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Abstract

Vision-Language-Action (VLA) models face observation la-001
tency during deployment, where the standard response is002
to shrink the action chunk size. We show that this con-003
flates two distinct factors: how often the model re-queries,004
and which position inside the predicted chunk is executed.005
We treat these as independent parameters in OpenVLA-006
OFT and find that, under matched compute budgets, select-007
ing a staleness-appropriate position outperforms the chunk-008
size-constrained position by 32–96 percentage points on009
LIBERO-Spatial (∼132K simulated episodes). The effect010
is task-dependent. Late positions degrade performance on011
LIBERO-Spatial but remain reliable on LIBERO-Object.012
Within the setting we study, execution position is a separate013
design dimension that the chunk-size interface does not ex-014
pose.015

1. Introduction016

Vision-Language-Action (VLA) models [1–5] have become017
a standard approach to general-purpose robot control. Fol-018
lowing ACT [7] and Diffusion Policy [8], they predict a019
chunk of K actions from a single observation and execute020
them open-loop before the next inference call. Chunking021
amortizes the cost of running a large model and is now a022
standard component of the VLA pipeline.023

Real deployments, however, do not run at zero latency. A024
7B-parameter VLA takes hundreds of milliseconds per in-025
ference call [11, 15], and network delays and asynchronous026
control loops add more on top. By the time a chunk reaches027
the robot, the observation it was conditioned on is already028
stale. A common response is to shrink the chunk size c,029
under the intuition that smaller chunks re-query more often030
and are therefore more robust.031

This intuition implicitly conflates two distinct factors.032
The chunk size c controls both how many actions are ex-033
ecuted before the next inference and which positions inside034
the predicted chunk are used. Shrinking c changes both at035

Figure 1. Decoupling action position under staleness. At
S=1 and e=2, standard chunking executes misaligned positions
(a(6), a(7)). Selecting temporally aligned positions (a(1), a(2)) at
identical compute raises success from 0.8% to 97.2%. No retrain-
ing required.

once, and the standard interface in OpenVLA-OFT does not 036
separate these two factors. When a small chunk works bet- 037
ter under latency, it is unclear whether the gain comes from 038
re-querying more often or from picking different positions 039
in the chunk. 040

We decouple these factors by defining an action offset 041
(the starting position within the chunk) and an execution 042
count (the number of actions executed per inference) as 043
independent parameters. The standard protocol is a con- 044
strained special case that always starts from a fixed position 045
and executes the entire selected suffix. With offset and exe- 046
cution count decoupled, we can fix the compute budget and 047
vary the starting position independently. 048

We evaluate this design on OpenVLA-OFT with two 049
LIBERO task suites under controlled observation staleness 050
(Figure 1 shows a representative case). At matched com- 051
pute, choosing the offset based on the current staleness 052
beats the standard protocol by 32 to 97 percentage points 053
in success rate on LIBERO-Spatial, and the gap follows di- 054
rectly from the temporal training target of each chunk posi- 055
tion. We further find that chunk-internal reliability is task- 056
dependent: late positions degrade on LIBERO-Spatial but 057
not on LIBERO-Object. Within the setting we study, these 058
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results suggest that the position used inside a chunk should059
be considered an explicit design choice, not a side effect of060
chunk size.061

2. Related Work062

Chunking under latency. ACT [7] introduced action063
chunking for non-Markovian behavior, and Diffusion Pol-064
icy [8] and recent VLAs [2–6] use the same scheme. These065
methods do not model observation staleness; inference la-066
tency is noted as an engineering issue but is not studied. We067
treat staleness S as a controlled variable.068

Mitigations at the chunk level. Another line of work069
attacks latency through scheduling. RTC [11] generates070
the next chunk asynchronously while the current one runs.071
BID [12] trades off consistency and reactivity at chunk072
boundaries. LNOB [14] corrects a precomputed chunk073
against the latest observation. SmolVLA [15] targets per-074
chunk cost. In all of these the chunk is the unit of analysis.075
We ask a different question: given staleness S, which posi-076
tion inside the chunk should be executed?077

Per-position reliability. ACT’s temporal ensembling [7]078
averages predictions from overlapping chunks at the same079
target timestep. This assumes that all positions in a chunk080
are equally reliable estimates of the same timestep. Later081
chunked policies inherit this assumption and tune chunk082
length as a single scalar. We test it by varying the offset k083
at fixed S and measuring reliability along two axes at once:084
the position inside the predicted chunk, and the timestep be-085
ing targeted.086

3. Method087

3.1. Preliminaries088

We consider a Vision-Language-Action (VLA) model that
operates in a discrete-time control loop. At each control
step t, the model receives a visual observation ot and a pro-
prioceptive state pt, and predicts a chunk of K future ac-
tions:

at = (a
(0)
t , a

(1)
t , . . . , a

(K−1)
t )

where a(j)t ∈ R7 is supervised as the action for environment089
step t+ j, and we set K = 8 following OpenVLA-OFT [3].090

In practice, visual observations are subject to latency091
from image acquisition and processing. We formalize this092
as observation staleness S ≥ 0: at control step t, the093
model receives image ot−S while proprioception pt remains094
current. This reflects the common deployment scenario095
where proprioceptive sensing operates at sub-millisecond096
latency while camera capture and transmission introduce097
100–500ms of delay [11]. At LIBERO’s 20 Hz control fre-098
quency, each unit of S corresponds to 50 ms.099

3.2. Chunk-Based Protocol 100

The standard deployment interface exposes a single hyper- 101
parameter, the execution chunk size c ∈ {1, . . . ,K}. In 102
OpenVLA-OFT [3], c dictates the execution of the chunk 103

suffix a
(K−c)
t , . . . , a

(K−1)
t before re-querying. This fixes 104

the action offset k = K − c (the starting index within the 105
chunk) and the execution count e = c (the number of steps 106
per inference call). This convention contrasts with ACT [7] 107
and Diffusion Policy [8], which execute the chunk prefix 108
(k = 0, e = c). Under OFT, reducing c shifts execu- 109
tion toward later indices that target the farther future. In 110
ACT, k remains fixed at 0. The common observation that 111
“smaller chunks are more robust to staleness” [11] conflates 112
increased re-querying frequency with shifts in action posi- 113
tioning. The standard interface in OpenVLA-OFT does not 114
allow these effects to be isolated. 115

Protocol k e Notes

ACT-style (prefix) 0 c Discards a(c), . . . , a(K−1)

OFT-style (suffix) K − c c Discards a(0), . . . , a(K−c−1)

Decoupled (ours) free free Any (k, e) with k + e ≤ K

Table 1. Three deployment protocols. The first two are special
cases of the third. Both standard protocols couple k and e through
a single c; the decoupled protocol treats them independently.

3.3. Decoupled Protocol 116

To disentangle these effects we treat k and e as indepen- 117
dent parameters. At each re-query step t, the model pre- 118
dicts at based on (ot−S , pt), after which the agent executes 119

a
(k)
t , a

(k+1)
t , . . . , a

(k+e−1)
t and advances t← t+ e. Setting 120

k = K − c and e = c recovers the standard chunk-size 121
protocol in OpenVLA-OFT, while other (k, e) pairs access 122
slices of the predicted chunk that the standard interface does 123
not expose. Table 1 summarizes how the standard protocols 124
sit inside this larger space. 125

A key property is budget parity: for a fixed e, both the 126
standard and decoupled protocols invoke the model every e 127
steps. The inference frequency and total per-episode com- 128
pute are therefore identical, so any performance difference 129
observed at matched e can be attributed to the choice of ac- 130
tion offset k rather than to additional computation. 131

Under staleness S, the action a
(k)
t is trained to act at ab- 132

solute time (t−S) + k, which coincides with the current 133
time t when k = S. This is the basis for choosing k to 134
match the expected staleness. 135

3.4. Experimental Design 136

We evaluate on LIBERO [9], a simulated tabletop manip- 137
ulation benchmark with a 7-dimensional action space (3D 138
position, 3D rotation, 1D gripper). We use the LIBERO- 139
Spatial and LIBERO-Object suites, each containing 10 140
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tasks. For every condition we run 50 trials per task (500141
episodes), with seed = 7 and center-crop preprocessing. An142
episode succeeds if the goal predicate holds for at least 10143
consecutive steps.144

Our experiments cover three regimes. The chunk-based145
sweep varies c ∈ {1, . . . , 8} and S ∈ {0, . . . , 10} on Spa-146
tial under the standard OFT protocol (∼40K episodes). This147
gives the confounded landscape where k and e change to-148
gether. The position-isolation sweep fixes e = 1 and varies149
k ∈ {0, . . . , 7} and S ∈ {0, . . . , 8} on both suites (∼36K150
episodes on Spatial, ∼36K on Object). The model re-151
queries every step, so this isolates the effect of position. The152
matched-budget comparison evaluates the standard protocol153
(k = K − e) against the decoupled protocol (k = k̃(S))154
at e ∈ {2, 3, 4} (∼20K episodes), holding inference fre-155
quency and compute fixed. In total we run approximately156
132K simulated episodes.157

At S = 0 and c = 8 (no staleness, full-chunk execu-158
tion), our LIBERO-Spatial success rate matches the 97.6%159
reported in OpenVLA-OFT [3], confirming that our repro-160
duction aligns with the published baseline.161

4. Results162

4.1. Chunk size confounds two effects163

We first examine what the standard chunk-size interface164
reveals about staleness. Figure 2 shows the chunk-based165
protocol on LIBERO-Spatial. Smaller chunks perform bet-166
ter at high staleness, while larger chunks perform better at167
low staleness, consistent with the common claim that small168
chunks are more robust to observation delay.169

Figure 2. Chunk-based protocol on LIBERO-Spatial (∼40K
episodes). Success rate vs. chunk size c and staleness S.

Reducing c conflates two distinct mechanisms. It in-170
creases the re-querying frequency and shifts which action171
positions are executed. With c = 1 the executed action is172
a(7), whereas c = 8 executes a(0) through a(7). Figure 2173

alone cannot disentangle which mechanism drives the ob- 174
served trend. 175

4.2. Position alone explains most of the gap 176

We ask how much of the chunk-size trend is driven by ac- 177
tion position rather than by re-query frequency. To isolate 178
the position effect, we apply the decoupled protocol with 179
e = 1, which forces the model to re-query at every step and 180
execute a single action at position k. Any variation across k 181
at a fixed S is then attributable to position. 182

Figure 3. Decoupled protocol with e = 1 (∼36K episodes per
suite). A diagonal band along k = S emerges on both suites. Late
positions diverge: Spatial (left) drops at k ≥ 6, Object (right) stays
near-optimal through k = 7.

Figure 3 reports the resulting 9 × 8 grid. At S = 4, 183
success varies from 28.0% at k = 0 to 97.0% at k = 3. 184
At S = 6, the corresponding values are below 1% and 185
95.2%. Despite identical compute and observations, the 186
success rate varies drastically based solely on the chosen 187
position, and the high-success region forms a diagonal band 188
peaking near k = S. 189

This pattern is consistent with the temporal training tar- 190

get derived in Section 3. Since a
(k)
t is trained to act at time 191

t + k, an observation that is S steps stale aligns with the 192
current environment time when k = S. The Spatial panel 193
of Figure 3 shows that OpenVLA-OFT retains this chunk- 194
internal temporal coordinate under staleness, and the Object 195
panel shows the same diagonal pattern. 196

4.3. Matched-budget comparison 197

We ask how much of the position effect translates to prac- 198
tical gains under realistic compute budgets. From Figure 3, 199
the diagonal degrades beyond k = 4 on LIBERO-Spatial 200
(analyzed in Section 4.5), so we define a reference rule 201
k̃(S) = min(S, 4). This rule is read off Figure 3 after the 202
fact and does not depend on test-time tuning. 203

We compare the chunk-based protocol, which forces k = 204
8− e, against the decoupled protocol with k = k̃(S). Both 205
configurations operate at the same execution count e, the 206
same inference frequency, and the same compute budget. 207
Any difference is attributable to action position. 208
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(e, S) Chunk k=8−e Decoupled k=k̃ Gap

(2, 1) 0.8% 97.2% +96.4
(3, 0) 3.0% 97.2% +94.2
(3, 1) 10.6% 98.0% +87.4
(4, 1) 31.6% 98.8% +67.2
(3, 3) 46.6% 98.2% +51.6
(4, 2) 66.6% 98.6% +32.0

(2, 7) 85.4% 90.8% +5.4
(3, 5) 90.4% 97.4% +7.0

Table 2. Matched-budget comparison on LIBERO-Spatial.
Rows share the same e and compute budget. Decoupled rows use
k̃(S) = min(S, 4). The gap is large when the chunk-forced k is
far from k̃ (top) and small when close (bottom).

The observed gaps follow from the temporal semantics.209
Consider (e = 2, S = 1), in which the chunk-based proto-210
col executes a(6) and a(7). At observation time t − 1, a(6)211
targets time t + 5, which is five steps ahead of the current212
environment state. Executing an action intended for five213
steps in the future as if it were the current action is mis-214
aligned, and the resulting near-zero success rate is the ex-215
pected outcome. The chunk-size interface offers no mecha-216
nism to substitute a(1) or a(2), even though these positions217
are temporally appropriate.218

The same reasoning applies throughout the table. When-219
ever S ≪ 8 − e, the chunk-forced k is far from the220
staleness-appropriate k, and the gap tracks the degree of221
mismatch. The bottom two rows of Table 2 confirm this.222
At (e = 2, S = 7) and (e = 3, S = 5), where the chunk-223
forced k already happens to be near optimal, the gap shrinks224
to 5.4 and 7.0 pp. Because the compute budget is held fixed225
throughout, these gaps arise from the choice of action posi-226
tion.227

4.4. Execution count plays a minor role228

A natural question is whether the gains in Section 4.3 arise229
partly from the choice of e rather than k. To check this,230
we sweep e ∈ {2, . . . , 8} at fixed (S, k) pairs on LIBERO-231
Spatial.232

Within the explored range e ∈ {2, . . . , 8}, varying e has233
little effect on success rate. At staleness-aligned conditions234
(k ≈ S), the spread across e stays within 2 pp. At mis-235
aligned k = 0, e has a larger effect (up to ∼7 pp), but this236
is an order of magnitude smaller than the position effect of237
32–96 pp (Table 2). In our setting, position is the dominant238
axis and e acts as a compute knob. We discuss the limits of239
this conclusion in Section 5.240

(S, k) e=2 e=3 e=4 Range

Staleness-aligned (k ≈ S)
(0, 0) 96.8% 97.2% 97.6% 0.8 pp
(1, 1) 97.2% 98.0% 98.8% 1.6 pp
(3, 3) 97.8% 98.2% 96.6% 1.6 pp
(4, 3) 97.6% 98.2% 98.0% 0.6 pp
(5, 4) 96.6% 97.4% 96.8% 0.8 pp
(6, 4) 93.2% 93.2% 93.2% 0.0 pp

Misaligned (k = 0)
(2, 0) 83.2% 85.4% 88.0% 4.8 pp
(4, 0) 33.0% 37.0% 38.8% 5.8 pp
(6, 0) 8.2% 9.2% 10.4% 2.2 pp

Table 3. Effect of execution count e at fixed (S, k) on LIBERO-
Spatial. At staleness-aligned (S, k) (top), e shifts success by at
most 2 pp. At misaligned k = 0 (bottom), the effect stays under 6
pp, far below the position effect of 32–96 pp (Table 2).

4.5. Cross-suite analysis: late positions degrade on 241
Spatial but not Object 242

The decoupled protocol reveals a second, distinct effect be- 243
yond temporal alignment. Consider the diagonal conditions 244
where k = S, each of which targets the current timestep. If 245
action quality depended on temporal alignment, these con- 246
ditions would yield similar success rates regardless of k. 247

Figure 3 shows that this is not the case. On LIBERO- 248
Spatial (left panel), the diagonal remains high through k = 249
4 (95.8% at (S=4, k=4)) and then drops: 89.8% at k = 5, 250
77.8% at k = 6, and 55.6% at k = 7. Since all condi- 251
tions share the same target time, the drop reflects prediction- 252
quality degradation at late chunk positions, not temporal 253
misalignment. 254

On LIBERO-Object (right panel), no such degradation 255
appears within the tested range. The diagonal stays above 256
95% through k = 7, and at (S=7, k=7) success is 96.8%. 257
Table 4 summarizes the contrast: at S = 8, Object peaks 258
at k = 7 (96.2%) while Spatial’s k = 7 drops to 68.2%. 259
Both suites use the same base model architecture, so the 260
discrepancy arises from the fine-tuning distribution rather 261
than the model itself. 262

Data-level correlate. Why do late positions degrade on 263
Spatial but not on Object? We examine the fine-tuning 264
demonstrations using state-conditioned variance. Chunks 265
are grouped by starting proprioceptive state, and within-bin 266
action variance is computed per chunk position. LIBERO- 267
Spatial shows about 2× higher variance than LIBERO- 268
Object at all positions (ratio 1.82–2.07), consistent with L1 269
regression collapsing multimodal futures toward their mean 270
where futures are more diverse. This is a suite-level cor- 271
relation, not a causal explanation: per-task variance does 272
not predict per-task failure at k = 7 (r ≈ 0). The Object 273

4



CVPR
#29

CVPR
#29

CVPR 2026 Submission #29. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

baseline at S=0 (80.6% vs. 96.2%) reflects overall task dif-274
ficulty rather than staleness sensitivity.275

S Spatial peak (k∗) Object peak (k∗) ∆

0 96.2% (k=0) 80.6% (k=0) −15.6
2 98.2% (k=2) 95.2% (k=2) −3.0
4 97.0% (k=3) 97.0% (k=4) 0.0
6 95.2% (k=4) 96.8% (k=5) +1.6
8 84.6% (k=6) 96.2% (k=7) +11.6

Table 4. Peak performance per staleness level. On Object, k∗

tracks S through k = 7. On Spatial, k∗ saturates at 4 as late
positions degrade. The ∆ column (Object minus Spatial) flips sign
beyond k = 4.

5. Discussion and Conclusion276

Practical recipe. Our results point to a simple deploy-277
ment guideline for OpenVLA-OFT. Measure the system’s278
vision latency L, convert it to staleness steps S = ⌊L · fc⌋279
at control frequency fc (at LIBERO’s 20 Hz, one step of S280
corresponds to 50 ms), and set k = min(S, kmax), where281
kmax is validated empirically for each task distribution (4282
for Spatial and 7 for Object in our experiments). The execu-283
tion count e can be chosen to match the available compute.284
No retraining is required.285

Why the gap is so large. The 32–97 pp gaps in Table 2286
appear whenever S is much smaller than 8 − e. In this287
regime, the chunk-based protocol executes actions trained288
for several steps in the future as if they applied to the current289
timestep, which is the worst case for the chunk-size inter-290
face. Moderate latency (S = 1–4) combined with moderate291
compute budget (e = 2–4) covers much of what a real VLA292
deployment looks like, so this regime is not a corner case.293

Practical access to staleness. The decoupled protocol re-294
quires choosing k as a function of S. In real systems, vision295
latency can be read from image timestamps, which gives a296
direct estimate of S. When staleness varies online, k can be297
set from a conservative upper bound.298

Relation to hierarchical approaches. A separate line of299
work decomposes the policy itself, pairing a slow chunked300
model with a faster reactive controller [13]. That operates301
at the architecture level and is orthogonal to the question302
of which position inside a single chunk to execute. The303
decoupled protocol could sit inside either layer of such a304
system.305

Limitations. Our evaluation uses a single VLA architec-306
ture (OpenVLA-OFT with L1 regression) and two LIBERO307

task suites in simulation. Whether the same picture ex- 308
tends to diffusion- or flow-based action heads [4, 5, 8] 309
or to real-hardware deployments remains open. The stal- 310
eness simulation delays only vision while proprioception 311
stays current, whereas real hardware shows correlated de- 312
lays across modalities. Our execution-count sweep covers 313
e ∈ {2, . . . , 8} at K = 8, and for systems with longer 314
chunks or much larger e, the relative contribution of e may 315
differ. Finally, k̃(S) = min(S, 4) is a descriptive rule fit to 316
LIBERO-Spatial at e = 1 and serves only as a fixed refer- 317
ence in Table 2, not as a universal policy. 318

Conclusion. The chunk-size interface in OpenVLA-OFT 319
hides a degree of freedom that matters under latency, which 320
is the choice of which action positions from a predicted 321
chunk are executed. Decoupling this choice from re-query 322
frequency yields 32–97 pp success-rate gains at identical 323
compute on LIBERO-Spatial, and the size of the gap tracks 324
the temporal alignment between prediction and execution. 325
The effect is task-dependent. Late positions stay reliable 326
on LIBERO-Object but degrade on LIBERO-Spatial, so 327
chunk-internal reliability should be characterized for each 328
task distribution rather than assumed uniform. Within the 329
setting we study, the position used inside a chunk is a 330
tunable design variable, not a side effect of chunk size. 331
Whether this picture holds for other VLA architectures and 332
on real hardware is left to future work. 333
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