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Abstract

Vision-Language-Action (VLA) policies are
commonly trained from dense robot demon-
stration trajectories, often collected through
teleoperation, by sampling every recorded
frame as if it provided equally useful super-
vision. We argue that this convention cre-
ates a temporal supervision imbalance: long
low-change segments dominate the training
stream, while manipulation-critical transitions
such as alignment, contact, grasping, and re-
lease appear only sparsely. We introduce
FRAMESKIP, a data-layer frame selection
framework that scores trajectory frames using
action variation, visual-action coherence, task-
progress priors, and gripper-transition preser-
vation, then remaps training samples toward
high-importance frames under a target reten-
tion ratio. Because FRAMESKIP operates only
in the dataloader, it leaves the VLA architec-
ture, action head, training objective, and infer-
ence procedure unchanged. Across RoboCasa-
GR1, SimplerEnv, and LIBERO, FRAMESKIP
improves the success-retention trade-off over
full-frame training and simpler frame selec-
tion variants, achieving a macro-average suc-
cess rate of 76.15% across the three bench-
marks compared with 66.50% for full-frame
training while using a compressed trajectory
view that retains 20% of unique frames in
the main setting. On a real-world dual-arm
snack-cleanup task with 7 5, FRAMESKIP im-
proves the success rate from 43% to 57%.
Code is available at https://github.com/ZGC-
EmbodyAl/FrameSkip.

1 Introduction

Vision-Language-Action (VLA) models have re-
cently emerged as a promising paradigm for robotic
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Figure 1: FRAMESKIP reframes training-time frame
pruning as temporal supervision allocation: it reduces
exposure to redundant low-change trajectory segments
and increases exposure to manipulation-critical transi-
tions.

manipulation by combining visual grounding, lan-
guage conditioning, and action prediction within
a unified policy model (Team et al., 2024; Kim
et al., 2024; Black et al., 2026; Zhou et al., 2025).
As these systems scale to broader data mixtures,
more tasks, and stronger vision-language back-
bones, they are increasingly trained on large em-
bodied datasets such as Open X-Embodiment (Col-
laboration et al., 2025). These datasets are typically
composed of dense robot demonstration trajecto-
ries, often collected through teleoperation, where
each trajectory records a sequence of observations
and actions produced while completing a task. This
scaling trend has improved task coverage and gen-
eralization, but it also exposes a basic training con-
vention that remains largely unquestioned: dense
demonstrations are sampled as if every trajectory
frame provided equally useful supervision.

This convention is mismatched with the tem-
poral structure of robot demonstrations. Manipu-
lation trajectories often contain long low-change
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segments, such as approaching an object, maintain-
ing a grasp, or transporting an object steadily to-
ward a target. In contrast, the moments that define
the task outcome are sparse: alignment, contact,
grasp closure, release, and abrupt changes in end-
effector behavior may occupy only a small fraction
of the recorded trajectory. Uniform frame sampling
therefore creates a temporal supervision imbalance.
Under a fixed optimization budget, rare decision-
critical transitions can be diluted by abundant but
weakly informative observations.

Existing VLA research has largely addressed
scaling through model architecture, action repre-
sentation, data mixture design, and optimization
strategy (Kim et al., 2024, 2025; Pertsch et al.,
2025; Intelligence et al., 2025; NVIDIA et al.,
2025a). Much less attention has been paid to how
supervision is distributed across the frames within
each demonstration. This raises a simple ques-
tion: can VLA training benefit from reallocating
supervision toward the frames that carry the most
policy-relevant information?

We therefore view frame selection not merely as
a way to reduce data volume, but as a mechanism
for reallocating temporal supervision under a fixed
optimization budget. Figure 1 illustrates this high-
level idea. In this paper, we present FRAMESKIP,
a data-layer frame selection framework for VLA
training. FRAMESKIP assigns each frame an im-
portance score from lightweight trajectory cues,
including action variation, visual-action coherence,
task-progress priors, and gripper-transition preser-
vation. It then constructs compressed trajectory
views under target retention ratios and remaps
training samples toward retained high-importance
frames. Importantly, FRAMESKIP does not modify
the VLA architecture, action head, loss function,
or inference procedure. This makes FRAMESKIP a
direct way to study frame importance as a training
principle rather than as a model-specific architec-
tural change.

We evaluate FRAMESKIP as a question about the
success-retention trade-off of VLA training rather
than as a generic frame dropping heuristic. Un-
der matched settings, we compare full-frame train-
ing, random frame selection, action-variation-only
selection, and progressively stronger importance
metrics on RoboCasa-GR1 (Nasiriany et al., 2024),
SimplerEnv (Li et al., 2024c¢), and LIBERO (Liu
et al., 2023). In the main setting, FRAMESKIP uses
a compressed trajectory view that retains 20% of
unique frames and improves the macro-average suc-

cess rate across the three benchmarks from 66.50%
with full-frame training to 76.15%, with consistent
gains on all three benchmarks. Additional supple-
mentary results are provided in Appendix C.

Our main contributions are as follows:

* To our knowledge, we present the first VLA train-
ing approach that optimizes supervision at the
frame level, identifying temporal supervision im-
balance as a practical and underexplored issue in
VLA training.

¢ We introduce FRAMESKIP, an architecture-
agnostic data-layer framework that selects more
informative training frames using lightweight tra-
jectory cues and gripper-transition preservation.

* We provide a systematic empirical study of
importance-guided frame retention, including
matched-ratio baselines and ablations over re-
tention ratios, importance metrics, and warmup
schedules.

2 Related Work

Vision-language-action models. VLA models
combine visual grounding, language condition-
ing, and action prediction in a unified policy in-
terface (Kim et al., 2024; Black et al., 2026; Zhou
et al., 2025). Recent work improves these systems
through stronger VLM initialization, action tok-
enization, diffusion or flow-matching action heads,
and large-scale cross-embodiment data (Pertsch
et al., 2025; Intelligence et al., 2025; NVIDIA et al.,
2025a; Collaboration et al., 2025). These advances
generally assume that the training set is consumed
at its original temporal density. FRAMESKIP is
complementary: it asks whether the same VLA
families can be trained with fewer but more infor-
mative frames.

Data Curation for Robot Learning. Coarse-
grained approaches reweight datasets (Hejna et al.,
2024) or filter trajectories (Hejna et al., 2025)
but treat intra-trajectory frames uniformly. Scizor
(Zhang et al., 2026) curates transitions via a learned
task-progress predictor, aiming to remove low-
quality and redundant data. FRAMESKIP differs in
objective and mechanism: it does not learn an auxil-
iary transition-quality model or frame deletion pol-
icy, but reallocates training supervision within each
trajectory using lightweight cues, including action
variation, visual-action coherence, task-progress
priors, and gripper-transition preservation, under a
controllable retention ratio. TGM-VLA (Pu et al.,
2026) addresses keyframe over-sampling in 3D ma-
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nipulation(Xiao et al., 2026b,a), but is specific to
keyframe-based architectures. FRAMESKIP oper-
ates on raw frames without keyframe structure.

3 Method

3.1 Motivation: Temporal Supervision
Imbalance

Dense robot demonstrations are temporally imbal-
anced. As shown in Figure 2, a 40-frame trajec-
tory is dominated by smooth, low-change motion,
while alignment, contact, grasp closure, release,
and other outcome-defining transitions occupy only
short windows. Uniform frame sampling therefore
spends much of the training budget on redundant
supervision and gives rare decision-critical frames
comparatively few updates.

This imbalance matters because failures are con-
centrated in the same sparse regions. Figure 3
shows that routine stages such as approach, trans-
port, and return are often reliable, whereas align-
ment, grasping, and release have much higher
failure rates. These observations motivate treat-
ing frame selection as temporal supervision allo-
cation: under a fixed optimization budget, train-
ing should emphasize frames with higher marginal
value rather than preserve the original temporal
density.

3.2 FRAMESKIP Overview

FRAMESKIP is a training-time data-layer frame-
work for reducing temporal redundancy in VLA
demonstrations, with the overall pipeline illustrated
in Figure 4. Given a robot demonstration trajectory,
it first computes frame-level importance scores
from lightweight trajectory statistics, then precom-
putes retained frame indices for a set of retention ra-
tios, and finally uses these cached indices to remap
dataset queries during training. The VLA model,
action head, loss function, and inference procedure
are left unchanged. This section formalizes the
frame selection problem, describes the importance
estimator, presents the ratio-aware pruning rule,
and explains how the cached compressed views are
integrated into minibatch training.

3.3 Problem Formulation

We consider a VLA training set composed of robot
demonstration trajectories 7 = {(oy, as, 1)},
where o, denotes the observation at step ¢, a; de-
notes the action, and / denotes the language in-
struction associated with the trajectory. Standard

training uses all frames in 7, implicitly assuming
that each timestep contributes equally to learning.
FRAMESKIP challenges this assumption by select-
ing a subset of frames that is intended to preserve
the most informative supervision.

Given a target retention ratio » € (0, 1], our
goal is to construct a subset of timestep indices
Sy € {1,...,T} such that |S,| ~ T while pre-
serving the frames that are most useful for learn-
ing the policy. The ratio r denotes the fraction of
frames retained, rather than the fraction removed.
Importantly, FRAMESKIP is a training-time data
transformation: it does not change the VLA model
architecture, the action representation, or the infer-
ence procedure. Instead, it changes which frames
are exposed to the model during training.

3.4 Frame Importance Estimation

The core idea of FRAMESKIP is that trajectory
frames should not be treated uniformly. We there-
fore assign each frame an importance score that
combines multiple complementary signals. Intu-
itively, a frame should receive a higher score if it
corresponds to a substantial action change, a visu-
ally grounded transition, or a stage of the trajectory
where critical interaction is likely to happen. All
component scores are min-max normalized within
each trajectory before being combined; if a compo-
nent is constant, it is mapped to a uniform score so
that it does not introduce spurious preference.

Action Variation Importance. Our first signal
captures local action dynamics. Let a; denote the
action at step t. We define Action Variation Impor-
tance (AVI) as

AVI(t) = ||lat — at—1]]2 + AMeanVar(ai4+1.¢+%),

ey
where the first term measures the change relative
to the previous action and the second term captures
short-range action variation in the next & steps. In
our implementation, ¥ = 3 and A = 0.1. Near
trajectory boundaries, the look-ahead window is
truncated to the available timesteps, and the score
for the first frame is padded with the first available
action-difference value. Frames with large AVI val-
ues typically correspond to abrupt motion changes,
contact events, grasping, release, or other behav-
ior transitions that are likely to be informative for
policy learning.

Visual-Action Coherence. Action changes do
not always imply meaningful interaction with the
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Figure 2: A flattened view of one dense 40-frame robot trajectory. Most recorded frames correspond to continuous,
smooth, and low-change motion, while the highlighted segments cover sparse manipulation-critical transitions
such as alignment, contact, grasping, and placement. This temporal imbalance motivates reallocating supervision
toward frames with higher marginal value under a fixed training budget.

one robot trajectory

stoges: Approach Align Grasp
failure rate: 0% 16.5% 31% 4.5% 48.5% 0%

Transport Release Return

Insight: Not all frames are equally important.

Figure 3: Stage-wise failures in a robot trajectory are
concentrated around sparse manipulation-critical mo-
ments such as alignment, grasping, and release, rather
than uniformly distributed across smooth approach,
transport, and return stages.

environment. To capture visually grounded tran-
sitions, FRAMESKIP incorporates Visual-Action
Coherence (VAC):

e —vi—1l2

AC(t) =
VACH) = o e+ e

2

where v; is a visual feature extracted from obser-
vation o; by a DINOv?2 visual encoder. This term
gives higher weight to frames where visual change
is large relative to the local action change, which
is useful for identifying contact or object-motion
stages that are not fully captured by action mag-
nitude alone. In all reported FRAMESKIP experi-
ments, VAC is enabled throughout frame-score pre-
processing. To make the offline computation robust
and affordable, we compute VAC on sparsely sam-
pled video frames, interpolate the resulting scores
back to the action sequence length, and clip ex-
treme VAC values at the 95th percentile before
normalization.

Task Progress Importance. Some interaction
events are sparse but tend to occur in character-
istic regions of a task trajectory. To encode this

weak structural prior, we define Task Progress
Importance (TPI) over the normalized progress
pt = (t —1)/(T — 1). In the main experiments,
we use a dataset-adaptive progress prior. Specifi-
cally, for each benchmark, we fit a one-dimensional
Gaussian mixture model (GMM) to the normalized
progress locations of manipulation-critical stage
centers annotated from a small subset of training
trajectories:

M
a(p) =D T N(©; i, 02), (€)
m=1

and define

q(pt)
maxe(1,.. 7} 4(Ps)

TPI(t) = )

This dataset-adaptive prior captures task-specific
stage structure while keeping frame scoring inde-
pendent of the VLA model and policy objective.
The stage annotations are used only to estimate
the offline progress prior during preprocessing and
are not provided to the policy during training or
evaluation.

When such annotations are unavailable,
FRAMESKIP can use a simpler dataset-agnostic
Gaussian prior:

TPuwzwmp(_Qi:2£X>’ t—1

o2 =TT

5)
This fallback assumes that manipulation-critical
stages are more likely to occur near the middle of
a trajectory and requires no stage annotations; we

use o2 = 0.2 for this Gaussian variant.
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Figure 4: FRAMESKIP pipeline. FRAMESKIP scores frames in each demonstration trajectory, retains high-
importance frames under a target ratio, and injects the compressed trajectory view into VLA training through
dataloader index remapping while leaving the model and inference procedure unchanged.

Combined score and gripper-transition preser-
vation. We combine the signals into a single
frame score:

I(t) = a AVI(t) + B VAC(t) + 4 TPI(t), (6)

where - denotes min-max normalized scores and
«, B3, are scalar weights. In our default setting,
AVI provides the dominant signal, while VAC and
TPI act as auxiliary cues; we use o = 0.6, 5 = 0.2,
and v = 0.2 unless otherwise specified.

For manipulation tasks, some of the most impor-
tant moments coincide with gripper or end-effector
state transitions. The gripper-aware variant there-
fore multiplies the combined score by a factor de-
termined by the absolute change in the gripper or
end-effector state dimensions specified by each
benchmark action schema. When such dimensions
are unavailable, this factor falls back to the action-
variation signal already captured by AVI. This de-
sign does not introduce a new model component; it
simply injects a task-relevant event prior into the
scoring function so that contact-related stages are
less likely to be removed during pruning.

3.5 Ratio-Aware Frame Pruning

Once importance scores are computed,
FRAMESKIP prunes frames according to a
target retention ratio r. For a trajectory of length
T, the target number of retained frames is

K, = maX(Kmin; LTTJ); (7

where K,;, prevents very short compressed tra-
jectories. We first compute a threshold based on
the empirical (1 — r)-quantile of the importance

scores and retain frames whose score exceeds that
threshold:

Sy = {t ’ I(t) > 97"}7 (8)

where 6, = Quantile(/,1 — r), so the candidate
set approximately contains the top 71" frames.

The pruning procedure additionally enforces
several practical constraints. First, when gripper-
transition preservation is enabled, the pruner explic-
itly retains the first frame, the last frame, gripper or
end-effector transition frames, and frames whose
action changes fall in the top decile of the trajec-
tory. Second, if the quantile rule keeps too many
or too few frames relative to K., the pruner selects
or adds frames by descending importance until the
target count is met. Third, we optionally apply a
temporal consistency constraint that fills unusually
large gaps between consecutive retained frames.
This avoids pathological cases in which a trajectory
becomes too temporally discontinuous after prun-
ing, at the cost of a slightly higher actual retention
ratio.

In practice, FRAMESKIP supports multiple re-
tention ratios for the same trajectory. We therefore
precompute and cache pruning results for a con-
figured superset of ratios. Each trajectory cache
stores the retained indices and the actual achieved
ratio for each configured setting, allowing the train-
ing pipeline to switch between compressed views
without recomputing frame scores. The cache is
keyed by the importance and pruning configuration;
a separate list of training ratios can be chosen as a
subset of the cached ratios to reuse the same cache
across multiple schedules.
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3.6 Sampling Strategy

FRAMESKIP uses compressed trajectories as the
main source of supervision after an initial full-
frame warmup. The motivation is to make the pol-
icy learn primarily from high-importance frames,
while still preserving occasional access to the
original temporal density. This gives the train-
ing process two complementary signals: com-
pressed mini-batches emphasize decision-relevant
moments, whereas full-frame mini-batches act as
an anchor that refreshes the broader trajectory con-
text and reduces the risk of overfitting to overly
sparse transitions.

Warmup. During the first Nyarm Optimization
steps, FRAMESKIP uses the identity view with
r = 1.0, which is equivalent to standard full-frame
training. This stage gives the policy a stable initial-
ization from dense temporal supervision before the
frame-pruned views are introduced.

Pruned Sampling with Full-Frame Anchors.
After warmup, most mini-batches are drawn from
a frame-pruned view with a target retention ratio
r < 1.0, so the effective training distribution is
biased toward frames selected by the importance
estimator. A small fraction of mini-batches are
instead drawn from the full-frame view r = 1.0.
We use this mixture to preserve global trajectory
coverage while still concentrating supervision on
high-importance frames. Under a fixed number of
optimization steps, this schedule changes which
timesteps dominate the gradient signal rather than
changing the policy objective. In our main setting,
FRAMESKIP uses a compressed view with r = 0.2,
retaining 20% of unique frames from each trajec-
tory and pruning the remaining 80% within that
view. For every five pruned mini-batches, we insert
one full-frame mini-batch as a context anchor. This
schedule treats full-frame samples not as the default
training signal, but as periodic context refreshes
that stabilize learning under aggressive temporal
compression.

3.7 Training Integration

FRAMESKIP integrates frame selection as a sample-
space preserving data transformation. Instead of
rewriting the dataset or changing the policy objec-
tive, it keeps the original trajectory index space
unchanged and maps training queries to retained
high-importance frames according to the active
retention ratio. As a result, full-frame and com-
pressed views share the same model, optimizer,

loss, dataset mixture weights, and training sched-
ule; only the temporal locations exposed to the
learner are changed.

This design makes the comparison with full-
frame training controlled and keeps FRAMESKIP
architecture-agnostic. The same remapping mech-
anism can be applied to different VLA backbones
and action heads because it operates before model-
specific preprocessing. It also preserves compatibil-
ity with existing embodied-data pipelines, where
dataset length, trajectory sampling weights, and
distributed sampling behavior are often assumed
by the trainer. Implementation details of the dat-
aloader remapping are provided in Appendix A.4.

4 Experiments

4.1 Experimental Setup

Policy Architecture. Our VLA model follows
a classic two-system design. The VLM is initial-
ized from Qwen3-VL-4B-Instruct (Bai et al., 2025)
to encode text instructions and visual observations,
while the action expert is a randomly initialized Dif-
fusion Transformer (DiT) (Peebles and Xie, 2023)
that generates continuous robot action chunks with
a flow-matching objective. Additional architecture
details are provided in Appendix A.1.

Training Details. For each benchmark, we train
the VLA policy on the corresponding benchmark-
specific training set for a fixed number of optimiza-
tion steps. The number of training steps is adjusted
according to the size of each benchmark dataset,
while the global batch size is kept fixed at 128
across all runs. All experiments are conducted on
8 NVIDIA H100 GPUs with DeepSpeed ZeRO-
2 distributed training (Rajbhandari et al., 2020).
Unless otherwise specified, FRAMESKIP uses a re-
tention ratio of » = 0.2 and a 5:1 schedule between
pruned mini-batches and full-frame anchor mini-
batches. The same model architecture, optimizer
setting, and remaining training configuration are
used across compared methods so that differences
can be attributed to the frame selection strategy
rather than to changes in the underlying VLA train-
ing recipe. To facilitate reproducibility and future
work on frame-level VLA training data optimiza-
tion, we will publicly release the training code,
frame-selection pipeline, and model checkpoints.
Additional implementation and hyperparameter de-
tails are provided in Appendix A.
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Method PnP Bottle PnP Can PnP Cup PnPMilk --- Avg.
GROOT N1.5 (NVIDIA et al., 2025a) 54.0 50.0 38.0 60.0 S 482
GROOT N1.6 (Team et al., 2025) 51.5 13.0 85 14.0 - 476
TwinBrainVLA (Yu et al., 2026) 74.0 72.0 52.0 60.0 <o 546
PhysBrain (Lin et al., 2025) 74.0 68.0 42.0 54.0 <o+ 50.0
LangForce (Lian et al., 2026) 72.0 78.0 46.0 56.0 coe 526
ABot-MO (Yang et al., 2026) 86.0 74.0 48.0 46.0 .- 583
Full-Frame Training 46.0 80.0 54.0 48.0 <o 478
FRAMESKIP (ours) 74.0 80.0 46.0 60.0 <. 595

Table 1: RoboCasa-GR1 simulation results on four rep-
resentative pick-and-place tasks. The omitted columns
indicate additional RoboCasa-GR1 tasks; Avg. is com-
puted over all 24 tasks rather than only the shown tasks.

Benchmarks. We evaluate FRAMESKIP on three
simulation benchmarks: RoboCasa-GR1, Sim-
pletEnv (Li et al., 2024c), and LIBERO (Liu
et al., 2023). These benchmarks cover different
robot embodiments, manipulation settings, and
evaluation protocols. This setting tests whether
FRAMESKIP can be applied as a data-layer frame
pruning method across multiple embodied data
regimes rather than only within a single robot plat-
form.

Evaluation Protocol. All reported success rates
are averaged over multiple independent evaluation
rollouts: 50 rollouts per task on RoboCasa-GR1
(24 tasks), 240 rollouts per task on SimplerEnv (4
tasks), and 500 rollouts per task suite on LIBERO
(4 suites). The real-world experiments are evalu-
ated over 100 independent trials per method. Since
each rollout yields a binary success outcome, the
reported means uniquely determine the outcome
variance under the corresponding binomial distri-
bution.

4.2 Simulation Benchmarks

RoboCasa-GR1. RoboCasa-GR1 is a tabletop ma-
nipulation benchmark built on RoboCasa (Nasiri-
any et al., 2024), where a GR1 robot performs
bimanual manipulation with two dexterous hands.
We evaluate on 24 tabletop tasks and train with
the 24K GR1 teleoperation simulation demonstra-
tions released by NVIDIA. This benchmark tests
multi-task VLA learning and dexterous-hand con-
trol. The main results are shown in Table 1, and the
full 24-task results are provided in Appendix B.
SimplerEnv. SimplerEnv evaluates WidowX
manipulation policies in simulation (Li et al.,
2024c¢). We use four evaluation tasks whose scenes
and instructions are held out from training, making
the benchmark a test of out-of-domain generaliza-
tion. Following the standard setting, we train on
the BridgeV?2 real-robot dataset and evaluate in

Put Spoon Put Carrot Stack Green Block Put Eggplant

Method onTowel onPlate  on Yellow Block in Yellow Basket

Avg.

OpenVLA (Kim et al., 2024) 4.2 0.0 0.0 12,5 42
RoboVLM (Li et al., 2024b) 50.0 375 0.0 83.3 42.7
ThinkAct (Huang et al., 2025) 58.3 375 8.7 70.8 438
Spatial VLA (Qu et al., 2025) 20.8 20.8 25.0 70.8 344
CogACT (Li et al., 2024a) 71.7 50.8 15.0 67.5 513
VideoVLA (Shen et al., 2025) 75.0 20.8 45.8 70.8 53.1
o (Black et al., 2026) 29.1 0.0 16.6 62.5 27.1
mo.5 (Intelligence et al., 2025) 49.3 64.7 44.7 69.7 57.1
GROOT N1.6 (Team et al., 2025) 64.5 65.5 55 93.0 57.1
VLA-JEPA (Sun et al., 2026) 75.0 70.8 12,5 70.8 573
TwinBrainVLA (Yu et al., 2026) 875 58.3 333 79.1 64.5
LangForce (Lian et al., 2026) 89.6 63.8 333 79.2 66.5
Full-Frame Training 875 50.0 29.2 54.2 552
FRAMESKIP (ours) 90.63 54.17 45.59 95.83 71.6

Table 2: SimplerEnv simulation results on four held-out
WidowX manipulation tasks. We report success rates
(%) for each task and the average across the four tasks.

Method L-Spatial L-Object L-Goal L-Long Avg.
Diffusion Policy (Chi et al., 2023) 78.5 87.5 73.5 64.8 76.1
OpenVLA (Kim et al., 2024) 84.7 88.4 79.2 537 765
Spatial VLA (Qu et al., 2025) 88.2 89.9 78.6 555 781
CoT-VLA (Zhao et al., 2025) 87.5 91.6 87.6 69.0 839
GROOT N1 (NVIDIA et al., 2025a) 94.4 97.6 93.0 90.6 939
F1 (Lv et al., 2025) 98.2 97.8 95.4 91.3 957
InternVLA-MI1 (Chen et al., 2025) 98.0 99.0 93.8 92.6 95.9
7o (Black et al., 2026) 98.0 96.8 94.4 884 944
7o.5 (Intelligence et al., 2025) 98.8 98.2 98.0 92.4 96.9
GROOT N1.6 (Team et al., 2025) 97.7 98.5 97.5 944 970
Full-Frame Training 97.8 98.8 97.4 92.0 965
FRAMESKIP (ours) 98.6 99.0 98.2 938 974

Table 3: LIBERO simulation results on four task suites.

SimplerEnv simulation. The results are shown in
Table 2.

LIBERO. LIBERO is a Franka-based simula-
tion benchmark for language-conditioned manip-
ulation (Liu et al., 2023). We evaluate on four
task suites and train with the official expert demon-
strations provided by the benchmark. LIBERO
complements RoboCasa-GR1 and SimplerEnv by
testing FRAMESKIP on a standardized single-arm
embodiment with expert trajectories. The results
are shown in Table 3.

Results. Across the three simulation bench-
marks, FRAMESKIP consistently improves over
full-frame training under the same VLA architec-
ture and training recipe. It improves the macro-
average success rate across RoboCasa-GR1, Sim-
plerEnv, and LIBERO from 66.50% to 76.15%
while using a compressed trajectory view that re-
tains 20% of unique frames in the main setting,
suggesting that reallocating supervision toward in-
formative frames is a useful training signal rather
than merely a data reduction heuristic.

4.3 Real-World Experiment

We further evaluate FRAMESKIP on a real-world
snack-cleanup task using two Franka Research 3
arms with Robotiq 85 grippers and Intel RealSense
D435 head/hand cameras, as shown in Figure 5.
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Figure 5: Real-world dual-arm snack-cleanup setup.
The robot uses two Franka Research 3 arms with Robo-
tiq 85 grippers and Intel RealSense D435 cameras to
place three snacks into a bag and tie the bag.

The robot must use both arms to place three snacks
from the table into a bag and tie the bag. We train
from 2,000 expert trajectories.

We compare full-frame training with
FRAMESKIP under the same training budget
of 10K optimization steps and batch size 64. Over
100 real-world trials per method, FRAMESKIP
improves the success rate of the 7y 5 backbone
from 43% to 57%, and improves a GROOT N1.7
backbone from 49% to 61%. Results on three
additional real-world dual-arm tasks are reported
in Appendix C, where FRAMESKIP improves
the average success rate from 42.7% to 54.0%.
These results indicate that frame-level supervision
allocation also benefits real dual-arm manipulation
settings.

4.4 Ablation Studies

We ablate four design choices in FRAMESKIP: the
retention ratio, the frame-importance metric, the
length of full-frame warmup, and the number of
optimization steps. Additional ablation protocol
details are provided in Appendix A.6.

Effect of retention ratio. On RoboCasa-
GR1, we vary the retention ratio r €
{10%, 20%, 30%, 40%, 50%, 60%, 100%} under
the same model and training budget. As shown in
Table 4, all pruned settings outperform full-frame
training, with the best result at » = 50% and strong
performance already at r = 20%—-30%. This sup-
ports our claim that reallocating supervision can
be more effective than exposing the model to every
temporally redundant frame.

Effect of importance metric. We compare ran-
dom pruning, action-only scoring, progressively
richer importance metrics, and the full FRAMESKIP
scorer under the same retention ratio. Table 5

Retention r 10% 20% 30% 40% 50%
RoboCasa-GR1 Avg. 55.00 59.50 59.50 56.75 59.75 5592 47.80

60% 100%

Table 4: Ablation on the retention ratio . We report the
average success rate (%) across the 24 RoboCasa-GR1
tasks.

Metric Variant RoboCasa-GR1 SimplerEnv LIBERO Avg.

Random 47.67 56.51 96.3 66.83
AVI 54.25 57.29 97.05 69.53
AVI+TPI 57.42 59.90 97.00 71.44
AVI+VAC 58.75 65.08 97.15  73.66
AVI+VAC+TPI 59.00 67.33 97.2 74.51
FRAMESKIP Full 59.50 71.55 97.4 76.15

Table 5: Ablation on the frame importance metric. All
variants use the same retention ratio and training sched-
ule; only the frame scoring rule is changed.

Warmup Steps 2500 5000 7500 10000 12500 15000

RoboCasa-GR1 Avg. 58.42 59.50 59.08 58.75 5833 58.25

Table 6: Ablation on the number of full-frame warmup
steps. After warmup, all variants use the same reten-
tion ratio and pruned/full-frame mini-batch schedule.
We report the average success rate (%) across the 24
RoboCasa-GRI tasks.

shows that each added cue improves the aver-
age success rate, and the full scorer performs
best across the three-benchmark average. The
gains over random pruning indicate that the bene-
fit comes from where supervision is allocated, not
simply from seeing fewer frames.

Effect of warmup steps. Finally, we vary the
full-frame warmup length on RoboCasa-GR1. Ta-
ble 6 shows only modest variation from 2500 to
15000 steps, with the best result at 5000 steps, sug-
gesting that FRAMESKIP is not highly sensitive to
this hyperparameter.

Effect of training budget. We further evalu-
ate whether FRAMESKIP improves optimization-
step efficiency on RoboCasa-GR1 and SimplerEnv
by comparing it with full-frame training under
matched reduced step budgets. This controls for
the possibility that fewer optimization steps alone
improve generalization. As shown in Table 7,
FRAMESKIP outperforms full-frame training at
matched budgets and can reach or exceed the stan-
dard full-frame baseline with fewer steps.

5 Conclusion

We presented FRAMESKIP, a data-layer frame se-
lection framework that reallocates VLA training
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Method Step Budget RoboCasa-GR1 Avg. SimplerEnv Avg.

Full-Frame Training 25% 39.3 45.8
FRAMESKIP 25% 51.2 56.51
Full-Frame Training 50% 41.6 47.4
FRAMESKIP 50% 54.3 68.75
Full-Frame Training 75% 444 53.1
FRAMESKIP 75% 57.6 69.01
Full-Frame Training 100% 47.8 552
FRAMESKIP 100% 59.5 71.6

Table 7: Step-efficiency ablation on RoboCasa-GR1
and SimplerEnv. We compare full-frame training and
FRAMESKIP under matched fractions of the standard
benchmark budget. Standard budgets are 100K steps
for RoboCasa-GR1 and 60K steps for SimplerEnv; the
warmup length is fixed across step budgets.

supervision toward informative trajectory moments
without changing the model or inference procedure.
Across RoboCasa-GR1, SimplerEnv, and LIBERO,
FRAMESKIP improves the macro-average success
rate from 66.50% to 76.15% while retaining 20%
of unique frames in the main compressed view.
These results suggest that frame-level supervision
allocation is a practical lever for improving VLA
training under fixed optimization budgets.

Limitations

FRAMESKIP is evaluated primarily on simulated
manipulation benchmarks, with a limited set of
real-world dual-arm tasks. Its behavior on broader
real-robot deployments may differ due to sensing
noise, actuator delays, domain shift, and safety con-
straints that are not fully captured by our current
evaluation. The current frame-importance estima-
tor is intentionally lightweight, but it still relies on
offline preprocessing and, in the main TPI setting,
a small set of stage annotations to fit a dataset-level
progress prior. Although we provide an annotation-
free fallback, the best configuration may require
modest benchmark-specific calibration. Finally,
FRAMESKIP reallocates training exposure under
a fixed optimization budget; it does not guarantee
wall-clock speedups unless preprocessing, caching,
and training-system overheads are accounted for in
a specific deployment.

Ethics Statement

This work studies data selection for robot policy
training in simulation and a limited real-world ma-
nipulation setting, and does not introduce new
human-subject data or personally identifiable in-
formation. The main ethical risks are those asso-

ciated with embodied manipulation systems: im-
proved training efficiency can make capable robot
policies easier to develop, but unsafe deployment
may still cause physical damage or unintended be-
havior in real environments. We therefore view
FRAMESKIP as a training-time tool that should be
paired with standard robot safety practices, includ-
ing constrained evaluation, failure monitoring, and
task-specific safety checks before broader deploy-
ment. We publicly release our code and model
checkpoints to support reproducibility and to en-
courage further research on frame-level data opti-
mization for VLA training.
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A Additional Implementation Details

A.1 Policy Architecture Details

For the controlled full-frame and FRAMESKIP
runs, we use the same two-expert VLA architec-
ture implemented with the QwenGROOT module in
StarVLA (starVLA, 2025). Given a minibatch, the
model receives image observations, a language in-
struction, an action sequence, and optionally robot
state. The VLM interface first formats the images
and instruction into Qwen-VL inputs and runs the
VLM with hidden-state output enabled. We use
the final VLM hidden states as the multimodal
conditioning sequence for the action expert. The
action head cross-attention dimension is set from
the VLM hidden size, so the action expert can at-
tend directly to the language-visual token sequence
without an additional task-specific policy encoder.

The action expert is a flow-matching ac-
tion head built on a cross-attention DiT. Dur-
ing training, the target action chunk is the
current-and-future action window of length H =
future_action_window_size + 1. The head
samples Gaussian noise and a continuous flow-
matching time, interpolates between noise and the
target action chunk, and trains the DiT to predict
the velocity from the noised action trajectory to
the target action trajectory. The noised actions are
embedded with an action encoder and sinusoidal
time encoding; optional robot state is projected
by an MLP; learned future tokens and action to-
kens are then processed by the DiT while cross-
attending to the VLM hidden states. The decoded
velocity is supervised with mean-squared error. At
inference time, the action head initializes an ac-
tion chunk from Gaussian noise and performs Eu-
ler integration for the configured number of flow-
matching steps to produce normalized continuous
actions. In our main configurations, the action ex-
pert uses a DiT-B backbone with 16 DiT layers,
32 target future tokens, 1000 timestep buckets, 4
inference steps, and an action horizon of 16 for
RoboCasa-GR1/SimplerEnv and 8 for LIBERO;
action and state dimensions follow the benchmark
action schema.

A.2 Pruning Cache

FRAMESKIP stores trajectory-level pruning results
in a cache containing the original importance scores
and the retained indices for each configured ratio.
The cache supports reuse across experiments as
long as the importance and pruning configurations

remain compatible. During distributed training,
cache construction can be restricted to rank zero
and loaded by other workers after synchronization.

A.3 Frame-Score Preprocessing

For VAC, we use a DINOv2 visual encoder and
extract visual features from at most 16 sparsely
sampled video frames per trajectory before inter-
polating VAC scores back to the original trajectory
length. The implementation records frame extrac-
tion failures and trajectories without usable visual
features so that unreliable preprocessing runs can
be identified before training.

For GMM-TPI, we fit the progress prior sepa-
rately for each benchmark using 5% of the cor-
responding training trajectories. The annotation
records only the normalized progress locations of
manipulation-critical stage centers, such as align-
ment, grasping, and release; it does not provide
action labels, success labels, or per-frame supervi-
sion to the policy. We fit a three-component one-
dimensional GMM over these progress values and
normalize the resulting density within each trajec-
tory before adding it to the frame-importance score.
This prior is used only during offline frame-score
preprocessing. The VLA policy, training loss, and
evaluation protocol do not access these annotations.
When such annotations are unavailable, we use the
dataset-agnostic Gaussian prior described in Sec-
tion 3.

A.4 Dataloader Remapping

During training, each sampled index is first re-
solved to its trajectory and original timestep us-
ing the standard dataset index. Given the active
retention ratio, the dataloader retrieves the cached
retained indices for that trajectory and maps the
requested timestep to the nearest retained timestep
that is not earlier than the request, falling back
to the final retained timestep at the end of the
trajectory. The selected frame is then loaded
through the original data access, transform, and
collation pipeline. For analysis, each returned sam-
ple records the active ratio, original timestep, and
remapped timestep.

A.5 Main Training Schedule

For the main experiments, the active compressed
view uses a retention ratio of r = (.2, correspond-
ing to an 80% frame pruning ratio per trajectory.
Training alternates between five mini-batches from
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this pruned view and one mini-batch from the full-
frame view with » = 1.0. The full-frame mini-
batch is used only as a periodic context anchor;
evaluation is performed with the standard policy
inference procedure and does not require frame
pruning.

Because the three benchmarks use different train-
ing datasets and established evaluation recipes, we
follow the commonly used training budgets for
each benchmark rather than forcing a single step
count across all settings. For RoboCasa-GR1, we
train on the corresponding expert demonstration
data for 100K optimization steps. For SimplerEnv,
we train on the BridgeV?2 dataset for 60K opti-
mization steps. For LIBERO, we train on expert
teleoperation demonstrations for 30K optimization
steps.

A.6 Additional Ablation Details

The retention-ratio ablation studies the trade-off
between denser trajectory context and stronger
concentration on high-importance frames, using
100% as the full-frame reference. The
importance-metric ablation uses random pruning
as a pruning-only control, AVI as an action-only
baseline, AVI+TPI and AVI+VAC to isolate auxil-
iary cues, AVI+VAC+TPI to test their combination,
and FRAMESKIP Full to include gripper-transition
preservation. The warmup ablation varies only
the number of initial full-frame optimization steps;
after warmup, all variants use the same retention
ratio and pruned/full-frame mini-batch schedule.
The training-budget ablation keeps the warmup
length fixed and compares full-frame training and
FRAMESKIP under matched fractions of the stan-
dard benchmark budget, varying only the total num-
ber of optimization steps.

r =

B Full RoboCasa-GR1 Results

Table 8 reports the full per-task results on all 24
RoboCasa-GR1 tabletop tasks, including the repre-
sentative VLA systems that provide external con-
text and the controlled comparison between full-
frame training and FRAMESKIP.

C Supplementary Results

This appendix reports two sets of supplementary re-
sults. Table 9 compares the main GMM-based task-
progress prior with the annotation-free Gaussian
fallback, and ablates the TPI and gripper-transition
cues. Table 10 reports three additional real-world

dual-arm tasks beyond the snack-cleanup task in
Section 4.3: Task 1 places vegetables into a refrig-
erator, Task 2 pours milk powder into a bottle, and
Task 3 uprights a fallen beverage bottle. Each of
these tasks is trained from 800 expert demonstra-
tions and evaluated over 100 independent trials per
method.
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Task GROOT N1.5 GROOT N1.6 VP-VLA TwinBrainVLA PhysBrain LangForce FrameSkip

PnP Bottle To Cabinet Close 54.0 51.5 54.0 74.0 74.0 72.0 74.0
PnP Can To Drawer Close 50.0 13.0 72.0 72.0 68.0 78.0 82.0
PnP Cup To Drawer Close 38.0 8.5 44.0 52.0 42.0 46.0 46.0
PnP Milk To Microwave Close 60.0 14.0 74.0 60.0 54.0 56.0 64.0
PnP Potato To Microwave Close 32.0 41.5 34.0 36.0 24.0 36.0 46.0
PnP Wine To Cabinet Close 38.0 16.5 48.0 46.0 54.0 46.0 76.0
PnP * to * Close (Avg) 453 242 54.3 56.7 52.7 55.7 63.7
PnP Novel From Cuttingboard To Basket 38.0 58.0 66.0 62.0 62.0 66.0 58.0
PnP Novel From Cuttingboard To Cardboardbox  46.0 46.5 54.0 46.0 44.0 40.0 58.0
PnP Novel From Cuttingboard To Pan 58.0 68.5 74.0 70.0 56.0 68.0 70.0
PnP Novel From Cuttingboard To Pot 62.0 65.0 54.0 66.0 58.0 48.0 66.0
PnP Novel From Cuttingboard To Tieredbasket 28.0 46.5 56.0 52.0 40.0 44.0 54.0
PnP Novel From Cuttingboard To * (Avg) 46.4 56.9 60.8 59.2 52.0 53.2 61.2
PnP Novel From Placemat To Basket 30.0 58.5 48.0 30.0 42.0 54.0 52.0
PnP Novel From Placemat To Bowl 60.0 57.5 74.0 54.0 56.0 62.0 66.0
PnP Novel From Placemat To Plate 56.0 63.0 70.0 64.0 80.0 52.0 66.0
PnP Novel From Placemat To Tieredshelf 36.0 28.5 26.0 38.0 14.0 24.0 30.0
PnP Novel From Placemat To * (Avg) 45.5 51.9 54.5 46.5 48.0 48.0 53.5
PnP Novel From Tray To Cardboardbox 52.0 51.5 44.0 46.0 40.0 50.0 54.0
PnP Novel From Tray To Plate 48.0 71.0 66.0 72.0 66.0 58.0 62.0
PnP Novel From Tray To Pot 60.0 64.5 38.0 56.0 52.0 62.0 66.0
PnP Novel From Tray To Tieredbasket 52.0 57.0 58.0 46.0 50.0 44.0 66.0
PnP Novel From Tray To Tieredshelf 32.0 31.5 24.0 28.0 22.0 22.0 40.0
PnP Novel From Tray To * (Avg) 48.8 55.1 46.0 49.6 46.0 47.2 57.6
PnP Novel From Plate To Bowl 58.0 57.0 52.0 60.0 54.0 54.0 58.0
PnP Novel From Plate To Cardboardbox 44.0 43.5 44.0 46.0 50.0 48.0 46.0
PnP Novel From Plate To Pan 60.0 51.0 56.0 56.0 68.0 54.0 62.0
PnP Novel From Plate To Plate 64.0 78.7 62.0 66.0 78.0 78.0 72.0
PnP Novel From Plate To * (Avg) 56.5 57.6 53.5 57.0 62.5 58.5 59.5
Average 48.2 47.6 53.8 54.6 50.0 52.6 59.5

Table 8: Results of evaluating the VLA models with the GR1 robot in the RoboCasa-GR1 Tabletop simulation
environment. The results for Isaac-GROOT N1.5 and Isaac-GROOT N1.6 are sourced from the official Isaac-GROOT
GitHub repository (NVIDIA et al., 2025b). We highlight the best results in bold and the second-best results with
underline.
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Setting RoboCasa-GR1 SimplerEnv LIBERO Avg.

Annotation-free TPI fallback

FRAMESKIP 59.50 71.55 97.4 76.15
Annotation-free fallback 58.90 70.75 97.4 75.68
No TPI/gripper ablation

Full-frame training 47.8 55.2 96.5 66.5
FRAMESKIP (no TPI/gripper) 58.7 65.1 97.2 73.7
FRAMESKIP (full) 59.5 71.6 97.4 76.2

Table 9: Supplementary simulation results (success rate
%). The annotation-free fallback replaces the GMM
progress prior with the dataset-agnostic Gaussian prior;
the ablation rows remove the TPI and gripper-transition
cues from the importance scorer.

Method Task1 Task2 Task3 Avg.
0.5 42 39 47 42.7
FRAMESKIP 53 48 61 54.0

Table 10: Additional real-world dual-arm tasks (success
rate % over 100 trials per task per method). Task 1:
placing vegetables into a refrigerator; Task 2: pouring
milk powder into a bottle; Task 3: uprighting a fallen
beverage bottle.
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