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Abstract

Human-AlI collaboration is a rapidly evolving field that seeks
to leverage the complementary strengths of humans and arti-
ficial intelligence (Al) to solve complex problems. An area
where such collaboration holds significant promise is in
decision-making tasks, particularly in automated planning.
As classical symbolic approaches are widely used in this
field, they are limited when solving large and complex prob-
lems. Furthermore, they require expert knowledge in formal
and structured languages to interact with, hindering their use.
Recently, Large Language Models (LLMs) have emerged as
a potential solution to these challenges but LLMs alone are
not sufficient for solving such problems. However, a promis-
ing way to achieve seamless human-Al collaboration could be
with hybrid approaches combining the strength of symbolic
reasoning and the flexibility of LLMs.

Introduction

Human-AI collaboration is a rapidly evolving field that
seeks to leverage the complementary strengths of humans
and artificial intelligence (Al) to solve complex problems.
An area where such collaboration holds significant promise
is in decision-making tasks, particularly in automated plan-
ning (Ghallab, Nau, and Traverso 2016). Classical auto-
mated planners have been widely used to address such prob-
lems, but they often struggle with large, complex, and re-
alistic scenarios. Due to their PSPACE complexity (Bylan-
der 1991), these systems typically cannot generate optimal
solutions for complex problems. Instead, they rely on sim-
plification techniques like heuristics and relaxation methods
to manage computational demands (Miiller-Merbach 1981).
While effective in constrained settings, these approaches of-
ten fall short when applied to real-world problems that re-
quire adaptability and scalability.

In recent years, Large Language Models (LLMs) have
emerged as a potential solution to these challenges. LLMs,
with their ability to process and generate natural language,
offer a unique combination of abstraction and generaliza-
tion. However, despite their promise, LLMs alone are not
sufficient to solve complex planning problems (Kambham-
pati et al. 2024). Their limitations in reasoning, consistency,
and reliability highlight the need for hybrid approaches that
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combine the strengths of symbolic reasoning with the flex-
ibility of LLMs. An overview of such hybrid approach is
shown in Figure 1. In this extended abstract, we use a dis-
aster recovery scenario as a running example to discuss how
to leverage LLMs in a Human-AI collaboration.

Human-AI Collaboration Roles in
Decision-Making

In this context, different roles can be identified. Classical
symbolic Al should be in charge of low-level, complex and
long-horizon reasoning. They ensure sound and detailed so-
Iutions while considering formal constraints. In the disaster
recovery scenario, they can calculate and compare complete
rescue plans. However, despite being mandatory for comput-
ing full sound solutions, classical Al lacks high-level contex-
tual considerations and can be computationally expensive.
On the other hand, humans should act as high-level rea-
soners and critics. Their inherent common sense and intu-
ition allow for estimating risks and identifying promising
strategies that align, for instance, with ethical and practical
considerations. Since humans struggle with long and low-
level calculations, they leverage symbolic systems to handle
these calculations, but expert knowledge in formal planning
and programming languages is required, limiting the acces-



sibility of such tools.

In this context, LLMs can play several roles beneficial
to symbolic systems, humans, and the collaboration. First,
LLMs can act as an interface translator converting human
natural language inputs into formal, structured language
(e.g. PDDL (McDermott et al. 1998)) for symbolic systems.
This would avoid the need for specialized technical knowl-
edge, which can impede rapid response and effective coordi-
nation. For instance, an LLM could translate a human opera-
tor’s verbal instruction to “prioritize children and injured in-
dividuals” into a formal constraint for the planner. LLMs can
guide the search process of symbolic planners by informing
heuristic functions or suggesting high-level strategies. For
instance, in a disaster scenario, an LLM might propose pri-
oritizing rescue routes with lower risks or higher practicabil-
ity based on weather predictions and fuel constraints. LLMs
can generate ideas to explore novel alternative solutions that
may not be immediately apparent to human planners. For
example, an LLM might suggest using drones to scout inac-
cessible areas or rerouting ground vehicles to avoid flooded
paths. LLMs can also highlight information to emphasize
critical information within a problem domain, such as areas
with high survival probabilities or locations with rapidly de-
teriorating weather conditions.

LLM Challenges and Considerations While LLMs of-
fer promising capabilities for natural language processing,
recent benchmarking studies reveal significant limitations in
their planning and reasoning abilities. They can hallucinate,
misinterpret, or omit information, leading to errors. Even
their translation capabilities from formal syntax to natural
language has been shown to be inaccurate (Karia et al. 2024;
Parmar et al. 2024). Kokel et al. (2025) introduced ACP-
Bench, a comprehensive benchmark for reasoning about ac-
tion, change, and planning that evaluates LLM performance
across multiple dimensions. Their findings, comparing var-
ious state-of-the-art models (including Phi-3, Gemma 7B,
LLAMA 3.1, GPT-40, and others), demonstrate that even
the most advanced LLMs struggle with fundamental aspects
of planning. The benchmark evaluates models on metrics
including atom reachability, progression, validation, action
applicability, landmarks, justification, and action reachabil-
ity. Results show that while LLMs perform moderately well
on some dimensions, they exhibit substantial weaknesses in
others, with no model achieving strong performance across
all metrics. This empirical evidence further supports Kamb-
hampati et al. (2024)’s analysis that LLMs can be used
for planning, but not for doing end-to-end planning, rein-
forcing our argument for hybrid approaches that combine
LLMs with symbolic reasoning systems rather than relying
on LLMs alone for complex decision-making tasks.

Incorporating Transparency, Trust, and
Dependability

Effective Human-Al collaboration requires transparency,
trust, and dependability. Transparency helps operators un-
derstand Al decisions, such as why a particular route was
prioritized or why a rescue team was assigned to a specific
location. Liao and Vaughan (Liao and Wortman Vaughan
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2024) suggest transparency approaches of providing model
reports, publishing evaluation results, communicating uncer-
tainty, and including explanations. On the other hand, Ehsan
et al. (Ehsan et al. 2024) argue that algorithmic transparency
is not enough for making Al explainable. LLM transparency
should be a human-centered, socio-technical interaction de-
sign problem, in which supporting humans make sense of
the model is more critical than peeking into its architecture.
These various aspects of the transparency problem empha-
size the need to specify what information human users need
while working with LLMs or any Al tools.

Dependability requires robust mechanisms to handle er-
rors and uncertainties, especially when LLMs are involved.
Uncertainties or ambiguous outputs can be flagged for hu-
man review, ensuring that critical decisions are not based on
unreliable information. For example, LLM-generated routes
can be cross-checked with weather data and human input.
Kim et al. (Kim et al. 2024) introduce Prometheus 2, a
powerful language model designed to evaluate other LLMs,
thereby contributing to improved dependability. Jung et al.
(Jung, Brahman, and Choi 2025) propose a cascaded selec-
tive evaluation approach, which dynamically switches be-
tween weaker and stronger LLMs to align better with human
expectations. However, a key unresolved question remains:
what happens when even the most capable LLMs still fail to
meet human standards?

Trust is built through consistent and reliable performance,
especially in high-stakes situations where errors can have
severe consequences. Transparency and dependability are
key factors in earning this trust. While much research has
focused on enhancing trust in Al systems, excessive trust
can also be problematic. When humans overestimate an
Al system’s capabilities, they risk being misled by inaccu-
rate outputs, potentially undermining effective collaboration
(Musaftar et al. 2025). Therefore, trust must be carefully cal-
ibrated in designing LLM-based interaction interfaces.

Measuring Performance and Addressing
Tradeoffs

In measuring performance within Human-AlI collaboration,
it’s essential to evaluate both the individual contributions of
the LLM-based AI tools and the human users, as well as
the combined system as a whole. On the Al side, differ-
ent roles such as planning, translation, and suggestion, re-
quire tailored evaluation metrics. These may include met-
rics like success rate and reward for planning tasks (Huang
et al. 2024), consistency, plausibility, and stability for trans-
lation tasks (Perko and Wotawa 2024), and accuracy, diver-
sity, and fairness for suggestion tasks (Gao et al. 2024). Such
tailored metrics enable a more precise evaluation of LLM-
based tools’ effectiveness in fulfilling their intended roles.

On the human side, cognitive metrics are assessed through
user studies, with a focus on trust and adaptability. Tools
such as the Trust of Automated Systems Test (TOAST) and
TrustDiff are used to quantitatively assess these metrics both
before and after user interaction with Al (Oelschlager 2024).
These metrics help illuminate the evolving dynamics of hu-
man reliance on and collaboration with Al systems.



Beyond evaluating individual contributions, it is essential
to assess the overall Human-Al system as a combined en-
tity. This includes a mix of qualitative metrics, such as so-
lution quality, human satisfaction, and cognitive load, and
quantitative metrics, such as task completion time, planning
efficiency, and usability of the system. In addition, benefit-
risk tradeoffs must be considered, encompassing ethical con-
cerns, risk management, task performance, and the need for
human oversight in critical decision-making scenarios. For
example, while LLMs can improve decision-making by pro-
viding insights and reducing cognitive load, they may also
introduce biases, such as prioritizing survivors with higher
probabilities, which could raise ethical concerns. Balancing
these tradeoffs demands careful system design and continu-
ous evaluation. While evaluating each component individ-
ually provides valuable details, a holistic approach offers
a comprehensive understanding of the overall effectiveness
and impact of Human-AI collaboration.

Conclusion

The integration of LLMs into collaborative decision-making
systems represents a promising avenue for addressing com-
plex automated planning problems. By combining the
strengths of symbolic reasoning and LLMs, hybrid ap-
proaches can overcome the limitations of traditional meth-
ods while enabling more accessible and effective human-
Al collaboration. However, realizing this potential requires
addressing challenges related to verification, transparency,
and dependability, as well as developing robust performance
metrics and strategies for managing benefit-risk tradeoffs.
As research in this area continues to advance, it has the
potential to transform how humans and AI systems work
together to solve some of the most challenging problems
across diverse application domains.
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