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Abstract
Vision-Language-Action (VLA) models have achieved strong

performance on robotic manipulation tasks, yet existing

evaluation protocols often exclude inference latency from

simulated-time execution and rely primarily on binary task

success.We introduce LIBERO-LQ, a Latency andQuality-
aware benchmark that advances the environment during

policy inference and evaluates synchronous and asynchro-

nous execution under matched latency. Beyond task suc-

cess, LIBERO-LQmeasures trajectory-level quality, including

smoothness, stability, motion efficiency, and estimated actu-

ator energy. Evaluations on LIBERO-LQ reveal a continuity–

reactivity trade-off in fixed real-time chunking strategies:

retaining prior continuation improves motion continuity,

but can constrain corrective replanning when observations

change. To address this trade-off, we introduce Adaptive
Continuation Routing (ACR), a lightweight router that
adaptively retains or releases continuation at each replan-

ning step. Extensive experiments show that ACR maintains

high task success while preserving trajectory quality under

inference latency.
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1 Introduction
Vision-Language-Action (VLA)models have recently emerged

as a powerful paradigm for general-purpose robotic manipu-

lation. Representative systems include RT-1, RT-2, OpenVLA,

and 𝜋0 [3, 6, 13, 30]. These models are commonly evaluated

on standardized simulation benchmarks, including LIBERO,

CALVIN, ManiSkill2, BEHAVIOR-1K, and EmbodiedBench

[10, 14, 18, 20, 29].

Recent studies have shown that inference latency can

substantially degrade VLA performance during deployment.

Delay-Aware Diffusion Policy [17] demonstrates a mono-

tonic decrease in task success as execution latency increases

due to observation–execution mismatch. A2C2 [23] and

AsyncVLA [11] further show that delayed and asynchro-

nous execution require real-time correction mechanisms to

maintain performance. These results establish inference la-

tency as a first-order factor in closed-loop robot behavior.

However, widely used robotic manipulation benchmarks,

such as LIBERO [18], typically do not represent policy infer-

ence latency in simulated-time execution: although inference

consumes wall-clock time, the environment remains paused

until a new action is available. As a result, policies are eval-

uated under effectively zero inference latency, obscuring

latency-induced degradation in closed-loop execution.

A second limitation is that existing evaluation primarily

relies on binary task success. While success rate directly mea-

sures task completion, it provides only a coarse view of exe-

cution behavior. Two VLA systems with similar success rates

may produce substantially different trajectories in terms of

smoothness, stability, motion efficiency, and actuation effort.

These differences are not captured by success-only evalu-

ation, yet they are critical for deploying VLA policies on

physical robots.

To address this gap, we propose a latency-aware bench-

mark for Vision-Language-Action models that explicitly de-

couples policy inference from control execution and models

inference latency as a first-class experimental variable. By

incorporating realistic execution semantics and evaluating

policies beyond success rates alone, our benchmark provides

a more faithful and fair assessment of VLA systems under

realistic deployment conditions. Our contributions are as
follows:
• We introduce LIBERO-LQ, a latency- and quality-aware

benchmark for VLA policies. In addition to task success

and completion time, LIBERO-LQ reports trajectory-level

execution-quality metrics, including jerk, end-effector os-

cillation, trajectory and joint-rotation efficiency.

• Using LIBERO-LQ, we re-evaluate representative VLA

models and execution policies under latency-aware execu-

tion, showing that success-only evaluation obscures sub-

stantial differences in closed-loop behavior and trajectory

quality. In particular, we reveal a continuity–reactivity

trade-off in continuation-conditioned real-time chunk-

ing: retaining the continuation reference improves motion

smoothness, but can hinder corrective replanning when

the current observation calls for different future actions.
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• To navigate this trade-off, we propose ACR, a lightweight
chunk-level router that selects, at each replanning step, be-

tween prefix-conditioned generation and free generation.

The router is compatible with real-time chunking methods

such as RTC and Legato, and adds negligible inference

overhead.

2 Background
Vision-Language-Action (VLA) models [6, 13, 16, 30] map

visual observations and natural language instructions di-

rectly to robot actions using a learned policy. Recent systems

have demonstrated strong task generalization by leverag-

ing Vision-Language Model (VLM) backbones [1, 7, 15, 24].

By combining pretrained visual encoders [21] with large

language models [26, 27] and training on large-scale robot

demonstration datasets [8, 9, 12, 22, 28], VLA policies have

emerged as generalist controllers capable of executing di-

verse manipulation tasks. As these models scale in size and

capability, inference latency has become a central deploy-

ment challenge, fundamentally shaping how policy infer-

ence is coupled with action execution. Two representative

architectural paradigms are OpenVLA [13], which autore-

gressively predicts discretized action tokens, and 𝜋0.5 [2],

which incorporates a flow-matching action expert to gener-

ate continuous action chunks.

2.1 Execution Policy
Early VLA systems commonly employ synchronous execu-
tion, where the robot must wait for policy inference before

receiving new actions, leading to blocking behavior under

non-negligible latency [6, 13, 30]. Asynchronous execu-
tion avoids such stalls by launching inference before the

current action chunk is exhausted, allowing prediction and

execution to overlap. Its simplest form, termedNaive Async,
immediately switches to the newly predicted chunk once

it becomes available [4]. However, because the new chunk

is generated without explicitly accounting for the pending

actions executed during inference, it can be inconsistent

with the ongoing trajectory, causing discontinuous or jerky

motion at chunk boundaries.

To address this issue, Physical Intelligence proposed Real-

Time Chunking (RTC) [4], an inference-time method that

formulates asynchronous chunk generation as an inpainting

problem: actions committed during inference are frozen as

a prefix, while the remaining actions are generated under

guidance from the previous chunk to improve inter-chunk

continuity. Since inference-time inpainting introduces addi-

tional denoising overhead, training-time RTC [5] simulates

inference delays during training and directly conditions the

policy on committed action prefixes, eliminating this addi-

tional deployment-time cost. Complementarily, VLASH [25]

addresses prediction–execution misalignment by estimat-

ing the execution-time robot state from previously issued

actions, enabling future-state-aware asynchronous predic-

tion without additional inference overhead. More recently,

Table 1. Execution policies evaluated in LIBERO-LQ. Bold

policies rely on flow-matching action generation and are not

applied to autoregressive action decoding in our evaluation.

Policy Action During Infer-

ence

Latency-Handling Mechanism

Sync Wait / hold action Applies a newly predicted chunk only after

inference completes, modeling blocking be-

havior.

Naive Async Remaining previous-

chunk actions

Directly switches to the new chunk after

inference, without cross-chunk alignment.

RTC-Zero Remaining previous-

chunk actions

Freezes the committed prefix and generates

the remaining actions without soft overlap

guidance.

RTC-Exp Remaining previous-

chunk actions

Freezes the committed prefix and applies

exponentially decayed guidance over the

overlapping region.

Training-
time RTC*

Remaining previous-

chunk actions

Predicts the continuation conditioned on

committed prefixes learned under random-

ized training-time delays.

VLASH*
Remaining previous-

chunk actions

Predicts from a rolled-forward execution-

time robot state to reduce prediction–

execution misalignment.

Legato* Remaining previous-

chunk actions

Learns continuation-aware flow dynamics

for smooth asynchronous chunk genera-

tion.

*
Requires method-specific fine-tuning; policies without this marker are applied

at inference time without retraining the underlying VLA checkpoint. Bold
denotes policies applicable only to flow-matching VLA models.

Legato [19] targets the lack of policy-native continuation

in RTC-style methods by learning continuation behavior

through schedule-shaped conditioning and reshaped flow

dynamics, reducing spurious multimodal switching across

chunks.

3 Libero-LQ
3.1 VLA Models and Execution Policies
LIBERO-LQ evaluates two factors: the VLA model that pre-

dicts actions and the execution policy that determines robot

behavior while a new prediction is unavailable due to in-

ference latency. This distinction matters because systems

with similar task success under zero-latency evaluation may

behave differently once inference delay is represented in

simulated time. For methods requiring dedicated condition-

ing or training, we evaluate the corresponding model-policy

configuration rather than treating the two factors as fully

interchangeable.

Let Δ𝑡𝑐 denote the control timestep, and let Δ𝑡 sim

inf
denote

the inference delay represented in simulated time, obtained

either frommeasured wall-clock latency or from a controlled

latency sweep. The corresponding number of elapsed control

steps is 𝑑 =
⌈
Δ𝑡 sim

inf
/Δ𝑡𝑐

⌉
. At policy query step 𝑘 , the VLA

model produces an action chunk of horizon 𝐻 , denoted as

𝑨𝑘 = [𝒂 (0)
𝑘
, 𝒂 (1)
𝑘
, . . . , 𝒂 (𝐻−1)

𝑘
].

During the subsequent 𝑑 control steps, the new chunk

is unavailable while the simulator continues to evolve. The

execution policy specifies both the actions applied during

this interval and how the returned chunk is connected to

the ongoing trajectory. A synchronous policy executes a
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Figure 1. Fixed continuation decisions reveal a success–

smoothness trade-off on LIBERO-10. Dashed lines indicate

Naive Async.

prescribed waiting or holding behavior until inference com-

pletes, whereas an asynchronous policy continues executing

available actions from the previous chunk. Continuation-

based methods additionally specify how the unexecuted

remainder of the previous chunk guides the new predic-

tion. Table 1 summarizes the execution policies evaluated in

LIBERO-LQ.

3.2 Evaluation Metrics
Existing robotic manipulation benchmarks primarily eval-

uate policies using functional metrics such as binary task

success. While effective for measuring whether a task is

completed, such metrics provide limited insight into how the

task is executed or how inference latency affects deployment-

relevant behavior. LIBERO-LQ therefore reports a set of non-

functional metrics. Details are shown in Appendix A.

4 Adaptive Continuation Routing (ACR)
4.1 Problem Formulation: Non-Stationary

Reliability of Continuation Conditioning
We consider continuation-conditioned real-time action chunk-

ing methods that generate a new action chunk while part of

the previously predicted chunk is still being executed. Let

𝑨𝑘 =
[
𝒂𝑘,0, . . . , 𝒂𝑘,𝐻−1

]
denote the action chunk produced

at replanning step 𝑘 , where 𝐻 is the chunk horizon, 𝑠 is the

execution horizon, and 𝑑 is the inference delay measured in

control steps. After the first 𝑠 actions of the previous chunk

have been executed, its remaining tail is
¯𝑨𝑘−1 = 𝑨𝑘−1 [𝑠 : 𝐻 ],

which contains 𝐻 − 𝑠 actions aligned with the first 𝐻 − 𝑠
positions of the newly generated chunk.

Real-time continuation methods such as RTC and Legato

use
¯𝑨𝑘−1 to encourage consistency between consecutive

action chunks. RTC realizes this behavior through inference-

time guidance over the overlapping actions, whereas Legato

controls the continuation effect through its ramp-length pa-

rameter. Although the mechanisms differ, both methods ex-

pose a continuation strength that can be retained or released

at each replanning boundary.

The overlap between the previous tail and the new chunk

contains two semantically different regions. During the 𝑑

control steps required for inference, the first 𝑑 actions of

¯𝑨𝑘−1 are executed before the newly generated chunk be-

comes available. These actions therefore form a committed

prefix,
𝑷𝑘−1 = ¯𝑨𝑘−1 [0 : 𝑑], (1)

which must be preserved in the new chunk:

𝑨𝑘 [0 : 𝑑] = 𝑷𝑘−1 . (2)

The remaining aligned actions,

𝑺𝑘−1 = ¯𝑨𝑘−1 [𝑑 : 𝐻 − 𝑠], (3)

form an editable overlap. These actions have not yet been
executed when the new prediction becomes available, so

continuation over this region can be preserved to encourage

smooth chunk transitions or released to allow corrective

replanning. The final 𝑠 actions of the new chunk have no

aligned counterpart in
¯𝑨𝑘−1 and therefore form an uncon-

strained future region.

Existing continuation-conditioned methods typically use

a fixed continuation configuration throughout an episode, al-

though the value of the previous tail varies across execution

stages. Retaining continuation can smooth transport mo-

tions, but after contacts, phase transitions, or large observa-

tion changes, the stale tail may hinder corrective replanning.

This motivates an adaptive router that decides whether to

retain or release continuation at each replanning boundary.

Figure 1 shows this success–smoothness trade-off. For

RTC, Release improves success from 88% to 95%, while mean

jerk increases from 2.41 to 2.66. For Legato, success rises from

91% to 97%, but jerk increases from 2.88 to 3.55. These re-

sults suggest that continuation should be selected adaptively

rather than fixed throughout an episode.

We formulate the routing decision as𝑏𝑘 ∈ {Release,Retain},
applied only to the editable overlap 𝑺𝑘−1; the committed pre-

fix 𝑷𝑘−1 is preserved under both decisions.

Routed continuation. The routing decision controls whether
soft continuation is applied over the editable overlap. Under

Retain, the previous action tail provides a soft reference

for the editable region; under Release, this soft reference is

removed while the committed prefix remains unchanged:

C𝑘 =

{
𝑺𝑘−1, 𝑏𝑘 = Retain,

∅, 𝑏𝑘 = Release,
(4)

where C𝑘 denotes the soft continuation context used for

generating the next action chunk. In RTC, Release is imple-

mented by setting the soft guidance weights in the editable

overlap to zero. In Legato, it is implemented by setting the

ramp length to 𝑟𝑘 = 0 for the current replan.

4.2 ACR: Learned Release-or-Retain Decision
Router formulation. We train a separate lightweight

binary router for each underlying VLA model and omit the

model indexwhen it is clear from context. At each replanning

boundary, the router predicts the probability of selecting

Release as 𝑝𝑘 = ACR(𝒛𝑘 , 𝑹𝑘 ), where 𝑝𝑘 ∈ [0, 1]. The routing
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Figure 2. Latency-aware evaluation on LIBERO. Top: success rates under increasing inference latency 𝑑 across four LIBERO

suites. Bottom: trajectory-quality metrics on LIBERO-Spatial.

decision is 𝑏𝑘 = Release if 𝑝𝑘 > 0.5, and 𝑏𝑘 = Retain

otherwise.

Here, 𝒛𝑘 ∈ R𝐷𝑧
denotes the mean-pooled VLM output

produced from the current visual observation and language

instruction at replanning step 𝑘 , where 𝐷𝑧 depends on the

underlying VLA model. The reference 𝑹𝑘 ∈ R𝐻×𝐷𝑎
is con-

structed from the remaining tail of the previously predicted

action chunk and zero-padded to length 𝐻 when necessary,

where 𝐷𝑎 is the action dimension. Training details are intro-

duced in the supplementary material.

5 Experiments
5.1 Experimental Setup
We evaluate four representative VLA models: OpenVLA,

OpenVLA-OFT, 𝜋0.5, and SmolVLA. These models cover both

single-action and action-chunking architectures, as well as

synchronous and asynchronous execution policies. Open-

VLA is an autoregressive VLA that predicts and executes a

single action at each policy query. OpenVLA-OFT extends

OpenVLAwith action chunking and serves as a synchronous

chunk-execution baseline, where the robot waits for infer-

ence to complete before applying a newly predicted chunk.

In contrast, 𝜋0.5 and SmolVLA natively support asynchro-

nous action-chunk execution, allowing previously available

actions to continue executing while a new chunk is being

generated. SmolVLA further provides a lightweight real-time

baseline with lower model complexity. All models are imple-

mented using their official repositories and checkpoints.

5.2 Experiment Results
As shown in Fig. 2, synchronous baselines degrade sharply as

latency increases, whereas asynchronous execution policies

preserve substantially higher task success. Moreover, asyn-

chronously executed VLAs exhibit better trajectory quality

than their synchronous counterparts. In particular, RTC sub-

stantially reduces jerk, indicating smoother execution, but

achieves a lower success rate than the 𝜋0.5 naive asynchro-

nous baseline on the LIBERO-10 suite. In contrast, integrat-

ing VLASH with 𝜋0.5 leads to degraded trajectory quality

despite maintaining relatively high task success.
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Figure 3. Success–smoothness comparison of fixed continu-

ation strategies and ACR on LIBERO-10 under 𝑑 = 4 and soft

overlap length 6. ACR achieves the highest success rate for

both RTC and Legato while avoiding the large jerk increase

associated with always releasing continuation guidance.

5.3 ACR: Closing the Instance-Level Branch Gap
We now evaluate whether the learned router ACR can im-

prove real-time execution by selecting between releasing and

retaining editable continuation guidance at each replanning

step. To demonstrate that ACR is generalizable across differ-

ent continuation mechanisms, we instantiate it on two rep-

resentative methods: RTC, an inference-time continuation

smoothing strategy, and Legato, a fine-tuned continuation-

aware policy. We train an independent ACR router for each

instantiation and present the corresponding results in this

section.

Figure 3 evaluates ACR on RTC and Legato under 𝑑 = 4

and a soft overlap length of 6. For RTC, Retain is stronger

than Release among the two fixed strategies in both success

rate and smoothness; nevertheless, ACR further improves

success from 91% to 94% while keeping jerk substantially be-

low that of Release. For Legato, Release slightly improves

success over Retain, but incurs a large increase in jerk. ACR

further raises success to 96% while reducing jerk from 3.50

to 3.06. These results show that ACR improves task success

across distinct continuation mechanisms without inheriting

the full smoothness cost of always releasing continuation

guidance. More Ablation Experiments are included in sup-

plementary materials
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A Metrics
A.1 Inference Latency.
Wedistinguish between real inference latencyΔ𝑡 real

inf
, which

measures the wall-clock time required for model inference

on a given observation, and simulated inference latency
Δ𝑡 sim

inf
, which is an explicitly injected delay during simulation.

The simulated latency is treated as an experimental variable

and determines how long high-level actions are held while

the simulator continues to advance.

A.2 Jerk.
To quantify trajectory smoothness, we measure jerk, de-
fined as the third time derivative of the end-effector position,

which captures abrupt changes in acceleration and is a stan-

dard indicator of motion smoothness in robotic manipulation.

Let p𝑡 ∈ R3
denote the end-effector position at timestep 𝑡 ,

sampled at a uniform interval Δ𝑡 . We approximate the jerk

vector using a third-order finite difference:

j𝑡 ≈
p𝑡 − 3p𝑡−1 + 3p𝑡−2 − p𝑡−3

Δ𝑡3
. (5)

Trajectory smoothness is then quantified by the average

jerk norm over the rollout:

𝐽 =
1

𝑇 − 3

𝑇∑︁
𝑡=4

∥j𝑡 ∥2, (6)

where 𝑇 denotes the trajectory length. Lower jerk norm

values correspond to smoother andmore stablemotion, while

higher values indicate abrupt or oscillatory behavior. [? ]

A.3 Stability (End-Effector Oscillation).
While prior work measures execution stability using jerk-

based trajectory instability in joint space, we instead focus

on execution-level oscillations in task space, which are par-

ticularly prominent under inference latency.

Specifically, we measure stability by the average devia-

tion of the end-effector position from its mean over a short

temporal window of the last 𝐾 steps:

p̄ =
1

𝐾

𝑇∑︁
𝑖=𝑇−𝐾+1

p𝑖 , EE-Osc =
1

𝐾

𝑇∑︁
𝑖=𝑇−𝐾+1

∥p𝑖 − p̄∥
2

where p𝑖 ∈ R3
denotes the end-effector position at timestep

𝑖 . Higher EE-Osc indicates increased oscillatory behavior

during task execution, often arising from latency-induced

control inconsistencies.

A.4 Trajectory Efficiency.
We assess trajectory efficiency by the total trajectory length

required to successfully complete the task. Since the minimal

feasible trajectory length depends on task geometry and goal

configuration, efficiency is evaluated via relative, within-task

comparisons among successful trials.
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