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Abstract

LLM-based coding agents are increasingly
used in software development, but their use
in industrial robot programming remains con-
strained by vendor-specific APIs, organization-
specific code assets, and on-premise deploy-
ment requirements. We study a bounded Re-
Act agent that uses local retrieval over API
documentation and code examples to gener-
ate collaborative-robot programs from natural-
language requirements.

This work is a case study of a structured pro-
gramming domain in which domain knowledge
must remain within the organizational bound-
ary and local models may be sufficient. We
evaluate seven open-weight models from 7B to
32B parameters, with five independent runs per
model, and include one commercial model as a
reference. We also apply the same framework
to a smaller public Universal Robots set.

Under our agent and evaluation setup, the
strongest local 27B model achieves a mean task
success rate of 89.6%. Smaller models often
use more steps and tokens because they repeat
retrieval or fail to convert retrieved evidence
into code. These results suggest that model
selection should consider task success, interac-
tion efficiency, and run-to-run consistency.

1 Introduction

LLM-based coding agents increasingly support
software development from natural-language re-
quirements (Jimenez et al., 2024), but industrial
robot programming presents a different setting.
Robot software often depends on vendor-specific
APIs, examples, and execution conventions that
may be proprietary and poorly represented in pre-
training data. Industrial deployment may also re-
quire on-premise inference, limiting the use of ex-
ternal services and large hosted models.

This work examines whether a standard bounded
ReAct agent (Yao et al., 2023), combined with lo-
cal retrieval, is useful in such an environment. The

agent searches a local knowledge base of API doc-
umentation and code examples and generates pro-
grams from natural-language requirements. The
target domain is relatively structured: collaborative-
robot programs often follow recurring patterns of
motion, I/O, communication, and parameter han-
dling. This makes it a suitable case for testing
whether smaller local models can use retrieved do-
main knowledge effectively.

We evaluate seven open-weight models from 7B
to 32B parameters on 150 industrial tasks derived
from programs used by an industry partner and
on 54 public Universal Robots tasks. Each open-
weight model is evaluated in five independent runs,
and Claude Sonnet is included as a commercial
reference. We evaluate both task success and agent
trajectories across 7,344 retrieval-enabled episodes.

Our contributions are as follows:

* We study a bounded on-premise ReAct agent
with local retrieval for collaborative-robot pro-
gramming using vendor-specific documenta-
tion and organization-specific code examples.

* We evaluate seven open-weight models from
7B to 32B parameters on 150 industrial tasks
over five independent runs, considering both
final correctness and process-level behavior,
including retrieval, no-progress turns, repair,
cost, and run-to-run consistency.

* We conduct a limited cross-platform evalua-
tion on 54 public URScript tasks by replacing
the platform-specific knowledge sources and
evaluator, and report a single-run commercial
model as a descriptive external reference.

2 Background and Related Work

Industrial robot programming relies on vendor-
specific languages, APIs, and execution conven-
tions that may be poorly represented in model pre-
training. In on-premise deployments, such knowl-
edge must also remain within the organizational
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boundary and be supplied at inference time. Prior
work reports degraded performance on structurally
modified ABB RAPID programs (Fares and Her-
bold, 2025) and substantial gains from retrieval for
legacy PLC languages (Yeh et al., 2026), although
PLC and robot programming involve different con-
trol abstractions.

LLM-based robot programming has progressed
from policy generation over predefined APIs
(Liang et al., 2023; Singh et al., 2023) to ROS2-
based programming, low-code interfaces, and
multi-robot planning (Dong et al., 2025; Su et al.,
2026). Most studies assume public or fixed plat-
form interfaces. More closely related work uses
vendor-owned assets for secure on-premise code
generation (Kersting et al., 2026), retrieval for
robot code generation (Salunkhe et al., 2026), or
fine-tuning for URScript (Le and Le, 2025). In
contrast, we maintain platform knowledge in a re-
placeable local index that can be updated without
retraining.

Our agent follows ReAct (Yao et al., 2023) and
uses retrieval-augmented generation (Lewis et al.,
2020) as an optional in-loop action. Building on
recent work on tool use and agent-trajectory anal-
ysis (Lu et al., 2025; Ou et al., 2025; Cao et al.,
2026), we evaluate not only final correctness but
also retrieval behavior, unproductive actions, repair,
repeated-run dependability, and end-to-end cost.
Our contribution is a controlled process-level evalu-
ation of a bounded on-premise robot-programming
agent, rather than a new agent architecture.

3 Bounded ReAct Agent

We study a bounded ReAct agent for collaborative-
robot programming under an on-premise deploy-
ment setting. The purpose is not to propose a new
agent architecture, but to examine how local lan-
guage models retrieve and apply platform-specific
knowledge within a fixed agent framework.

3.1 Tasks and Knowledge Sources

Our primary industrial evaluation set contains 150
natural-language programming tasks prepared with
engineers from an industry partner. The tasks are
derived from real-world robot programs and encom-
pass motion control, loops, I/O control, communi-
cation, and vendor-specific parameter handling.
We construct a local retrieval index of API de-
scriptions and worked instruction—program exam-
ples using dense retrieval with top-£ results. These

Instruction (translated). “Monitor PLC@1, which sends
one message per line. When a message arrives, turn on tool
digital output 2 if general digital input 1 is active.”

Knowledge obtained by retrieval.
setSocketDelimiters(name, prefix, suffix);
addSocketListener(name, event, cb);
digital-input and tool-output signatures;

and a worked callback example from the local corpus.

Reference behavior (executable).
var SOCKET_NAME = ’PLCO1;
setSocketDelimiters(SOCKET_NAME, ”, ’\n’);
addSocketListener (SOCKET_NAME, ’data’,

function (d) {

if (readDigitalInput(1) == 1)
writeToolOutput(2, 1);

»;
Figure 1: A simple illustrative industrial task. Solving
this example requires retrieving the relevant socket and
I/0 APIs and preserving the specified event, delimiter,
input condition, and output behavior.

materials are available only through retrieval dur-
ing the agent loop, representing deployments in
which organizational assets must remain within the
organizational boundary.

For each task, the corresponding worked exam-
ple is excluded from the retrieval index to prevent
direct access to the reference solution. Related
examples, however, are intentionally retained. In
the target deployment scenario, the agent is ex-
pected to retrieve and adapt existing programs
that encode vendor-specific APIs and organization-
specific programming conventions. Similarity be-
tween a task and retrieved examples is therefore
an intended property of the evaluation setting. The
industrial evaluation measures adaptation using or-
ganizational memory, rather than generalization to
fully disjoint program families.

We additionally evaluate the framework on 54
tasks from the public URScript platform. This
smaller set is based on a publicly available API
and serves as a limited cross-platform check. Only
the platform-specific documentation, worked ex-
amples, and evaluator are replaced; the agent loop
and interaction procedure remain unchanged. The
URScript set is not intended as a second full-scale
benchmark. Figure 1 illustrates the task format by
linking an instruction, retrieved knowledge, and
executable code.

3.2 Agent Loop and Validation

Figure 2 summarizes the agent workflow. Before
the ReAct loop, a planner converts the instruction
into a checklist of required behaviors. The checklist
helps the agent track the task requirements but does
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not provide vendor-specific API knowledge.

At each turn, the model either issues
search_rag [query]l command or emits a
candidate program. Retrieval returns relevant API
descriptions or code examples, and the model
decides whether the available evidence is sufficient
for code generation.

The ReAct loop is limited to eight model turns.
Each generated program is checked by a determin-
istic validator for syntax, allowed API usage, func-
tion signatures, and behavior under mock execu-
tion. If validation fails, the diagnostic message is
returned to the model for up to four repair turns.

The final outcome is labeled PASS when the
program matches the required behavior, PARTIAL
when a program is produced but is behaviorally
incorrect or uses an invalid API, and FAIL when no
program is produced within the interaction budget.
This setup allows us to test whether a simple on-
premise ReAct agent can retrieve vendor-specific
knowledge and convert it into valid collaborative-
robot programs. Appendix A presents one com-
plete agent trace.

4 Evaluation Design

We evaluate the agent from three perspectives: fi-
nal task success, the efficiency of the generation
process, and consistency across repeated runs. We
also compare it with a commercial model and test
the same framework on a second robot platform.

Metrics. An episode is one execution of a task,
and each model response is an agent step. From
the logs, we identify productive retrievals, repeated
retrievals, no-progress steps, code emission, and
repair. Repeated retrieval is classified as exact or
semantic, and a no-progress step produces neither
a valid tool command nor a program.

Let S; be the number of steps in episode ¢, with
D, exact repeated retrievals, N; no-progress steps,
and E; repeated validation errors. Let R} °d and
R; denote productive and total retrievals:

_ S (DitNi+E:) _ >Ry
WSR = 2502 PRR = S
(1)

The wasted-step rate (WSR) measures unproduc-
tive interaction, while the productive-retrieval rate
(PRR) measures retrieval utility. We also report
retrieve-to-commit, the number of steps from the
last retrieval to code emission.

Each open-weight model is evaluated on task set

T in 7 = 5 independent runs. Following pass®-
style reliability evaluation (Yao et al., 2025), we
report the all-five-run pass rate as the stable pass
rate (SPR):

SPR = ﬁ {teT: pass;(t) =1Vj < r}.
2
The gap between the mean pass rate and SPR
summarizes the difference between average task
success and all-five-run task coverage.

Models and runs. Table 1 lists the evaluated
models.We abbreviate DeepSeek-R1-Distill-Qwen-
32B as R1-Distill-32B in subsequent tables and
figures. The seven open-weight models are served
on premise through vLLM (Kwon et al., 2023) in
BF16 and evaluated in five full runs under both
retrieval-enabled and no-retrieval conditions, with-
out seed pinning (temperature 0.2, top-p = 0.95).
The ablation disables only the retrieval tool, leav-
ing the prompt, planner, interaction budget, and
validator unchanged.

Table 1: Evaluated models and serving conditions.

Model

Qwen2.5-Coder-7B
Qwen2.5-Coder-14B
Qwen2.5-Coder-32B
Codestral-22B
Gemma-3-27B-1T
DeepSeek-R1-Distill-Qwen-32B
Qwen3.6-27B

Claude Sonnet 5°

Deployment

On premise
(VLLM/BF16)

Commercial

T Accessed through Claude Code; model revision and serving
environment are provider-managed.

Claude Sonnet is evaluated once under the
retrieval-enabled setting as an external reference.
Token and latency comparisons exclude Claude
because its serving environment is not controlled.

5 Results

5.1 RQI1: Behavioral correctness

Table 2 reports the retrieval-enabled results on the
150 industrial tasks, with the outcome distribution
shown in Figure 3. In a separate no-knowledge ab-
lation, all evaluated models achieved 0/150 PASS.
Under our setup, this result indicates that the tasks
required access to vendor-specific knowledge.
With retrieval, performance improves substan-
tially across models. Within the Qwen2.5-Coder
family, mean PASS outcomes increase from 12.2
at 7B to 91.4 at 14B and 130.6 at 32B. Codestral-
22B, Gemma-3-27B-IT, and R1-Distill-Qwen-32B
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Figure 2: Instrumented on-premise coding-agent workflow. Retrieval is invoked from within the bounded ReAct

loop as a tool command followed by an observation. The s

ame agent loop is used with different platform-specific

knowledge assets, and measurements are collected at the retrieval, interaction, and program-validation stages.

Table 2: Behavioral outcomes on the 150-task industrial
set. All open-weight models report means over five inde-
pendent runs; Claude Sonnet is a single-run commercial
reference.

Model PASS PART. FAIL PASS%

Qwen2.5-Coder-7B 122 108.8 29.0 8.1
Qwen2.5-Coder-14B 914 53.8 4.8 60.9

Qwen2.5-Coder-32B 130.6 194 0.0 87.1
Codestral-22B 96.8 474 5.8 64.5
Gemma-3-27B-IT 66.2 64.0 19.8 44.1
R1-Distill-32B 912 470 11.8 60.8
Qwen3.6-27B 1344 13.6 2.0 89.6
Claude Sonnet 5 135 15 0 90.0

Table 3: Task-level flakiness over five runs. Columns
0-5 show the number of tasks passing in that many runs;
SPR is the all-five-run pass rate.

Model 0o 1 2 3 4 5 SPR
Coder-7B 108 29 9 2 2 0 00
Coder-14B 13 14 24 32 36 31 207
Coder-32B 37 8 4 22 106 70.7
Codestral-22B 13 12 18 32 35 40 267
Gemma-3-27B-IT 34 31 22 19 21 23 153
R1-Distill-32B 16 15 22 25 38 34 227
Qwen3.6-27B 4 4 2 9 18 113 753

achieve 96.8, 66.2, and 91.2 mean PASS out-
comes, respectively. Qwen3.6-27B gives the best
on-premise result at 134.4/150 (89.6%), while
the single-run Claude Sonnet reference obtains
135/150 (90.0%). The commercial comparison
is descriptive. Qwen2.5-Coder-32B produces no
FAIL outcomes but still averages 19.4 PARTIAL
outputs per run.

5.2 RQ2: Dependability across repeated runs

Table 3 and Figure 4 show that task outcomes vary
across repeated runs. Some tasks pass in some runs
but not in others. We refer to tasks that pass in

Il PASS PARTIAL M FAIL P single-run ref.
Claude Sonnet (WP PT SN NI I IIIIIIY,

Qwen3.6-27B
Coder-32B
Codestral-22B
Coder-14B
R1-Distill-32B
Gemma-3-27B
Coder-7B

0 30 60 90 120 150

Tasks (of 150; five-run means)

Figure 3: Outcome composition over 150 industrial
tasks. Open-weight rows are five-run means; the
hatched row is the single-run external commercial refer-
ence.

at least one but fewer than all five runs as flaky
tasks. The mid-range models have 93—-106 such
tasks, and their mean—SPR gaps range from 28.8 to
40.2 percentage points (Figure 5). This indicates
that mean pass rate and all-five-run task coverage
provide different views of model performance.

The type of variation also differs across models.
For Qwen2.5-Coder-32B, all 41 flaky tasks alter-
nate between PASS and PARTIAL, whereas weaker
models more often include FAIL outcomes across
runs. Fleiss’ s ranges from 0.09 for Qwen2.5-
Coder-7B to 0.44 for Qwen2.5-Coder-32B (Ta-
ble 4), indicating different levels of agreement
across repeated evaluations.

Process behavior also varies across runs. WSR
varies by 1.4-3.4 percentage points, and only 11—
33% of always-pass tasks use the same number of
ReAct turns in all five runs (Table 4). Thus, out-
come consistency and trajectory consistency need
not coincide.
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runs passing (of 5)
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Figure 4: Distribution of the 150 industrial tasks by
number of passing runs (darker = more of five runs).
The ends of the capability ladder are nearly bimodal;
the middle of the ladder is dominated by flaky tasks.

Table 4: Re-run consistency over five runs.Fleiss’ xk mea-
sures agreement among the three-way verdicts. Flaky
tasks are divided into PASS<»PARTIAL flips and flips
involving FAIL. Same traj. is the share of always-pass
tasks with identical ReAct turn counts across runs.

Model k PPt w/FAIL  Same traj.
Coder-7B 0.09 21 21 —
Coder-14B 0.23 86 20 23%
Coder-32B 0.44 41 0 33%
Codestral-22B 0.27 77 20 30%
Gemma-3-27B-IT  0.36 53 40 26%
R1-Distill-32B 0.26 67 33 12%
Qwen3.6-27B 0.43 24 9 11%

An earlier BF16 evaluation of Qwen2.5-Coder-
7B on a different runtime produced 21 passes, out-
side the range observed with vLLM/BF16. This
result suggests that small-model evaluations may
also depend on the serving environment. For this
reason, repeated evaluations are best compared un-
der a common serving setup.

5.3 RQ3: Where the budget goes

Table 5 summarizes the interaction budget. Within
the Qwen2.5-Coder family, the mean number of
steps decreases from 3.6 at 7B to 2.7 at 32B, while
tokens decrease from 12.0k to 6.6k per task. Over
the same scale, WSR falls from 21.8% to 3.0%, and
PRR rises from 67.7% to 98.7%. Larger models
in this family therefore use fewer steps and make
better use of retrieval.

Retrieve-to-commit remains close to 1.0-1.3
steps across models, indicating that code is gener-
ally emitted soon after the final retrieval. Qwen3.6-
27B completes 47% of tasks within two steps, and
repair is invoked in only 14 of its 750 episodes.
These results suggest that effective models use re-
trieval mainly for targeted grounding rather than
extended exploration.

I Coder-14B
Q 40 1 -
> R1-Disti||-323,:b\ Codestral-228
= // AN
e \
@ 30 1 Gemma-3-278 @ \
3
@ N
9 201 . Coder-32B
+— // \.
i .
c 104 - Qwen3.6-278
S @ Coder-7B
=
0 . . . . .
0 20 40 60 80 100

Five-run mean pass rate (%)

Figure 5: Gap between the five-run mean pass rate and
stable pass rate. The gap is largest for the mid-range
models (28.8—40.2 percentage points), indicating greater
task-level variability across runs.

60 7 100
25--57 s across

50 4  R1-Distill-32B repetitions

40 7 - Qwen3.6-R7B

30 A

PASS rate (%)

20 4

Cpdestrgl22B Gemma-3-27B
7| 20
10 Coder-32B Qoder-7B

0 : : , . = r—l%B

2,50 2.75 3.00 3.25 3.50 3.75
mean ReAct turns per task

mean wall-clock seconds per task

Figure 6: Interaction-cost trade-off (on-premise sweep).
Marker area o tokens per task; color = PASS; all points
are five-run means on the shared vLLM/BF16 stack.
Sonnet excluded (uncontrolled serving stack).

5.4 RQ4: Repetition without progress

Table 6 separates repeated retrieval, no-progress
behavior, and repeated validation errors. The 7B
model averages 0.43 exact retrieval repetitions and
0.33 no-progress steps per episode. For example,
in one logged episode, the first retrieval returns a
worked example that nearly solves the task, but the
model continues searching and exhausts the eight-
step budget without emitting code. This suggests
that the failure arises not from missing evidence,
but from failing to recognize that the retrieved evi-
dence is sufficient.

Gemma-3-27B-IT produces many no-progress
steps because prose makes its tool commands un-
parsable. R1-Distill-Qwen-32B shows the same
pattern less often. Repeated retrieval reflects poor
evidence use, whereas no-progress behavior re-
flects failure to follow the tool interface.
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Table 5: Process statistics. Open-weight results aggregate five runs (150 x 5 = 750 episodes per model); Claude
Sonnet is a single-run commercial reference, with provider-managed token and latency statistics omitted. WSR and
PRR are defined in Eq. 1. Retrieve-to-commit is the mean number of steps from the final retrieval to code emission

over code-emitting episodes.

Model Steps Tokens Sec. WSR PRR Retrieve-to-commit
Qwen2.5-Coder-7B 3.6 120k 6.1 21.8% 67.7% 1.20
Qwen2.5-Coder-14B 35 8.6k 52 139% 90.3% 1.00
Qwen2.5-Coder-32B 2.7 6.6k 85 3.0% 98.7% 1.00
Codestral-22B 2.6 8.1k 104 41% 99.0% 1.00
Gemma-3-27B-IT 3.2 85k 10.7 333% 98.9% 1.26
R1-Distill-32B 33 9.6k 429 13.6% 98.9% 1.00
Qwen3.6-27B 3.1 79k 434  69% 91.4% 1.17
Claude Sonnet 5 2.6 - - 9.6% 81.9% 1.25

Table 6: Trajectory behaviors observed in the campaign logs. Open-weight model rows aggregate five runs
(150 x 5 = 750 episodes per model); Claude Sonnet is evaluated in a single run (150 episodes). Each cell reports
the raw count and the episode-normalized rate in parentheses.

Model Exact repeated  Semantic repeated ~ No-progress  Repeated validation

retrieval retrieval turns error
Qwen2.5-Coder-7B 323 (0.43) 59 (0.08) 250 (0.33) 21 (0.03)
Qwen2.5-Coder-14B 358 (0.48) 48 (0.06) 2 (0.00) 0 (0.00)
Qwen2.5-Coder-32B 59 (0.08) 11 (0.01) 0(0.00) 0 (0.00)
Codestral-22B 25 (0.03) 20 (0.03) 56 (0.07) 0 (0.00)
Gemma-3-27B-IT 3(0.00) 17 (0.02) 779 (1.04) 21 (0.03)
R1-Distill-32B 91 (0.12) 1 (0.00) 248 (0.33) 0 (0.00)
Qwen3.6-27B 73 (0.10) 84 (0.11) 90 (0.12) 0 (0.00)
Claude Sonnet 5 0 (0.00) 0 (0.00) 38 (0.25) 0 (0.00)

5.5 RQS5: Cost—quality trade-off

Figure 6 shows that a smaller backbone does not
necessarily produce a more efficient agent. The
7B model has the lowest pass rate while using the
most steps and tokens per task. Model selection
should therefore consider task success, interaction
length, token use, and latency together. Qwen3.6-
27B varies from 25 to 57 seconds per task across
runs despite similar interaction patterns, illustrating
the effect of serving conditions on wall-clock time.

5.6 RQ6: Cross-platform check

Our primary evaluation uses tasks provided by a
single industrial partner. To assess whether the
same framework also applies to another robot
platform, we additionally evaluate it on 54 pub-
lic URScript tasks, replacing only the platform-
specific API documentation and code examples.
The agent, retrieval mechanism, prompts, and eval-
uation procedure remain unchanged. Task success
is assessed from the required API-level behavior,
with simulator inspection for motion-related tasks.

Table 7 summarizes the results. Qwen2.5-Coder-
32B achieves the highest open-weight result at
51.8/54 tasks on average, while Claude Sonnet
5 completes 53/54 tasks in a single reference
run. These results show that the same bounded

Table 7: URScript results on the 54-task set for all eval-
uated models. Open-weight values are five-run means;
Claude Sonnet 5 is a single-run reference.

Model

Qwen2.5-Coder-7B
Qwen2.5-Coder-14B
Qwen2.5-Coder-32B
Codestral-22B
Gemma-3-27B-IT
R1-Distill-32B
Qwen3.6-27B

Claude Sonnet 5

Task success, count (%)

21.0 + 4.5 (38.9%)
45.4 + 1.5 (84.1%)
51.8 £ 0.8 (95.9%)
41.2 £ 0.8 (76.3%)
44.4 4+ 0.9 (82.2%)
44.0 £ 2.3 (81.5%)
44.4 4+ 1.5 (82.2%)

53 (98.1%)

ReAct framework can also be applied to a sec-
ond collaborative-robot platform by replacing the
platform-specific knowledge source. The observed
results may partly reflect the availability of pub-
lic URScript documentation and examples. The
smaller URScript evaluation therefore serves as an
additional platform check rather than evidence of
broad generalization.

6 Discussion

Model selection should consider not only task suc-
cess but also run-to-run consistency and process
efficiency. A smaller model may be cheaper per
call yet use more interaction if it repeats retrieval,
produces no-progress steps, or exhausts the budget
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without generating code. The results also show
that successful retrieval is not sufficient: the model
must recognize when the retrieved evidence is ade-
quate and produce a valid program. These behav-
iors should therefore be reported separately from
final correctness.

The stable pass rate provides a practical estimate
of dependable task coverage, while flaky tasks in-
dicate the likely review burden. For deployment,
evaluations should report repeated runs alongside
the mean pass rate, distinguish repeated retrieval
from tool-interface failures, and compare models
under a common serving setup. A bounded agent
loop, API validation, and mock execution should
remain in place before hardware execution.

7 Conclusion

We presented a process-level case study of a
bounded on-premise ReAct agent for collaborative-
robot programming. Across 7,344 retrieval-
enabled episodes and five repeated runs per open-
weight model, local models were able to retrieve
and apply platform-specific documentation and
organization-specific code examples within a fixed
agent framework. Models with higher task success
generally followed shorter and more productive
trajectories, whereas weaker models more often
repeated retrieval or produced no-progress turns.
The repeated evaluations also showed that mean
task success may overstate dependable task cov-
erage, particularly for models of moderate capa-
bility. The limited URScript evaluation suggests
that the same framework can be applied to another
robot platform by replacing the platform-specific
knowledge sources and evaluator, although it does
not establish broad cross-platform generalization.
Overall, the results indicate that on-premise model
selection should consider final correctness, run-to-
run consistency, and interaction efficiency together.

Limitations

The industrial evaluation covers one robot platform,
one programming language, and tasks from a single
partner, so the results may not generalize to other
settings. Although each task’s own example is
excluded from retrieval, related programs remain
in the repository; the evaluation therefore measures
adaptation with organizational memory rather than
generalization to unseen program families.

The 54-task URScript evaluation is only a lim-
ited cross-platform check, and API-sequence agree-

ment may miss argument or data-flow errors.
Claude Sonnet is evaluated once on a provider-
managed stack, so the comparison is descriptive.
Mock execution also assesses API-level behavior
rather than physical safety, which requires addi-
tional validation and human review.

Ethical Considerations

The primary dataset contains proprietary industrial
instructions and no personal data. Generated pro-
grams are evaluated through static checks, mock
execution, and simulation rather than direct execu-
tion on a production robot; behavioral equivalence
does not imply physical safety, and any deployment
should retain vendor-certified runtime protections,
workspace constraints, and human review.
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A An Agent Trace on the URScript Set

Figure 7 presents one successful episode from the
URScript evaluation. All agent turns are retained.
The instruction and natural-language portions of
the trajectory are translated and lightly edited for
readability. The generated program is typeset with
formatting-only changes.

Instruction (translated). “Move to a joint target supplied
at execution time, wait 500 ms, and then turn on tool digital
output 1.”

Planner checklist (pre-loop artifact). joint target provided
as a runtime parameter — joint-move execution — 500 ms
delay after the move — tool digital output 1 set to True.

ReAct trajectory (translated and lightly edited).

e Turn 1 — no-progress. The model embeds its in-
tended command inside the reasoning text. The har-
ness detects no well-formed command and logs a no-
progress turn, which contributes to WSR.

e Turm 2 —  retrieval. search_rag
[set_tool_digital_out signature].
The returned catalog entry specifies
set_tool_digital_out(n, b) -> void,

which sets the level of a tool digital-output pin.

¢ Turn 3 — retrieval. search_rag [movej default
parameters]. The returned catalog entry specifies
movej(q, a?, v?) -> void, a joint-space move to
the supplied target position.

e Turn 4 — commit. After verifying the required signa-
tures, the model converts 500 ms to sleep(@.5) and
emits a function that receives the joint target at execu-
tion time.

Generated program.

def execute_task(target_q):
movej(target_q, a=1.4, v=1.05)
sleep(0.5)
set_tool_digital_out(1, True)
end

Outcome. The program matches the reference API sequence
movej — sleep — set_tool_digital_out, and is there-
fore counted as an API-sequence match in the URScript
evaluation. The program preserves the deferred joint target
as the runtime-supplied parameter target_g.

Figure 7: One successful URScript episode showing
planner output, a no-progress turn, targeted API re-
trieval, and a runtime-supplied joint target.
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