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Figure 3: Comparison of the monolithic and the deter-
ministic agent architectures

4 Experimental Setup

A set of controlled experiments was designed to
evaluate the two dialogue agent designs in terms
of dialogue accuracy, robustness and consistency
under different operating conditions. This section
describes the experimental setup. First, the use
case is described, followed by the test scenarios,
the models selected for text evaluation and the as-
sessment metrics.

4.1 Use Case
The use case of this study is based on a Learning
from Demonstration (LfD) framework, in which
the robot acquires new skills by imitating tasks
demonstrated by a human operator. For the robot to
learn a complete task, the operator must perform a
sequence of demonstrations, each consisting of one
or more individual runs. The dialogue agent’s role
is to guide the operator through the demonstration
recording process, ensuring that each step is carried
out in a structured and consistent manner.

Figure 4 shows the robotic environment, where
a FANUC arm, equipped with a suction gripper,
is used to pick and place objects. The workspace
is a flat surface divided into two distinct zones:
a picking area and a placing area. A Photoneo
camera is employed to capture 3D images of the
workspace, enabling the verification of the objects’
positions.

The operator conducts demonstrations by man-
ually moving the objects from the picking zone
to the placing zone. This creates a set of exam-

ples that the robot later generalises from and learns,
achieving learning from demonstration.

Figure 4: Picture of the FANUC robotic arm and an
example image captured by the Photoneo camera

The objective of the dialogue agent is to support
the operator throughout the series of demonstra-
tions. The agent issues the action commands re-
quired for the robot to progress through the states,
while also assisting the operator during the demon-
strations and responding to questions when needed.
For example, it can inform the operator how many
demonstrations are currently being executed or
what the next steps are.

To manage the interaction flow, the dialogue
agent sends a predefined set of actions that commu-
nicate with the robot. The operator carries out the
demonstrations, but the robot must be informed of
when each step occurs. The predefined actions are
the following:

* start_demonstration_series: Prepares the
robot to begin recording a new series.

* end_demonstration_series: Signals that the
series is finished.

* start_demonstration: Indicates that the opera-
tor is beginning a demonstration.

e end_demonstration: Marks the end of a

demonstration.

* picking_zone_prepared: Confirms that the
picking zone has been prepared (the placing
zone is empty and all pieces are in the picking
zone).

* no_action: Indicates that no action is being
taken, typically when the operator asks a ques-
tion that the agent should answer.

These actions must be performed in a specific
order, with the agent guiding the operator to ensure
that the correct steps are taken. Figure 5 illustrates
the general structure of these state transitions by
presenting the dialogue flow as a state graph. In
summary, the process begins with the start of a
series. Then, the picking zone is prepared and
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demonstrations are started and finished in a loop
until the operator decides to stop. Once no further
demonstrations are required, the series is finalised.

. heck picki .
[ Start series H CicgSpis i }—OK Start demonstration
zone
End demonstration
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Start another iteration

User
decision

Finalise series
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Figure 5: State Diagram

Each agent response follows a JSON format, en-
coding the identified action in a machine-readable
structure for the robot, followed by natural lan-
guage feedback in plain text for the operator.

4.2 Evaluation Scenarios
The experiments were divided into five scenarios:

1. Normal flow: The agent is given a complete
and correctly-ordered sequence of actions:
starting a series, preparing the picking zone,
beginning and finishing a demonstration, and
ending the series. This case verifies whether
the agent can follow the intended operational
path.

2. Operator uncertainty: Beyond executing
valid actions, the agent must sustain a coher-
ent dialogue with the operator. This scenario
evaluates the agent’s ability to guide uncer-
tain operators by providing contextual assis-
tance and directing them toward the appropri-
ate next steps in the demonstration process.

3. Invalid actions and order errors: This sce-
nario assesses the agent’s ability to detect op-
erator mistakes, issue corrective feedback, and
recover to a valid interaction state when ac-
tions are missing or incorrectly ordered, such
as starting a demonstration before initiating
a series or attempting to end a series before
ending a demonstration.

4. Consistency after several iterations: Mul-
tiple series and demonstrations are executed
consecutively, followed by an invalid com-
mand. This scenario evaluates whether the
agent maintains an accurate internal state
across repeated operations and can provide
correct, contextually relevant information
when queried, such as the number of com-

pleted demonstrations.

5. Vague responses and prompt injection at-
tempts: To reflect realistic industrial usage,
the agent is exposed to short or informal in-
puts (e.g., “yes”, “picking ok”, “I’'m done”) to
evaluate its handling of ambiguous or under-
specified commands. Additionally, adversar-
ial prompts are introduced to assess robustness
against prompt injection and role manipula-
tion, including the system’s ability to preserve
the required JSON structure under misleading

inputs.

4.3 Models Evaluated

The evaluation process included the execution of
experiments across a total of six language mod-
els, with parameter sizes ranging from 3 to 20 bil-
lion: LLaMA 3.2 3B, LLaMA 3.1 8B, Mistral
7B, Qwen3 8B, Qwen3 14B and GPT-OSS 20B,
each Qwen model evaluated in both thinking and
no-thinking inference modes. All models were eval-
uated using the same execution scripts and identical
prompting conditions, with the temperature set to
0 to minimize randomness.

4.4 Evaluation Metrics

Three performance metrics were used to evaluate
the models:

* Action Selection Accuracy (ASA): the pro-
portion of correctly selected next actions.

* Message Relevance (MR): the proportion of
responses that are consistent with the current
system state and selected action, provide infor-
mation that is pertinent to the user query, and
do not introduce hallucinated or unsupported
content.

» Latency: the average execution time per inter-
action turn, measured from receiving the user
input to producing the system response.

Action Selection Accuracy and Message Relevance
were evaluated by a human reviewer, while latency
was measured automatically. All experiments were
conducted using Ollama v0.12.9 on a workstation
equipped with an AMD EPYC 74F3 CPU (9 cores,
18 threads) and an NVIDIA A10-12Q vGPU with
12 GB VRAM, running Ubuntu 22.04.5 LTS.

5 Results & Discussion

A total of 166 iterations were performed for each
model, distributed across five different scenarios to
evaluate performance. These experimental results
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Table 1: Scenario 1 — Normal flow

Monolithic Prompt  State-based Agent

Model ASA MR ASA MR
LLaMA323B 0632 078  1.000  1.000
LLaMA3.18B 0579  0.632 0947  1.000
Mistral 7B 0737 0789  0.842  0.947
Qwen3 8B

g 0.947 0947 0947  0.895
Qwen3 8B 0947 0947 0947  0.947
(no-thinking)

Qwen3 14B

i 0842 0947 0947  1.000
Qwen3 148 0842 0947 0947  1.000
(no-thinking)

GPT-OSS20B 0789  0.895  0.947  0.947

Table 2: Scenario 2 - Operator uncertainty

Monolithic Prompt  State-based Agent

Model ASA MR ASA MR
LLaMA 3.2 3B 0.812 0.875 0.625 0.938
LLaMA 3.1 8B  0.812 0.875 0.938 1.000
Mistral 7B 0.750 0.875 0.875 0.938
Qwen3 8B

(vt 0.750 0.875 0.875 0.938
Qwen3 8B

(no-thinking) 0.562 0.938 0.875 1.000
Qwen3 14B

(vt 0.938 1.000 0.812 0.938
Qwen3 14B

(no-thinking) 0.875 0.938 0.812 0.938
GPT-OSS 20B 0.875 0.938 0.938 0.938

Table 3: Scenario 3 - Invalid actions and order errors

Monolithic Prompt  State-based Agent

Model ASA MR  ASA MR
LLaMA323B 0857 0857 0643 0821
LLaMA3.18B 0571 0714 0893  1.000
Mistral 7B 0750 0821  0.821  0.964
Qwen3 8B

e 0920 0964 0857  0.893
Qwen3 8B

Coiinking 0643 0643 0786 0.893
Qwen3 14B

s 0857 0929  0.893  1.000
Qwen3 14B 0750 0821  0.821  1.000
(no-thinking)

GPT-OSS20B  0.929 0929 0929  1.000

are summarised in Tables 1-5, with cells in bold
indicating that an architecture achieved equal or
superior performance compared to the other. These
results are discussed in the following sections.

5.1 Monolithic Prompt Approach

In the monolithic prompt configuration, reasoning,
action selection, and state tracking are handled im-
plicitly within a single prompt, relying solely on the
conversational history. Under normal flow condi-
tions (Table 1), large-capacity models (Qwen3 14B
and GPT-OSS 20B) and Qwen3 8B achieve high
Action Selection Accuracy (ASA) and Message

Table 4: Scenario 4 Consistency after several iterations

Monolithic Prompt ~ State-based Agent

Model ASA MR ASA MR
LLaMA 323B  0.172 0.914 0.207 0.897
LLaMA 3.1 8B  0.655 0.810 0.966 1.000
Mistral 7B 0.897 0.931 0.897 0.948
Qwen3 8B

({hinking) 0.879 0.914 0.966 0.983
Qwen3 8B

(no-thinking) 0.931 0.931 0.966 0.983
Qwen3 14B

ittt 0.897 0.931 0.966 0.983
Qwen3 14B

(no-thinking) 0.759 0.931 0.966 1.000
GPT-OSS 20B 0.931 0.931 0.828 0.914

Table 5: Scenario 5 - Vague responses and prompt injec-
tion attempts

Monolithic Prompt  State-based Agent

Model ASA MR  ASA MR
LLaMA323B 0533 0689 0756 0911
LLaMA3.18B 0511 0711 0889  1.000
Mistral 7B 0533 0600 0756  0.889
Qwen3 8B

o 0800 0911 0889  0.978
Qwen3 8B

Coiinking 0778 0844 0867 0956
Qwen3 14B

. 0933 0956 0889  0.956
Qwen3 14B 0578 0689 0867  0.956
(no-thinking)

GPT-OSS20B 0756  0.867  0.867 0911

Relevance (MR), indicating that sufficient capacity
can partially offset the lack of explicit structure. By
contrast, smaller models, including Mistral 7B and
LLaMA 3.1 and 3.2, show noticeably lower ASA
and MR even in nominal workflows, suggesting dif-
ficulties in maintaining coherent task progression.

In scenarios involving operator uncertainty (Ta-
ble 2) and invalid or out-of-order actions (Table 3),
monolithic prompts show inconsistent behaviour:
some models benefit from the flexibility of uncon-
strained reasoning, while others suffer sharp drops
in action accuracy due to error propagation and
misinterpretation of intent.

In Table 4, performance degradation is particu-
larly evident for LLaMA 3.2 3B, highlighting that
robustness in extended interactions depends largely
on model scale rather than architectural guarantees.

Finally, in scenarios involving vague inputs and
prompt injection attempts (Table 5), monolithic
prompting exhibits its most pronounced weak-
nesses. While Qwen3 14B operating in thinking
mode shows strong resistance to adversarial inputs
and informal expressions commonly encountered
in practice (e.g., "I'm done"), smaller models fre-
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quently select incorrect actions. In general, both
versions of Qwen3 operating in thinking mode,
achieve strong overall performance across all sce-
narios, sometimes outperforming the agent.

5.2 State-Agent Approach

In the state-based agent configuration, interactions
are mediated by an external controller that enforces
a deterministic finite-state machine, separating ac-
tion validation from language generation. This
architectural separation generally improves ASA
and MR across the evaluated models.

Under normal operation (Table 1), the state-
based agent achieves near-perfect ASA and MR for
all models, including smaller architectures. This
shows that explicit state tracking effectively com-
pensates for weaker instruction-following capabili-
ties, allowing models with limited capacity to fol-
low the intended operational flow reliably.

When operator uncertainty is introduced (Ta-
ble 2), the state-based agent maintains high MR
while consistently improving ASA relative to the
monolithic prompt. An exception occurs with
Qwen3 14B, where ASA under the state-based
agent is lower than under the monolithic prompt,
despite MR remaining high.

In scenarios involving invalid actions and order-
ing errors (Table 3), the state-based agent signif-
icantly improves recovery performance. Notably,
smaller models such as LLaMA 3.1 8B and Mis-
tral 7B achieve performance comparable to larger
models when coupled with the state-based con-
troller, a result not observed in the monolithic
prompt configuration, where performance varies
strongly with model scale.

In long-horizon interactions (Table 4), the state-
based agent preserves consistent performance over
multiple demonstration cycles. While the smaller
LLaMA 3.2 3B shows some performance degrada-
tion, all other models sustain high ASA and MR.

Finally, in the presence of vague commands and
prompt injection attempts (Table 5), the state-based
agent exhibits markedly higher robustness than the
monolithic prompt. By constraining permissible
actions through explicit state validation, the sys-
tem limits the effect of adversarial or underspec-
ified input, reducing hallucinated or unsupported
behaviour even in smaller models.

An exception is observed for Qwen3 14B in
thinking mode, where the state-based agent does
not consistently improve action selection. This
reflects a broader pattern evident across all sce-

narios. Models in thinking mode tend to exhibit
more ambiguous and variable behavior because
their internal deliberation can both enhance reason-
ing and planning while occasionally misaligning
with task constraints, making action selection less
predictable.

5.3 Comparative Analysis

Figure 6 compares the behavioural performance
of the monolithic prompt and state-based agent,
showing the ASA and MR averaged across all
evaluated scenarios. For all considered models,
the state-based agent consistently outperforms the
monolithic prompt configuration on both metrics,
indicating more reliable action selection and more
state-consistent responses. Improvements in ASA
are particularly pronounced for models with weaker
instruction-following capabilities, such as LLaMA
and Mistral, where explicit state tracking substan-
tially reduces incorrect or out-of-order action selec-
tion. GPT-OSS 20B, the largest evaluated model,
as well as Qwen3 operating in thinking mode,
already achieve relatively high ASA under the
monolithic prompting approach; however, the state-
based agent still provides consistent gains. A simi-
lar trend is observed for MR, where the state-based
agent produces responses that are more consistently
aligned with the current system state and selected
actions, indicating a reduction in hallucinated or
unsupported content.

Figure 7 illustrates the corresponding latency
trade-offs. It is worth noting that comparing la-
tency across models is most informative for high-
lighting relative differences rather than absolute val-
ues, as these measurements are strongly influenced
by computational hardware and system-level fac-
tors. Consequently, the use of higher-performance
equipment may yield substantially improved re-
sults. The state-based agent incurs higher aver-
age execution times across all models due to ad-
ditional reasoning steps and explicit state valida-
tion. This overhead remains modest for smaller
models (approximately 2-5 seconds) but becomes
more pronounced for larger architectures, espe-
cially GPT-OSS 20B and Qwen3 14B in thinking
mode. Using the no-thinking configurations sub-
stantially reduces latency while preserving most of
the gains in ASA and MR. On the other hand, us-
ing the state-based agent with smaller models helps
to achieve comparable or slightly higher ASA and
MR scores while maintaining substantially low in-
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Figure 6: Comparative evaluation of State-based Agent
vs Monolithic Prompt across Action Selection Accuracy
(top) and Message Relevance (bottom).

ference times. For instance, the state-based agent
with LLaMA 3.1 8B matches or exceeds the ASA
and MR of the monolithic prompt using Qwen3 in
thinking mode, while exhibiting significantly low
latency due to the smaller underlying model. This
shows that explicit state management can compen-
sate for reduced model scale, enabling efficient yet
high-quality performance.

Overall, these results demonstrate that the state-
based agent architecture improves both action cor-
rectness and response quality across models at the
cost of increased latency. Notably, smaller mod-
els, which exhibit the lowest inference times under
both approaches, benefit most from the state-based
agent architecture, achieving substantial perfor-
mance gains while maintaining practical response
times. Among these, Qwen3 8B operating without
thinking mode represents a particularly effective
compromise, combining strong performance with
low latency, and thus offering a favorable trade-off
for real-time interactive settings.

6 Conclusions and Future Work

In this work, we compared monolithic prompt-
based agents and deterministic state-based agents
for guiding human operators in industrial robotic
scenarios. The results show that state-based agents
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Figure 7: Average execution time per interaction for
each model.

consistently outperform monolithic prompt-based
approaches in terms of action correctness and re-
sponse relevance across all evaluated models. By
explicitly encoding task state and action constraints,
the proposed architecture enables smaller language
models to achieve performance comparable to, or
exceeding, that of larger models operating under
monolithic prompting, while maintaining reduced
inference latency. However, an important excep-
tion arises for configurations operating in think-
ing mode or relying on large-capacity models. Al-
though such configurations achieve strong perfor-
mance, their elevated inference latency limits their
suitability for real-time robot—human interaction,
where timely responses are essential.

Excluding these cases, the state-based agent
demonstrates that appropriate architectural design
choices can effectively compensate for reduced
model capacity, offering a practical alternative to
reliance on increasingly large and computationally
expensive models.

To further extend these results, future work could
focus on enhancing the state-agent’s robustness and
usability. One potential direction is the integration
of mechanisms to cancel ongoing demonstrations
and perform rollbacks, thereby giving users greater
control over the interaction. In addition, user stud-
ies with human operators are needed to assess us-
ability and interaction effectiveness in real-world
settings.
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