
Teleoperation, Simulation, or Human Video? Data Utilization Law for Robot
Manipulation

Chenhao Shi1* Yichen Zhu2* Junjie Wen1 Yefei Chen1 Ziang Liu1 Faming Fang1
�

1East China Normal University 2University of Toronto

{51265901076, 51255901019, 51275901014, 51265901036}@stu.ecnu.edu.cn
fmfang@cs.ecnu.edu.cn yichen zhu@foxmail.com

Figure 1. Overview of robotic data sources and their quantified utilization. We illustrate three data types—teleoperation, simulation,

and human video—together with their conceptual trade-off between collection cost and training cost.

Abstract

Teleoperation, simulation, and human video represent the
three primary data sources for robotic manipulation. Tele-
operation 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 eco-
nomics to establish a formal ”exchange rate” across data
types. We quantify data utilization by using a single real-
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world teleoperated demonstration as a base unit and then
measuring the volume of other data (i.e., simulation or hu-
man video) required to achieve equivalent performance.
Through a comprehensive investigation across three ma-
nipulation tasks—training Diffusion Policy and π0 on over
10000 trajectories—we systematically analyze the interplay
between teleoperation, 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 provid-
ing the equivalent benefit of 1 teleoperated sample. 2)
Human video tends to degrade in-domain model perfor-
mance, where adding approximately 10 human video sam-
ples can negate the benefit of a single teleoperated data
point. 3) Whether human video helps generalization or
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simulation aids in-domain performance varies significantly
across tasks. We believe that our work provides crucial in-
sights into balancing the costs of data collection with the
computational demands of model training.

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

1. Introduction
The robotics community has embraced data scaling as a

path toward generalizable and robust robot policies, draw-

ing parallels to the recent wave of success in large language

models. This pursuit has primarily followed three direc-

tions: collecting targeted in-the-lab datasets via teleopera-

tion, creating simulated environments for large-scale data

generation, or leveraging unstructured in-the-wild human

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 illustrated by the data pyramid in Figure 1,

roboticists must navigate a trade-off between data fidelity

and scale. Teleoperation data, collected directly on a physi-

cal robot, offers the highest quality and is most aligned with

the test distribution in terms of environment and embodi-

ment. 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 sig-

nificant visual and embodiment gaps. This raises a crucial,

yet underexplored, question regarding the true economic ef-

ficiency 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 be-

cause it scales more easily. However, this view overlooks a

critical factor: data utilization. Some data types are inher-

ently less effective than others. For instance, if a task can

be solved by a model trained on 500 teleoperated trajecto-

ries, achieving the same performance might require 5,000

human video trajectories. In this scenario, the tenfold in-

crease 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 uti-

lization 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 investigate the trade-offs be-

tween two critical data pairs: simulation versus teleoper-

ation 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 Bot-

tles, 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 [7],

and human video demonstrations processed via a multi-

stage pipeline combining video stabilization, MediaPipe

hand landmark extraction [20], and gripper state estima-

tion. Leveraging state-of-the-art policy models like Dif-

fusion Policy [8] and pre-trained vision-language-action

model π0 [4], we meticulously 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 demonstrations and more than 600 real-world

rollouts, reveals that:

• Simulation data reliably improves out-of-domain gener-

alization. Although weaker per sample than real teleop-

eration, its effect is quantifiable: on average, about 8 sim-

ulation trajectories match the generalization benefit of 1

teleoperated trajectory, making large-scale simulation a

cost-effective source of diversity.

• Naively adding human video can degrade in-domain per-

formance due to embodiment and viewpoint mismatch.

We observe a negative exchange rate in which roughly 10

human-video trajectories can offset the benefit of a single

teleoperated demonstration, underscoring the hidden cost

of unaligned human demonstrations.

• While human video typically hurts in-domain learning,

its impact on generalization ranges from mildly helpful

to detrimental, and simulation does not always benefit in-

domain tasks. These nuances indicate that data mixing

must be tailored to the specific task and performance ob-

jectives.

Our work offers a novel framework and a new vocabulary

for the systematic analysis of robot data, providing a prin-

cipled guide for mixing different data types in real-world

applications.

2. Related Work
Data scaling in robotic manipulation. Scaling laws in

vision and NLP show that performance improves pre-

dictably with data, model size, and compute [6, 10, 13,

25]. Robotic manipulation faces distinct scaling challenges:

real-world data is expensive and task-specific, and despite

progress in simulation [1, 7, 18], teleoperation [23], and

human video [9, 11, 15–17], datasets remain far smaller

than in vision and language. Recent studies [12, 14, 21,

28, 30] have investigated robot data scaling laws and cross-
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modality transfer, but most improve learning by modifying

architectures with auxiliary objectives. In contrast, we fix

the policy and study how data modality composition alone

affects real-world performance.

Imitation learning in robot learning. Imitation learning

(IL) provides a data-efficient paradigm for training robotic

agents by leveraging expert demonstrations rather than trial-

and-error exploration. Early IL methods, such as behav-

ioral cloning (BC) [24] and inverse reinforcement learn-

ing (IRL) [22] enabled policy acquisition from demonstra-

tion trajectories, but often suffered from compounding er-

rors and poor generalization. More recent approaches com-

bine IL with large-scale pretraining and multimodal in-

puts, leading to vision-language-action (VLA) models [3–

5, 26, 31, 32]. These models align perception, language,

and action for language-conditioned task execution and

transfer. We introduce a framework for systematic robot

data analysis and principled data mixing in imitation learn-

ing.

3. Approach
3.1. Data sources
We use three data sources: teleoperation, simulation, and

human videos. For each task, all data types follow similar

execution procedures to maintain consistency in task defini-

tion and motion patterns.

Task description. We evaluate three dual-arm manipula-

tion tasks of increasing difficulty: Pick Dual Bottles (easy),

Hand Over Block (medium), and Rank RGB Blocks (hard).

This progression enables analysis of whether the data uti-

lization law holds across varying task complexities.

• 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 lo-

cation.

• 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 or-

der.

Teleoperation. We collected a dataset of expert demon-

strations, Dtele, 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 plat-

form, resulting in a total of approximately 1500 teleopera-

tion demonstrations. This range of data volume was chosen

because, at such amounts, the teleoperation data can already

achieve a relatively high success rate, making it a meaning-

ful and practical baseline for our study. Both systems utilize

a 14-DoF action space, representing the joint angles of their

dual 7-DoF arms and binary gripper states.

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 trajecto-

ries per task for three tasks) and Dual-ARX-X5 (1,000 tra-

jectories per task for two tasks) models, yielding 5,000 sim-

ulated demonstrations in total. A key feature of this dataset

is extensive background randomization, where we sys-

tematically varied background textures.

Human video. We collected Dhuman: 500 demonstra-

tions per task (1,500 total), recorded via a chest-mounted

camera by an operator performing each task bimanually

in the same physical environment as the teleoperation.

Videos are processed through a multi-stage pipeline (de-

tails in Appendix 8.3): optical flow stabilization, hand

landmark extraction via MediaPipe [20], and end-effector

pose computation, yielding a 14D bimanual action vec-

tor [ΔpL,ΔrL, gL,ΔpR,ΔrR, gR] per frame. While this

end-effector delta representation differs semantically from

the robot’s joint-angle action space, pre-training on human

video is designed to build manipulation-aware visual repre-

sentations and motion priors in the policy backbone, with

the policy re-adapting to joint-angle space during teleoper-

ation fine-tuning.

3.2. Training Strategy

Policy models and configurations. Our primary pol-

icy network is the Diffusion Policy [8] equipped with a

CNN-based U-Net architecture, where visual features are

extracted using a ResNet-50 encoder pretrained on Ima-

geNet. For instruction, we embed textual inputs via Dis-

tilBERT [27]. We also utilize the state-of-the-art vision-

language-action model π0. To isolate the effects of the

model architecture from the pre-training data, we initialized

all models with the PaliGemma pre-trained weights [29].

This approach allows for a fair assessment of architecture-

agnostic generalization.

Training setup. We compare two distinct training proto-

cols. In the teleoperated-from-scratch setting, the pol-

icy is trained exclusively on Dtele for the entire training

budget, i.e., Ttele = Ttotal. In the non-teleoperated pre-
train + teleoperated fine-tune setting, the policy is first

trained for Tnt steps on Dnt — comprising Dsim or Dhuman

— and then fine-tuned for Ttele steps on Dtele. Since nei-

ther simulation-only nor human-video-only training is suf-

ficient to accomplish the tasks, we adopt this pre-train–fine-

tune procedure to leverage the complementary strengths of

both data sources. To ensure computational fairness, both

protocols satisfy Tnt + Ttele = Ttotal, guaranteeing that any

performance differences arise solely from the training data
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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-X5; (middle) Simulation data generated in the RoboTwin2.0 environment with background randomization; (right)
Human video data captured using a chest-mounted DJI Action Pro 5.

composition rather than unequal training effort.

3.3. Evaluation

We conduct all evaluations on a real-world Aloha-Agilex-

2.0 platform. Each policy is evaluated for 10 trials per sce-

nario. Performance is measured by the success rate (S),

ranging from 0 to 1, aggregating completion of critical sub-

steps (e.g., reaching, grasping, placing).

We 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 shown in Figure 3, we evaluate in

three scenarios: in-domain, unseen background, and un-
seen position. 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,

since the majority of simulation demonstrations are col-

lected with randomized backgrounds, making background

generalization the primary factor to assess. The human-

video-pretrained policy is evaluated in the in-domain and

unseen position settings, because human video is recorded

in the same environments as teleoperation data (thus sharing

the same backgrounds), but with more diverse and random-

ized object placements, making position generalization the

relevant challenge.

3.4. Data Utilization Ratio Definition and Compu-
tation

We introduce the data utilization ratio, η, to quantify the

value of non-teleoperated sources (Dsim, Dhuman) relative to

Dtele. A positive η means η non-teleoperated samples are

equivalent to one teleoperated sample in utilization; a neg-

ative η means |η| non-teleoperated samples hurt as much as

one teleoperated sample.

Local utilization ratio. We define the local utilization
ratio at a teleoperation data count N∗

tele where task per-

formance is already at a practical level. This metric mea-

sures the relative marginal contribution of teleoperation data

versus non-teleoperated data (simulation or human videos)

near this point. Assuming a locally linear performance

model,

S = γteleNtele + γntNnt, (1)

where Ntele and Nnt are sample counts, and γtele and γnt de-

note marginal performance gains per sample.

To estimate γtele and γnt, we run two controlled experi-

ments: (i) Training with N∗
tele teleoperation samples only;

(ii) Pre-training with Nnt non-teleoperated samples, fol-

lowed by fine-tuning with the same N∗
tele teleoperation sam-

ples. These two settings yield two equations of the form

in Eq. 1, from which we solve for the ratio: ηlocal =
γtele/γnt, interpreted as the number of non-teleoperated

samples equivalent to one teleoperation sample in terms of

local contribution.

Global utilization ratio. We define the global utiliza-
tion ratio to assess whether non-teleoperated data provides

positive or negative utilization as teleoperation data varies

across its full range. Since the success rate S is bounded

in [0, 1], fitting a power law directly to S is mathemati-

cally problematic. Instead, we model the optimality gap
G = 1− S , which naturally follows a power-law decay:

Gtele(Ntele) = αN−β
tele , α, β > 0. (2)

The fit is performed in log-log space via linear regression on

(logNtele, log G), and its quality is measured by the Pear-

son correlation coefficient r, where |r| close to 1 indicates

a strong power-law relationship. This fitted curve serves as

the teleoperation-only baseline. For each mixed experiment

with (N ′
tele, N

′
nt), we compare the observed optimality gap
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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(right) The object positions are not in

the training set.

Task Test Condition S (Dtele) S (+Dsim) ηlocal

Pick Dual Bottles in-domain 0.70 0.55 −23
unseen bg. 0.20 0.30 16

Hand Over Block in-domain 0.70 0.60 −23
unseen bg. 0.50 0.65 11

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

Table 1. Success rate S and local utilization ratio ηlocal for adding

simulation data to teleoperation, evaluated under in-domain and

unseen-background (unseen bg.) conditions. ηlocal measures the

relative per-sample effectiveness between Dsim and Dtele.

Gmix = 1− Smix against the baseline prediction Gtele(N
′
tele):

ηglobal

{
> 0 if Gmix < Gtele(N

′
tele),

< 0 if Gmix > Gtele(N
′
tele).

(3)

When the mixed experiment achieves a lower optimality

gap than the baseline, the non-teleoperated data contributes

positively (ηglobal > 0); when the gap is higher, the addi-

tional data is detrimental (ηglobal < 0). This qualitative sign

test complements the precise local estimate near N∗
tele by

revealing whether the direction of utilization holds consis-

tently across data scales.

4. Experimental Analysis of Data Utilization

In this section, we apply the methodology described in Sec-

tion 3.1 to empirically measure the utilization ratios of sim-

ulation and human video data. For each source, we analyze

both the local ratio (ηlocal) to understand its precise marginal

value and the global ratio (ηglobal) to verify whether the sign

of utilization (positive or negative) holds consistently across

different data scales.

4.1. Experimental Setup

We trained baseline policies from scratch on teleoperation

data (Dtele) for each task using varying subset sizes: Pick

Dual Bottles – 50, 100, 200 demonstrations; Hand Over

Block – 50, 100, 200, 300; Rank RGB Blocks – 100,

300, 500. For computing the local utilization ratio, we

set N∗
tele = 200 for Pick Dual Bottles, 300 for Hand Over

Block, and 500 for Rank RGB Blocks. Non-teleoperated

data was fixed at 1000 simulation trajectories (Dsim) or

500 human video trajectories (Dhuman). Policies were pre-

trained on simulation or human data, then fine-tuned on

the same teleoperation subsets, and evaluated under both

in-domain (seen background/positions) and out-of-domain

(unseen background/positions) conditions. Data utilization

ratios were computed as in Section 3.4.
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Figure 4. Global utilization analysis of simulation data in in-domain evaluation. The blue dashed line is the optimality-gap power-law

baseline fitted to teleoperation-only data; r denotes the Pearson correlation coefficient of the log-log fit. Points below the baseline indicate

positive utilization; points above indicate negative utilization. For simpler tasks (left and middle), adding simulation data is detrimental.

For a difficult task (right), it provides a significant benefit.
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Figure 5. Global utilization analysis of simulation data under out-of-domain background. Simulation data shows consistently positive

utilization across all tasks. Notably, its benefit increases with task difficulty.

Task Test Condition S (Dtele) S (+Dhuman) ηlocal

Pick Dual Bottles in-domain 0.70 0.45 −7
unseen position 0.25 0.30 +12

Hand Over Block in-domain 0.70 0.50 −6
unseen position 0.25 0.30 +8

Rank RGB Blocks in-domain 0.45 0.25 −2
unseen position 0.17 0.13 −4

Table 2. Success rate S and local utilization ratio ηlocal when

adding human video to teleoperation, evaluated under in-domain

and unseen-position conditions for three tasks. ηlocal measures the

relative effectiveness per sample between human video and tele-

operation data.

4.2. Teleoperation vs. Simulation Utilization
We compare simulation and teleoperation data via local and

global utilization ratios to evaluate how well simulation can

substitute teleoperation in improving task performance in

both in-domain and unseen background tasks.

Local utilization ratio for simulation. As reported in Ta-

ble 1, the local utilization of simulation data is highly task-

dependent. For simpler in-domain tasks (Pick Dual Bot-
tles, Hand Over Block), simulation exhibits a strong nega-

tive utilization (ηlocal = −23), indicating that the sim-to-real

gap introduces detrimental artifacts that harm performance.

Conversely, for the complex Rank RGB Blocks task, the ra-

tio becomes positive (ηlocal = 18), suggesting that simula-

tion provides valuable diversity for learning complex coor-

dination. In the unseen background setting, simulation is

consistently beneficial, yielding significant positive ratios

across all tasks. This confirms that domain randomization

in simulation is a highly effective strategy for improving vi-

sual robustness.

Global utilization ratio for simulation. Our global anal-

ysis confirms the sign of utilization observed locally and
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Figure 6. Global utilization analysis of human video data in in-domain evaluation. The blue dashed line is the optimality-gap baseline. All

mixed-data points fall above the baseline, indicating consistently negative utilization across all tasks.
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Figure 7. Global utilization analysis of human video data under unseen position. (Left, middle) Mixed-data points fall below the baseline,

showing positive utilization for easy tasks. (Right) Points fall above the baseline, indicating negative utilization for the difficult task.

shows it holds across data scales. As shown in Figure 4,

the blue dashed line represents the optimality-gap power-

law baseline fitted to teleoperation-only data. For simple

in-domain tasks, all mixed-data points fall above the base-

line (ηglobal < 0), confirming that simulation data consis-

tently hurts performance regardless of scale. In contrast, for

the complex Rank RGB Blocks task, mixed-data points fall

below the baseline (ηglobal > 0) across all scales, confirming

that simulation data reliably improves performance. In the

unseen background setting (Figure 5), all mixed-data points

lie below the baseline for every task, indicating consistently

positive utilization that grows with task difficulty.

4.3. Teleoperation vs. Human Video Utilization
In this section, we compare human video and teleoperation

data via local and global utilization ratios, aiming to assess

how well human video can substitute teleoperation in en-

hancing task performance for both in-domain and unseen

position tasks.

Local utilization ratio for human video. Human video

data shows limited utilization and is often detrimental. In-

domain, it consistently reduces performance; On simple

tasks, seven human videos cause the same degradation as

removing one teleoperated demonstration. Out-of-domain,

it benefits simple tasks with a local utilization ratio of 10,

but harms the complex task with a ratio of -4.

Global utilization ratio for human video. The global

analysis confirms the sign of local utilization and reveals its

consistency across scales. For in-domain tasks (Figure 6),

all mixed-data points fall above the baseline (ηglobal < 0)

across all data scales, and the gap widens with task com-

plexity, indicating that the sub-optimal and behaviorally

narrow nature of the data increasingly degrades policy per-

formance for tasks demanding long-horizon reasoning. For

simpler unseen position tasks (Figure 7), mixed-data points

fall below the baseline (ηglobal > 0) at small scales, but the

benefit diminishes as scale grows. Overall, these results

show that human video can provide limited gains in specific

cases, yet may introduce biases that reduce generalization

in broader settings.
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Figure 8. Verification of the data utilization law on π0 policy and different real-world robot (ARX-R5). (left) Adding Simulation and

Human Video in-domain both result in negative utilization. (middle) Adding Simulation in unseen backgrounds consistently improves

performance. (right) Adding Human Video in unseen positions leads to negative utilization.

5. Verification Of Data Utilization Law

5.1. Data Utilization Law

To test the generality of the data utilization law beyond dif-

fusion policy and our main platform, we evaluated a dif-

ferent architecture, π0, on the ARX-R5. Two tasks were

used: Hand Over Block and Rank RGB Blocks, following

the training protocol in Section 3.2.

As shown in Figure 8, in-domain experiments revealed

that adding either simulation or human video data gener-

ally decreased performance, with the decline in Rank RGB
Blocks likely due to π0 already achieving high accuracy

from teleoperation data alone. In the unseen background

setting, simulation data consistently yielded positive utiliza-

tion, indicating that π0 benefits from well-aligned simulated

experiences. In contrast, in the unseen position setting, hu-

man video data was uniformly detrimental, suggesting that

π0 is particularly sensitive to spatial domain mismatches in-

troduced by human demonstrations.

5.2. Budget-Aware Collection

In the Pick Dual Bottles task, the local utilization ratio

shows one teleoperation demo equals ∼16 simulation de-

mos. Since simulation produces 40 demos per hour vs.

teleoperation’s 1, the speed ratio (40) exceeds the utiliza-

tion ratio (16), making simulation more cost-effective in a

mixed-data strategy.

We conducted a budget-constrained experiment on the

Aloha-Agilex-2.0 platform, deploying a Diffusion Policy

to compare two approaches over a four-hour period. The

first approach, serving as the baseline, consisted solely of

200 teleoperated demonstrations collected within 4 hours.

The second approach, our utilization-guided strategy, used

a mix of 122 teleoperation demonstrations and 1951 simu-

lation demonstrations, allocated using our cost–benefit ra-

tio greedy method (Appendix 7.3). As shown in Table 3,

Real Traj. Sim Traj. Success Rate

200 0 0.20

122 1951 0.30

Table 3. Real-world performance on the Pick Dual Bottles task

with unseen backgrounds, evaluated using the Diffusion Policy de-

ployed on the Aloha-Agilex-2.0 platform. Comparison of different

data collection strategies under a fixed 4-hour time budget.

our strategy achieved a success rate of 0.30, outperforming

the baseline’s 0.20. This confirms that a utilization-aware

data mixture yields superior real-world performance for the

same data collection effort.

6. Conclusion

We revisit the “more is better” assumption in robot learning
by jointly considering collection and training costs, intro-
ducing a data utilization law that quantifies exchange rates
between data sources. Across representative dual-arm ma-
nipulation tasks, simulation data robustly supports general-
ization—about eight simulation trajectories match the ben-
efit of one teleoperation trajectory—whereas naive mixing
of human video can degrade in-domain performance, with
roughly ten video trajectories offsetting the gain from a sin-
gle high-quality teleoperation demonstration. These effects
are goal-dependent: simulation generally improves out-of-
domain transfer but yields mixed in-domain benefits, while
human video’s value hinges on proper alignment and ro-
bustness goals. Our framework reframes data mixing as
an economic design choice, encouraging a teleoperation
core, scalable simulation augmentation, and selective use
of human video. As simulation platforms expand to sup-
port richer task families, future work will extend this analy-
sis to deformable-object manipulation as well as broader,
high-dimensional, and long-horizon challenges typical of
advanced robot manipulation.
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