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1 Research interests

Spoken dialogue systems (SDSs) aims to enable natural,
interactive and collaborative conversations. My research
interest lies in leveraging these situated collaborative
conversations to teach new concepts (skills) to collab-
orative robots (cobots). These cobots, when operating
in manufacturing environments such as assembly lines,
are envisioned to converse with humans, reach common
ground, and learn new skills in “one shot” without the
need for multiple demonstrations. Unlike SDSs in con-
sumer domains, these cobot-based systems must handle
conversations in noisy, time-sensitive industrial settings.
Motivated by these challenges, my research focuses
on building collaborative dialogue systems capable of
integrating conversational programming (Brummelen
et al., 2020) to translate situated dialogue into modular
programs (Paetzel-Priismann et al., 2022), knowing when
to ask for clarifications (Shi et al., 2022; Rahmani et al.,
2023; Madge and Poesio, 2024), and adapting the pro-
gram based on corrections (Fakhoury et al., 2024).

1.1 Conversational Programming

Conversational programming for cobots introduces chal-
lenges related to natural language understanding and
translation. In this setting, human instructors are often
novices, unfamiliar with programming concepts or the
system’s internal workings. As a result, their instructions
may be ambiguous, unstructured, and span multiple turns
involving clarifications and corrections. This contrasts
with traditional robotic commands, where the goal is im-
mediate execution (e.g., place the fruits into a bowl); in
cobot programming, the objective is to generate modular
programs that can be reused in future contexts.

In this direction, we first explored the program synthe-
sis capabilities of large language models (LLMs) using a
retrieval-augmented approach (Kranti et al., 2024a) in a
Minecraft building task (Narayan-Chen et al., 2019). Al-
though our approach outperformed the baseline (Jayan-
navar et al., 2020), it also highlighted several challenges
inherent in the dataset. To narrow the focus toward
controlled action generation in industrial scenarios, we
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proposed a 2.5D ! structure-building task (Kranti et al.,
2024b) involving assembly components. The objective is
to reconstruct a target structure with specific spatial ar-
rangements on a 2.5D grid. This environment also sup-
ports the construction of complex compositional struc-
tures (e.g., Build an X5 bridge by connecting a T3 and B5
vertically).

We evaluate instruction-tuned LLMs on this task,
prompting models to generate both first-order code (a
sequence of atomic code) from multi-turn instructions,
and higher-order code (modular functions) from single-
turn natural language instructions. Results indicate that
while models perform well on first-order code genera-
tion, they struggle with higher-order code, particularly
when repetition is required in synthetic instructions. We
also curated a dataset of human-written instructions and
observed similar difficulties in producing correct higher-
order code. With fine-tuning (Kranti et al., 2025b), the
models show improved performance on human-written
instructions that do not involve repetition, but they con-
tinue to struggle when repetition is required. These find-
ings highlight both the potential and current limitations
of LLMs in supporting modular, reusable program gener-
ation, suggesting the need for further research.

In addition to this, I was involved in developing tools
to capture human-human interactions in collaborative
structure-building tasks. I also developed interfaces for
writing stand-alone instructions and replicating structures
from them, enabling the study of both instruction gener-
ation and interpretation in isolation.

Future work will focus on integrating iterative feed-
back mechanisms, generating modular functions from
multi-turn conversations, and evaluating the composi-
tional capabilities of the models.

1.2 Collaborative Dialogue System

While the evaluation of LLMs for conversational pro-
gramming was conducted in a virtual setup, I developed
a collaborative dialogue system to better understand and
test these capabilities in an interactive setting. At present,

' A 2D grid where components can also be stacked vertically,
without the complexity of full 3D simulation.
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user input is collected via text, but we plan to integrate a
spoken dialogue interface in future iterations. The sys-
tem includes a user interface (built using SLURK (Gotze
et al., 2022)) for receiving human instructions, a hybrid
dialogue manager that integrates both RASA and LLM-
based components, and a PyBullet 2-based robot arm sim-
ulator for visualizing the execution of instructions. The
system follows a modular approach to manage interac-
tions with the LLM (for conversational programming)
and RASA 3 (for dialogue control).

The system is designed to serve two purposes: (a) to
collect human instructions for evaluating collaborative
dialogue strategies, and (b) to compare the usability of
our dialogue-based interface with traditional robot pro-
gramming approaches, such as using teach pendants .
This work is currently in progress. The addition of speech
could introduce challenges in ASR errors and interrupted
speech, especially in noisy industrial settings.

While this system supports natural instruction and user
studies, it currently does not address interactive repair
strategies such as clarification or correction. These as-
pects are the focus of the next subsection.

1.3 Dealing with clarifications and corrections

In order to translate instructions into modular programs,
the models used by the cobot must be capable of accu-
rately inferring user intent. This includes distinguishing
between different types of utterances, such as elabora-
tions (e.g., “stack it with a horizontal bridge; the bridge
is placed in such a way that the structure looks like a
T”), acknowledgements (e.g., “yes, good job!”), which
may not require code generation, and corrections (e.g.,
“no, move that red washer to its right”), which neces-
sitate updating the code based only on the corrected in-
struction. Handling such utterances demands a nuanced
understanding of conversational context and user intent.

In ongoing work, I am developing a simulation frame-
work in which an instruction-giving LLM (to be later re-
placed by a human) communicates with an agent LLM
responsible for generating executable code to build a goal
structure. At each turn, the instruction-giver observes the
current status and generates follow-up instructions or cor-
rections. The agent LLM either generates code (if the
instruction is clear) or requests clarification. This setup
enables the simulation of diverse instruction styles and
linguistic variations while keeping environmental condi-
tions constant, thereby allowing for robust evaluation of
collaborative behavior.

In parallel, we have also developed an evaluation
framework (Kranti et al., 2025a) to assess dialogue sys-
tems under controlled interaction conditions. We evalu-
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ated this framework using a task-oriented dialogue set-
ting based on the MultiWwOZ (Budzianowski et al., 2018)
dataset, providing insights into the robustness of differ-
ent dialogue systems. These insights inform the design of
collaborative dialogue systems, particularly with respect
to the choice of instruction simulators, model sizes, and
dialogue system architectures.

2 Spoken dialogue system (SDS) research

In the era of LLMs, the future of SDS research is difficult
to predict but looks promising. These models lower the
barrier to creating culturally adaptive and accessible di-
alogue systems, while also raising important ethical and
regulatory concerns.

SDS applications are expanding beyond traditional do-
mains into areas like mental health support, creative
learning, and industrial automation. This calls for inter-
disciplinary collaboration. Future efforts should focus on
making SDSs robust to changes in underlying APIs and
external dependencies. Improving automatic evaluation
metrics and methodologies is also necessary, as they re-
main a major bottleneck.

Despite their impressive fluency, LLMs often rely on
surface-level pattern matching, which may limit their
ability to engage in deeper goal-driven, spoken dialogue
interactions involving common ground. This makes it es-
sential to investigate and mitigate these limitations to en-
sure safe and trustworthy dialogue systems. While cu-
rating human evaluation data for SDS remains resource-
intensive, LLMs could be leveraged to help automate
and scale this process. Additionally, improving the per-
formance of smaller LLMs, especially in low-resource
settings, will be important for making SDS systems
widespread and inclusive.

3 Suggested topics for discussion

* Evaluation of Dialogue Quality: How can we auto-
matically evaluate the quality of dialogues? What
metrics or benchmarks are effective for meaning-
ful assessment? How can such evaluations support
the development of more advanced, possibly Turing-
complete, dialogue systems?

* Multimodal Dialogue Systems: What are the impli-
cations of integrating additional modalities such as
vision, gestures, or environmental context? When is
multimodality essential, and how can we assess its
effectiveness and necessity in various applications?

* Necessity of Architecture in the Age of LLMs: With
LLMs now capable of solving a wide range of down-
stream tasks, is there still a need for specialized ar-
chitectures in dialogue systems? If so, what should
they look like, and how can we design them?
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