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Abstract— In recent years, robots and autonomous systems
have become increasingly integral to our daily lives, offering
solutions to complex problems across various domains. Their
application in search and rescue (SAR) operations, however,
presents unique challenges. Comprehensively exploring the
disaster-stricken area is often infeasible due to the vastness
of the terrain, transformed environment, and the time con-
straints involved. Traditional robotic systems typically operate
on predefined search patterns and lack the ability to incorporate
and exploit ground truths provided by human stakeholders,
which can be the key to speeding up the learning process
and enhancing triage. Addressing this gap, we introduce a
system that integrates social interaction via large language
models (LLMs) with a hierarchical reinforcement learning
(HRL) framework. The proposed system is designed to translate
verbal inputs from human stakeholders into actionable RL
insights and adjust its search strategy. By leveraging human-
provided information through LLMs and structuring task
execution through HRL, our approach not only bridges the
gap between autonomous capabilities and human intelligence
but also significantly improves the agent’s learning efficiency
and decision-making process in environments characterised by
long horizons and sparse rewards.

I. INTRODUCTION

Autonomous intelligent robots are expected to be deployed

in a broader range of real-world applications [1]. For in-

stance, in the aftermath of natural or man-made disasters,

search and rescue (SAR) robots are utilised to assist in tasks

such as searching operations, incidents reporting, locating

missing people, and providing aid to those affected within

the impacted area [2]. In this high-stakes domain, despite

considerable advancements, SAR robots continue to face

significant limitations in terms of decision-making, task

execution, and adaptability. These limitations stem from the

robot’s dependency on preset behaviors, significant environ-

ment change/degradation, and accurate data input by human

operators (e.g., upload updated viable roads/bridges [3], [4]

and triage priority areas for SAR [5]). However, this is in

contention with the future vision of having fully-autonomous

agents with the capacity to emulate human decision-making

processes and adapting in real-time [6], especially within

human-robot interaction (HRI) regimes.

A. State-of-the-Art and Gaps

Here, we consider how to make use of the user contributed

information provided into the learning scheme. The literature

suggests various forms of human guidance to aid learning
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algorithms, ranging from demonstrations and advice to pref-

erence and online evaluative feedback [7]. The proposed

work, nevertheless, is specifically designed for scenarios

that humans have no access to the agent’s internal software

implementation. Instead, the feedback in these instances is

communicated through natural language and converted into

grounded insight. In fact, we know information theoretical

bounds to information aided human-robot SAR exist [8], but

how this can be achieved in reality is not clear.

In this research area, there is widespread acknowledge-

ment that the utility of informative feedback is beneficial to

the learning agent [9]. Information about the environment’s

structure is densely informative, helping the agent reduce

exploration and quickly find the optimal strategy [10]. Early

work examined the use of side information from mobile

signals or sensor networks [11], however this lacks semantic

detail and availability.

Current SAR systems deployed in these scenarios fail

to actively seek, collect, and exploit contextual information

from human stakeholders, which can be important to speed-

ing up the learning progress and enhancing the efficiency

of the search. This oversight results in a significant under-

utilisation of potentially vital information and insights that

could otherwise direct efforts more accurately and promptly

[12]. In contrast, humans naturally tend to seek assistance

when faced with challenging tasks, particularly when there

is a lack of sufficient information and knowledge regard-

ing the operational environment. This inclination to request

help originates from our inherent desire for collaboration,

problem-solving, and leveraging collective knowledge and

expertise [13].

In view of the above, the challenge lies in extending

SAR robots’ capabilities beyond mere execution of tasks to

becoming active participants in the problem solving process.

This is especially crucial in large-scale and dynamic disaster

environments, where much of the necessary information,

initially unknown or inaccessible to rescue personnel, is scat-

tered across various sources [14]. Recognising the dynamic

nature of such environments, where prior knowledge may

be limited or outdated, we propose the integration of human

linguistic inputs into the agent’s learning process as a critical

enhancement over reliance solely on environmental cues.

B. Opportunities in LLMs and HRL

Large Language Models (LLMs) [15], with their ad-

vanced natural language understanding capabilities, emerge

in bridging the communication gap between SAR robots

and humans by providing a variety of constructive roles in
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solving planning tasks [16]. Furthermore, the complexity and

scale of disaster environments necessitate an approach that

goes beyond simple task execution. Hierarchical Reinforce-

ment Learning (HRL) [17] offers a structured method to

address this challenge by breaking down complex tasks into

more manageable subtasks. HRL’s emphasis on learning at

multiple levels of abstraction and operating on a subset of

the state space makes it particularly suited for environments

with delayed rewards, such as those encountered in SAR

operations.

Assuming that the agent is capable of interpreting the

information signal into an actionable insight, the retained

feedback can promote or discourage behaviour before it is

presented [18]. However, encoding human input into a shape

that an agent understands can be a complicated process. This

is where the integration of LLMs with robotic systems marks

a significant advancement in the field, bridging the com-

munication gap between humans and machines [19]. LLMs,

especially those tailored with domain-specific knowledge and

trained on relevant datasets, show promise and highlight the

potential in enhancing decision-making processes in emer-

gency situations [20]. Recent advancements in integrating

LLMs into RL paradigms have shown promise in addressing

some of these limitations, as highlighted in [21]. The LLM

can act as an information processor, extracting meaningful

insights for the agent from natural language, thus enhancing

the agent’s natural language understanding. However, the

potential of combining RL with the nuanced comprehension

abilities of LLMs has not been fully exploited. A survey has

called for the potential uses of NLP techniques in RL, but

the capabilities of LLMs were limited at that time [22]. This

synergy [23] could revolutionise how SAR robots process

and act upon human-provided information in real-time.

C. Novelty

In this paper, the approach considers the agent acting as

a first responder in disaster scenarios. Leveraging LLMs to

interpret and convert human linguistic inputs into actionable

commands enables interaction between SAR robots and non-

technical individuals1 on-site. By doing so, the proposed

system facilitates real-time communication and allows the

robot to actively collect, process, and utilise the insights

provided by humans, which are crucial in the early stages of

disaster response. In addition to that, an HRL framework is

adopted to structure the agent’s task process [24], effectively

addressing the challenges caused by long horizons and sparse

rewards. Acting as a first responder in these language-rich

environments, the agent uses a hierarchy of decision making

to not only solve immediate problems efficiently, as dictated

by RL principles, but also to strategically and safely integrate

and act upon collected information, improving its learning

and operational efficiency.

The main contributions of this paper are summarised as

follows: (1) The development of a general, task-oriented hier-

archical planning framework for the operation of SAR robots,

1those not involved with the agent’s operational software implementation

which includes the use of specialised agents for different

subtasks. (2) A novel architecture for human-in-the-loop

integration and policy shaping, merging LLMs with HRL to

empower SAR robots to interpret and act upon human lin-

guistic inputs in real-time. (3) An extension of the utility of

HRL within SAR operations through the proposed method,

further enriched by infusing domain-specific knowledge into

the LLM using the Retrieval-Augmented Generation (RAG)

pipeline [25], enabling the agent to identify, prioritise, and

efficiently seek out specific information.

This paper delves into a novel and critical challenge in

the realm of emerging crisis response. Crucial information

distributed across a crisis scene often remains unexploited,

leading to inefficiencies in response strategies and outcomes.

By investigating this issue, our work highlights the impor-

tance of leveraging this dispersed information within the

learning frameworks of SAR operations, ultimately leading

to context-sensitive learning. The findings show that descrip-

tive information about the environment (e.g., new hazards

or updated victim locations), which may not be immedi-

ately available through standard data sources, significantly

improves the agent’s success on completing the task.

The rest of the paper is organised as follows. Section II

presents an overview of the proposed conceptual architecture.

Section III provides the case study setting followed by

experimental evaluation and analysis. In Section IV, the

results of our experiment are presented and discussed and we

point directions for future work. Finally, Section V concludes

our proposed work.

II. PROBLEM STATEMENT AND MODELLING

A. Conceptual Architecture

Our aim is to design a novel formulation that incorporates

mechanisms to accelerate the learning process of an agent

within a HRL framework, integrated with a LLM for pro-

cessing verbal inputs. The proposed system is illustrated in

Fig. 1 and comprises several key components:

• Context Extractor: This module processes verbal in-

puts communicated to the robot, using a pre-trained

LLM to parse and interpret these inputs, and generate a

structured contextual representation. The latter, encap-

sulating key information from the verbal inputs, is then

fed to the Strategic Decision Engine (SDE).

• Information Space: This set of predefined information

types serves as a guide or map for the agent, aligning

its actions with the mission’s strategic goals. It serves

as a reference for the SDE, ensuring that actions remain

on track with these objectives.

• Strategic Decision Engine (SDE): Operating as a man-

ager within the hierarchical framework, the SDE makes

strategic decisions based on the environment’s state,

the context from the Context Extractor, and directives

from the Information Space. The decisions guide the

agent towards actions aligned with context and mission

priorities.

• Attention Space: Situated within the SDE, this dynamic

space influences the agent’s decision-making by em-
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{"location": "hospital", "coordinates": [0, 3], "category": "POI"},
{"location": "mall", "coordinates": [4, 1], "category": "POI"},
{"location": "school", "coordinates": [3, 0], "category": "POI"},
{"location": "restaurant", "coordinates": [2, 0], "category": "POI"},
{"location": "shop", "coordinates": [1, 2], "category": "POI"},
{"location": "bank", "coordinates": [6, 5], "category": "HAZARD"},
{"location": "bakery", "coordinates": [3, 6], "category": "HAZARD"},
{"location": "petrol station", "coordinates": [2, 5], "category": "HAZARD"},
{"location": "train station", "coordinates": [5, 6], "category": "HAZARD"}
]

MAP COORDINATES
Hazard Locations: [(6, 5), (3, 6), (2, 5), (5, 6)]
Points of Interest: [(0, 3), (4, 1), (0, 3), (3, 0), (2, 0), (1, 2)]

VERBAL INPUT: "Hey, there's a victim at the entrance
of the hospital and the mall is a safe area to go. Also,
there is smoke and fire reports in the bank and bakery.
There's an access route close to the school, restaurant,
and shop. Police told us that no access allowed around
the petrol station and the train station."

Based on the information provided, here are some suggested actions:

1. Secure the vicinity of the hospital entrance where the victim is
located and provide medical assistance if necessary.
2. Notify the authorities about the victim and the smoke and fire reports
at the bank and bakery.
3. Evacuate the area around the bank and bakery if it's safe to do so,
and
warn people to stay away from those buildings.
4. Encourage people to use the access route close to the school,
restaurant, and shop as an alternative way to reach their destinations.
5. Avoid the areas where access is not allowed, such as the petrol
station
and train station, for safety reasons.
6. Provide regular updates on the situation to the authorities and the
public through official channels or media outlets.

with RAG without RAG

Fig. 1. Left: The figure illustrates the proposed pipeline within a hierarchical decision-making framework. The Environment provides observations s

to both the SDE and the Worker modules. When these observations s contain verbal input v, the latter is directed to the Context Extractor, which then
generates contextual outputs c. These outputs c, along with observations s from the Environment and information priorities M specified by the Information

Space, are channeled into the SDE. Within the SDE, strategies ω are refined, taking into account the Attention Space. The Worker module, informed by
these refined strategies ω , executes primitive actions α within the Environment. As a result of these interactions, the system continually adjusts and updates
its policies, creating a dynamic feedback loop that evolves over time. Right: Comparison of outputs from LLMs with and without RAG integration in
simulated SAR operations, demonstrating enhanced task-specific detail and notation in outputs.

phasizing certain aspects of the context and directive

information, guiding policy adjustments. It steers the

agent towards more context-informed decisions.

• Worker: This execution module is activated once the

SDE selects a strategy, carrying out the corresponding

sequence through primitive actions that interact with the

environment.

B. Modelling

In HRL, a common approach involves using a hierarchy of

decision-makers, such as a manager and workers, where the

manager selects which subtask to execute, and each subtask

is governed by its own policy.

We use the formalism of the Markov decision process

(MDP), given by a 7-tuple (S,A,Ω,βω ,P,R,γ), where S is

the state space, A is the action space, Ω is the set of strategies

each with termination condition βω , P is the transition

function, R is the reward function, γ is the discount factor.

Several elements in the proposed hierarchical framework

extend beyond the basic MDP tuple but are crucial for the

decision-making process. Specifically, V is a set of verbal

inputs {v1, . . . ,vm}, where each vi represents a piece of

information related to the task; C denotes contextual details

{c1, . . . ,cn}, derived from V ; M = {(i1, p1), . . . ,(ik, pk)} rep-

resents the information types and their associated priorities,

where i j is the type and p j is its priority; πΩ : S → Ω

is a meta-policy function that maps states to strategies;

πω : S → A is a function that maps states to actions under

each strategy ω; Q(s,ω) evaluates the expected reward of

choosing strategy ω in state s; Q(s,ω,α) evaluates the

expected reward of choosing action α under strategy ω in

state s; L : V →C is a transformation function that processes

verbal inputs to generate contextual information; Ψ is the

attention space that refines policy functions based on the

encoded context and information priorities.

Within this framework, the agent operates on two levels

of hierarchy: (1) High-Level: SDE The manager decomposes

the overall task into smaller, manageable subtasks, sets pri-

orities and the hierarchy for executing these tasks. It selects

appropriate strategies for each subtask and monitors and

adjusts these strategies based on performance and changes

in the environment. (2) Low-Level: Worker The worker is

responsible for executing the subtasks assigned by the man-

ager. This involves directly interacting with the environment

through specific actions determined by sub-policies πω . Both

layers can either be learned over time through experience or

follow deterministic rules.

The objective is to find the optimal policies πΩ and

πω that maximise the expected reward over time, while

also considering the influence of the attention space Ψ in

dynamically refining and guiding the policy selection process

based on context and information priorities:

J(πΩ,πω) = E

[

T

∑
t=0

γ tR(st ,at) | πΨ
Ω ,πΨ

ω

]

(1)

where γ is the discount factor, and T the time horizon. The

action αt at time t is determined by the sub-policy πω if the

policy ω is active, and st is the state of the environment at

time t.

III. EXPERIMENTS

A. Simulated Environment Setup

To evaluate the efficiency of our proposed system integrat-

ing LLM with a hierarchical framework, we design a SAR

simulated environment with discrete state and action space.

Specifically, in the designed 2D experimental setup (see Fig.

2), an agent is tasked with operating in a disaster-stricken

area, aiming to rescue victims while avoiding obstacles. The

experiment simulates a complex scenario, where the agent



Fig. 2. Comparative Analysis of Learning Agents in SAR Scenarios. Left: Performance of flat RL agents, with and without attention guidance, receiving
intrinsic rewards. Middle: Comparison of hierarchical (HRL) and flat RL agents, with and without attention guidance under sparse reward - reward is
given upon successful task completion - conditions. Right: SAR environment configuration showing information locations marked as ‘INFO’, obstacles
‘D’, victim locations ‘VIC’, hazards ‘F’, and points of interest ‘P’.

must not only locate and save victims but also optimise the

collection and processing of crucial information within the

environment. As the agent navigates through designated in-

formation locations, they must learn to gather data prioritised

by a predefined information space. This data includes updates

on victim locations, safe routes, and potential hazards, mim-

icking real-world SAR operations where such information is

crucial for effective decision-making. Upon receiving verbal

information, the hazards and points of interest are revealed

to the agent and are marked as ‘F’ and ‘P’, respectively. The

agent transforms this input into contextual representation,

allowing it to dynamically adapt and enhance its decision-

making process through an attention space. This space refines

the policies within the hierarchical framework, steering the

agent’s behavior towards more context-informed decisions

by exploiting the feedback. While we restrict our analysis to

a simplified toy example, allowing for complete control over

all variables and extensive experimentation across various

configurations, this simulation is intended to replicate the

complex nature of actual disaster situations. The develop-

ment of the environment largely adheres to the structure

and conventions of a custom environment in the OpenAI

Gym framework [26]. The code is available at https:

//github.com/dimipan/HRL-LLM.

TABLE I

PERFORMANCE METRICS OF DIFFERENT MODELS

Model Collisions Steps Avg. Reward

Flat (no sparse) 3 24 -19.8
Flat-Att (no sparse) 0 26 26.5
HRL (sparse) 3 24 14.12
HRL-Att (sparse) 0 26 22.8

B. Implementation Details

Here, we elaborate on the functionality of key elements

and demonstrate the practical application of our proposed

system through a case study. All components of the system

run on a single machine equipped with an RTX A2000 GPU.

Our system employs the Mistral 7B [27] pre-trained LLM,

integrated within a local RAG pipeline. Embedding models

and LLMs are hosted using Ollama, with a local Chroma

instance as the vector store, and Langchain orchestrates all

processes. The model was selected for its suitability in real-

time applications, offering quick responses and outperform-

ing even models with larger parameter counts. Additionally,

we infuse a JSON object containing structured data with sets

of critical keywords and mapped locations, complete with

precise coordinates. The information space categorises essen-

tial SAR information [28] into three types: victim details (X),

navigation routes (Y), and environmental hazards (Z), with

the requirement that this sequence must be respected during

the collection process. The SDE dynamically selects strate-

gies based on conditions reflected in the agent’s state repre-

sentation. The latter includes the agent’s position on the grid,

the status of each type of information—indicated in a binary

format to show whether it has been collected or not—and an

additional indicator that specifies whether a victim has been

saved or not. Specifically, strategy πEXP is selected when

the agent needs to navigate to information points or the final

location. Strategy πCOL is chosen when the agent reaches

information points to gather data. Strategy πOPE is selected

when the agent must perform critical triage tasks. The worker

interacts with the environment by executing the strategies

decided by the SDE through primitive actions. In particular,

these actions are abstracted into different types depending on

the current strategy. Within strategy ‘EXPLORE’ movement

actions {‘up’, ‘down’, ‘left’, ‘right’} are enabled. When

strategy ‘COLLECT’ is active a set of actions {‘A’, ‘B’, ‘C’,

‘X’, ‘Y’, ‘Z’} reflects the agent’s ability to get information.

Finally, within strategy ‘OPERATE’ the agent can choose

from {‘save’, ‘use’, ‘remove’, ‘carry’}. Both strategies and

primitive actions can be refined by the attention space via

policy shaping, allowing the agent to prioritise certain aspects

according to the context extracted from human feedback.

The execution of each worker associated with a strategy is



trained and learned through RL. The training process entails

running the system across 1500 episodes for a total of 50

runs, utilising the Q-learning algorithm. Throughout these

episodes, the performance of the system is evaluated by

averaging the rewards obtained in each run. A decaying ε-

greedy action selection method is employed with an initial

ε value 1.0 and linearly decaying to a minimum of 0.01 at a

decay rate of 2. The discount factor γ and learning rate α are

set at 0.998 and 0.1, respectively. When the agent exploits the

collected information and acts based on the attention space,

the ε decay is steeper.

C. Hypotheses

In our experimental evaluation, we study the following

hypotheses: (1) The use of an LLM infused with domain-

specific knowledge through the RAG pipeline produces

context-informed outputs that are more relevant and accurate

in SAR scenarios than those generated without RAG [29].

(2) The integration of the attention space into a flat RL

agent accelerates the learning process, resulting in better and

faster convergence. (3) The hierarchical setup is particularly

effective in sparse reward environments, where rewards are

only granted upon task completion, outperforming flat RL

setups. (4) The integration of the attention space into the

hierarchical further improves the agent’s performance. (5)

Utilising the attention space in the decision making leads to

a reduction in encounters with dynamic obstacles, highlight-

ing the value of real-time, contextually aware feedback in

operational settings.

IV. RESULTS & DISCUSSION

We compare the performance of agents in both flat and

hierarchical structures, with and without attention guidance.

The experiments were tailored to test specific hypotheses

mentioned above related to the efficacy of incorporating

domain-specific knowledge and attention mechanisms into

learning agents.

A. Hypothesis 1: Domain-Knowledge Infused LLMs

The first hypothesis suggests that in simulated SAR oper-

ations LLMs would lack the capability to produce context-

informed outputs properly aligned with the demands of

the task without the RAG integration. Fig. 1 supports this

hypothesis and shows the practical enhancements in output

accuracy and detail achieved through RAG integration.

B. Hypothesis 2: RL with Attention Space

For the second hypothesis, we expect that integrating the

LLM into a flat RL agent with an attention space would

accelerate the learning process. The results from Fig. 2

indicate that agents guided by the attention space not only

perform better in terms of reward obtained across episodes

but also show improved learning speed. This improvement

is particularly evident in scenarios where agents receives

ongoing intrinsic rewards throughout the episode.

C. Hypothesis 3 & 4: HRL (with Attention Space) in Sparse

Reward Environment

The third and fourth hypotheses examine the effectiveness

of hierarchical task formulation in sparse reward environ-

ments, both with and without the integration of LLM and

attention space. Hierarchical agents consistently outperform

flat agents, which fail to learn any effective policy in environ-

ments where rewards are only dispensed upon the completion

of tasks. This highlights the effectiveness of hierarchical

structures in managing sparse reward environments. The

addition of LLM and attention space further boosts the

performance of the hierarchical agents as results indicate.

D. Hypothesis 5: Safe Navigation

Lastly, the fifth hypothesis addresses the system’s potential

to reduce encounters with dynamic obstacles, as detailed

in Table I. The number of collisions and steps taken refer

to the learned policy, while the average reward is over

the entire learning curve. The results show that the use

of LLM and attention space significantly reduces the fre-

quency of these encounters. It is worth pointing out that

for the flat agents, we only consider the intrinsic reward

setup where they successfully converge, thus disregarding

the sparse reward configuration. Both flat and hierarchical

agents without attention mechanisms complete the task with

fewer steps (24 steps on average), but frequently collide

with dynamic obstacles that become apparent after verbal

input is communicated (3 collisions on average). In contrast,

flat and hierarchical agents utilising attention mechanisms

take slightly more steps to complete the task (26 steps on

average) but successfully avoid collisions (0 collisions on

average), demonstrating their ability to effectively use real-

time, context-aware feedback to adapt their policies.

The results from these experiments highlight the potential

of integrating advanced LLMs and attention mechanisms

into RL systems, particularly in challenging and dynamic

environments like SAR operations. Context-aware decision-

making capabilities facilitated by these refinements not only

improve the performance in terms of task-specific metrics but

also enhance the adaptability and safety of agents operating

in real-world conditions. The demonstrated effectiveness

of hierarchical structures in managing complex and sparse

reward scenarios suggests a promising avenue for developing

more robust systems for HRI.

While our experiments provide a validation of our hy-

potheses, there are several limitations to address. In partic-

ular, when validating these systems in continuous domains

employing deep RL techniques, policy shaping is intricate

and less intuitive. Therefore, it may be advantageous to prefer

action space bounding or shaping over policy shaping, as

discussed here. This approach allows for a more straight-

forward implementation, since actions can be intuitively

bounded based on well-defined physical constraints or safety

requirements.

Another challenge emerges with the use of language. Real-

world deployment in such scenarios often entails interacting

with non-standardised, potentially unreliable linguistic inputs



from humans. This can mislead the system and make the

extraction of actionable information complicated. A solution

to that could be the infusion of additional documents, expert

knowledge, and detailed contextual data into the LLM.

Lastly, the computational cost of employing more ad-

vanced LLMs with larger numbers of parameters must also

be acknowledged. While these models may offer superior

reasoning performance and better natural language under-

standing, their computational and resource demands are

significantly higher.

V. CONCLUSIONS

This paper investigates the integration of LLMs and hierar-

chical learning within the context of SAR operations, demon-

strating how the sophisticated interplay between advanced

computational tools and human input can revolutionise SAR

autonomous systems. Our approach, specifically, addresses

the critical need for SAR robots to adapt rapidly and make

context-informed decisions in dynamic disaster scenarios.

The system’s ability to prioritise predefined types of infor-

mation and adjust its strategy based on immediate feedback

marks a significant advancement over traditional methods,

achieving a balance between rapid response capabilities and

strategic information gathering. Our work highlights the

untapped potential of leveraging advanced language and

reasoning capabilities of LLMs to convert verbal inputs into

actionable insights. By optimising learning and decision-

making processes and introducing an attention space that re-

fines strategy based on context, our paper opens new avenues

for more context-sensitive and efficient robotic responses in

high-stakes environments, potentially setting new standards

for future implementations.
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