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ABSTRACT

Recent work suggests robotic benchmarks contain significant data redundancy.
In this work, we empirically verify and quantify this on the popular LIBERO
benchmark by evaluating two distinct data selection methods: random sampling
and difficulty-based sampling. We first evaluate random sampling via random
frame downsampling, finding that a sparse 30% coverage of the dataset is suffi-
cient to match the performance of the full dataset. We then investigate whether
difficulty-based sampling can improve this further by implementing a temporal
surprise score (TSS). TSS identifies high-volatility action frames and selects them
as dense, continuous clusters (including temporal neighbors) while discarding
low-information transit frames. We find that random sampling matches, and in
some cases exceeds, full dataset performance, while difficulty-based sampling un-
derperforms both. This suggests that maintaining broad coverage across diverse
scenarios is more crucial than targeting difficult frames for VLA training. This
work characterizes this diversity vs. difficulty trade-off, providing an initial em-
pirical analysis of sparse versus dense data selection in VLA training.

1 INTRODUCTION

In robot learning, the rise of large-scale Generalist Robot Policies (GRPs) powered by Vision-
Language-Action (VLA) architectures (Black et al., 2024; Kim et al., 2024; NVIDIA, 2024) has
shown promising results in generalizing across diverse tasks and environments. However, despite
the curation of massive datasets (Collaboration, 2023; Khazatsky et al., 2024) for training, the as-
sumption that ”more data means better” overlooks the possibility that not all robot data are equally
important.

So what makes the data high-quality for VLA training? Typically, a robot demonstration mostly
consists of frames with low-entropy movements such as moving an arm across open areas to reach
an object. While these frames are important for execution, they often contain redundant information
that is not as difficult to ”learn” as frames with more critical moments of interaction, such as grasping
a cup or manipulating some tool. Because these critical actions are usually short in duration, a
majority of frames in datasets are overwhelmed with these ”transit” frames, potentially diluting the
model’s attention on critical frames that dictate task success. As datasets grow from thousands
to millions of trajectories (Walke et al., 2023; Collaboration, 2023), training VLAs with possibly
redundant data becomes costly and raises concerns. Thus, we ask the question: Can we achieve
better performance with less, but higher-quality, data?

This paper investigates and highlights the extent of data redundancy in established benchmarks,
specifically LIBERO (Liu et al., 2023). We quantify this redundancy through extensive empirical
testing on both SmolVLA (Shukor et al., 2025) and GR00T N1.5 NVIDIA (2024) by comparing two
data selection strategies: random sampling (random downsampling) and difficulty-based sampling.
We hypothesize that an effective data selection strategy should prioritize ”temporal surprise”, or mo-
ments where action trajectories undergo significant shifts. To investigate this, we propose Temporal
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Figure 1: Method Comparison. Visualization for random sampling and difficulty-based sampling.
Center frames (bottom) are selected using TSS.

Surprise Score (TSS), a metric that scores frames based on a weighted calculation of action change.
TSS picks out frames with critical transitions, and our results show random selection outperforms
TSS, demonstrating the importance of data diversity compared to data difficulty.

2 RELATED WORKS

Recent works have been mainly focused on redundancy in VLA processing during inference. VLA-
Pruner (Liu et al., 2025) and SpecPrune-VLA (Wang et al., 2025) show that a large portion of
visual tokens can be pruned during generation without hurting performance via temporal continu-
ity and attention scores. Additionally, Action-aware Dynamic Pruning (ADP) (Pei et al., 2025)
addresses this redundancy problem to task phases and observes that aggressive pruning is safe dur-
ing coarse manipulation (transit) but detrimental during fine-grained interactions. Although these
methods focus on mitigating data redundancy during inference, the models used are still trained on
the full, original dataset. We extend this insight to the training stage, asking: if the model need not
attend to these frames during inference, does it need to learn from them at all?

3 DATA SELECTION METHODS

3.1 RANDOM SAMPLING

First, we empirically test our episode redundancy hypothesis by training GR00T N1.5 and SmolVLA
on different randomly selected coresets from the full LIBERO dataset. To create the coreset, we
randomly sample p% of the total 273,465 frames uniformly across all episodes. We hypothesize that
if there truly is redundancy within the data, random coreset performance should match that of the
full dataset.

3.2 DIFFICULTY-BASED SAMPLING

Having established that random selection works surprisingly well, we investigate whether targeted
selection of difficult frames can improve performance. We consider imitation learning from a dataset
of expert demonstrations D = {(ot, at)}Nt=1, where ot denotes the observation (e.g., RGB image)

2



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

and at ∈ Rd denotes the action at timestep t. The dataset consists of K episodes, where each
episode k contains a trajectory τk = {(okt , akt )}

Tk
t=1 of length Tk.

For manipulation tasks, the action vector typically comprises motion components mt ∈ Rd−1 (po-
sition and orientation deltas) and a gripper state gt ∈ R (open/close command):

at = [mt; gt] (1)

Our goal is to assign an importance score S(t) ∈ R≥0 to each frame, where higher scores indicate
frames that are more critical for learning the task. These scores are then used to select a coreset of
high-importance frames.

Temporal Surprise Score We propose Temporal Surprise Score (TSS), a model-free metric that
identifies important frames based on action dynamics. The key insight is that at typical recording
frequencies (10-30 Hz), consecutive frames in smooth robot motion contain nearly identical action
vectors. Frames where the robot’s behavior changes such as direction reversals, grasp events, or
motion initiation are precisely the moments that matter most for policy learning.

TSS scores each frame based on two components:

S(t) = Dcos(mt,mt−1) + γ · |gt − gt−1| (2)

where Dcos(a, b) = 1 − a·b
∥a∥∥b∥ is the cosine distance, and γ is a hyperparameter weighting the

gripper term.

Direction Change. The first term measures the change in motion direction using cosine distance
rather than L2 distance. This design choice is motivated by the observation that frame-to-frame
action magnitudes are nearly constant during smooth motion since the robot moves at roughly steady
speed. L2 distance primarily captures speed variations, which are less semantically meaningful than
directional changes. Cosine distance instead captures when the robot changes what it is doing:
moving left then suddenly moving up registers as high surprise, regardless of speed.

Gripper Events. The second term explicitly detects gripper state changes. Grasp and release
events are discrete, high-importance moments that would otherwise be diluted across the full action
dimension. Separating this term ensures that gripper transitions always contribute to the surprise
score.

Edge Cases. We handle two edge cases: (1) Episode boundaries: The first frame of each episode
has no previous action for comparison; we assign S(t) = 0 to these frames. (2) Stationary robot:
When ∥mt∥ ≈ 0 or ∥mt−1∥ ≈ 0, cosine similarity is undefined. We set the direction change to 0 if
both frames are stationary, and to 1 if transitioning to/from motion.

Temporal Continuity Preliminary results along with previous studies indicate the importance of
temporal continuity in demonstration frames. To ensure this, our resulting coreset consists of the
top 20% frames with the highest score, each with a context window of k = 5 frames. Ablations
show that k = 5 is the optimal context window size. Duplicate frames due to overlapping context
windows are removed.

4 EXPERIMENTS

For our experiments, we compare downstream evaluation on LIBERO results from our TSS method
against a random coreset of the same proportion as well as the full dataset baseline. In particular,
we want to answer the following question: Can our constructed coresets yield the same, if not better
performance, as the full dataset? To establish a compute-efficient baseline for academic replication,
we standardize training to 30k steps with a batch size of 32. Preliminary ablations (Table 7) found
that a higher batch size of 64 did not yield significant improvement while increasing computational
overhead. Finally, we follow the evaluation protocol established by the LeRobot GR00T N1.5 im-
plementation and SmolVLA implementation (Cadene et al., 2024). We report performance on the
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Table 1: Performance comparison of data selection methods on LIBERO benchmark. Results show
success rates (%) across four task suites using 30% of training data, except for baselines using 100%.
TSS uses k = 5 nearest neighbors and retains approximately 64% of frames. Hardest coreset refers
to the top-p% highest TSS frames without temporal neighbors.

Model Method Data % Long Object Spatial Goal Average

SmolVLA

Original Baseline 100 35 68 63 73 59.75
Hardest Coreset 30 30 67 55 59 52.75
Random Coreset 30 36 75 66 65 60.50
TSS (k=5) ∼64 34 71 58 62 56.25

GR00T

Original Baseline 100 66 100 75 - 80.33
Hardest Coreset 30 61 82 74 - 72.33
Random Coreset 30 69 95 80 - 81.33
TSS (k=5) ∼64 59 92 71 - 74.00

Libero-Spatial, Libero-Object, Libero-Goal, and Libero-Long benchmarks, excluding the Goal suite
for GR00T as per official LeRobot implementation due to known convergence limitations. Training
details are provided in Appendix A.2.

5 RESULTS

Random sampling reveals dramatic data redundancy in LIBERO. As seen in Figure 2, the perfor-
mance of the models trained on coresets of different proportions remains relatively stable, until
its decline past 5%. This demonstrates that VLAs like GR00T and SmolVLA can be effectively
post-trained on down to only 5% of the full LIBERO dataset, indicating that the dataset is heavily
frame-redundant.
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Figure 2: Data redundancy analysis in VLA models. (a) Average success rate across training data
percentages (p%). (b) Comparison of data selection strategies against the 100% baseline.

Despite using 64% of frames (vs. 30% random), TSS underperforms random selection for both
models as shown in Table 1 where SmolVLA achieves 56.25% with TSS vs. 60.50% with random
sampling, while GR00T achieves 74.00% vs. 81.33%. This suggests that learning from the most
difficult frames does not necessarily translate to improved performance.

6 DISCUSSION

Our findings reveal a critical inefficiency in current robot learning data collection: we are capturing
and storing vast amounts of redundant information. The fact that random 5-10% coresets match full
dataset performance indicates that the primary value of large datasets lies in their diversity, not their
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raw size. We hypothesize that LIBERO’s 1690 episodes contain extensive within-task redundancy
but good across-task diversity.

Why does random selection work so well? Our results suggest that large demonstration datasets
are valuable due to their coverage of the state-action space rather than their density. Through ran-
dom subsampling, this coverage is preserved proportionally across episodes and task phases, while
difficulty-based sampling (TSS, Hardest Coreset) can create gaps in coverage that hurt generaliza-
tion. This aligns with recent findings that VLA models are quite robust to missing frames during
inference (Liu et al., 2025; Pei et al., 2025). A 5% random sample can preserve a fair coverage
of different scenarios (different object positions, initial states, approach angles) while filtering out
many redundant variations of the same maneuver. This suggests VLAs learn task-level strategies
rather than memorizing specific trajectories. Once the model has seen one example of grasping a
cup from the left, additional examples from slightly different left angles provide diminishing returns.
Thus, the success of random sub-sampling may reflect an implicit curriculum effect. By reducing
the model’s exposure to frames that are repetitive, easy examples will not dominate the model’s
gradient updates as much as it did before, possibly leading to faster convergence.

Diversity vs. Difficulty Trade-off. Interestingly, we observe a tension where random sampling
maintains diversity but filters out potentially important frames, while difficulty-based sampling pre-
serves difficult moments but in turn sacrifices coverage. It is clear that our results show favor for
diversity as even at 5-10% sampling proportions, random selection still outperforms curated 30%
coresets. This suggests that current VLA architectures are already capable of learning from sparse
supervision and that what they need is broader coverage, not harder examples. However, we recog-
nize that diversity vs. difficulty may not be a simple trade-off. Future work should further explore
the effectiveness of the two through dynamic curriculum learning, phasing in difficult frames only
after diverse coverage.

Limitations. In this work, our analysis is solely focused on LIBERO, a simulation benchmark that
contains relatively short-horizon tasks. It is possible that the extent of redundancy may differ in (1)
real-world datasets with more diversity, (2) longer-horizon tasks that require more temporal focus,
or (3) multi-task settings where coverage across tasks is more important. Additionally, given that
we only evaluate two VLA architectures, redundancy patterns should not be plainly generalized to
every model.

Why didn’t TSS help? We hypothesize two reasons: (1) High-TSS frames (direction changes,
grasps) may be already well-represented in random samples since they occur regularly throughout
demonstrations. (2) The temporal neighbors (k = 5) we add to preserve continuity may dilute the
signal, effectively approximating random selection. Future work could explore adaptive k or learned
importance scores.

Our findings have several practical implications, though they require further validation on larger,
real-world datasets. First, post-hoc subsampling of densely recorded data can reduce storage and
training costs by 70% while maintaining performance in our compute-efficient training setup (30k
steps). However, directly collecting frames at lower frequencies can risk not capturing crucial high-
speed interactions. In this case, adaptive sampling strategies that densely record interactions but
sparely sample transit phases may be more appropriate.

7 CONCLUSION

In this paper, we compare two methods of data selection: random sampling and difficulty-based
sampling. Preliminary results on the LIBERO dataset show that models trained on less data are able
to achieve comparable performance to baseline results, indicating significant data redundancy. Our
results suggest that, under the conditions studied, data diversity is more critical than difficulty-based
selection for VLA training on LIBERO, though further investigation across other difficulty metrics
and benchmarks is needed to generalize this finding. For future work, it would be worth exploring
other datasets in the same fashion. We believe our work serves as an eye-opener for problems within
existing data and opens the door for more efficient training.
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A APPENDIX

A.1 QUALITATIVE EVALUATION OF TSS

Ep 1231, Frame 124
Idx: 216269, Score: 3.990

Ep 862, Frame 148
Idx: 161719, Score: 3.923

Ep 1583, Frame 84
Idx: 260036, Score: 3.836

Ep 483, Frame 75
Idx: 114201, Score: 3.747

Ep 1497, Frame 126
Idx: 249689, Score: 3.695

Ep 1060, Frame 137
Idx: 190827, Score: 3.664

Ep 1621, Frame 76
Idx: 264621, Score: 3.492

Ep 524, Frame 93
Idx: 119308, Score: 3.489

Ep 871, Frame 113
Idx: 163065, Score: 3.433

Ep 639, Frame 101
Idx: 133193, Score: 3.369

Top 10% Highest Scores

(a) Top 10 highest TSS scores

Ep 1427, Frame 47
Idx: 241018, Score: 0.000

Ep 383, Frame 0
Idx: 102063, Score: 0.000

Ep 793, Frame 0
Idx: 152005, Score: 0.000

Ep 1690, Frame 88
Idx: 273171, Score: 0.000

Ep 1691, Frame 0
Idx: 273216, Score: 0.000

Ep 434, Frame 0
Idx: 108564, Score: 0.000

Ep 435, Frame 0
Idx: 108670, Score: 0.000

Ep 837, Frame 0
Idx: 157849, Score: 0.000

Ep 1610, Frame 0
Idx: 263251, Score: 0.000

Ep 1191, Frame 0
Idx: 210292, Score: 0.000

Bottom 10% Lowest Scores

(b) Bottom 10 lowest TSS scores

Figure 3: Visualization of TSS scores for frames in LIBERO. (a) Frames with highest information
content show diverse robot configurations and critical interaction moments. (b) Frames with lowest
scores contain repetitive or low-information transitions.

A.2 EXPERIMENT DETAILS

Table 2: Training configuration for both models.

Parameter SmolVLA GR00T N1.5
Base model SmolVLM2-500M GR00T-N1.5-3B
Learning rate 1e-4 1e-4
LR schedule Linear decay Cosine decay
Warmup steps 1,000 500
Weight decay 1e-10 1e-5
Batch size 32 32
Training steps 30k 30k
Gradient clip 10.0 10.0
Image size 256×256 224×224
Action dim 7 7
Precision FP32 BF16
Eval rollouts/task 10 10
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Both models trained using LeRobot. Random coresets sample frames uniformly. TSS uses γ=1,
k=5.

0 5 10 15 20 25 30
Training Steps (1k)

0.000

0.025

0.050

0.075

0.100

0.125

0.150

0.175

0.200

Tr
ai

ni
ng

 L
os

s

GR00T N1.5 Training on LIBERO
Random 1%
Random 5%
Random 30%
TSS 64%
Full 100%

Figure 4: Training loss curves for GR00T N1.5 fine-tuning on LIBERO. Smaller coresets achieve
lower training loss (1%: 0.010, 5%: 0.021), while larger coresets converge similarly (30%: 0.048,
TSS 64%: 0.053, Full: 0.054).

A.3 P% DATA SWEEP

Table 3: Random coreset scaling for GR00T N1.5 on LIBERO. Success rates (%) across four task
suites with varying training data percentages.

Data % Long Object Spatial Average
100 66 100 75 80.33
70 62 96 78 78.67
50 72 98 73 81.00
30 69 95 80 81.33
10 74 89 71 78.00
5 69 96 68 77.67
1 29 71 50 50.00

Table 4: Random coreset scaling for SmolVLA on LIBERO. Success rates (%) across four task
suites with varying training data percentages.

Data % Long Object Spatial Goal Average
100 35 68 63 73 59.75
70 34 70 65 74 60.75
50 33 68 57 77 58.75
30 36 75 66 65 60.50
10 34 70 58 76 59.50
5 32 65 52 72 55.25
1 17 27 18 37 24.75

A.4 ABLATION STUDIES

A.4.1 EFFECT OF k ON SMOLVLA PERFORMANCE

Table 5 shows the effect of varying the number of nearest neighbors k in the TSS metric on
SmolVLA performance.
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Table 5: Ablation study: Effect of k parameter on SmolVLA with TSS metric.

k Data % Long Object Spatial Goal Average
1 34 28 67 49 55 49.75
3 52 27 68 51 62 52.00
5 64 34 71 58 62 56.25
7 73 32 64 59 70 56.25
9 80 30 69 51 64 53.50

A.4.2 EFFECT OF γ ON SMOLVLA PERFORMANCE

Table 6 shows the effect of varying the temporal weight parameter γ with fixed k = 5.

Table 6: Ablation study: Effect of γ parameter on SmolVLA with k = 5.

γ Long Object Spatial Goal Average
0.5 33 73 57 64 56.75
1.0 34 71 58 62 56.25
2.0 24 74 59 70 56.75

The specific choice of weighting the gripper term did not matter significantly. Thus, in our experi-
ments, γ = 1 was used.

A.4.3 EFFECT OF BATCH SIZE FOR GR00T TRAINING

Table 7 shows the comparison for GR00T training using batch size 32 (default) vs. 64. Both con-
figurations exhibit similar redundancy patterns, with 30% random coresets matching full-data per-
formance. In our paper, we focus on training with batch size 32 due to the negligible difference in
performance.

Table 7: Batch size ablation for GR00T N1.5 on LIBERO.

Batch Method Data % Long Object Spatial Avg.

32

Full 100 66 100 75 80.33
Random 30 69 95 80 81.33
Random 5 69 96 68 77.67
TSS ∼64 59 92 71 74.00

64

Full 100 72 95 77 81.33
Random 30 65 96 76 79.00
Random 5 56 94 70 73.33
TSS ∼64 64 96 77 79.00

A.5 RANDOM SEED ROBUSTNESS

We evaluate the robustness of our 30% random coreset selection across different random seeds to
ensure our results are not due to lucky sampling.
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A.5.1 SMOLVLA WITH DIFFERENT SEEDS

Table 8: SmolVLA performance with 30% random coreset across different random seeds.

Seed Data % Steps Long Object Spatial Goal Average
42 30 30k 36 75 66 65 60.50

123 30 30k 33 62 69 80 61.00
2024 30 30k 31 72 63 66 58.00

A.5.2 GR00T WITH DIFFERENT SEEDS

Table 9: GR00T performance with 30% random coreset across different random seeds.

Seed Data % Steps Long Object Spatial Goal Average
42 30 30k 69 95 80 - 81.33

123 30 30k 72 95 77 - 81.33
2024 30 30k 76 98 72 - 82.00

Runs with different seeds show that the significance of our results were not just based on chance.
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