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Abstract— Leader—follower interaction is an important
paradigm in human-robot interaction (HRI). Yet, assigning
roles in real-time remains challenging for resource-constrained
mobile and assistive robots. While large language models
(LLMs) have shown promise for natural communication, their
size and latency limit on-device deployment. Small language
models (SLMs) offer a potential alternative, but their effec-
tiveness for role classification in HRI has not been system-
atically evaluated. In this paper, we present a benchmark of
SLMs for leader—follower communication, introducing a novel
dataset derived from a published database and augmented with
synthetic samples to capture interaction-specific dynamics. We
investigate two adaptation strategies: prompt engineering and
fine-tuning, studied under zero-shot and one-shot interaction
modes, compared with an untrained baseline. Experiments with
Qwen2.5-0.5B reveal that zero-shot fine-tuning achieves robust
classification performance (86.66 % accuracy) while maintaining
low latency (22.2 ms per sample), significantly outperforming
baseline and prompt-engineered approaches. However, results
also indicate a performance degradation in one-shot modes,
where increased context length challenges the model’s architec-
tural capacity. These findings demonstrate that fine-tuned SLMs
provide an effective solution for direct role assignment, while
highlighting critical trade-offs between dialogue complexity and
classification reliability on the edge.

I. INTRODUCTION

As human-robot interaction (HRI) evolves in healthcare
and assistive domains, systems are transitioning from ex-
ecuting simple commands to managing complex dyadic
coordination [1]-[3]. The primary goal of assistive robotics
is to leverage user autonomy. However, effective assistance
often requires the robot to intervene or take initiative when
the user needs guidance or orientation. In scenarios such
as indoor navigation in hospitals or clinics, the robot may
need to guide the person to a location or be asked to
accompany the person to help her when they reaches the
desired location. Additionally, such systems can support
remote homecare solutions, particularly in rural areas, for
example for elderly coffee farmers in Brazil. In either case,
the interaction is effectively modeled through the leader—
follower paradigm [4]. In these contexts, role specialization
enables the dyad to achieve superior task performance,
provided that the robot can accurately determine when to
lead, providing direction or proactive support, and when to
follow, preserving the user’s agency and intended pace [5],
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Fig. 1: Edge-deployed leader—follower classification for as-
sistive dyadic interaction. The system architecture selects the
most appropriate low-level controller based on the social
interation.

[6]. Once classified, this role serves as a high-level trigger
for the robot’s underlying control architecture, determining
whether to execute a proactive guidance policy or a reactive,
impedance-based following policy.

Establishing a robust communication channel for this
mixed-initiative dialogue is essential to avoid coordination
breakdowns and ensure therapeutic or supportive success [7].
Natural language has emerged as a preferred interface for
human-robot voice dialogue, as it reduces the unnatural feel
of the interaction and increases user acceptance by allowing
for fluid, conversational communication [8], [9]. While Large
Language Models (LLMs) have shown significant promise in
interpreting the linguistic ambiguity and context-dependent
nature of such requests [10], [11], their deployment on
mobile assistive platforms is frequently hindered by high
latency, significant power consumption, and a reliance on
stable internet connectivity [12].

These constraints necessitate the adoption of Small Lan-
guage Models (SLMs) optimized for edge computing. Unlike
their larger counterparts, SLMs offer the benefits of being
internet-independent and significantly faster, maintaining the
real-time responsiveness required for safe and natural HRI
without the prohibitive resource demands of massive archi-
tectures [13], [14].

Studies have assessed how SLMs perform on resource-
constrained edge platforms, highlighting both their feasibility
and limitations. Measurement and empirical analyses show
that only small models (sub-4B parameters) run reliably
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on-device, with latency, memory, and thermal constraints
severely limiting larger deployments; compression helps but
often at the cost of quality [12], [14]. Systems-level research
has further explored inference optimizations, such as spec-
ulative decoding and sparse mixture-of-experts, to mitigate
latency and memory demands on embedded hardware [15],
[16]. Application-driven comparisons on NVIDIA Jetson
platforms also report that while Qwen2.5-3B is preferred
when resources allow [17], Qwen2.5-0.5B remains viable
under tighter budgets, showing that carefully selected SLMs
can deliver acceptable interactive performance onboard [17],
[18]. Collectively, these studies confirm that SLMs can
support real-time deployment on mobile robots, but also
reinforces the persistent capacity—efficiency tensions of edge
inference.

Despite these advances, the literature reveals important
gaps in the assignment of leader—follower roles. Most edge-
SLM studies emphasize general natural language processing
(NLP) or systems metrics (throughput, memory, energy)
rather than interaction-specific outcomes such as role in-
ference fidelity, clarification behavior, or task success in
closed-loop robot control [12], [14]. Moreover, to the best
of our knowledge, there are no publicly available datasets
specifically designed for leader—follower communication to
support reproducible benchmarking of SLMs on embedded
platforms, a gap also emphasized in the systematic review
conducted by Corradini et al. [19].

Finally, while zero-shot and one-shot prompting strate-
gies have been extensively studied in NLP [20], [21],
their implications for role assignment in leader—follower
HRI remain underexplored. Prior work further demonstrates
that task-specific prompting can outperform general-purpose
approaches [22], [23], highlighting the need to compare
prompting strategies with fine-tuning in this domain.

In this work, we address these gaps by conducting a sys-
tematic evaluation of an SLM within the leader—follower HRI
context, as shown in Fig. [Il Our contributions are twofold:
(1) we introduce and make publicly available novel datasets
tailored to leader—follower communication in HRI, enabling
systematic training and evaluation of models; and (2) we
perform a comparative study of prompt engineering and
fine-tuning strategies for SLM adaptation on edge devices,
explicitly contrasting zero-shot and one-shot prompting with
fine-tuned approaches to analyse their respective strengths
and limitations.

II. METHODS

This section details the methodological framework adopted
in our study. We built our method on processes of syn-
thetic data generation to augment our dataset [24]-[26]
and experimental comparisons between prompt engineering
and fine-tuning [27]. In the remainder of this section, we
first describe the construction of a leader—follower dataset
derived from existing dialogue resources and augmented
with synthetic samples. Next, we present the rationale for
selecting Qwen2.5-0.5B as the base SLM and outline the
interaction modes considered (zero-shot and one-shot). We

then introduce two adaptation strategies: prompt engineering,
where we design zero-shot and one-shot prompt architec-
tures, and fine-tuning, where the model is further specialized
for binary role classification.

A. Dataset

As highlighted in the introduction, we conducted extensive
searches but found no publicly available datasets specifically
tailored to leader—follower communication in HRI'l To ad-
dress this gap, we created our own datase by leveraging
samples from the dialogue and intent classification dataset
DailyDialog [28]. We extracted 415 questions that aligned
with leader—follower dynamics. The selection was based on
identifying questions that required guidance or orientation,
and each label was assigned according to the nature of the
dialogue in the original context. If one of the participants
in the dialogue requested guidance or directions, the label
assigned was LEADER. Conversely, if a participant initiated
a task alone or suggested being accompanied, the label
assigned was FOLLOWER.

To augment the dataset, we utilized 315 selected questions
(148 FOLLOWER and 167 LEADER), while reserving 100
original human-sourced questions (50 FOLLOWER and 50
LEADER) for model evaluation. The data augmentation pro-
cess was conducted using three different LLMs (DeepSeek,
Gemini, and GPT-4) following methods established in recent
research on synthetic data generation with LLMs [24]-[26],
[29]. Each model was instructed to generate approximately
six paraphrases per question, preserving the original samples’
meaning and structure [30]. This resulted in a total of 5,400
leader-follower-oriented questions, 1,800 per model. This
dataset size is consistent with related works that employed
a similar number of samples [31], [32].

Two dataset configurations were derived to align with the
interaction modes tested in this study. The first corresponds
to a zero-shot setup and contains leader—follower questions
with their associated role labels. The second corresponds
to a one-shot setup and simulates more complex inter-
actions. It includes the generated questions, an additional
clarifying question about the user’s intentions, and a re-
sponse generated by an LLM simulating a human-like but
intentionally ambiguous reply. This “scarecrow” validation
methodology [33], replaces the need for a human interlocu-
tor during early-stage validation by acting as a temporary
black-box LLM component within the system pipeline. This
design enables scalable and reproducible experimentation.
Moreover, it mitigates ethical risks associated with exposing
real participants to potentially misaligned or unvalidated
behaviors, functioning as an intermediate validation layer
before transitioning to human-subject studies [34].

To evaluate the quality and semantic integrity of the aug-
mented datasets, a semantic fidelity analysis was conducted
by comparing the synthetic samples against the original
human-annotated data. We employed the Sentence-BERT
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Fig. 2: Overview of the dataset construction and model evaluation pipeline. The top section illustrates the creation of zero-
shot and one-shot datasets, generated from DailyDialog samples and synthetic augmentation. The bottom section shows how
these datasets were used to train and evaluate models under two adaptation strategies (prompt engineering and fine-tuning)

for both zero-shot and one-shot interaction modes.

(SBERT) framework to generate high-dimensional embed-
dings for both real and synthetic instances [35]. For each
synthetic sentence within a specific class, we calculated the
maximum cosine similarity relative to all real samples in
the same category. This approach ensures a balanced as-
sessment of how well the synthetic generation preserves the
core semantic meaning of the original classes, with results
interpreted based on the distribution of maximum similarity
scores. The mean maximum cosine similarity for the GPT-
4 augmented dataset was 0.831 4= 0.086 with respect to the
Follower Rule and 0.846 4 0.090 with respect to the Leader
Rule. For the Gemini-augmented dataset, the corresponding
values were 0.786 £ 0.107 and 0.788 =+ 0.120, respectively.
The DeepSeek-augmented dataset achieved 0.826 £ 0.097
under the Follower Rule and 0.828 £0.113 under the Leader
Rule.

Finally, each interaction in both datasets was labeled
with the correct role assignment, establishing a ground truth
for evaluation. The overall process of dataset construction
and organization is summarized in Fig. 2] To our knowl-
edge, this represents the first dataset specifically tailored
to leader—follower HRI communication, enabling systematic
benchmarking of SLM adaptation strategies.

B. Language Model Evaluation

Based on the constraints outlined in the introduction, we
required an SLM that balanced computational efficiency with
sufficient accuracy for leader—follower role assignment. The
literature shows that compact models from the Qwen2.5 fam-
ily achieve strong parameter efficiency, with the 0.5B vari-
ant delivering competitive comprehension and instruction-

following performance despite its reduced scale [14]. Bench-
mark results reported in the Qwen?2.5 technical report further
demonstrate that this variant outperforms other models of
comparable size across standard evaluations while maintain-
ing low latency, reinforcing its suitability for deployment on
resource-constrained robotic platforms [17]. These findings
support our choice of Qwen2.5-0.5B as the base model. Its
balance of computational efficiency and task performance
makes it well-suited for embedded assistive robotics, where
real-time responsiveness and resource efficiency are critical.

We evaluated this model under two interaction modes:
zero-shot and one-shot. In zero-shot mode, the SLM must
classify the leader—follower role using only the user’s initial
input, with no opportunity for clarification. In the one-
shot mode, the SLM is permitted to ask a single clarifying
question, after which it combines the original input and
the user’s response to make its prediction. The bottom
half of Fig. |2| illustrates how these datasets are integrated
into the evaluation pipeline, where zero-shot and one-shot
models are trained and assessed using prompt engineering
and fine-tuning strategies. Together, these modes provide
a framework for systematically evaluating the impact of
clarification on role assignment. The performance of all
proposed strategies was evaluated using Monte Carlo Cross-
Validation (MCCYV), with 30 independent iterations to ensure
statistical de-biasing. We next describe the baseline and
the two adaptation strategies applied to this model: prompt
engineering and fine-tuning. As a reference condition, the
Qwen2.5-0.5B model, without any task-specific adaptation,
was used as baseline.



TABLE I: Performance comparison of evaluated models across zero-shot and one-shot interaction modes. Metrics include
classification accuracy, precision, recall, and F1-score, alongside efficiency measures (tokens per second and latency).

Interaction  Method Accuracy [%] Precision [%] Recall [%] F1-score [%] Tokens/s Latency [ms]
Baseline 55.004+10.98 75.17421.61 16.394+6.53 25.99+8.23 281.94+105.8 33.84+3.7

Zero-shot Prompt Eng.  53.87+10.38 56.80£19.20  31.034+12.58  38.80412.66 85.9+27.0 111.9440.0
Fine-tuning 86.66+6.77 84.81+£10.07 90.05+7.98 86.7246.53 432.1+£148.2 222442
Baseline 48.001+9.09 40.83+32.16 9.274+7.99 14.18+11.39 988.63+116.7 41.0+2.6

One-shot Prompt Eng. 45.0748.17 424842649  17.41+1091  23.12+13.42 305.6+90.7 213.8+309.1
Fine-tuning 51.654+13.40 43.69+45.02 8.90+13.29 13.07+16.55  1851.69+380.09 222435

1) Baseline Model: We employed Qwen2.5-0.5B model
with its original weights as the baseline, without apply-
ing few-shot examples or any task-specific adaptation. The
model received only the task instruction and generated re-
sponses based on its pre-trained parameters.

2) Prompt Engineering: We designed prompt architec-
tures for both the zero-shot and one-shot setups. The zero-
shot architecture employs a single system prompt that en-
capsulates the agent’s personality, behavior, and task-specific
instructions, drawing on prompt engineering methods such as
few-shot prompting and meta-prompting [21], [35], [36].

In contrast, the one-shot architecture uses two system
prompts, each tailored to a specific functional component of
the agent. The first prompt is designed to elicit a clarifying
question from the model. In contrast, the second integrates
both the user’s initial input and their clarification response
to determine the final role assignment. This decomposition
was motivated by the limitations of small-scale models,
where breaking instructions into smaller, focused prompts
can improve consistency and overall performance [21], [36].

3) Fine-tuning: While prompt engineering can adapt an
SLM to specific tasks, its effectiveness is often constrained
by the model’s pretraining distribution, especially in small-
scale models [37], [38]. To address this limitation, we fine-
tuned the Qwen2.5-0.5B model on our generated dataset to
specialize it for binary leader—follower role classification.
Fine-tuning has been widely adopted to improve task ad-
herence when zero-shot or few-shot prompting alone proves
insufficient. The fine-tuning process was conducted on an
NVIDIA server equipped with L40S 48GB GPUs.

For this step, we used the Autotrain framework for text
classification [39], which we chose for its practicality and
efficiency in hyperparameter exploration. In this framework,
the base model is adapted for the classification task by
appending a lightweight linear head to the pretrained ar-
chitecture. This head learns to map the model’s latent rep-
resentations into discrete labels, bridging the gap between
general-purpose language understanding and the specific re-
quirements of leader—follower classification. The parameters
used on the framework are: 10 training epochs, a learning
rate warmup of 50 steps, weight decay of 0.01, and a batch
size of 16 for both training and evaluation. The model was
optimized using mixed-precision (FP16) training, with the
best model selected based on accuracy and a stratified 20%

validation split.

In the zero-shot condition, a single fine-tuned model is
sufficient to directly classify the role based on the user’s
initial request. In the one-shot condition, however, we trained
two complementary models: one fine-tuned to generate a
clarifying question when the initial input is ambiguous, and
a second fine-tuned to perform the final leader—follower clas-
sification using both the original input and the user’s follow-
up answer. This separation ensures that the clarification stage
is optimized for interaction quality, while the classification
stage remains optimized for decision accuracy.

III. EXPERIMENTAL EVALUATION

This section presents the evaluation outcomes of the
proposed leader—follower classification framework. We first
report the overall performance of different adaptation strate-
gies (baseline, prompt engineering, and fine-tuning) across
zero-shot and one-shot interaction modes. Each proposed
SLM model was evaluated on the test set of 100 phrases,
reporting key performance metrics such as overall accuracy,
per-class precision, recall, and F1-score, together with system
efficiency in terms of throughput and latency. To ensure
statistical robustness, this evaluation was repeated thirty
times, allowing us to run statistical analysis on the results.
Experiments were conducted under both zero-shot and one-
shot conditions. Based on these results, we identify the best-
performing model and, in a subsequent subsection, perform
a focused analysis on the impact of sentence length on
classification performance.

A. Classification Metrics

Table [ summarizes the results across methods and interac-
tion modes. For the zero-shot interaction, fine-tuning signifi-
cantly outperformed both the baseline and prompt engineer-
ing strategies. In this setup, fine-tuning achieved an accuracy
of 86.66%, compared to 53.87% for prompt engineering and
55.00% for the baseline (z-test, p < 0.001). A different pat-
tern was observed in the one-shot setup, where performance
across all methods converged near chance level; fine-tuning
reached only 51.65% accuracy, statistically comparable to the
baseline (48.00%) and prompt engineering (45.07%) (z-test,
p > 0.001). Precision and recall metrics reveal that while
zero-shot fine-tuning achieves a robust balance, the zero-shot
baseline and prompt-engineering methods are significantly
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Fig. 3: Accuracy dispersion across 30 runs for each in-
teraction mode and adaptation strategy. Fine-tuned models
consistently achieve higher median accuracy than baseline
and prompt-engineered approaches, though the one-shot fine-
tuned condition shows slightly greater variability.

skewed toward higher precision at the expense of extremely
low recall (e.g., 16.39% for the baseline). This suggests that
without specialization, the models are overly conservative,
failing to detect the majority of leader—follower transitions.
In the one-shot configuration, however, fine-tuning failed to
maintain this performance, with recall dropping to a marginal
8.90%. This shift indicates that, while fine-tuned SLMs
are highly effective for direct classification, the increased
semantic complexity and context length of one-shot inter-
actions—incorporating both the clarifying question and the
simulated response—may exceed the 0.5B model’s limited
parameter capacity, leading to a breakdown in classification.

When comparing zero-shot and one-shot modes, the fine-
tuned model’s performance degraded significantly, with ac-
curacy dropping from 86.66% to 51.65% (p < 0.001).
Similarly, the baseline accuracy declined from 55.00% to
48.00%, while prompt engineering results decreased from
53.87% to 45.07%. The dispersion observed in Fig. [3]
suggests that the one-shot interaction mode introduces a
level of linguistic complexity that the 0.5B parameter model
struggles to process reliably. This is most evident in the
fine-tuned one-shot metrics, where precision fell to 43.69%
and recall collapsed to a marginal 8.90%. These results
indicate that while fine-tuned SLMs are highly effective
for direct, single-turn role classification, the increased con-
text length—incorporating both a clarifying question and a
synthetic response—likely exceeds the model’s capacity to
maintain semantic fidelity. In leader—follower HRI, this is
an important finding: it suggests that for small models on
the edge, a more complex, multi-turn dialogue may actually
increase the risk of coordination breakdowns by introducing
noise that the model cannot successfully filter to determine
initiative. Further research into specialized context-pruning
pipelines is necessary to enable the linguistic flexibility
of multi-turn dialogues without compromising the system’s
initiative-detection reliability.

Finally, efficiency analysis revealed clear trade-offs
between adaptation strategies. Fine-tuning consistently
achieved the lowest latency (around 22 ms per sample)

and the highest throughput (432-1851 tokens/s), significantly
outperforming both baseline and prompt engineering. Prompt
engineering incurred the highest latency, particularly in the
one-shot mode (213.8 ms), due to the added prompt com-
plexity and the need to maintain longer context windows
within the 0.5B model’s inference cycle. Interestingly, while
the one-shot configuration produced more tokens on av-
erage—due to the interaction including both a clarifying
question and a synthetic response—the measured latency
for the fine-tuned model remained identical to the zero-shot
case (22.2 ms). Due to high throughput, fine-tuned one-
shot models incur negligible latency overhead compared to
zero-shot modes. However, the trade-off is not negligible
for prompt-engineered approaches, where latency increased
nearly twofold in one-shot mode.

B. Sentence Length Analysis

Given recent reports that longer inputs can exacerbate
language model hallucinations [40], we evaluated whether
sentence length affects the reliability of leader—follower clas-
sification. Specifically, we tested whether increased context
in longer inputs improved decision quality or increased the
model’s susceptibility to misclassification. To analyze this,
we performed data binning on the test set with a step size of
10 characters, calculating the mean accuracy and standard
deviation across thirty independent runs for each bin. The
x-axis of Fig. 4|indicates the character length bins, while the
y-axis represents the classification accuracy.

The results reveal distinct patterns for the two interaction
modes. In the zero-shot configuration (Fig. [a), accuracy
remained robust across most bins, maintaining levels above
80% for shorter sentences and showing relative stability
even as length increased, despite a localized dip in the 39-
character bin. This suggests that the 0.5B model effectively
captures role intent in single-turn interactions regardless of
moderate phrasing complexity. By contrast, the one-shot
configuration (Fig. exhibited a significant and progressive
decline in performance. Accuracy dropped from approxi-
mately 65% in the shortest bin to nearly 25% for the longest
sentences.

Taken together, these findings indicate that while zero-
shot classification is relatively resilient to sentence length,
one-shot interactions struggle with the combination of longer
inputs and multi-turn context leads to a breakdown in se-
mantic fidelity. For extremely small models on the edge,
the increased noise of a verbose, multi-turn dialogue appears
to overwhelm the model’s parameters, underscoring the im-
portance of concise interaction design when using sub-1B
parameter models for initiative-switching.

IV. CONCLUSION

This work presented an evaluation of SLMs for
leader—follower role classification in HRI. We constructed
a novel dataset tailored to this task, introduced two interac-
tion modes (zero-shot and one-shot), and compared prompt
engineering and fine-tuning strategies on the Qwen2.5-0.5B
model. Across thirty independent trials, zero-shot fine-tuning
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Fig. 4: Accuracy as a function of sentence length for the fine-tuned models under (a) zero-shot and (b) one-shot settings.
Error bars indicate one standard deviation. For the zero-shot setting, sentence length is measured using only the user’s
question. In the one-shot setting, sentence length is computed from the concatenation of the user’s question, the provided
example answer, and the final response, resulting in a larger number of characters overall.

consistently outperformed prompt engineering and baseline
methods in both accuracy and efficiency. However, one-shot
interactions exhibited a significant performance degradation,
highlighting critical architectural limits when processing
multi-turn context on extremely small models. Together,
these results reveal trade-offs among efficiency, precision,
and dialogue complexity when deploying SLMs on edge-
constrained robotic platforms.

Beyond empirical performance, our study makes two main
contributions to the field. First, we provide the first publicly
available dataset designed specifically for leader—follower
HRI communication, enabling reproducible benchmarking
of adaptation strategies. Second, we demonstrate that fine-
tuning is not only superior in accuracy but also more efficient
in terms of latency and throughput, directly addressing the
practical constraints of embedded robotic platforms. In this
context, our sentence length analysis revealed that while one-
shot configurations are less sensitive to input complexity and
length than zero-shot models, they require greater parameter
capacity or specialized context management to maintain
classification fidelity.

Despite the observed poor performance in 0.5B mod-
els, one-shot interactions retain significant potential as they
closely mimic the inherent complexity of real-life dyadic
coordination. To transition from direct role assignment to
these more natural dialogue paradigms, future research must
develop specialized evaluation frameworks for the edge. Such
frameworks are needed to assess the semantic quality of the
SLM’s clarifying questions and the contextual veracity of
the scarecrow simulation responses. This necessitates a shift
toward either rigorous mathematical evaluations of semantic
fidelity or the inclusion of subjective user judgment through
human-in-the-loop studies.

There remain, however, important directions for future
work. Our dataset, while novel, is synthetic and limited
in scale; extending it with larger, multimodal, and human-

annotated samples will strengthen the ecological validity of
the findings. Similarly, exploring alternative SLM architec-
tures, compression strategies, and multilingual settings may
further improve efficiency and inclusion. Finally, evaluating
these models in real-world robotic experiments, where com-
munication is embedded in dynamic tasks and environments,
will be critical to validate their robustness and user accep-
tance. Future research will also address the underexplored
potential of one-shot interactions by conducting deeper eval-
vations of the SLM-generated answers and the simulation
(scarecrow) module’s performance, using both automated
metrics and human-in-the-loop studies to refine multi-turn
dialogue reliability.
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