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Abstract— Vision-language-action (VLA) models let robots
follow language instructions, but their language backbones of
several billion parameters are the main obstacle to running
them on robot hardware. Structured pruning reduces that
backbone, and removing 63% of it from OpenVLA-OFT drops
LIBERO-Long success from 93.2% to 0.8%. A recent approach
restores such a model with supervised fine-tuning followed
by reinforcement learning, which needs online rollouts and
hundreds of GPU-hours. We recover most of the lost success
entirely offline. Width pruning narrows the blocks but keeps the
residual stream at its original size, so teacher and student hidden
states have the same shape and are matched directly, without a
projector. Training against a cache built in one teacher pass lifts
the 63%-reduced student to within 3.5 points of the teacher in
about 8 GPU-hours. A sweep over nine ratios locates where the
recovery objective starts to matter. Up to 45% reduction the
two do not differ significantly on OpenVLA-OFT. Hidden-state
distillation then adds +2.1 to +4.5 points there between 63 %
and 87%, and +9.4 to +22.1 points on CogACT from 63%
onward. At 81% on CogACT, a tripled recovery budget narrows
the distilled student’s gap to the teacher to 3.9 points on average,
while supervised recovery stays more than 20 points below.
At matched compression, width pruning yields higher success
and depth pruning lower latency. On a 6-DoF manipulator, the
distilled student at 72% reduction reaches 77.5% success against
59.5% for supervised recovery, runs 2.23 x faster on-board than
the teacher, and uses 62% less memory.

I. INTRODUCTION

A vision-language-action (VLA) model turns a camera
image and a sentence into robot motion. The leading open-
source VLAS do this by attaching an action head to a language
backbone of several billion parameters [1]-[4]. That backbone
supplies the language and visual representations the policy
acts on. It also dominates the memory and the latency of a
policy query, so size and speed are now the main obstacles
to on-board deployment. Structured pruning reduces this
cost directly and is well established for language models
[5], [6]. On a VLA, however, aggressive pruning does not
simply degrade the policy. It stops the policy from completing
the task. Removing 63% of the effective language-backbone
parameters of OpenVLA-OFT lowers LIBERO-Long success
from 93.2% to 0.8%, and recovery determines whether the
compressed policy is usable.

RLRC [7] recovers a 90%-pruned model of this backbone
to its dense LIBERO score in two stages. Supervised fine-
tuning recovers most of the lost success but leaves a residual
gap to the dense model, which a reinforcement-learning stage
then closes. That second stage needs a simulator or a robot
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in the loop, a reward to optimize, and about 320 GPU-hours
of training [7]. The dense model itself remains available after
pruning, and in language-model pruning supervised recovery
is routinely paired with distillation from it [6], [24]. How
much a pruned VLA can recover from its own teacher without
entering an environment is therefore an open question.

We eliminate most of this gap offline by applying a pruning
method designed for this setting. Specifically, we prune
attention heads and MLP channels while keeping the residual
stream at its original width, so the teacher and student hidden
states retain identical shapes. This allows the student to be
trained to match the teacher’s states directly, with no projector
needed, turning recovery into a supervised learning task. A
single pass over the recovery dataset caches the inputs, the
teacher’s hidden states, and the action targets, and the student
trains solely from this cache (Fig. 1). In practice, this restores
most of the lost success in roughly 8 GPU-hours, and the
benefit of hidden-state matching increases as the compression
ratio rises (Section V-B).

Determining when to stop compressing is a separate issue,
and prior work typically reports only one or two ratios
[71, [19], [20]. We sweep nine compression ratios, spanning
27% to 89% effective reduction, and consider two recovery
objectives, using three seeds for each setting. The two
backbones employ different action heads: the L1 regression
head in OpenVLA-OFT and the diffusion transformer in
CogACT. This sweep (Fig. 2) indicates where the objectives
diverge and where recovery begins to saturate. We then
perform a controlled comparison of width vs. depth pruning
and evaluate on a physical robot to convert these curves into
a selected operating point.

Contributions

o Fully offline recovery of aggressively pruned VLAs.
Width pruning leaves teacher and student hidden states
directly comparable, which turns recovery into offline
supervision from a cached teacher, with no rollouts and
no reward.

« When hidden-state distillation is beneficial. A sweep
over nine compression ratios and two backbones locates
the reduction at which hidden-state distillation begins to
outperform supervised recovery, and shows that a larger
recovery budget moves that point further out.

o Width versus depth at matched compression. With
both choices under one recovery protocol, width pruning
yields higher success than a CKA-guided depth baseline
at every measured point on both backbones, and depth
pruning yields lower latency.
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« Validation on a physical robot. On a 6-DoF manipulator
the distilled student outperforms supervised recovery by
18.0 points and runs 2.23x faster on-board than its
teacher with 62% less memory.

II. RELATED WORK

Vision-language-action models. Modern manipulation
policies attach an action decoder to a pretrained vision-
language model (VLM) [1], [4], [10]. We build on the
Prismatic VLM family [11]. OpenVLA-OFT [2] pairs a
Llama-2 7B backbone with a continuous L1 head emitting
8-step action chunks. CogACT [3] keeps the same VLM
family and replaces the head with a diffusion transformer
[12], [13].

Compressing VLAs. Most efficiency work on VLAs
[14] leaves the weights unchanged. Token pruning discards
uninformative visual tokens at inference time [15], and action-
space methods compress the action representation so that the
backbone need not be modified [16]. These methods act on
the inputs and the outputs, not on the weights themselves,
and training compact VLAs from scratch [17], [18] is
complementary to post-training compression. For structural
compression at aggressive ratios, RLRC [7] is the closest prior
work. It prunes the same backbone at a 90% ratio and recovers
it with supervised fine-tuning followed by reinforcement
learning. GLUESTICK [19] restores a pruned VLA without
training by interpolating dense and pruned weights, and a
study [20] prunes 12-30% without recovery. We target the
ratios at which the pruned policy no longer completes the task
and training-based recovery becomes necessary. Concurrent
work removes transformer layers instead of channels, selected
by centered kernel alignment (CKA) similarity [8], [21] or by
gate sensitivity [9]. Both find that a substantial fraction of the
language blocks can be removed with supervised fine-tuning
alone. Section V-D places the two pruning choices under a
matched recovery budget.

Structured pruning and distillation in language models.
Taylor-based importance scoring with LoRA recovery [5],
[22] is established for language models, as are pipelines
that combine pruning with distillation, such as Minitron
[6]. The latter also finds width pruning better than depth
pruning at matched size. For large vision-language models
on VQA benchmarks, [23] draws the same conclusion on the
pruning choice and finds supervised fine-tuning plus hidden-
state distillation the best recovery. These findings come from
single-step prediction. A policy is judged over a horizon,
where an error at one step changes every input that follows.
We establish whether these findings still hold in closed-
loop control, how much these techniques recover without
environment interaction, and how their behavior changes with
compression.

III. METHOD

At the target ratios, recovery needs to bring back most
of the policy, and the dense teacher is the model that
already performs the task successfully. We co-design pruning

and recovery so this teacher can be used offline, with
representations that are directly comparable to the student’s.

A. Hidden-Preserving Structured Width Pruning

The residual stream carries the representation that the action
head reads. Keeping that stream at its original width allows
the teacher to be matched state by state, without a projection
layer. We therefore prune the language backbone only, and
leave the vision encoders, the action head, the embeddings,
the residual width, and the block count untouched. Within
each decoder block we remove whole attention heads and
whole MLP channels, so the pruned network stays a smaller
dense model (Fig. 1). Unlike depth pruning, every block
retains some capacity, and the student starts recovery from
a policy that still runs end to end (Section V-D). Following
structured-pruning practice [5], we exclude the first and last
blocks, which sit next to the embedding and output interfaces.
The residual width and the block count are the same at every
ratio, so teacher and student hidden tensors have identical
shapes at corresponding layers. The distillation loss is then
an element-wise mean-squared error between them, with no
projection to learn between the two models.

The two excluded blocks make the nominal pruning ratio
differ from the effective parameter reduction. A nominal
ratio of 50% reduces the backbone from 6.74B to 3.70B
parameters, a reduction of 45.1%. Compression levels refer
to effective reduction throughout.

B. Action-Path Taylor Importance

Importance measures the expected increase in loss if a
given group is removed. We approximate this using the first-
order Taylor term |w-g|, aggregated across a set of calibration
transitions and then added up within each head or channel
group. The groups with the smallest scores are pruned in a
single step, avoiding the expense of repeated re-estimation.

The loss that supplies the gradient determines which groups
are preserved. OpenVLA-OFT keeps a language-model head
and an action-token vocabulary from its base checkpoint, so
the pretraining cross-entropy can still be computed. That loss
does not produce actions at inference, however, and a head the
policy relies on for action prediction can score low under it.
We take the gradient through the action head used at inference,
the L1 regression loss on OpenVLA-OFT and the noise-
prediction loss on CogACT. Importance then approximates the
increase in the action loss that removing a group would cause.
We call the two criteria action Taylor and CE-token Taylor and
compare them, together with magnitude and random pruning,
in Section V-A. This choice also constrains the recovery stage.
Recovery adapts the groups that remain but cannot restore a
removed head, so the criterion fixes the structure the student
keeps for the rest of training. Two students that reach the same
success after recovery can still retain different groups, and that
difference becomes visible outside the recovery distribution.

C. Offline Recovery from a Teacher Cache

Running the teacher inside the training loop costs memory
and recomputes the same targets at every epoch, so we run
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the teacher once. A single offline pass over the recovery data
stores the teacher’s hidden states at the action-token positions
together with the ground-truth actions (Fig. 1). The student
is then trained against this cache alone. Because inference is
deterministic and both models receive identical preprocessed
inputs, the cache holds the same targets a teacher inside the
loop would produce. Caching also fixes the target across
epochs, so the teacher signal is identical across objectives,
ratios, and seeds. Any difference between SFT and SFT+KD
at a given ratio is then attributable to the objective alone.

Recovery adapts the student with LoRA on the language
backbone and the vision path, with the action head fully
fine-tuned. The objective is

L = Lyx(as,acr) + A- MSE(Hg, Hr), 1
—_—— —_—

supervised hidden-state KD

where L, is the L1 action loss on OpenVLA-OFT and the
diffusion noise-prediction loss on CogACT. We write SFT for
supervised fine-tuning on the cached data alone and SFT+KD
when the hidden-state distillation term is added. To keep
the KD term from dominating the action loss at the start of

recovery, A is ramped linearly from zero over the early steps.

Choice of distillation target. The teacher can also be
matched at the action level, by mixing its predicted action

into the supervised target. The action output is far lower-
dimensional than the representation that produces it, so
two students can agree on the action while their internal
states differ. The action loss supervises the representation
only through that narrow output. Hidden-state distillation
directly supervises 56 action-token hidden states in OpenVLA-
OFT and a single cognition vector in CogACT, covering
many more dimensions per sample. The value of this extra
supervision should grow with how much pruning disturbs
the representation, which the sweep over compression ratios
measures. Both targets are compared in Section V-B.

The teacher is absent from the training loop, so recovery
runs on a single GPU. The cached observations are used
without image augmentation, so student and teacher inputs
stay identical.

IV. EXPERIMENTAL SETUP

The benchmarks are LIBERO [26] and SimplerEnv
(Google-Robot) [27], on which the teacher models attain
93.2% and 67.2% success. OpenVLA-OFT recovers on
101,468 cached LIBERO-Long transitions for 5,000 steps with
A = 3, about 8 GPU-hours on one H100, and is evaluated
over 500 episodes. CogACT recovers on 100,000 cached
Google-Robot transitions for 1,200 steps with A = 2, about



1.7 GPU-hours on one A6000, and is evaluated over 864
episodes.

Importance is scored over 512 calibration transitions. The
student is adapted with LoRA of rank 32 and oo = 16, applied
to the language backbone and the vision path on OpenVLA-
OFT and to the language model only on CogACT. The action
head is fully fine-tuned on OpenVLA-OFT and frozen on
CogACT. The ramp on A covers the early steps of recovery on
both backbones. Every recovery run requires a single 48 GiB
GPU.

Benchmarks. The sweep uses LIBERO-Long, and the
recovery procedure is evaluated on all four LIBERO suites
(Section V-A). CogACT is evaluated on all four SimplerEnv
task families. Robustness is measured on LIBERO-Plus [28],
which perturbs LIBERO tasks along seven dimensions, over
2,519 episodes paired with the teacher.

Paired evaluation. Student and teacher are evaluated from
an identical set of initial states, so that each episode is matched
one-to-one. On OpenVLA-OFT the paired episodes are scored
with McNemar’s exact test on the discordant pairs. The 864
CogACT episodes are 216 initial states with four texture
variants each, so the paired test is clustered by initial state.
The test is a one-sample ¢-test on the 216 cluster means.
Every contrast is evaluated separately for each training seed
at the 0.05 level.

Seeds. All results are given for the final checkpoint, without
checkpoint selection. Every recovered point of the sweep is
evaluated with three seeds, except two OpenVLA-OFT points
evaluated with six (63% reduction) and five (85%), and seed
means are given throughout. Models pruned without recovery
are evaluated once per point, and the control experiments use
three seeds unless their figure states otherwise.

CogACT evaluation subset. The released checkpoint does
not reproduce the published result on the put-in-drawer family
[29], so paired comparisons against the teacher use the
remaining 756 episodes. Success rates are reported over all
864, and the figures plot the mean across seeds.

V. RESULTS
A. Offline Recovery Without Reinforcement Learning

Without recovery, performance falls quickly with compres-
sion, from 89.2% at 27% effective reduction to 54.4% at 45%,
0.8% at 63%, and no successful episode at 72%. Only the
Taylor-based criteria retain nonzero success at moderate ratios
(Fig. 3(a)). At 45% reduction action Taylor retains 54.4%,
against 50.2% for CE-token Taylor and 0% for magnitude and
random pruning, a significant margin of 4.2 points. Magnitude
is not conditioned on the action objective, and the cross-
entropy gradient reaches it only indirectly, so the ranking
follows how directly each criterion sees that objective.

Offline recovery reverses this collapse. Hidden-state dis-
tillation returns every one of these checkpoints above 89%,
including those that complete no episode before recovery
(Table I). The 63%-reduced model, at 0.8% before recovery,
attains 89.7 4-2.4% against a teacher at 93.2%, a recovery of
88.9 points. Supervised recovery alone attains 87.6%, and the
KD term reduces the remaining 5.6-point gap by 2.1 points.

Comparison with RL-based recovery. RLRC [7] finds
the same pattern on this backbone at a 90% pruning ratio.
LIBERO-Long falls from 94.5% to 0% and supervised
recovery returns it to 86.8%. A reinforcement-learning stage
removes the remainder, reaching 94.8%. At the same nominal
ratio our supervised baseline shows a residual gap of similar
size, reaching 84.1% against a 93.2% teacher. The KD term
recovers half of what remains, reaching 88.6% from the dense
teacher alone. Our recovery takes about 8 H100 GPU-hours
and no rollouts, while RLRC reports about 320 GPU-hours
for its recovery pipeline with a simulator in the loop.

Recovery narrows both the gap to the teacher and the
differences among criteria. On OpenVLA-OFT, the 27%
SFT+KD student performs on par with its teacher, and from
45% reduction onward every recovered student stays within
a few points of it (Table I). Magnitude- and random-pruned
students at 45% reduction recover from 0% to 90.5% and
87.4% under the same procedure. The CE-token student
recovers to 90.041.7%, the same success as the 90.0+1.6%
of action Taylor, so the two criteria are indistinguishable after
recovery. CogACT shows the same pattern. At 85% reduction,
where pruning leaves the model at 2.3%, recovery lifts it to
45.9%. At 45% reduction the student scores 74.9% on all 864
episodes against a 67.2% teacher. On the 756-episode subset
it exceeds the teacher by 3.0 points. The same procedure
generalizes to the remaining LIBERO suites without any
hyperparameter changes. At 45% reduction the spatial, object,
and goal suites reach 97.5%, 96.0%, and 97.0%, against
teachers at 98.2%, 97.2%, and 97.4%.

The differences among criteria grow again under dis-
tribution shift. On LIBERO-Plus, after identical recovery,
the action Taylor student reaches 63.4%, against 58.6% for
magnitude and 50.1% for random pruning. Recovery can refit
the groups that remain on the recovery distribution, so what
distinguishes the criteria here is the set of groups each one
retained. Scoring through the action head keeps the groups
the policy uses to act, and that choice is not recoverable later
(Section III-B).

B. When Hidden-State Distillation Is Beneficial

The recovery objective becomes relevant only beyond
moderate compression, so the comparison between the two
objectives depends on the ratio at which it is made. Up to 45%
reduction the objective makes no significant difference. On
OpenVLA-OFT the two recovery objectives differ by +1.7
points at 27% and 4-0.1 points at 45%, neither significant on
any seed, and action-level matching and its combination with
hidden-state distillation fall in the same 88.4-90.0% band. On
CogACT the differences are —0.6 and +2.9 points, neither
significant (Table I).

The two objectives first separate significantly at 63%
reduction, in the same direction on both backbones, by a
significant 2.1 points on OpenVLA-OFT and +10.3 points
on CogACT. On CogACT the advantage of distillation is
largest between 72% and 81% reduction, where it reaches
+19.6 to +22.1 points and is significant on every seed. On



TABLE I
SUCCESS RATE (%) AFTER WIDTH PRUNING AT NINE COMPRESSION RATIOS, WITH AND WITHOUT RECOVERY. A DENOTES SFT+KD MINUS SFT IN
PERCENTAGE POINTS (BOLD, *p < 0.05, **p < 0.01, ***p < 0.001). THREE SEEDS PER POINT, SIX AT 63% AND FIVE AT 85% ON OPENVLA-OFT. ON
OPENVLA-OFT SUCCESS WITHOUT RECOVERY ALREADY REACHES ZERO AT 72%, AND HIGHER RATIOS ARE MARKED N/A.

Reduction (%)

OpenVLA-OFT / LIBERO-Long (500 ep)

CogACT / SimplerEnv (864 ep)

Nominal Effective none SFT SFT+KD A none SFT SFT+KD A
30 27 89.2  90.2 91.9 +1.7 67.8 758 75.2 —-0.6
50 45 544 899 90.0 +0.1 61.5 72.0 74.9 +2.9
70 63 0.8 87.6 89.7 +2.1%* 439 61.6 71.9 +10.3***
80 72 00 879 90.1 +2.2* 214 465 68.6 +22.1%%*
90 81 n/a 84.1 88.6 +4.5%** 57 36.6 56.2 +19.6***
95 85 n/a  82.6 85.0 +2.4** 23 290 459 +16.9%**
97 87 n/a  78.6 82.1 +3.5%* 1.9 345 43.9 +9.4***
98 88 n/a 748 77.1 +2.3 09 297 44.8 +15.1%**
99 89 nfa  76.7 74.7 —2.0 1.6 319 45.8 +13.9***
teacher 93.2 67.2

- (a) OpenVLA-OFT / LIBERO-Long (b) CogACT / SimplerEnv 0 (c) Budget, CogACT 81%

X X o teacher

< 100 < 100 g 0

% 75 % 75 teacher 67.2 % ~10 4 ./gg
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Fig. 2. Success against effective reduction. (a) OpenVLA-OFT on LIBERO-Long and (b) CogACT on SimplerEnv, on identical axes; recovery curves are

seed means. (c) Gap to the teacher at 81% reduction on CogACT for the 1,200-step and 3,600-step budgets; zero denotes teacher success.

OpenVLA-OFT it stays between +2.1 and +4.5 points from
63% to 87%.

The advantage holds over a wide range of compression, and
its extent differs between the two backbones. On CogACT it
remains significant through 89% reduction, and on OpenVLA-
OFT through 87%. Beyond roughly 85% reduction the
backbones themselves diverge, with CogACT plateauing near
44-46% and OpenVLA-OFT declining from 85.0% to 74.7%.

The two objectives preserve different properties. Supervised
recovery fits the task but allows the student’s representation to
drift from the teacher’s, whereas the KD term constrains it. On
episodes never seen during recovery, the SFT student’s mean-
squared error to the teacher’s cognition feature on CogACT
is 0.61, against 0.14 for the SFT+KD student (Fig. 3(c)). The
action loss reaches the representation only through the action
output, so the more pruning disturbs that representation, the
less the supervised term constrains it. This is why the two
objectives separate only beyond moderate compression, and
why more steps alone do not close the difference (Section V-
C). The KD term also reduces run-to-run variability at high
compression. At 72% reduction the seed spread is 2.44 points
for SFT against 0.94 for SFT+KD (Fig. 3(d)).

Full fine-tuning with the same objective attains 90.0%,
89.1%, and 82.8% at 45%, 63%, and 85% reduction. These
lie within the seed range of the LoRA runs (Fig. 3(b)), so
LoRA performs on par with full fine-tuning at these points
and the recovery cost remains at the adapter level.

C. Recovery Limits

The recovered student remains close to its teacher over a
wide range of compression. On the 756-episode subset, at
the standard 1,200-step budget, the student tracks the teacher
up to 72% reduction, falling at most 4.4 points below it and
never by a significant margin. At 81% the gap grows to 12 to
18 points, and depends on the training budget. Tripling that
budget to 3,600 steps narrows the gap to the teacher from
14.3 to 3.9 points on average (—1.1, —2.0, and —8.6 points
across three seeds; not significant on two of three, p = 0.66,
0.34, and 7.9 x 10~%), and improves success by 10.4 points
on average, significant on two of three seeds. The reachable
compression is set by the recovery procedure and its budget,
not by the pruned architecture alone.

The budget alone does not close the gap at 81%. If the
two objectives differed only in how fast they converge, a
matched budget would close it. Extending supervised-only
recovery at 81% reduction to the same 3,600-step budget lifts
it significantly, by about 8 points, yet that student finishes
more than 23 points below the teacher. Hidden-state KD at that
budget finishes 3.9 points below on average (Fig. 2(c)). The
separation between the objectives is as large at the matched
budget as at 1,200 steps. The gain from the larger budget
depends on the objective, and the two act together instead of
substituting for each other.

Past 85% reduction, success plateaus around 44-46% at
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the 1,200-step budget. At 81% reduction on CogACT, varying
A five-fold moves success by at most 0.5 points, within 57.1—
57.6%. Tripling the budget changes success by more than ten
points.

D. Width versus Depth Pruning

Depth and width pruning have so far been developed with
their own recovery pipelines, so we place both under one
protocol and vary only the pruning choice. We reimplement
the CKA-guided layer selection of [8] and evaluate it under
the same recovery protocol, budget, evaluation procedure,
and statistics. Depth- and width-pruned models are matched
by effective reduction at three points on both backbones.

Under this controlled setting, width pruning achieves
higher success than the CKA-guided depth baseline at every
measured point on both backbones, with every contrast
significant (Fig. 4). The margin is 2.8 to 12.9 points on
OpenVLA-OFT and 9.0 to 33.2 points on CogACT. The
margin is present from the mildest ratio we test and grows
with compression.

Depth and width pruning differ qualitatively before re-
covery. Depth-pruned models reach 0% success at all three
OpenVLA-OFT points, while width pruning at 45% retains
54.4%, so recovery begins from a functioning policy. A
removed layer eliminates every computation it performed,
while a narrowed layer retains the highest-scoring heads and
channels at every depth. A similar ordering has been found
for language models [6] and vision-language models [23],
and the matched protocol here shows that the same ordering
holds under closed-loop control.

On latency, the ordering reverses. Depth pruning is faster
at every measured point, by 1.31x to 1.66x against 1.14x
to 1.18x for width. Dropping a layer removes sequential
computation, while narrowing one leaves the number of
sequential steps unchanged. Depth-pruned models also train
about 22% faster per step, consistent with the training-cost
advantage found in [8]. Width pruning and depth pruning
thus present a trade-off, one preserving task success and the
other yielding larger latency reductions.

On CogACT, where the target is a single cognition vector,
the hidden-state KD improves success at every depth ratio by
7.8 to 22.0 points. On OpenVLA-OFT, where the target is
spread over 56 action-token positions, the gain is significant
at one of three points. A target spread over many positions

TABLE II
DEPLOYMENT AT BATCH 1. COGACT RUNS ON AN A6000 IN BF16 WITH
AN FP32 DIFFUSION HEAD AND TEN DDIM STEPS AT GUIDANCE SCALE
1.5, AND OPENVLA-OFT ON AN H100 IN BF16. BACKBONE DENOTES
THE RETAINED BACKBONE SIZE AND SUCCESS RATES ARE THOSE OF
TABLE I. LATENCY IS THE MINIMUM OVER REPEATED BATCHES OF 100
FORWARD PASSES AFTER WARM-UP, AND SPEED IS THE
TEACHER-TO-STUDENT LATENCY RATIO.

Model Backbone SR (%) Latency (ms) Speed VRAM (GiB)
CogACT / SimplerEnv
teacher 6.74B 67.2 129.1 1.00x 14.7
45% KD  3.70B 74.9 97.3 1.33%x 9.1
63% KD 2.51B 71.9 89.4 1.44x 6.8
72% KD 1.86B 68.6 85.0 1.52x 5.6
81% KD 1.26B 56.2 84.7 1.52x 44
OpenVLA-OFT / LIBERO-Long
teacher 6.74B 93.2 59.3 1.00x 15.9
45% KD  3.70B 90.0 52.2 1.14x 10.2
63% KD 2.51B 89.7 51.1 1.16x 7.9
72% KD 1.86B 90.1 51.0 1.16x 6.8
81% KD 1.26B 88.6 50.4 1.18% 5.6

is harder to reproduce once whole layers are missing, so
the distillation target and the pruning choice do not act
independently.

E. Deployment Measurements

Latency does not follow the parameter count (Table II).
On CogACT latency falls from 129.1 ms to 85.0ms at 72%
reduction and then stays at 84.7-85.0ms. The diffusion
sampler runs ten DDIM steps independently of backbone size,
and that fixed cost sets a latency floor that further narrowing
cannot lower. OpenVLA-OFT latency stays within 50-52 ms
at every ratio, consistent with the unchanged layer count
limiting further reductions (Section V-D). Memory follows
the retained parameter count on both backbones, so latency
and memory must be read separately.

These measurements identify 72% reduction as the oper-
ating point. At that ratio, and at the 1,200-step budget, the
CogACT student scores 68.6% on all 864 episodes against
a 67.2% teacher, matching it on the 756-episode subset. It
runs 1.52x faster and uses 62% less memory at no cost in
success. Further compression saves memory but not latency.
Locating such a point requires a sweep of this density, since
one or two ratios do not show where success, latency, and
memory cease to move together.
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Fig. 5. A successful rollout of the 72% SFT+KD student on a long-horizon
task. Frames are ordered from left to right and top to bottom. Three objects
are placed into the basket in sequence (1-4 tomato, 5—6 orange, 7-8 banana);
the green cube and the cup are distractors.

Robustness under distribution shift. The advantage of
the KD term persists under perturbation. Over the 1,992
SimplerEnv variant episodes on CogACT, the 72% SFT+KD
student reaches 60.7% against 37.2% for the SFT student
and 66.6% for the teacher. The margin of 23.5 points is as

large as the +22.1 points measured in distribution (Table I).

On LIBERO-Plus the recovered 45% OpenVLA-OFT student
stays within 1.8 points of its teacher, at 63.4% against 65.2%
over 2,519 initial states.

F. Real-Robot Validation

On an AgileX PiPER 6-DoF arm (Fig. 5) we evaluate
the teacher and the 72% OpenVLA-OFT students recovered
with SFT and with SFT+KD. The two students share the
architecture, the cache, and the budget, and differ only in
the recovery objective. The teacher is fine-tuned on 450
demonstrations collected across 10 tasks. The students are
recovered from a cache built over the same data and trained

for 20,000 steps, with the adapter configuration of Section IV.

Each model is run for 20 trials per task over the same 20
layouts and scored with McNemar’s exact test on the paired
episodes. Latency and memory are measured on the robot’s
on-board Jetson Thor (Table III).

Success. The contrast between the two objectives also
appears on hardware. Over 200 paired episodes the SFT+KD
student reaches 77.5%, outperforming the SFT student by
18.0 points (p < 0.001). It also exceeds the teacher’s 65.5%
by 12.0 points (p = 0.004), whereas the same 72% operating
point in simulation places the student 3.1 points below its
teacher. The SFT student, by contrast, remains 6.0 points
below the teacher. Both students also receive the ground-truth
action targets during recovery, which the teacher did not.

TABLE III
REAL-ROBOT VALIDATION ON AN AGILEX PIPER 6-DOF ARM. THE
COLUMNS ARE THE OPENVLA-OFT TEACHER AND THE TWO STUDENTS
PRUNED TO 72% EFFECTIVE REDUCTION; THE LAST ROW POOLS THE 200
EPISODES INSTEAD OF AVERAGING THE THREE FAMILIES. LATENCY IS
THE MEDIAN OF 50 REPETITIONS OF ONE FULL POLICY QUERY ON THE
ON-BOARD JETSON THOR, MEASURED AFTER WARM-UP.

72% student

Task family teacher SFT SFT+KD

success rate (%)

object (4 tasks, 80 ep) 78.8  78.8 90.0

spatial (3 tasks, 60 ep) 56.7  50.0 70.0

long-horizon (3 tasks, 60 ep)  56.7  43.3 68.3

overall (200 ep) 65.5 595 71.5
on-board deployment

latency (ms) 362 163 162

memory (GiB) 150 5.7 5.7

The margin over SFT is largest on the long-horizon family
(+25.0) and the spatial family (420.0), both significant, and
smallest on the object family (4-11.2, not significant). Longer
tasks give errors more steps to compound, so remaining close
to the teacher’s representation matters most there.

Memory and latency. On-board memory drops from
15.0GiB to 5.7 GiB, a 62% saving, close to the drop from
15.9 to 6.8 GiB measured on the workstation (Table II). Both
students are structurally identical, so they share that footprint
and differ in latency by 1 ms. Hidden-state distillation adds
no parameters or computation at inference. On-arm latency
falls from 362 ms to 162 ms, a speedup of 2.23x and about
twice the 1.16x measured on the H100 at the same ratio.
The same compression therefore yields more speed on the
robot’s own hardware.

VI. DISCUSSION

The sweep provides a direct account of how far a VLA
can be compressed and of what recovery it requires, on a
single GPU, with no simulator and no reward. Up to 45%
reduction, supervised fine-tuning on the cached recovery data
recovers about as much as distillation does, with no significant
difference between the two, and the KD term can be omitted.
Beyond that point, supervised recovery alone leaves a larger
gap to the teacher’s representation. Matching hidden states
limits that drift, which improves success by more than 20
points on CogACT at high compression.



The compression ratio should be chosen together with
the recovery budget, since the two jointly determine the
attainable success. A larger budget moves the student closer
to the teacher, and under the distillation objective it reduces
a gap of more than 12 points to about four on average.

Between the two pruning choices, width favors task success
and depth favors latency. On the Jetson Thor, width pruning
yields about twice the speedup measured on the workstation
while keeping its success advantage. Most of the latency that
width pruning sacrifices on a workstation is regained on robot
hardware.

VII. LIMITATIONS

All compression ratios are swept in simulation, and the
real-robot evaluation covers the 72% operating point over 200
paired episodes. Both backbones share the Prismatic VLM
family, so the results show consistent behavior across two
action-head paradigms, and extending the analysis to other
VLM families is a natural next step. Recovery uses fixed,
unaugmented cached observations, and alternative distillation
targets were compared at one operating point.

VIII. CONCLUSION

A pruned vision-language-action model can be recovered
from a cache of demonstrations and teacher hidden states
alone, without reinforcement learning, rollouts, or a reward.
Supervised recovery restores most of the lost success, and
hidden-state distillation adds a significant further gain between
63% and 87% reduction on OpenVLA-OFT and from 63%
to 89% on CogACT. A larger recovery budget narrows the
gap of the student at 81% reduction to 3.9 points on average.
The advantage also appears on a physical robot, where the
distilled student runs 2.23x faster than its teacher and adds
no memory or latency over supervised recovery.
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