CASHER will

benefit from these and further improve scalability. Conclusion:
This work presents CASHER, a real-to-sim-to-real system
that trains generalist policies with sublinear human effort. This
research paves the way for building robotic foundation models
in simulation with larger datasets and enhanced robustness.
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