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Abstract
Vision-Language-Action (VLA) models have shown strong
performance on robotic manipulation tasks through large-
scale multimodal pretraining. However, existing benchmarks
typically assume negligible inference latency and rely primar-
ily on binary success metrics, limiting their ability to evalu-
ate deployment-relevant execution behavior. We introduce
LIBERO-LQ, a Latency- and Quality-aware benchmark
for evaluating VLA models under realistic execution con-
straints. LIBERO-LQ decouples policy inference from envi-
ronment stepping, enabling simulated execution to progress
during non-negligible inference latency and supporting sys-
tematic evaluation of synchronous and asynchronous execu-
tion paradigms under identical latency conditions. Beyond
task success and completion time, LIBERO-LQ incorporates
a suite of trajectory-level, non-functional metrics that cap-
ture execution quality, including smoothness, stability, effi-
ciency, and energy consumption. Through experiments on
representative VLA models, we show that latency-aware
and quality-oriented evaluation exposes substantial differ-
ences in execution robustness and trajectory quality that are
obscured under conventional synchronous evaluation.
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1 Introduction
Vision-Language-Action (VLA)models have recently emerged
as a powerful paradigm for general-purpose robotic manip-
ulation. Representative systems such as RT-1 [5], RT-2 [4],
OpenVLA [14], and 𝜋0 [2] demonstrate impressive gener-
alization by leveraging large-scale vision and language en-
coders. These models are commonly evaluated using stan-
dardized simulation benchmarks such as LIBERO [20], Man-
iSkill2 [9], BEHAVIOR-1K [15], and EmbodiedBench [28].

Existing evaluation protocols largely inherit assumptions
from earlier imitation learning and reinforcement learning
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Figure 1. Execution pipeline of VLA under realistic deploy-
ment conditions. High-frequency sensing and low-level con-
trol operate continuously, while VLA policy inference runs
at a much lower rate and updates position targets asyn-
chronously. During inference latency, the robot continues
executing previously issued commands via the low-level
controller, resulting in decoupled policy computation and
control execution. This mismatch is typically ignored in ex-
isting evaluation protocols.

pipelines, in which policy inference is effectively instanta-
neous. While this assumption is reasonable for lightweight
control policies, it no longer holds for modern VLA sys-
tems. In practice, VLA inference can take tens to hundreds
of milliseconds, during which the robot continues executing
previously issued commands or remains stationary. This de-
coupling between policy computation and control execution
fundamentally alters the effective execution behavior, yet is
not captured by current benchmark protocols.
Recent studies have shown that inference latency can

substantially degrade VLA performance during deployment.
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Delay-Aware Diffusion Policy [19] demonstrates a mono-
tonic decrease in task success as execution latency increases
due to observation-execution mismatch. AsyncVLA [12] fur-
ther show that delayed and asynchronous execution neces-
sitate real-time correction mechanisms to maintain perfor-
mance. These results indicate that inference latency is a
first-order factor affecting the real-world behavior of VLA
policies. Beyond latency, binary task success provides only
a coarse view of policy performance. Even when different
VLA models achieve identical success rates, their underly-
ing execution trajectories can vary substantially in terms of
jerk and stability. Such differences are invisible to success-
based evaluation yet critically affect deployability in real
robotic systems. Finally, task success in embodied robotic
manipulation is inherently closed-loop. Unlike other agent
settings, robotic systems operate under strict real-time con-
straints, where excessive inference latency directly reduces
effective control bandwidth. As a result, even a nominally
correct policy can exhibit degraded closed-loop behavior
when inference latency is ignored.

These observations raise a fundamental question: Is it fair
to compare VLAmodels using evaluations that ignore inference
latency and execution-time behavior? We argue that it is not.
To address this gap, we propose a latency-aware benchmark
for Vision-Language-Action models that explicitly decou-
ples 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-aware bench-
mark for Vision-Language-Action (VLA) models that
explicitly decouples policy inference from control exe-
cution to reflect realistic deployment conditions.

• We formalize latency-aware simulation and execution
protocols that enable systematic evaluation of both
synchronous and asynchronous VLA inference under
diverse latency settings.

• Through extensive evaluation of representative VLA
models, we show that LIBERO-LQ reveals substantial
differences in execution quality that are obscured by
conventional success-rate-based evaluation.

2 Background
Vision-Language-Action (VLA) models [4, 5, 14, 18] 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, 6, 16, 24].
By combining pretrained visual encoders [21] with large
language models [25, 26] and training on large-scale robot

demonstration datasets [7, 8, 13, 22, 27], 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 inference
is coupled with action execution.
Importantly, VLA policies do not directly actuate robot

motors, but instead generate high-level commands (e.g., end-
effector targets or action chunks) that are executed by low-
level controllers operating at much higher frequencies. As
illustrated in Figure 1, perception and motor control loops
typically run continuously, while VLA inference updates
commands at a substantially lower rate. This temporal de-
coupling becomes particularly pronounced when inference
latency is non-negligible.
Early VLA systems predominantly adopted synchronous

inference, in which policy inference and execution are tightly
coupled, causing blocking or stop-and-go behavior when
inference latency is non-negligible [4, 5, 14]. To alleviate this
limitation, more recent systems shift toward asynchronous
inference, decoupling policy inference from control execution
and allowing actions to be executed continuously while new
predictions are generated in parallel. This paradigm, often
implemented via frequent action chunking and receding-
horizon control, has become common in modern VLA sys-
tems with substantial inference cost [2, 3, 11]. While these ap-
proaches improve deployability, they are typically evaluated
under idealized or latency-agnostic simulation assumptions.
Consequently, existing benchmarks do not systematically
capture how inference latency and execution strategies inter-
act with low-level control to affect trajectory-level behavior,
motivating evaluation frameworks that explicitly model la-
tency as a first-order system factor.

3 Libero-LQ
3.1 Latency-Aware Simulation
Conventional benchmarks freeze simulator time during pol-
icy inference and only advance simulation after inference
completes, implicitly modeling inference latency as zero. In
contrast, LIBERO-LQ adopts a latency-aware simulation de-
sign that explicitly decouples policy inference from environ-
ment stepping, allowing simulation to continue progressing
during inference. Specifically, while policy inference incurs
a measured wall-clock latency Δ𝑡 real

inf , the simulator advances
through repeated env.step calls over an injected duration
Δ𝑡 sim

inf . This design does not modify simulator dynamics or
low-level controllers, but instead changes how high-level
actions are scheduled during inference latency.
By explicitly modeling inference latency in simulation,

our approach enables systematic analysis of trajectory qual-
ity, energy-related metrics, and robustness under realistic
deployment constraints.
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Figure 2. Comparison of synchronous and asynchronous
policy execution under inference latency. (a) Synchronous
execution blocks policy updates during inference, causing
the robot to reuse the last available action chunk and exhibit
stop-and-go behavior. (b) Asynchronous execution decou-
ples inference from execution by continuously consuming
actions from an execution buffer.

3.2 Policy Execution Protocol
Let Δ𝑡𝑐 denote the control timestep and Δ𝑡𝑝 the policy in-
ference interval, with Δ𝑡𝑝 ≫ Δ𝑡𝑐 . At each policy step 𝑘 , the
VLA policy produces either a single command or an action
chunk

A𝑘 = {𝑎 (1)
𝑘
, 𝑎

(2)
𝑘
, . . . , 𝑎

(𝐾 )
𝑘

}, (1)

which is executed by a low-level controller at the control
frequency.

3.2.1 Synchronous Inference. In synchronous inference,
policy inference blocks execution updates. During each in-
ference interval, the controller tracks the most recent policy
output:

𝑢𝑡 = 𝜋ctrl (𝑎𝑘 , 𝑠𝑡 ), 𝑡 ∈ [𝑘Δ𝑡𝑝 , (𝑘 + 1)Δ𝑡𝑝 ), (2)

where 𝑎𝑘 denotes the latest available policy output.

3.2.2 Asynchronous Inference. In asynchronous infer-
ence, policy inference and execution proceed in parallel. Ex-
ecution consumes actions from a buffer B𝑡 at the control
frequency,

𝑢𝑡 = B𝑡 [0], (3)

while policy inference asynchronously updates future ac-
tions in the buffer as new outputs become available. This
formulation enables continuous execution under inference la-
tencywhile preserving temporalmisalignment effects arising
from delayed observations. Please refer to Fig. 2 for details.
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Figure 3. Left: Traditional evaluation tightly couples infer-
ence and environment stepping, implicitly assuming zero
simulated inference latency (Δ𝑡 sim

inf = 0).Right:Our approach
decouples inference from environment stepping by explic-
itly injecting simulated inference latency. During inference,
the simulator advances via repeated env.step calls using
a synchronous or asynchronous execution protocol, where
the number of steps 𝑁 is determined by Δ𝑡 sim

inf .

3.3 Metrics
Existing roboticmanipulation benchmarks, including LIBERO,
primarily evaluate policies using functional metrics such as
binary task success. To address this limitation, we include
several non-functional metrics, which characterize execution
quality, efficiency, and robustness. As shown in Appendix A.

4 Experiments
4.1 Experimental Setup
We evaluate a diverse set of representative Vision-Language-
Action (VLA) models that span different inference and exe-
cution protocols. Specifically, we consider:

• OpenVLA: An autoregressive VLA model inference
at every decision step

• OpenVLA-OFT: An optimized variant of OpenVLA
that employs autoregressive parallel decoding and ac-
tion chunking.

• 𝝅0.5: State of the art FlowMatching-based VLAmodel,
representing asynchronous inference with continuous
execution and overlapping inference and control.

• VLA-Cache: An efficient VLA method. We include
VLA-Cache as a representative efficient VLA approach
to investigate whether efficiency-oriented optimiza-
tions affect trajectory quality.

Although our proposed LIBERO-LQ framework explicitly
supports evaluation under non-zero inference latency, we
additionally report results under zero injected latency, cor-
responding to the idealized assumption that policy inference
completes instantaneously.
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Figure 4. Success rate under injected inference latency.
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Figure 5. Trajectory quality under inference latency.

4.2 Experiment Results
4.2.1 Task Success Rate under Latency. As Figure 4
shows, We compare all VLAs under injected inference la-
tency. OpenVLA degrades rapidly as inference latency in-
creases, failing even under moderate latency. In contrast,
OpenVLA-OFT is substantially more robust across the en-
tire latency range. OpenVLA-OFT with VLA-Cache closely
tracks the performance of OpenVLA-OFT, with only small
differences across latency settings. The FlowMatching-based
policy 𝜋0.5 achieves the highest success rate throughout the
latency sweep and exhibits the strongest robustness to in-
creasing latency.

Moreover, the observed degradation in success rate and the
differing rates of degradation across VLA models highlights
that existing benchmarks implicitly assume instantaneous
inference, leading to overly optimistic success-rate evalua-
tions. Finally, OpenVLA-OFT with VLA-Cache consistently
attains a slightly lower success rate than OpenVLA-OFT, and
this performance gap remains almost identical as inference
latency grows.

4.2.2 Trajectory Quality Analysis. Next, we analyze the
relationship between trajectory smoothness and inference
latency. Since OpenVLA performs policy inference at every
control step, whereas OpenVLA-OFT employs action chunk-
ing, we introduce an additional OpenVLA-OFT variant with
the action chunk size set to 1 to disentangle the effects of the
OFT architecture itself from those induced by action chunk-
ing. We report both the mean jerk and the 90th-percentile
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Figure 6. Normalized energy consumption decomposed into
mechanical energy and electrical loss under increasing in-
ference latency. For each latency, the left bar corresponds to
OpenVLA-OFT and the right bar corresponds to the asyn-
chronous reference policy 𝜋0.5. Results show that both meth-
ods exhibit highly similar energy composition and per-step
energy usage across latency settings.
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Figure 7. (a) Per-step normalized energy averaged over exe-
cution steps. (b) Total normalized energy accumulated over
an episode. While OpenVLA exhibits per-step energy con-
sumption comparable to OpenVLA-OFT and 𝜋0.5, it incurs
substantially higher total energy due to less efficient execu-
tion trajectories, highlighting the importance of evaluating
total episode energy in addition to per-step metrics.

(P90) jerk, as shown in Figure 5. OpenVLA exhibits sub-
stantially higher jerk than the other models, indicating less
smooth motion, while simultaneously achieving the lowest
end-effector oscillation. Moreover, introducing VLA-Cache
does not lead to any noticeable degradation in trajectory
smoothness. Finally, although 𝜋0.5 shows slightly higher jerk
than OpenVLA-OFT, its trajectory quality remains compara-
bly smooth and well within acceptable ranges.

4.2.3 Energy Consumption Analysis. We next inves-
tigate the relationship between trajectory execution and
energy consumption. For both 𝜋0 and OpenVLA-OFT, we
measure the energy expenditure associated with executing
their trajectories. Since differences in success rates may lead
to mismatched trajectories across methods, we report the
energy normalized on a per-step basis to enable a fair com-
parison. As shown in Figure 6, these two baselines exhibit
highly similar per-step energy consumption, indicating com-
parable energy usage at each execution step.
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In addition, the estimated mechanical energy and electri-
cal energy loss suggests that smoother, more conservative
execution steps are often more energy-efficient on a per-step
basis, but may result in increased total energy consumption
due to longer execution horizon. To illustrate this effect, Fig-
ure 7 compares OpenVLA, OpenVLA-OFT, and 𝜋0.5. While
OpenVLA demonstrates lower per-step energy consumption,
it incurs substantially higher total episode energy, highlight-
ing that instead of instantaneous power usage, execution
inefficiency dominates overall energy consumption.
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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 . (4)

Trajectory smoothness is then quantified by the average
jerk norm over the rollout:

𝐽 =
1

𝑇 − 3

𝑇∑︁
𝑡=4

∥j𝑡 ∥2, (5)

where 𝑇 denotes the trajectory length. Lower jerk norm
values correspond to smoother andmore stablemotion, while
higher values indicate abrupt or oscillatory behavior. [10]

A.3 Stability (End-Effector Oscillation).
While prior work [17] measures execution stability using
jerk-based trajectory instability in joint space, we instead

focus on execution-level oscillations in task space, which are
particularly 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.

A.5 Energy Efficiency.
We evaluate energy efficiency using a trajectory-level energy
metric computed from joint torques and velocities available
in simulation. Specifically, the total trajectory energy 𝐸traj is
estimated by integrating mechanical power, electrical loss,
and constant overhead terms over time using a simplified
actuator energy model. To decouple energy consumption
from execution length, we report normalized energy defined
as 𝐸norm = 𝐸traj/𝑇 . Full details of the energy estimationmodel
are provided in Appendix B.

B Energy Estimation Model
B.1 Trajectory-Level Energy Model
In simulation, joint torques and velocities are directly avail-
able, enabling trajectory-level energy estimation. Let 𝝉𝑡 ∈ R𝐽

denote joint torques and ¤𝒒𝑡 ∈ R𝐽 joint velocities at timestep
𝑡 . The instantaneous mechanical power is defined as

𝑃mech (𝑡) = 𝝉⊤𝑡 ¤𝒒𝑡 . (6)

Since regenerative braking is not modeled, only positive
mechanical power is considered:

𝑃+mech (𝑡) = max
(
0, 𝝉⊤𝑡 ¤𝒒𝑡

)
. (7)

Electrical loss is approximated using a simplifiedDCmotor
model:

𝑃elec (𝑡) = 𝑅𝐾−2
𝑡 𝝉⊤𝑡 𝝉𝑡 , (8)

where 𝑅𝐾−2
𝑡 is a constant motor parameter. Following the

pre-measured value in the previous research [23], we use
𝑅𝐾−2

𝑡 = 0.0036𝑊 /𝑁 2𝑚2, and
A constant overhead power term 𝑃overhead is added to ac-

count for controller and electronics. By measuring Franka
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Emika Robot’s idle power, we set 𝑃overhead = 85𝑊 . The total
trajectory-level energy is computed as

𝐸traj =

𝑇∑︁
𝑡=1

(
𝑃+mech (𝑡) + 𝑃elec (𝑡) + 𝑃overhead

)
Δ𝑡 . (9)

B.2 Normalized Energy Consumption
To decouple energy consumption from trajectory length, we
additionally report normalized energy per execution step:

𝐸norm =
𝐸traj

𝑇
. (10)
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