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Abstract

Robotic laboratories play a critical role in autonomous scien-
tific discovery by enabling scalable, continuous experimental
execution. Recent vision—language—action (VLA) models of-
fer a promising foundation for robotic laboratories. However,
scientific experiments typically involve long-horizon tasks
composed of multiple atomic tasks. Existing VLA models may
fail to perform composed tasks formed by reordering and com-
posing these known atomic actions. This limitation can arise
from a skill-chaining gap caused by robot-state mismatch:
the terminal robot state of one skill can fall outside the valid
initial-state distribution of the next. To address this challenge,
we propose AtomBridge, an Agentic VLA Inference Plugin for
Long-Horizon Tasks in Scientific Experiments. AtomBridge
attaches at inference time to a VLA policy already fine-tuned
on atomic tasks, while keeping its weights fixed. At each task
boundary, it uses LLM-based transition reasoning and robotic-
action code generation to insert transitional actions between
consecutive tasks. This plug-and-play design mitigates the
skill-chaining gap caused by robot-state mismatch without
additional VLA fine-tuning or demonstrations of composed
long-horizon sequences. Across scientific manipulation se-
quences in simulation and a real-world experimental environ-
ment, AtomBridge improves execution continuity and per-step
atomic-task success. On 8-step composed tasks, AtomBridge
improves full-sequence success by 10%~25%.

1 Introduction

In recent years, the Al4Science paradigm (Wang et al. 2023)
has evolved from single-model approaches (Jumper et al.
2021; Bi et al. 2023) toward autonomous scientific discov-
ery (Novikov et al. 2025; Volk et al. 2023; Dai et al. 2025;
Koscher et al. 2023). Emerging research aims to directly
embed artificial intelligence into scientific workflows to sys-
tematically enhance the entire research lifecycle (Koscher
et al. 2023; Szymanski et al. 2023; Boiko et al. 2023).
A robotic laboratory plays a critical role in enabling au-
tonomous discovery (Burger et al. 2020; Szymanski et al.
2023; Coley et al. 2019). It creates experimental environ-
ments with high-precision control, strong reproducibility,
and large-scale execution capabilities, substantially acceler-
ating scientific progress while reducing labor and time costs.
Moreover, robots capable of continuous, unattended opera-
tion significantly reduce researchers’ exposure to hazardous

experimental conditions. Autonomous laboratories have suc-
cessfully discovered correct synthesis routes for 41 theoreti-
cally predicted materials through large-scale automated ma-
terial synthesis experiments (Szymanski et al. 2023).

Current robotic laboratories typically follow the automa-
tion paradigm based on manually programmed, fixed ex-
perimental procedures (Coley, Eyke, and Jensen 2020).
This choice is largely motivated by the high-precision re-
quirements of scientific experiments. For instance, in high-
throughput chemical screening (Macarron et al. 2011), a sin-
gle experimental cycle typically consists of sample prepa-
ration and reaction execution, for which fixed programs
for robotic arms provide stability guarantees. However,
such rigid workflows limit the robot’s ability to reconfigure
task sequences or respond to unforeseen situations, making
them ineffective in open-ended experimental settings (Ochiai
et al. 2025). As an example, the parameters of a thermal
cycler—such as cycle numbers, temperatures, and dura-
tions—must be flexibly adjusted according to experimental
objectives, templates, and primers (the scientific instrument
in Fig. 1), and thus cannot be pre-encoded as a single robot
trajectory.

Recent vision—language—action (VLA) models (Black
etal. 2024; Kim et al. 2025) provide a flexible interface for re-
configurable laboratory manipulation. Unlike fixed-program
systems, this paradigm allows robots to interpret natural-
language instructions and switch among learned manipula-
tion skills. As the set of atomic experimental procedures is
generally fixed and finite, VLA models can be trained or
fine-tuned using data collected only for atomic tasks. Then,
to support diverse experimental protocols, these atomic tasks
can be dynamically composed and reordered. However, we
observe a phenomenon with the VLA model when perform-
ing these long-horizon tasks composed of atomic tasks: even
though the VLA model fine-tuned on atomic tasks can han-
dle these atomic tasks smoothly, it still cannot correctly
complete composed tasks made up of these known atomic
tasks. As illustrated in Fig. 1 (a), a fine-tuned VLA model
can independently execute open thermal cycler and
place PCR plate, but fails to correctly execute the
composed task open thermal cycler-place PCR
plate. This limitation can reflect a skill-chaining gap
caused by robot-state mismatch (Konidaris and Barto 2009;
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Figure 1: Given a VLA model fine-tuned for atomic tasks in scientific experiments, it may fail to complete the composed task
because of a robot-state mismatch between consecutive atomic tasks. In this paper, we propose an LLM-based agentic inference
plugin to generate transitional robotic execution code, improving execution of the long-horizon tasks.

Lee et al. 2022; Jung et al. 2025): although the VLA model
has learned each atomic task, the terminal robot state of the
pre-task can fall outside the valid initial-state distribution of
the post-task, preventing the required inter-skill transition.

To address this challenge, we propose AtomBridge, an
agentic, plug-and-play inference plugin for long-horizon sci-
entific manipulation. This bridger primarily inserts transi-
tional actions between consecutive atomic tasks within a
long-horizon task sequence, thereby ensuring smoother task
transitions. Our contributions are as follows:

* We identify the skill-chaining gap caused by the absence
of explicit transitions between atomic tasks, and introduce
the ready state: a pre-manipulation state that lies within
the valid initial-state distribution of the next atomic task.

* We introduce AtomBridge, an agentic and plug-and-play
inference plugin that detects task completion, retrieves the
next task’s ready state, and generates constrained transi-
tion actions. It attaches to a fixed atomic-task VLA policy
without collecting additional data or re-training the VLA.

e In our simulation test, AtomBridge improves 53 of 60
post-initial atomic-task comparisons and obtains full-
sequence success in 11 of 12 task-model configurations,
whereas all matched baselines obtain zero. In our real
thermal-cycler experiment, it increases the five-step full-
sequence success rate from 0% to 40%.

2 Related Work

Robotic Labs. Robotic Labs combine manipulators, mo-
bile platforms, and automated instruments to reduce man-
ual experimental labor (Boyd 2002). Representative systems
automate thin-film research and high-throughput perovskite
preparation (MacLeod et al. 2020; Zhao et al. 2021), use
language models and active sensing to plan solid-state syn-
thesis (Szymanski et al. 2023), and explore photocatalytic
parameter spaces with mobile robots (Burger et al. 2020).
Earlier systems such as Adam further coupled automated

experiments with hypothesis testing to identify gene func-
tions (King et al. 2009).

Vision-Language-Action Models. VLA models map visual
observations and language instructions to robot actions, us-
ing vision-language representations (Zhang et al. 2024; Rad-
ford et al. 2021) to support generalization across instruc-
tions and scenes. Diffusion Policy (Chi et al. 2025) and
RDT (Liu et al. 2025) generate continuous action trajectories
through iterative denoising, while my (Black et al. 2024) and
7.5 (Black et al. 2025) use flow matching with a PaliGemma
backbone (Beyer et al. 2024). In particular, LabVLA (Ren
et al. 2026) is a VLA model trained specifically for scientific
laboratory scenarios. After large-scale robot pretraining and
task-specific fine-tuning, these models can execute diverse
manipulation skills, but composing independently trained
skills remains difficult.

Long-Horizon Challenges. Long-horizon manipulation
faces multiple challenges. First, small perception or control
errors can accumulate across many time steps, so later ac-
tions begin from increasingly inaccurate states (Hou et al.
2024). Closed-loop feedback (Ebert et al. 2018), replan-
ning (Yokoyama et al. 2024), and recovery (Sung, Wang, and
Stone 2023) are used to correct these deviations during exe-
cution. Second, a high-level goal must be decomposed into
executable atomic tasks. Hierarchical policies make this de-
composition explicit (Dietterich 2000), while recent VLAs
learn task decompositions, subtask tokens, or phase-aware
representations: my 5 adds task-decomposition pairs during
vision—language pretraining (Black et al. 2025). LohoVLA
predicts atomic-task tokens before action tokens (Yang et al.
2025). LongVLA attends to different visual information
across movement phases (Fan et al. 2025). Third, the result-
ing atomic policies must be connected reliably. This skill-
chaining gap arises when one policy’s terminal-state distri-
bution does not overlap with the next policy’s valid initial-
state distribution, producing out-of-distribution or physically
invalid starting states. Existing solutions learn backward-
reachable options (Konidaris and Barto 2009), relay or goal-
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Figure 2: Overview of AtomBridge. Fixed VLA policies execute the atomic tasks in a long-horizon sequence. At each task
boundary, the intervention switch detects completion or a task-specific timeout. AtomBridge then retrieves a pre-contact ready
state for the next task from its atomic-task memory, and agents will plan and generate transitional action code. After executing
the transition, the next atomic VLA policy resumes. This completion—transition—-resume cycle repeats without modifying the

VLA policy.

conditioned policies (Gupta et al. 2020), or state-distribution
alignment (Clegg et al. 2018; Lee et al. 2022). Alternatively,
they progressively fine-tune sub-policies (Chen et al. 2023)
or plan over learned skill priors and connector policies at
inference time (Mishra et al. 2023; Jung et al. 2025). These
approaches address decomposition or state compatibility, but
do not explicitly generate task-conditioned transitions be-
tween fixed VLA policies.

3 AtomBridge: Agentic Plugin

Let A = {77,..., 7%} be the set of atomic task descriptions,
and let 7 be a fixed VLA policy trained only on demonstra-
tions of tasks in .A. A long-horizon task of length [V is an ar-
bitrary ordered sequence 7 = [ry, ..., 7n] with 7; € A. For
a demonstration trajectory of task 7, let D, = {(I1, 5:) } =)
where I; is the RGB image frame at time step ¢, s; is the
corresponding robot state, and L is the trajectory length. Let
r be the last frame before the robot begins the task-specific
operation. Its ready-state set is

Rp(t) ={ss|0<t<r} ey

Thus, a ready state is any state in which the task has not yet
begun and the robot has not started to manipulate the target.
Ready state is inherently non-unique and visually gradual.
Pooling these sets across demonstrations induces the empir-

ical ready-state distribution pis*® (s | 7). When 7 executes
T;, its terminal state s.,, is immediately passed to the next

policy invocation:

Scur ™~ pfrnd(s | Ti) — ﬂ-(TiJrl; scur)7

P (s | 1) # o (s | i)

(@)

where p¢"d is the terminal-state distribution induced by 7.

The mismatch between p"d(s | 7;) and pie®® (s | 7541)
is the skill-chaining gap. We define the required transition
as an action sequence a{* that moves the robot to a valid

pre-contact state for 7;41:

tr

a; ready
Scur ” Sready »

Sready ™~ Pp

3)

AtomBridge retrieves Sycaqy from an independent demon-
stration of 7;,1 and generates af* only at task boundaries.
It therefore composes fixed VLA policies without additional
VLA training (Fig. 2).

(s | Tit1)-

3.1 Intervention Switch

At discrete observation step ¢, the switch receives the ini-
tial image frame Iy, current image frame I;, and task de-
scription 7;. We use a frozen CLIP image-text encoder with
trainable parameters 6 outputs the completion probability
pt = fo(lo, I, 7). Let w be the required number of consec-
utive positive predictions, 1 the completion threshold, H; the
maximum execution time for 7;. The binary switch decision
z¢ is activated when the latest w predictions exceed 7, or
whent > H;:

t

1 - > > H.
Lot N mEavezH),
Jj=t—w+1
0, otherwise.

Here, j indexes the prediction steps in the latest window.
The temporal condition suppresses transient false positives.
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Figure 3: Definitions of the long-horizon scientific operation tasks. Tasks A, B, C, D and G are long-horizon task sequences of
length 5, whereas Tasks E and F are long-horizon task sequences of length 8. The atomic tasks inside the dotted box require

higher operation precision.

When z; = 1, AtomBridge pauses the current policy, exe-
cutes a!”, resets the history, and starts the next policy. Train-
ing labels are supplied by task-specific physics success pred-
icates, and splits are made by complete trajectory. Model and
training details are deferred to the supplementary material.

3.2 Transition Generation

For each atomic task, AtomBridge stores one offline demon-
stration containing its description, observations, and robot
states. This offline demonstration is called memory, denoted
by M. For the next task, the ready-state retrieval tool searches
its matched memory for a usable ready state close to the last
pre-operation frame r:

Sready = Retrieve(M, Ti41). %)

A task-conditioned visual judge and a fast sliding-window
search algorithm identify the onset of contact or manipu-
lation. Given the next-task description and an earlier—later
pair of memory frames, the task-conditioned visual judge
determines whether either frame has exceeded ready state,
for example through target contact, manipulation, or an un-
usably close gripper configuration. The deterministic fast
sliding-window search begins from a mid-trajectory window,
accepts a non-exceeded later endpoint, or contracts and shifts
the window left under a fixed judgment budget to return a us-
able pre-contact state near r. The visual-judge prompt and the
retrieval algorithm details are provided in the supplementary
material.

Using the retrieved ready state together with calibrated
camera views V' and calibration parameters , the planning
agent determines the transition from s¢,, t0 Syeady- The cod-

ing agent converts them into template Python commands:
a!" = Code(Plan(scyr, Sready, Vi K)) - 6)

The host accepts only fixed motion commands (e.g.,
open_gripper, translate, rotate) that satisfy
schema, limit, transition-only, and collision checks. Imple-
mentation details are provided in the supplementary material.

4 Experiments
4.1 Experimental Setup

Baseline Settings. We use two VLA models, my (Black
et al. 2024) and 7y 5 (Black et al. 2025), as base poli-
cies. For each policy, we construct two baselines. Vanilla
executes the atomic-task policies consecutively without in-
serting a transition. MP inserts transitions generated from
conventional motion planning by bidirectional joint-space
RRT-Connect (Jung et al. 2025) between consecutive atomic
tasks, but uses no LLM agent or agent-generated code. Its
ready state is randomly sampled from the initial states of
the matched next atomic task. If the task description can-
not be matched, it will randomly sample a initial state
from the memory as the ready state. AfomBridge uses
the same base policies, and uses Qwen3.5-397B-A17B as
agents’ base model. Its plugin-equipped variants are denoted
AtomBridge-my and AtomBridge-7g 5.

Data Collection. Across simulation and real-world settings,
we collect 100 demonstrations for each of 19 atomic tasks.
The tasks manipulate scientific instruments and consumables
such as centrifuges, thermal cyclers, PCR plates, and cen-
trifuge tubes, etc. The simulation scenes are built on the
Mujoco engine by using Autobio (Lan et al. 2025) 3D as-
sets. We compose these atomic tasks into seven long-horizon



Success Rate Per Atomic Task Full-Seq.
Task Method T o) 3 T 3 5 7 g Succesg
7o (vanilla) 20/20 0/20 0/20 0/20 0/20 - - - 0/20
To.5 (vanilla) 20/20 0/20 0/20 0/20 0/20 - - - 0/20
A 7o (MP) 20/20 6/20 0/20 0/20 0/20 - - - 0/20
7o.5 (MP) 20/20 3/20 0/20 0/20 1/20 - - - 0/20
7o (AtomBridge) 20/20 20/20 5/20 0/20 15/20 - - - 0/20
0.5 (AtomBridge) 20/20 20/20 10/20 5/20 15/20 - - - 3/20
7o (vanilla) 20720 0720 0/20 0/20 0/20 - — - 0720
7o.5 (vanilla) 20/20 0/20 0/20 0/20 0/20 - - - 0/20
B 7o (MP) 20/20 14/20 3/20 0/20 1/20 - - - 0/20
7o.5 (MP) 20/20 10/20 3/20 0/20 3/20 - - - 0/20
o (AtomBridge) 20/20 20/20 20/20 14/20 14/20 - - - 14/20
0.5 (AtomBridge) 20/20 20/20 14/20 10/20 8/20 - - - 7/20
o (vanilla) 16720 0720 0/20 0/20 0/20 - — - 0720
0.5 (vanilla) 18/20 0/20 0/20 0/20 0/20 - - - 0/20
C 7o (MP) 15/20 0/20 0/20 0/20 8/20 - - - 0/20
0.5 (MP) 18/20 1/20 2/20 3/20 7120 - - - 0/20
o (AtomBridge) 16/20 6/20 4/20 14/20 6/20 - - - 2/20
0.5 (AtomBridge) 18/20 13/20 12/20 18/20 12/20 - - - 5/20
o (vanilla) 18720 0720 12720 0/20 0/20 — — — 0/20
7.5 (vanilla) 18/20 0/20 12/20 0/20 0/20 - - - 0/20
D mo (MP) 17/20 1/20 13/20 13/20 2/20 - - - 0/20
0.5 (MP) 20/20 4/20 13/20 5/20 5/20 - - - 0/20
o (AtomBridge) 19/20 16/20 11/20 14/20 18/20 - - - 6/20
0.5 (AtomBridge) 19/20 17/20 14/20 14/20 9/20 - - - 8/20
o (vanilla) 17720 0720 0/20 0/20 0/20 0/20 0720 0/20 0720
0.5 (vanilla) 17/20 0/20 0/20 0/20 0/20 0/20 0/20 0/20 0/20
E mo (MP) 17/20 1/20 1/20 0/20 13/20 1/20 0/20 0/20 0/20
0.5 (MP) 18/20 1/20 4/20 2/20 8/20 0/20 0/20 3/20 0/20
o (AtomBridge) 16/20 6/20 3/20 12/20 4/20 15/20 8/20 13/20 2/20
0.5 (AtomBridge) 18/20 13/20 12/20 17/20 7/20 18/20 10/20 16/20 5/20
o (vanilla) 19720 0720 15720 0720 0720 0720 0720 0720 0720
0.5 (vanilla) 19/20 0/20 13/20 0/20 0/20 0/20 0/20 0/20 0/20
F 79 (MP) 19/20 5720 11/20 12/20 1720 3/20 2/20 0/20 0/20
9.5 (MP) 20/20 2/20 13/20 5/20 9/20 0/20 2/20 0/20 0/20
o (AtomBridge) 19/20 16/20 10/20 12/20 16/20 7/20 12/20 10720 2/20
0.5 (AtomBridge) 20/20 20/20 16/20 16/20 20/20 8/20 18/20 10/20 4/20

Table 1: Per-atomic-task and full-sequence success rates for Tasks A—F. Dashes indicate atomic-task positions not present in the

five-step tasks A-D.

task suites (A-G in Fig. 3). Tasks C, D, and G represent
experiment-execution workflows. Tasks A and B represent
experiment-collection workflows. Tasks E and F represent
complete experimental workflows. Detailed collection pro-
tocols, state randomization, and task-success annotations are
provided in the supplementary material.
Evaluation Metrics. For each method and long-horizon task
suite, we run N = 20 episodes without resetting the envi-
ronment between atomic tasks. Atomic task ¢ in episode n is
successful, sgn) = 1, only if its task-specific state predicates
are satisfied at both the start and the end of execution. Other-
wise, sl(.") = 0. For example, open 11id requires a closed,
locked lid at the start and a fully open lid at the end.

For a suite of K atomic tasks, the entries under Success
Rate Per Atomic Task in Tab. 1 are computed as

LS
SRi:N;si : 7

Thus, an entry of a/20 means that atomic task ¢ succeeded
in a of the 20 continuous episodes. The Full-Seq. Success
column requires every atomic task in the same episode to

succeed:
1 N K "

n=1:=1

Accordingly, a/20 in this column denotes a complete task
sequences with no failed atomic task.

4.2 Scientific Operation Results

Tab. 1 shows that AtomBridge improves most later-step
atomic-task success rates relative to the matched transition
baseline. Across the 60 Atomic 2 onward comparisons, 53 in-
crease, two are unchanged, and five decrease. The decreases
occur in isolated task-model pairs, including Atomic E.5,
where AtomBridge-mg decreases from 13/20 to 4/20.



The full-sequence results show a clearer long-horizon
benefit. All baseline configurations obtain 0/20 full-
sequence success, whereas AtomBridge obtains non-zero
full-sequence success in 11 of the 12 task-model configura-
tions, ranging from 2/20 to 14/20. AtomBridge-mg 5 achieves
a higher full-sequence success rate than AtomBridge-m
in five of the six long tasks. Task B is the exception,
where AtomBridge-m( reaches 14/20, and AtomBridge-7 5
reaches 7/20. These results indicate that AtomBridge can
improve execution continuity across atomic tasks, while also
showing that transition handling alone does not eliminate
failures in individual atomic policies or guarantee end-to-
end success.

We further evaluated physical execution in the thermal-
cycler scene of Task G (Fig. 3). As shown in Tab. 2,
AtomBridge-7g 5 succeeded in 4/10 trials for Atomic Tasks
3-5 and for the full sequence, whereas the vanilla policy
achieved 0/10 in each of these cases. Both methods suc-
ceeded in 5/10 trials on Atomic Task 2, consistent with the
close match between the end state of Atomic Task 1 and
the initial state of Atomic Task 2 in the collected demon-
strations. These real-environment results support the benefit
of AtomBridge specifically at task boundaries that require a
state transition.

| Success Rate Per Atomic Task | Full-Seq.
| 1 2 3 4 5 | Success

mo.5 (vanilla) 5/10 5/10 0/10 0/10 0/10 | 0/10
mo.5 (AtomBridge) | 5/10 5/10 4/10 4/10 4/10 | 4/10

Method

Table 2: Per-atomic-task and full-sequence success rates for
the five-step Task G in a real environment.

4.3 Completion Model Evaluation

We evaluate the completion model on 10 episodes for each
of the seven thermal-cycler atomic tasks (70 episodes and
34,872 stride-10 frames). The model receives the initial
frame, current frame, and task description. Simulator suc-
cess predicates provide frame-level labels. For all reported
experiments, we use the shared default threshold of 0.05.
Figure 4 reports mean per-episode accuracy, precision, and
recall, together with the temporal distributions of ground-
truth positive, false-positive, and false-negative frames over
20 normalized execution bins.

Across all frames, the model achieved 92.2% accuracy,
59.1% precision, and 84.7% recall. It was nearly exact for
persistent end states: closing the lid reached 99.8% accuracy
with 96.2% precision and 100% recall, and removing the
PCR plate reached 99.9% accuracy with 99.6% precision
and 99.9% recall. In contrast, placement, button pressing,
and knob tightening retained perfect recall but had lower
precision, indicating early completion predictions rather than
missed completions.

The open-lid task obtained 96.7% accuracy but zero pre-
cision and recall. This is because collection terminates im-
mediately after the lid opens, leaving only a short positive
segment and no post-completion robot motion.

‘ Key Tools ‘ Eval.
Method Ready  Collision D.2 Contact
retrieval Check Success  Pair-Samples
No-check v X 10/20 165.35
No-retrieval X v 0/20 82.50
check+retrieval v v 19/20 18.00

Table 3: Ablation results on the long task D.1—D.2. A check
mark indicates an enabled tool.

Transition
Model Generation Full.-Seq. D.2
- Time Success
Time
GPT-5.2 38s (78%)  49s (100%) 10/10

Qwen3.5-397B-A17B  185s (81%) 227s (100%) 8/10
Qwen3.5-35B-A3B 69s (60%)  115s (100%) 7/10
Qwen3.5-9B 555 (56%)  99s (100%) 5/10

Table 4: Comparison of the proprietary GPT-5.2 model and
three open-source Qwen3.5 variants on the D.1—D.2 task.
Parenthetical values report each duration as a proportion of
the complete long-horizon task time, and D.2 success rates
are measured over 10 trials.

The heatmaps localize these errors. Ground-truth positives
concentrate at the end of every trajectory. False positives oc-
cur before this terminal region for PCR-plate placement, but-
ton pressing, and knob tightening, whereas false negatives
concentrate at the end of lid opening and knob loosening.
Thus, the completion signal is reliable for detecting a can-
didate task boundary, but ambiguous visual changes require
temporal confirmation. All reported experiments use the de-
fault threshold together with a short consecutive-positive
window. Increasing this window can mitigate premature pre-
dictions and we set it to 10 for all experiments. In princi-
ple, selecting task-type-specific window lengths could fur-
ther improve intervention effectiveness. If the completion
model does not fire, as in the open-lid case, the task-specific
maximum execution time triggers the intervention switch as
a fallback.

4.4 Ablation Studies

We study the D.1—D.2 transition because it combines in-
strument opening with high-precision placement. As shown
in Tab. 3, the ablation compares the complete pipeline with
No-check and No-retrieval variants. Because collision check
and ready-state retrieval are key tools in the whole pipeline.
For each setting, we collect 20 valid trials in which D.1
succeeds and report the conditional D.2 success rate and
transition Contact Pair-Samples. The conditional D.2 suc-
cess rate is the success rate of D.2 under the condition that
D.1 succeeds. Meanwhile, Contact Pair-Samples is a metric
to quantify collision severity during transitions. This met-
ric counts the sampled contact pairs between the robot arm
and environment objects across execution time. It aggregates
contact incidence and duration because multiple pairs may
be recorded at each sampled time step. Lower values there-
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Figure 4: Completion-model evaluation over ten episodes for each thermal-cycler atomic task. a, Mean frame-level accuracy,
precision, and recall. Error bars denote standard deviations across episodes. b—d, Fractions of ground-truth positive, false-
positive, and false-negative frames in 20 normalized execution-time bins.

fore indicate fewer accumulated contact pair samples under
this sampling scheme, not a smaller physical collision area
or guaranteed safety. This compound comparison measures
ready-state target guidance as a whole and does not isolate
retrieval alone. The complete pipeline achieves the highest
conditional D.2 success rate and the fewest contact pair sam-
ples.

4.5 Latency and Generation Quality

As shown in Tab. 4, we compare the proprietary GPT-5.2
model with three open-source Qwen3.5 variants on D.1—D.2
over 10 trials. VLA inference uses a single NVIDIA 5070
GPU. All LLMs are accessed through remote inference ser-
vices, so the reported transition generation times include
both server-side inference and network communication la-
tency. GPT-5.2 achieves the highest observed D.2 success
rate (10/10) and the shortest transition generation time (38s),
which accounts for 78% of the 49s task time. Within the open-
source Qwen3.5 family, D.2 success decreases from 8/10 for
the 397B model to 7/10 for the 35B model and 5/10 for the 9B
model. Transition generation time also decreases from 185s
to 69s and 55s, respectively. These open-source results indi-

cate a latency-quality trade-off within the Qwen3.5 family.
Because each model is evaluated over only 10 trials, the cross-
family results are preliminary. Moreover, the reported tim-
ings represent end-to-end remote deployment measurements
rather than hardware-normalized model-inference times.

5 Conclusion

This paper proposes AtomBridge, an inference plugin that
composes fine-tuned atomic VLA policies without additional
VLA fine-tuning or long-horizon demonstrations. Across
the evaluated simulated sequences, AtomBridge improves
per-step success for most subsequent atomic tasks and in-
creases execution continuity. Ultimately improving the exe-
cution success rate for full-sequence tasks.

However, AtomBridge does not explicitly reason about
or restore non-robot states, such as the states of manipu-
lated objects and laboratory instruments. Future work could
extend AtomBridge to perceive and restore object and in-
strument states, thereby addressing a broader portion of the
skill-chaining gap. In addition, it is necessary to reduce re-
mote LLM inference latency and improve the robustness of
visual completion detection under occlusion and real-world



domain shifts.
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