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Abstract

Generalist Vision-Language-Action (VLA) models mark a
significant milestone in the Generative Al era. However,
the prevailing reliance on simulated benchmarks obscures
the severe physical and algorithmic domain shifts encoun-
tered during real-world hardware deployment. This pa-
per presents a comprehensive, high-performance frame-
work that successfully deploys the 7B-parameter OpenVLA
model directly onto a physical Franka Research 3 (FR3)
robotic arm. Utilizing a meticulously optimized distributed
cloud-edge architecture, we specifically target the highly
dynamic workflows of additive manufacturing. Differenti-
ating from simulation-only studies, we identify and deci-
sively resolve the “system-level alignment challenges” in-
trinsic to this Pretrain-to-Real transition. Using the grasp-
ing of topologically complex 3D-printed parts as a rigor-
ous evaluation metric, we detail our algorithmic mitiga-
tion strategies—including deterministic decoding enforce-
ment, strict thresholding from continuous to binary, and
geometric retargeting combined with Low-Rank Adaptation
(LoRA). Our empirical results demonstrate that the aligned
hardware system achieves a 98% reduction in spatial L2
error and ensures stable convergence of gripper states, pro-
viding a robust, field-tested taxonomy for deploying gener-
ative embodied Al in flexible industrial settings.

1. Introduction

Recent advances in Generative Al have accelerated the
development of Vision-Language-Action (VLA) models,

(d) To the side.

Figure 1. While zero-shot VLA baselines fail on complex out-of-
distribution additive manufacturing products due to severe spatial
mirroring, our proposed physical alignment pipeline effectively re-
solves these shifts and enables robust terminal targeting in real-
world deployment.

which aim to unify visual perception, language understand-
ing, and low-level action prediction within a single pol-
icy. Large language models have substantially expanded the
reasoning and instruction-following capacity of embodied
systems [5, 29], while powerful visual encoders have im-
proved visual representation quality for downstream robotic
perception and grounding [20, 23, 31]. Building on these
advances, recent VLA systems such as RT-2 and Open-
VLA demonstrate that natural-language instructions can



be grounded into embodied manipulation behaviors, open-
ing a promising path toward more general-purpose robotic
autonomy[4, 13]. In particular, OpenVLA provides an
open-weight 7B-scale VLA model built upon large-scale
real-world robotic demonstrations, making it a practical
foundation for downstream adaptation and deployment in
real robotic systems [13, 19].

This trend is especially relevant to additive manufactur-
ing environments, where production increasingly follows a
High-Mix, Low-Volume (HMLV) pattern. In such settings,
the product mix, part geometry, and manipulation require-
ments may vary substantially across jobs, creating signifi-
cant challenges for fixed, manually engineered automation
pipelines [2, 14]. Traditional robotic manipulation pipelines
often rely on manually designed kinematic waypoints, ac-
curate geometric models, or task-specific grasp templates,
which can make adaptation more difficult when object ge-
ometry and workspace conditions vary significantly [27].
By contrast, VLA models offer a more flexible alternative:
instead of solving each new object family with a separately
engineered pipeline, a single embodied policy can, in prin-
ciple, interpret language instructions and adapt its manipu-
lation behavior from visual observations.

Despite this promise, most existing progress in gener-
alist robot learning has been validated either on standard-
ized benchmarks, highly curated research environments,
or cloud-dependent pipelines [3, 4, 30]. For industrial
post-processing, however, practical deployment requires
more than benchmark success. Real manufacturing sys-
tems impose strict constraints on data privacy, system la-
tency, hardware reliability, and contact-rich execution, all
of which are difficult to capture faithfully in simulation
alone [11, 16, 32]. As a result, a substantial gap remains
between the strong pretraining-time capability of modern
VLAs and their robust execution on local physical hard-
ware.

This gap becomes particularly evident when open-
weight VLAs are transferred from large-scale pretrain-
ing corpora to real industrial workcells. Although pre-
trained models inherit broad visual-semantic priors from
diverse robotic datasets [13, 19], they are still sensitive
to deployment-specific factors such as camera geometry,
workspace coordinate conventions, action scaling, robot
controller interfaces, and hardware heterogeneity. Conse-
quently, naively applying a zero-shot VLA policy to a real
manipulator often leads to systematic spatial errors, unsta-
ble terminal alignment, and failed execution. As illustrated
in Figure 1, direct zero-shot deployment on a Franka Re-
search 3 (FR3) arm frequently produces severe spatial mir-
roring and terminal drift, even when the high-level semantic
intent is correctly understood.

In this work, we focus on physical deployment rather
than simulation-only evaluation. Targeting post-processing

tasks in additive manufacturing, we develop a practical
cloud-edge deployment framework for running a 7B-scale
open-weight VLA model on real FR3 hardware and system-
atically study how to bridge the Pretrain-to-Real gap. In-
stead of treating failures as isolated implementation issues,
we identify three major sources of deployment mismatch:
visual-spatial preprocessing, action un-normalization, and
edge-device hardware heterogeneity. Based on this analy-
sis, we introduce a robust physical alignment pipeline to-
gether with a positive-sample Behavior Cloning (BC) adap-
tation strategy, enabling the pretrained policy to achieve ac-
curate and stable real-world terminal targeting on diverse
3D-printed parts.

The main contributions of this research are summa-
rized as follows. First, we design and implement a low-
latency cloud-edge deployment architecture for serving a
7B-parameter open-weight VLA model on physical FR3
hardware, achieving a stable 2-3 Hz closed-loop control
frequency tailored for privacy-sensitive manufacturing en-
vironments. Second, we establish a systematic taxonomy of
Pretrain-to-Real deployment mismatches and present cor-
responding alignment solutions that address visual-spatial
preprocessing errors, exact action un-normalization, and
hardware heterogeneity across edge devices. Third, we pro-
vide real-world experimental validation on variable addi-
tive manufacturing products. Specifically, our system-level
alignment and positive-sample adaptation pipeline reduces
the mean spatial L2 error by 98% and decreases the Z-
axis depth error by 99%, ensuring precise terminal targeting
and reliable gripper state convergence for industrial post-
processing.

2. Related Work

2.1. Generalist VLA and Embodied Multimodal
Policies

Vision-Language-Action policies are rapidly shifting
robotics from single-task imitation toward instruction-
conditioned generalist control. RT-1 and RT-2 estab-
lished the feasibility of mapping multimodal observations
to robot actions at scale [3, 4]. OpenVLA further pushes
open-weight reproducibility and strong zero-shot transfer
in embodied settings [13]. Open X-Embodiment demon-
strates that diverse robot datasets can support broader cross-
domain policy priors [19]. Related embodied multimodal
agents, including SayCan, PaLM-E, and generalist agent
formulations, also reinforce the trend toward language-
driven behavior synthesis [1, 8, 24].

Compared with these works, our focus is not on propos-
ing a larger foundation policy, but system-level deployment
alignment for physical execution in additive manufacturing.



2.2. Pretraining Foundations: Language, Vision,
and Robot Data

Current VLA performance is tightly coupled to backbone
pretraining. On the language side, large-scale foundation
models such as GPT-style LMs and LLaMA-family models
provide instruction-following priors [5, 29]. On the vision
side, CLIP-like contrastive pretraining and newer large-
scale visual pretraining methods improve visual grounding
under distribution shift [20, 23, 31]. In robotics, large-
scale datasets and transferable visual representations (e.g.,
BridgeData and R3M) further improve policy initialization
quality [18, 30].

These trends motivate our design choice: preserve strong
pretrained priors, and use lightweight adaptation plus de-
ployment alignment to bridge the final pretrain-to-real gap.

2.3. Adaptation Methods for Real-Robot Deploy-
ment

Parameter-efficient adaptation is now standard for large
policies in constrained compute settings. LoRA and
QLoRA provide practical fine-tuning paths with moderate
memory/compute overhead [7, 9]. For action-level policy
learning, diffusion-style and preference/reward-informed
paradigms provide complementary alternatives for trajec-
tory generation and correction [6, 10, 21]. Robust adapta-
tion frameworks in robotics also emphasize fast policy retar-
geting under changing physical dynamics [15]. Earlier scal-
able manipulation systems such as QT-Opt similarly high-
light that deployment success depends on both data scale
and control reliability [12].

Our approach is consistent with this line of work: we
use lightweight adaptation, but prioritize deterministic exe-
cution interfaces and safety-gated runtime behavior.

2.4. From Sim-to-Real to Pretrain-to-Real

Classical transfer pipelines rely heavily on simulation and
domain randomization [22, 28]. While effective in many
settings, recent analyses show that simulation success may
only partially predict real-world behavior under contact-
rich and latency-sensitive tasks [1 1, 32]. High-performance
simulators remain essential for rapid iteration [16], and
foundational robotics texts provide the kinematic/dynamic
principles underlying transfer errors [27].

In the VLA era, the dominant challenge becomes
pretrain-to-real: policies trained on broad datasets must be
precisely aligned to one concrete hardware stack, percep-
tion pipeline, and control middleware.

2.5. Industrial Systems Perspective: Edge, Relia-
bility, and Operations

Industrial deployment introduces constraints beyond model
accuracy: deterministic latency, privacy boundaries, main-
tainability, and multi-shift operational continuity. Edge-

cloud computing literature emphasizes the importance of
architecture-level latency control and resource orchestra-
tion [25, 26]. Runtime reproducibility via containeriza-
tion is also critical for stable long-horizon operation [17].
From a manufacturing viewpoint, reconfigurable and high-
mix production systems require adaptable yet auditable au-
tomation pipelines [2, 14].

Our work fits this systems perspective by combining
open-weight VLA policy adaptation with deployment-time
alignment modules designed for reproducibility, traceabil-
ity, and physical safety in real industrial workflows.

3. Hardware and System Architecture

Deploying a 7B-parameter VLA in a real additive-
manufacturing workflow requires jointly solving model,
networking, and control-system constraints. In practice, the
main bottleneck is not a single module, but the interaction
between modules: image pre-processing, packet serializa-
tion, remote inference, action decoding, and robot SDK ex-
ecution must remain consistent over long-running periods.

3.1. Cloud-Edge Orchestration and Payload Design

Figure 2 illustrates our controller-centric deployment path.
The local controller receives camera observations, language
instructions, and robot proprioceptive feedback, then con-
verts them into a deterministic request format. Instead of
forwarding a heavy mixed payload with redundant meta-
data, the controller packages only essential tensors and state
descriptors needed for one control step. This design reduces
interface ambiguity and makes failures easier to trace.
We model the control-loop latency as

tloop = tcapture + tpre + tix + tinfer + ix + tsak- (1)

In our physical setup, the system maintains a stable con-
trol loop frequency of 2-3 Hz. Profiling the exact latency
breakdown yields: camera capture and local preprocessing
(tcapture +tpre = 100 ms), network payload transmission and
cloud Lambda inference (i + tinfer + tix =~ 150 ms), and
robot SDK physical execution (tsqx ~ 200 ms). By bound-
ing the total loop latency and enforcing a synchronous wait-
for-stop mechanism, we effectively mitigate motion blur
and ensure deterministic policy steps.

The controller, therefore, uses a strict request-response
schedule for action execution, explicit timeout handling,
and structured logging at every transition. These engineer-
ing choices provide reproducible traces for debugging and
directly improve maintainability when the system is oper-
ated by multiple team members.

3.2. Runtime Stability Under Heterogeneous Hard-
ware

Industrial deployment rarely runs on a single fixed work-
station. Driver versions, GPU backends and middleware
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Figure 2. Cloud-edge deployment architecture. A local controller collects RGB observations and robot states, sends compact requests to a
remote OpenVLA service, and validates returned actions before physical execution on FR3.

dependencies can drift over time. To keep the runtime be-
havior stable across heterogeneous hardware, we isolate the
environment via containerization [17] and pin critical de-
pendency versions for inference runtime, serialization, and
robot SDK bindings.

This decision reduces regressions from unplanned OS or
driver updates and enables repeatable rollbacks when be-
havior changes are observed. From an operations perspec-
tive, reproducibility of runtime state is as important as pol-
icy quality.

3.3. Safety Envelope and Control-State Machine

Generative policies can output semantically plausible but
physically unsafe commands. We therefore insert a deter-
ministic safety envelope between model output and robot
execution. Each command passes through bound checks,
velocity and step clamping, and geometry-aware collision
filters before being submitted to the robot controller. Un-
safe commands are replaced with a hold action.

Execution follows a four-stage state machine: Observe
— Infer — Validate — Act. This explicit state decom-
position simplifies fault localization. For example, packet
failures and decoding failures can be isolated from control-
interface failures, which substantially shortens incident res-
olution cycles in long experiments.

4. System-Level Alignment Solutions

Repeated FR3 runs show that many failure cases come from
interface mismatches rather than language understanding
errors. We therefore treat alignment modules as first-class
system components and organize them by failure source.

4.1. Kinematic Action Space and Exact Un-
normalization

OpenVLA outputs a discretized seven-dimensional delta ac-
tion (z,y, 2,74, ry, 'z, g) in normalized coordinates. Direct
execution of these normalized values can cause a scale mis-
match with the real workspace. We therefore perform ex-
plicit inverse scaling before robot-side conversion:

norm
aihYS _ %TH(W — 1) + L, )
where [; and wuy denote deployment-specific channel
bounds.
This step is critical because downstream safety checks
cannot fully compensate for systematic scale error intro-
duced upstream.

4.2. Deterministic Decoding and Gripper Binariza-
tion

Sampling-based decoding is useful for language generation,
but for robot control, it introduces unnecessary stochastic-
ity. We enforce deterministic decoding to reduce action
variance under similar observations.

The gripper channel is additionally converted to binary
control through explicit thresholding (we set 7 = 0.5):

1, g=>0.5,
Actiongjpper = . 3
£rppe {O7 otherwise. )

This avoids prolonged half-open states and improves termi-
nal grasp decisiveness in irregular-geometry parts.
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Figure 3. Domain adaptation pipeline based on positive demonstrations and LoRA-based parameter-efficient adaptation. The objective is
to align a broadly pretrained policy to a specific FR3 deployment domain.

4.3. Visual-Spatial Calibration and Pre-processing
Parity

Another major failure source is a hidden mismatch in
image-space transforms. Small inconsistencies in resize,
crop, or normalization can shift the effective visual attention
and alter predicted trajectories. We enforce parity between
training-time and inference-time pre-processing operators
and validate camera-to-base frame transforms through ex-
plicit calibration checks.

By making these transformations deterministic and ver-
sioned, mirrored or shifted motion patterns become diag-
nosable and preventable rather than intermittent.

4.4. Positive-Only Adaptation with LoRA

We adopt positive-demonstration adaptation with LoRA
[7, 9] as shown in Figure 3. The motivation is practical: in
production settings, high-quality successful traces are eas-
ier to curate consistently than diverse negative traces with
reliable labels.

This strategy keeps adaptation lightweight and opera-
tionally feasible while preserving the broad priors of the
pretrained backbone.

4.5. Design Principles for Pretrain-to-Real Deploy-
ment

From these modules, we summarize four implementation
principles used throughout the research. First, to deter-
minize interfaces, every boundary between modules should
use explicit, deterministic conversion rules. Second, to ver-
sion transformations, image and action transforms must be
version-controlled just like model checkpoints. Third, to
separate policy and safety, safety constraints should be en-

forced outside the learned policy for predictable behavior.
Fourth, to log by state transitions, runtime traces should
map to a state-machine model for rapid post-mortem diag-
nosis. These principles are model-agnostic and can transfer
to future open-weight VLA systems beyond this particular
OpenVLA-FR3 deployment.

5. Experimental Evaluation
5.1. Platform and Task Scope

Our evaluation is conducted on a physical Franka Research
3 manipulator equipped with a parallel gripper and an RGB
camera observing the workspace. The target application
is post-processing in additive manufacturing, where newly
printed parts must be identified, grasped, and placed under
changing geometric conditions.

The task family includes both regular and irregular parts,
with substantial changes in contour, texture, and grasp af-
fordance. This setting is intentionally selected because it
stresses the exact interface where foundation VLA poli-
cies often fail in practice: geometric grounding under
deployment-specific perception and action conventions.

5.2. Data Collection and Adaptation Setup

To align the pretrained policy to the target workspace, we
use teleoperated successful trajectories collected on the
same physical setup. Each trajectory contains synchronized
camera observations, language prompts, and executed ac-
tions. We prioritize clean and repeatable demonstrations
and filter out segments with sensor glitches or ambiguous
end states.

Adaptation follows a parameter-efficient strategy with
LoRA [7, 9]. We keep most backbone parameters frozen



and update selected modules responsible for action-relevant
adaptation. Specifically, we set the LoRA rank » = 32 and
employ a conservative learning rate of 2 x 10~° for up to
3,000 steps. This setup reduces fine-tuning overhead while
preserving pretrained semantic priors.

5.3. Evaluation Dimensions

Instead of relying on one scalar metric, we evaluate along
five complementary dimensions. First, we assess task com-
pletion behavior, specifically whether the full observe-to-
grasp sequence reaches a stable terminal state. Second,
we analyze trajectory quality by evaluating the smoothness
and convergence trend of end-effector motion in physical
space. Third, we measure gripper decisiveness to determine
whether terminal open/close states are clear and mechani-
cally stable. Fourth, we monitor safety interaction by track-
ing the frequency and type of safety-envelope intervention
before execution. Fifth, we evaluate operational continu-
ity by observing the stability of repeated execution during
extended runtime windows. This multi-view protocol bet-
ter reflects factory requirements than isolated, short-horizon
success snapshots.

5.4. Compared Variants

We compare four deployment configurations to isolate
where improvement originates: (1) direct zero-shot execu-
tion, (2) deterministic decoding only, (3) decoding plus ge-
ometric/action alignment, and (4) full deployment pipeline
with LoRA adaptation.

The comparison is intentionally incremental. Each stage
adds one practical module, allowing us to attribute behavior
changes to concrete system decisions rather than an opaque
end-to-end modification.

All result discussions below are organized around Fig-
ure (4) as the primary evidence panel, so that trajectory be-
havior, gripper behavior, and failure Patterns are interpreted
under one unified visual reference.

5.5. Results Overview

We quantify the deployment performance through terminal
targeting accuracy and gripper state convergence. As de-
tailed below, the aligned pipeline effectively eliminates the
severe spatial drift observed in zero-shot execution, demon-
strating drastic improvements across all spatial dimensions,
which culminates in the 98% average error reduction sum-
marized in Figure (4f).

5.6. Trajectory Behavior in Physical Space

Figure (4) illustrates the profound spatial trajectory im-
provements. As visualized in Figure (4a), the zero-shot
baseline trajectories appear highly erratic and scattered, di-
verging rapidly across the workspace without reaching the

target. In contrast, our fine-tuned model generates trajecto-
ries that closely overlap with the ground-truth demonstra-
tions.

This visual contrast is supported by stark quantitative
differences: the aligned pipeline suppresses the erratic mo-
tion to achieve a 98% reduction in mean L2 spatial error
Figure (4b). Detailed axis-wise analysis Figures (4d) and
Figures (4¢) reveals that zero-shot mean errors reach 472.8
mm (X), 1066.4 mm (Y), and 573.3 mm (Z). Our adapta-
tion drastically reduces these to 16.9 mm, 19.8 mm, and 5.9
mm, respectively—corresponding to a 96% reduction in X-
axis error and a 99% reduction in Z-axis error relative to the
zero-shot baseline.

This behavior supports our pretrain-to-real hypothesis.
The core issue is not that the policy cannot parse instruc-
tions; rather, deployment mismatches in action scale, frame
mapping, and control timing disturb execution before se-
mantic intent can be faithfully realized.

5.7. Gripper State Convergence

The gripper channel is particularly sensitive in physical de-
ployment. As depicted in Figure (4c), without binarized ex-
ecution logic, predictions can hover near indecisive states,
producing partial closures or delayed final contact. By
enforcing deterministic decoding and explicit thresholding
(t = 0.5), our pipeline recovers gripper actuation entirely,
achieving a 99% convergence rate to the correct closed state
at the target pose.

In practical terms, this module reduces intervention bur-
den during pick-and-place workflows where unstable grip-
per behavior is otherwise a major source of failure.

5.8. Qualitative Component Analysis

We conduct a qualitative ablation by removing one align-
ment component at a time and observing dominant failure
modes. First, removing action un-normalization reintro-
duces scale inconsistency, causing abrupt or damped mo-
tion inconsistent with target workspace geometry. Sec-
ond, removing frame calibration increases spatial drift and
mirrored-motion artifacts under viewpoint changes. Third,
removing gripper binarization increases terminal uncer-
tainty, especially for irregular surfaces with narrow grasp
margins. Fourth, removing safety gating increases unsafe
command attempts and reduces predictability in long runs.
The resulting pattern is consistent: each module resolves
a distinct failure class, and robustness emerges from their
composition rather than any single fix.

5.9. Failure Taxonomy and Recovery Patterns

Across repeated runs, we observe several recurring failure
categories. Perception failures occur under specular reflec-
tion, translucent surfaces, or partial occlusion from support
structures. Contact failures occur when initial alignment
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Figure 4. Quantitative analysis of physical FR3 robotic arm execution during the pretrain-to-real transition. (a) Illustrates the comparative
spatial trajectories between zero-shot and aligned models. (b) and (c) show the marked improvements in L2 distance error and terminal
gripper state convergence, respectively. (d) and (e) provide a detailed breakdown of absolute errors along the X and Z axes, confirming
more consistent motion planning. Finally, (f) highlights the overall 98% average error reduction achieved by our proposed alignment
pipeline, ensuring stable and high-precision manipulation in additive manufacturing tasks.

is correct but micro-slip at first touch displaces the target.
Timing failures appear when delayed commands arrive near
a state transition.

Our recovery strategy follows a conservative loop: hold,
re-observe, re-infer, and attempt re-grasp under safety con-
straints. This strategy is slower than aggressive retries, but
it preserves hardware safety and improves operational con-
sistency.

5.10. Industrial Continuity Observations

A critical requirement for manufacturing use is continuity,
not only peak quality. In long-running sessions, the pro-
posed controller-state-machine architecture helps maintain
stable execution by isolating errors and preventing cascad-
ing failures.

When failures do occur, structured logs tied to Ob-
serve/Infer/Validate/Act stages make diagnosis significantly
faster. This is operationally important because most factory
teams need short recovery time and clear incident bound-
aries, not only high single-run performance.

5.11. Reproducibility Checklist

To support transfer to other teams, we summarize the
core reproducibility steps used in our deployment. First,
calibrate camera intrinsics and extrinsics and version all
calibration files. Second, freeze and version image pre-
processing operators used at inference. Third, apply deter-
ministic decoding and explicit action un-normalization be-
fore SDK conversion. Fourth, enforce safety-envelope vali-
dation before command execution. Fifth, log state-machine
transitions for every episode and replay failure traces. These
steps are lightweight and do not depend on proprietary in-
frastructure. They can be reused as a baseline deployment
protocol for other open-weight VLA systems.

5.12. Limitations of the Current Evaluation

This study still has limitations. First, evaluation is centered
on one robot class and one camera topology; broader cross-
platform tests are required for stronger claims. Second, task
prompts focus on manipulation primitives rather than long
multi-stage assembly. Third, although qualitative trends are
consistent, future versions should include a finalized quan-



titative report after the dataset and annotation protocol are
frozen. Even with these limitations, the empirical evidence
already clarifies an important point: deployment alignment
is a primary driver of physical success for foundation VLA
systems in real manufacturing contexts.

5.13. Case Narratives

To illustrate how the system performs in practice, we detail
three common failure modes encountered during industrial
operation: changes in part geometry, partial visual occlu-
sions, and closed-loop timing delays.

5.13.1. Geometry Shift After Production Switch

One recurring real-world challenge appears when produc-
tion switches from one part family to another with notice-
ably different center-of-mass distribution and edge profile.
In such transitions, the zero-shot policy often preserves
high-level intent but produces terminal trajectories that are
mis-scaled relative to the new workspace geometry. With
explicit action un-normalization and frame-consistent pre-
processing, this failure mode becomes less severe and eas-
ier to recover from. More importantly, because the trans-
formation chain is deterministic, operators can inspect and
correct the exact module responsible for the error instead of
re-tuning the entire policy stack.

5.13.2. Support-Induced Partial Occlusion

Freshly printed parts can include residual support structures
that partially occlude canonical grasp regions. In this set-
ting, purely confidence-driven aggressive execution can cre-
ate unstable first contact and trigger secondary slip events.
Our conservative recovery policy (hold, re-observe, re-
infer, re-grasp) is slower than one-shot retries, but preserves
safety and improves eventual stability in practice. This
trade-off is important for industrial environments, where
controlled recovery with clear operator visibility is often
preferable to brittle speed optimization.

5.13.3. Timing Perturbation During Closed-Loop Con-
trol

Another observed pattern involves timing perturbation
around state transitions. When command freshness de-
grades near a grasp or place transition, small delays can
produce visually confusing behavior even if the policy out-
put itself is plausible. Our state-machine instrumentation
logs timestamps at Observe/Infer/Validate/Act boundaries
to isolate performance degradation across inference, com-
munication, and robot execution. This separation ensures
repeatable debugging during long-term operation.

6. Discussion and Conclusion

6.1. Core Discussion

Our experiments indicate that the main barrier from pre-
training to real deployment is not purely policy capacity,

but interface consistency across perception, action decod-
ing, and runtime control. In particular, deterministic prepro-
cessing, explicit action un-normalization, and safety-gated
execution jointly convert high-level policy capability into
stable physical behavior. This supports a systems view of
embodied models: backbone priors are necessary, but re-
liability requires co-designed and jointly validated models,
controllers, and safety envelopes.

6.2. Practical Implications

For high-mix additive manufacturing, operational continu-
ity is as important as single-episode success. Production
lines face frequent geometry changes, variable surface con-
ditions, and intermittent sensing artifacts. Under these con-
ditions, a purely end-to-end black-box policy is difficult
to maintain. A practical strategy is controlled adaptabil-
ity: keep semantic flexibility from open-weight VLAs, but
enforce deterministic boundaries at runtime. This balance
allows adaptation to changing parts while preserving trace-
ability and operator confidence required by industrial work-
flows.

6.3. Limitations and Future Work

This study is limited to one robot class and one camera
topology. Future work will prioritize three directions: (1)
broader hardware transfer under fixed alignment protocols,
(2) uncertainty-aware triggering for human intervention,
and (3) continual adaptation pipelines with explicit update
and rollback governance for long-lived deployments.

6.4. Conclusion

In this work, we addressed the critical pretrain-to-real gap
in generalist Vision-Language-Action models. By deploy-
ing a cloud-edge orchestration framework on a physical
FR3 platform, we moved beyond simulation and directly
tackled the hardware and perception mismatches encoun-
tered in real-world additive manufacturing. Our results
show that system-level alignment is essential for translat-
ing pretrained priors into stable physical behavior, which
involves techniques such as deterministic decoding, explicit
action un-normalization, and safety-gated execution.

The aligned pipeline achieved a 98% reduction in the
mean spatial error Lo and a 99% gripper-state convergence
rate, enabling precise manipulation of complex additive
manufacturing products. In general, this work provides a re-
producible deployment protocol for extending open-weight
VLA systems from laboratory benchmarks to real-world in-
dustrial settings.
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