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Target: Microwave

Based on the historical actions and responses, I notice that: <Experience Summary>
Considering the current observational environment, I observe that: <Observation Summary>
Given the absence of the target and the presence of various objects, I would suggest that the next optimal 
action is to RotateRight. This is based on the historical pattern of rotating when the target is not observed, 
and the presence of objects at the right side that may be relevant to the target's location.
Therefore, the next optimal action is RotateRight
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Optimal Action: RotateRight
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Trial & Error Experience

Selected Action: LookUp
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Selected Action: RotateRight
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Selected Action: RotateLeft

Optimal Action: MoveAhead
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A kitchen environment! 
       Given that I cannot                                      

  observe the target    
(Microwave) and there are many 
objects in sight, my primary goal 
is to gather more information 
about the surroundings. 
I will select the LookUp action to 
get a better view of the space. 
This might help me spot any other 
clues or hints that could lead me 
closer to the Microwave. 
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Experience-aware Action Cogitator
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Fig. 1: Our table tennis robot playing against a professional coach. The green dots show the trajectory of the ball during
the rally. The table tennis robot is a 6 DoF ABB 1100 arm mounted on top of two Festo linear gantries, enabling motion in
the 2d plane. The x gantry, which moves side to side across the table, is 4m long and the y gantry, which moves towards
and away from the table, is 2m long. A 3d printed paddle handle and paddle with short pips rubber is attached to the arm.

Abstract— The remarkable interaction and reasoning ca-
pabilities of Large Language Models (LLMs) make them
promising in collaborative Embodied AI tasks, particularly
for Object-goal Navigation (ObjNav) tasks that require both
decision-making and transparent explanation. However, existing
work mainly uses LLMs as proxy target indicators, leaving
the role of direct action decision-making to other components.
This separation causes non-transparent action decisions and
extra adaptation requirements. This observation prompts us
to reconsider their role: Can LLMs be transformed into the
central “brain” of agents, directly outputting action choices
and explaining their reasoning? In pursuit of this inquiry, we
decouple perception from action reasoning to focus specifically
on the feasibility of deploying LLMs as navigation policies.
We introduce the Experience-aware Action Cogitator (ExAC)
that integrates two kinds of experience, i.e., expert-informed
experience and trial & error experience, into prompts. Inspired

by David Hume’s philosophical principles that knowledge is
acquired through reflective experience, these experiences are
designed for two critical questions: (i) “What action should be
selected as the best option?” and (ii) “What actions have been
tried but proven suboptimal?” By analyzing and reflecting on
these two types of experience, we show that LLMs can reason
navigation actions in unseen environments effectively without
costly fine-tuning. Experiments on the widely-adopted iTHOR
yield significant improvements in ObjNav performance. These
compelling results validate the feasibility of our ExAC. Com-
pared to vanilla LLMs, ExAC nearly doubles both the Success
Rate and the Success weighted by Path Length, reaching peak
values of 73.93% and 48.35% in unseen scenes, respectively.

I. INTRODUCTION

Large Language Models (LLMs) exhibit considerable ca-
pabilities in complex reasoning and interactive tasks [1]–[3].

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 14663



Their skills in understanding and responding make LLMs
naturally suited to tackle various Embodied AI tasks [2],
[4], [5]. This suitability is particularly evident in Object-
goal Navigation (ObjNav), a task that demands both ro-
bust decision-making and clear, transparent explanations. In
ObjNav, the goal is to steer an agent to a specific object
without relying on explicit path guidance. Compared with
LLMs, current reinforcement learning based methods [6]–[8]
focus on outputting actions without clear explanations. This
lack of transparent reasons is not helpful for collaborating
with humans. Consequently, a compelling research question
arises: Can LLMs function effectively as agents in ObjNav?

However, most existing approaches utilize LLMs merely
as a feature extractor [9] or as proxy target indicators [10],
[11] rather than as autonomous agents that directly select
actions. LLMs are used to break down complex tasks into
simpler sub-goals. For example, they map navigational fron-
tiers and use external modules to output the actual actions.
This practice restricts the potential of LLMs to operate as
general-purpose Embodied AI agents in the Embodied AI do-
main. When LLMs are limited to outputting only navigation-
related information, they lose the ability to provide other task
actions. Thus, a critical research question emerges regarding
the practice of LLMs in navigation: Can LLMs work as
independent agents to make action decisions and provide
explanations for their decisions in a manner akin to human
cognition?

In this paper, we propose an Experience-aware Action
Cogitator (ExAC) to explore the feasibility of utilizing
LLMs in directly making and explaining navigation deci-
sions. Drawing inspiration from David Hume’s empiricist
philosophy, that knowledge is acquired through reflective
experience, ExAC integrates two distinct types of experience:
expert-informed experience and trial & error experience.
These experiences are designed to answer two fundamental
questions in navigation: (i) “What action should be selected
as the best option?” and (ii) “What actions have been tried
but proven suboptimal?”

Specifically, expert-informed experience provides the
agent with prior experience and expert demonstrations,
guiding it to choose optimal actions. For example, if the
target object is on the left, expert-informed experience in-
dicates that the LLM selects the appropriate action, such
as RotateLeft. Concurrently, trial & error experience
exposes the agent to past mistakes, helping it recognize and
avoid ineffective actions. By reflecting on these two forms of
experience, ExAC equips LLMs to reason through navigation
tasks in novel environments without the need for extensive
training episodes.

Drawing inspiration from the phenomenon of déjà vu,
where elements from past experiences reappear in new
contexts, we retrieve relevant experiences that closely re-
semble the current observations. Note that we convert the
observation into text description for retrieval to avoid the
effects of image textures and focus on the layout of observed
instances. After this retrieval, we acquire navigation experi-
ences that capture both optimal actions and past mistakes.

By combining these retrieved experiences with the present
observation and the explanation of the previous action, ExAC
generates both navigation decisions and their explanations,
as shown in Figure 1.

Experiments on the widely-adopted iTHOR [12] environ-
ment yield significant improvements in ObjNav performance,
validating the feasibility of our ExAC. In unseen scenes,
ExAC nearly doubles both the Success Rate (73.93%) and
the Success weighted by Path Length (48.35%) compared
to vanilla LLMs. To demonstrate the superiority of ExAC,
we conduct experiments using various LLMs1, i.e., LLaMA-
3 [1], Qwen2.5 [13], and Mistral [14]. These results demon-
strate that ExAC not only enables LLMs to provide transpar-
ent action explanations, but also significantly enhances their
navigation performance. Overall, our major contributions are
summarized as follows:

• We explore the feasibility of using LLMs to directly
select actions and provide explanations in ObjNav
and introduce the Experience-aware Action Cogitator
(ExAC).

• We design two types of navigation experiences: expert-
informed experience and trial & error experience.
Agents reflect on these experiences to reason optimal
actions and improve navigation decisions.

II. RELATED WORKS

A. Object-goal Navigation

Navigation has progressed from full-map pipelines, map-
ping, localization, and planning [15], [16], to map construc-
tion in unseen scenes via SLAM. With deep learning [17],
[18], to policies that map visual input directly to actions [19],
[20], including VLN, point-goal, and audio-visual variants
driven by language, goal cues, and sound [21], [22].

In ObjNav [23], [24], methods typically couple perception
with a navigation policy. Unlike memory-based designs [24],
[25], we learn from other episodes rather than within-
episode history and instantiate the policy with an LLM that,
given textualized images, both selects actions and explains
decisions, outputting action commands in natural language.

Both our method and RL aim for human-like decision
making, but RL requires millions of trial-and-error updates,
while we use LLMs to reflect on limited experiences. Unlike
PR2L and TWOSOME [26], [27], our approach needs no
extra parameters or task-specific training, adapting simply
by replacing relevant experiences. In contrast, graph-based
planners such as Dijkstra [28] depend on complete maps
and fixed edge weights, which our method does not require.

B. Large Language Models in Embodied AI

Recent LLMs such as LLaMA-3 [1], Qwen2.5 [13],
and Mistral [14] have broadened embodied AI. Reasoning
methods like CoT [29] and ToT [30] improve logical infer-
ence, while explanatory approaches [31], [32] integrate inter-
pretability. Two paradigms link LLMs with embodied tasks:

1Due to restrictions, we are not allowed to use or deploy any products
from Deepseek [3], which is disappointing.
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one generates executable codes or indirect commands [33],
[34], while the other directly trains LLMs for control [35].

In ObjNav, prior work employs LLMs as proxy target in-
dicators with separate sub-goal execution modules [36], [37].
Our approach instead exploits LLM reasoning to directly out-
put navigation actions and explanations without fine-tuning
or extra modules, extending to unseen environments [38].
Unlike VLN systems such as NavGPT [39], MapGPT [40],
DiscussNav [41], and RAGNav [42], which decompose
trajectory-based instructions with proprietary LLMs, our
method focuses on ObjNav, where only the target category
(e.g., “Microwave”) is given, and open-source LLMs directly
reason actions from observations while providing human-like
explanations.

III. EXPERIENCE-AWARE ACTION COGITATOR

To explore the feasibility of utilizing LLMs in making and
explaining navigation decisions, we design the Experience-
aware Action Cogitator (ExAC). As demonstrated in Fig-
ure 2, the LLM acquires navigation knowledge from his-
torical navigation experiences retrieved based on current
observations. With the acquired navigation knowledge and
the previous navigation action, the LLM can explain and
select effective navigation actions.

A. Task Definition and Setup

As an exploratory effort, we aim to employ LLMs for
deciding and explaining navigation actions in ObjNav. We
set up the task based on previous works [6], [24], [43],
[44]. An agent is placed in a grid-based environment and
cannot access any external knowledge regarding the en-
tire environment, including the topological map and 3D
meshes. The agent moves through the grid using six actions:
MoveAhead, RotateLeft, RotateRight, LookUp,
LookDown, and Done, with fixed step sizes and angles.

At the beginning of each episode, the agent is assigned
a random target class and starts from a random location in
a random room to ensure the uniqueness of each episode.
Unlike the previous work, we adopt more than 80 pickupable
and moveable instance categories from iTHOR [12]. A suc-
cessful episode is defined as one in which the agent selects
the termination action, Done, when the distance between the
agent and the target is below a set threshold (i.e., 1.5 meters),
within a maximum of 200 steps, and with the target in its
field of view. If the termination action is executed at any
other time, the agent fails, and the episode ends.

Following prior ObjNav settings [6], [43], agents receive
egocentric RGB inputs, which we convert into text for LLMs.
Instead of object detection or visual grounding [6], [24], we
provide simple spatial descriptions: if the target occupies
more than 100 pixels in a 300× 300 image, it is considered
observed and localized within a 3 × 3 grid cell. A binary
indicator denotes whether it is within a predefined distance.
Other objects are also reported with coarse left/center/right
labels using the same pixel rule.

B. Navigation Stage Selection

We divide navigation into two phases: searching, where
the agent explores unseen areas to locate the target, and
approaching, where it moves efficiently toward the target
once visible. For example, during searching, the agent should
expand its field of view (e.g., choosing RotateRight over
RotateLeft), while in approaching it should act directly
toward the target (e.g., MoveAhead or RotateLeft)
instead of persisting with irrelevant rotations. The phase
is determined from current observations and recent action
explanations.

C. Navigation Experience Collection

To guide action selection and explanation, we introduce
two types of navigation experiences—expert-informed and
trial & error—following Hume’s view that knowledge arises
from reflection (Figure 3).

1) Expert-informed Experience: Expert-informed expe-
rience provides demonstrations of optimal behavior. First,
we design 10 rules linking target locations in a 3 × 3
grid to navigation actions, with a Done action when the
target is near (Figure 3a). Second, we collect experiences
from optimal paths by running Dijkstra’s algorithm [28] in
random scenes and recording the agent’s observations and
corresponding actions (Figure 3b).

2) Trial & Error Experience: To complement expert data,
we record suboptimal decisions made when agents act with
expert-informed guidance. At each step, we log the chosen
action, the optimal action, and the observation (Figure 3c).
This reflective feedback, similar to human learning from
mistakes, equips LLMs with both successful strategies and
knowledge of actions to avoid.

D. Experience-guided Navigation

After obtaining expert-informed experience and trial &
error experience, we integrate these experiences into prompts
using in-context learning [45], [46] to help LLMs acquire
navigation-related knowledge during the navigation episode.
When humans encounter new situations, they often expe-
rience a form of déjà vu, where the brain makes unex-
pected connections between new experiences and vaguely
familiar memories. This process allows them to draw on
past experiences that closely mirror their current context for
similar challenges. Motivated by this, we enable the LLM
to retrieve the most similar experiences based on the current
observation [47]. These similar experiences guide both the
selection and explanation of navigation actions.

Considering the differences in the navigation stages, we
divide navigation experiences into two stages: searching and
approaching. Depending on the selected navigation stage,
we retrieve experiences from the corresponding set, as
demonstrated in Figure 2. In our implementation, we retrieve
ten navigation experiences from expert-informed experience
based on the optimal path, and another ten from trial & error
experience. When the agent is in the approaching stage, we
retrieve four additional experiences from the expert-informed
set based on prior knowledge.
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Current
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Searching
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Optimal
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Optimal Path

Navigation Experience

Expert-informed
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Fig. 2: Pipeline of Experience-aware Action Cogitator (ExAC). At each step of navigation, given the observation, the
LLM first decides whether the step involves searching for the target or moving closer to it. After that the LLM retrieves the
most similar experiences from the historical experiences. The LLM then analyzes the retrieved navigation experiences, the
current observation, and the last action and interpretation to provide a transparent selection for the current navigation action.

Expert-informed Experience (c) Trial & Error Experience

Current
Observation

Selected Action:
RotateLeft

Optimal Action:
MoveAhead

(a) From Prior Knowledge (b) From Optimal Path

Current Observation

Optimal Action:
RotateRight

Current
Observation

Target: MicrowaveTarget: DeskLamp Target: DishSponge

Optimal Action:
MoveAhead

Current
Observation

Fig. 3: Illustration of Navigation Experiences. (a) shows an expert-informed experience derived from prior knowledge.
The optimal action MoveAhead is chosen because the target, a desk lamp, is directly ahead in the middle-bottom grid of
the observation. (b) demonstrates an expert-informed experience from the optimal path, where the action RotateRight
is selected as the most optimal route to the target, a microwave. (c) presents a trial & error experience where the LLM
navigator, only with expert-informed experience, chooses the action RotateLeft which deviates from the optimal action
MoveAhead towards the target, i.e., dish sponge.

Once we obtain the retrieved experiences, we combine
the current observation, the retrieved navigation experience,
and the explanation of the last navigation action into an
experience-enhanced prompt. For expert-informed experi-
ences based on optimal paths and trial & error experi-
ences, the prompt includes the previous navigation action,
the observation, and the optimal action. Additionally, when
presenting the trial & error experience, the prompt includes
previously chosen suboptimal navigation actions. During the
approaching phase, the prompt further includes the current
observation and the corresponding optimal action to present
the retrieved experience based on prior knowledge. The
detailed prompt is provided in the supplementary materials.
The prompt is then sent to the LLMs to generate the next
navigation action along with an explanation.

IV. EXPERIMENTS

To validate the effectiveness and efficiency of ExAC,
we conduct experiments on the widely-adopted artificial
environment, i.e., iTHOR [12]. These experiments serve as
a proof-of-concept that demonstrates the efficacy of ExAC.

A. Protocols and Experimental details

a) Dataset.: The iTHOR [12] environment includes
120 scenes in four types: kitchen, living room, bedroom,

and bathroom. Each type of scene consists of 30 distinct
rooms arranged with different furniture items and layouts.
Following previous work, we utilize the first 20 out of 30
rooms per scene type to construct the navigation experience,
while the final five rooms are used for testing. We evaluate
ExAC on 1k random episodes, with each episode starting
from a random position and a randomly assigned target class.
Evaluation. We evaluate performance using the success
rate and Success Weighted by Path Length (SPL). The
success rate measures trajectory effectiveness and is defined
as 1

N

∑N
n=0 Sn, where N is the total number of episodes

and Sn is a binary indicator for the success of the n-th
episode. SPL assesses model efficiency through the formula
1
N

∑N
n=0

Lopt

max(Ln,Lopt)
, where Ln denotes the length of the

n-th episode and Lopt represents its optimal path length.
Implementation Details. We perform about 16k episodes
across 80 different scenes, gathering 200k steps of expert-
informed experience based on the optimal path. Additionally,
using the LLaMA-3-8B model along with expert-informed
experience, we conduct 3k episodes in the same 80 scenes,
obtaining 32k steps of trial & error experience. After ob-
taining these experience, we store the experience in a vector
database for retrieval. During testing, we run 50 episodes per
scene, totaling 1k episodes. Each agent is run three times,
and we report the average and standard deviation. The testing
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TABLE I: Comparison of ExAC with various LLMs. We report the average Success rate (%) and SPL in iTHOR [12] as
well as their variances in subscripts by repeating experiments three times. L > 5 means episodes need more than 5 steps.

LLM

Vanilla LLM ExAC (Ours)

All L > 5 All L > 5

SR (%) SPL SR (%) SPL SR (%) SPL SR (%) SPL

LLaMA-3-8B [1] 16.80 (±0.92) 4.32 (±0.33) 13.02 (±1.25) 3.50 (±0.36) 67.77 (±0.80) 44.17 (±2.08) 50.56 (±0.99) 24.10 (±0.69)

LLaMA-3.1-8B [1] 35.47 (±1.24) 7.31 (±0.25) 25.57 (±1.43) 5.92 (±0.43) 69.65 (±1.95) 35.47 (±1.41) 54.17 (±1.85) 16.99 (±0.11)

LLaMA-3.2-3B [1] 7.57 (±0.43) 0.85 (±0.05) 4.25 (±0.62) 0.60 (±0.22) 46.53 (±0.32) 18.06 (±0.13) 30.76 (±0.09) 5.80 (±0.23)

Mistral-7B [14] 19.92 (±1.95) 4.62 (±1.41) 16.53 (±1.85) 5.01 (±0.11) 51.76 (±0.84) 23.02 (±1.78) 33.53 (±1.02) 7.40 (±1.62)

Mistral-NeMo-12B [14] 35.56 (±0.67) 5.84 (±0.08) 22.58 (±0.22) 3.11 (±0.10) 67.22 (±2.59) 41.67 (±2.33) 49.35 (±3.05) 20.81 (±2.16)

Mistral-Small-22B [14] 50.78 (±1.22) 15.49 (±1.73) 40.64 (±1.75) 12.71 (±2.00) 71.40 (±0.30) 48.22 (±0.59) 54.90 (±0.51) 26.00 (±0.31)

Mixtral-8x7B [14] 56.63 (±3.88) 23.31 (±2.84) 43.23 (±0.75) 17.23 (±0.07) 63.45 (±1.45) 39.10 (±0.24) 42.84 (±1.29) 16.88 (±0.42)

Qwen2.5-7B [13] 38.34 (±0.56) 11.95 (±0.56) 34.26 (±1.73) 10.25 (±0.13) 58.55 (±1.75) 31.72 (±1.09) 41.54 (±2.24) 13.97 (±1.48)

Qwen2.5-14B [13] 54.00 (±4.00) 22.41 (±1.96) 40.43 (±5.88) 12.66 (±2.37) 70.33 (±3.78) 48.35 (±2.20) 52.50 (±6.68) 27.36 (±3.68)

time ranges from 4 to 8 hours, depending on the LLM used.
All experiments are conducted on a workstation equipped
with 4 RTX 3090 GPUs, and the LLMs were operated using
the Ollama platform.

B. Results and Analysis

1) Baselines: We use the following open-source LLMs
to demonstrate the effectiveness of ExAC: LLaMA-3 [1] in-
cludes LLaMA-3-8B, LLaMA-3.1-8B, and LLaMA-3.2-3B.
LLaMA-3 is known for its enhanced understanding capabili-
ties. Mistral [14] includes Mistral-7B, Mistral-Nemo-12B,
Mistral-Small-22B, and Mixtral-8x7B. Notably, Mixtral-
8x7B is mixture-of-experts (MoE) models. Qwen2.5 [13] in-
cludes Qwen2.5-7B and Qwen2.5-14B. Qwen2.5 specializes
in coding and mathematics tasks. We use the same prompts
with the Vanilla LLM as with ExAC, merely removing parts
related to the navigation experience.

2) Quantitative Results: As shown in Table I, ExAC con-
sistently improves Success Rate (SR) and Success weighted
by Path Length (SPL) across diverse LLMs. For instance,
LLaMA-3.1-8B’s SR increases from 35.47% to 69.65%,
while Mistral-Small-22B rises from 50.78% to 71.40%. Even
in harder cases with L > 5, substantial gains are observed,
such as Qwen2.5-14B’s SPL improving from 12.66 to 27.36.

LLaMA-3 models start with lower baseline performance
as vanilla agents but benefit greatly from ExAC: SR of
LLaMA-3-8B jumps from 16.80% to 67.77%, and from
13.02% to 50.56% for L > 5. This improvement sug-
gests that although LLaMA-3 may lack navigation-oriented
training data, introducing navigation experiences via ExAC
significantly boosts reasoning and decision-making. Beyond
weaker baselines, ExAC also strengthens stronger models.
For example, Mistral-7B’s SR improves from 16.53% to
33.53% for L > 5, and Qwen2.5-14B achieves 52.50%
SR under the same condition. These results confirm the
robustness of ExAC in enhancing both weaker and stronger
LLMs across navigation tasks.

3) Case Study: Figure 4 illustrates how ExAC integrates
expert experience, trial-and-error feedback, current observa-
tions, and recent actions to guide navigation. In the shown
case, the LLM infers that the Microwave is absent but
unexplored space exists on the right, leading it to choose

TABLE II: Ablation study on different components of nav-
igation experiences in iTHOR [12] environment utilizing
ExAC with LLaMA-3-8B.

Method
All L > 5

SR (%) SPL SR (%) SPL

Vanilla Agent 16.80 4.32 13.02 3.50

ExAC
w/o expert-informed experience 41.50 24.65 24.64 10.54
ExAC
w/o error-drive trial experience 60.86 38.81 39.90 16.80

ExAC
w/o selected action 62.65 37.89 42.23 17.14

ExAC 67.77 44.17 50.56 24.10

RotateRight. This highlights the model’s ability to summa-
rize context, adapt decisions, and leverage experience for
effective navigation.

C. Ablation Study

Table II shows the impact of expert-informed and trial-
and-error experience on LLaMA-3-8B. Without them, the
vanilla agent performs poorly (SR 16.80%, SPL 4.32), while
the full ExAC reaches 67.77% SR and 44.17 SPL. Removing
expert-informed experience lowers performance most no-
tably (SR 41.50%, SPL 24.65), especially for L > 5, while
omitting trial-and-error experience also reduces performance
(SR 60.86%, SPL 38.81), confirming the importance of both.

Further, excluding selected actions from trial-and-error
prompts (ExAC w/o selected action) causes a moderate
drop, showing that explicit feedback on suboptimal actions
is more valuable than general error exposure. Overall, the
ablation demonstrates that both expert-informed and error-
driven experiences are crucial for robust LLM navigation in
unseen environments.

V. DISCUSSIONS AND INSIGHTS

Comparison with Task-Specific Reinforcement Learning
Networks. Our method allows LLMs to perform tasks using
related experience without extensive training data required
to train task-specific reinforcement learning networks. More
critically, the incorporation of LLMs grants agents the capa-
bility to interpret their action decisions, facilitating insights
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Target: Microwave

Answer the question based only on the following context, pay attention to the taken optimal action in 
the given context: <Ideal Practice Experience>

Reflecting on your previous navigation experiences presented below, please incorporate lessons learned 
from past failures: <Error-driven Trial Experience>

Besides the above context, take the historical actions and responses into account: <Last Navigation 
Action & Explanation>

Answer the question based on the above context: <Current Observation> What is the next optimal action?

Based on the historical actions and responses, I notice that:
• When the target is not observed, the optimal action is often to RotateLeft or RotateRight.
• When the target is not observed, and there is a historical action of MoveAhead, the optimal action is often to RotateLeft.
• When the target is not observed, and there is a historical action of RotateLeft or RotateRight, the optimal action is 

often to continue the same rotation (RotateLeft or RotateRight).

Considering the current observational environment, I observe that:
• The target (Microwave) is not visible.
• There are several objects present, including a fridge, a door at the left side, an apple, a bread, a butter knife, 3 

chairs, a coffee machine, a counter top, a cup, a dish sponge, a faucet, a fork, a garbage can, a lettuce, a light switch, 
a plate, a potato, 2sinks, a soap bottle, and a spoon at the center.

Given the absence of the target and the presence of various objects, I would suggest that the next optimal action is to 
RotateRight. This is based on the historical pattern of rotating when the target is not observed and the presence of objects 
on the right side that may be relevant to the target's location.
Therefore, the next optimal action is RotateRight.

Fig. 4: Demonstration of Navigation Explanation. The left image shows the navigation process: the green cross is the
start, the arrow the agent’s path, the circle the stop, and the pin the target (Microwave). Our method reaches the target in
seven steps. The right image presents the prompt template and explanation for the third-step action, where ExAC combines
experience and observation to select the move, as also shown in Figure 1.

into the reasons behind their choices. In future work, we
plan to enable these LLM-driven agents to consider unique
demands or personalized settings through dialogues or tai-
lored profiles in their task execution.
Comparison with Existing Methods of Using LLMs
in Embodied AI Tasks. Unlike existing paradigms using
LLMs in Embodied AI tasks, our approach leverages the
inherent understanding and reasoning capabilities of LLMs to
perform and interpret specific tasks without the need for fine-
tuning. By incorporating task-relevant experience directly
into prompts, we significantly reduce the resource consump-
tion associated with fine-tuning LLMs and alleviate the need
for large-scale datasets specific to tasks. Consequently, it
becomes feasible to deploy a universal LLM across diverse
tasks rather than dedicating a unique LLM to each. In future
work, we will further investigate the impact of experience on
the ability of LLMs to execute and interpret specific tasks.
Advantages of Language Input in Navigation Tasks. The
use of natural language as an intermediate representation
offers multiple benefits in embodied AI. Converting visual
observations into textual input abstracts low-level image
details while preserving high-level semantic content. This
approach facilitates the integration of advanced perception
methods, as long as their outputs can be structured to
fit a predefined template. Moreover, leveraging in-context
learning, language-based input enhances the transparency
and interpretability of navigation decisions by allowing the
system to clearly explain its actions in human-understandable
terms. In addition, this interpretable intermediate variable
enables easier monitoring and debugging within complex
embodied AI agent systems.
Rationale for Excluding Visual Language Models
(VLMs). Although VLMs can process images and text
together, we use LLMs instead. This choice allows us to
focus on navigation strategy research without the interference
of visual perception. By converting images into text, we
get a clear and semantic description of the environment.

Using textual descriptions also makes it easier to retrieve
experiences that are semantically similar to the current state.
This is similar to how humans recall abstract ideas rather
than detailed pictures when thinking about past experiences.
As discussed above, language input brings benefits, such as
improved interpretability and simpler integration of advanced
perception methods.
Limitations. Our analysis does not yet delve into the detailed
examination of individual experiences within our naviga-
tion experiences, an aspect we intend to explore in depth.
Additionally, our current experiments are validation studies
conducted in controlled settings, which may not capture the
complexity of real-world navigation. In future work, we will
scale our approach to more realistic scenarios. Finally, the
nearly endless combinations of actions in navigation make it
hard for us to evaluate the explanations quantitatively at this
stage, so we can only show them qualitatively. Addressing
these issues will help us compare the explanation capabilities
of different models more accurately.

VI. CONCLUSION

In this paper, we introduced the Experience-aware Action
Cogitator (ExAC) to use Large Language Models (LLMs) as
the central decision maker in object-goal navigation tasks.
We decouple visual perception from navigation reasoning
by converting images to text. We integrate two types of
navigation experience, expert-informed experience and trial
& error experience, into our in-context learning framework.
Inspired by David Hume’s idea that knowledge comes from
reflective experience, these experiences help answer which
action is best and which actions are suboptimal. Experiments
on iTHOR show that ExAC significantly improves navigation
performance. Our method nearly doubles both the Success
Rate and the Success weighted by Path Length compared
to vanilla LLMs, reaching 73.93% and 48.35% in unseen
scenes. These results validate the feasibility of our approach
and pave the way for further research.
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and J. Davidson, “Visual representations for semantic target
driven navigation,” in International Conference on Robotics and
Automation, ICRA 2019, Montreal, QC, Canada, May 20-24,
2019. IEEE, 2019, pp. 8846–8852. [Online]. Available: https:
//doi.org/10.1109/ICRA.2019.8793493

[24] H. Du, X. Yu, and L. Zheng, “Learning object relation graph
and tentative policy for visual navigation,” in Computer Vision -
ECCV 2020 - 16th European Conference, Glasgow, UK, August
23-28, 2020, Proceedings, Part VII, ser. Lecture Notes in Computer
Science, A. Vedaldi, H. Bischof, T. Brox, and J. Frahm, Eds.,

14669



vol. 12352. Springer, 2020, pp. 19–34. [Online]. Available:
https://doi.org/10.1007/978-3-030-58571-6 2

[25] L. Mezghani, S. Sukhbaatar, T. Lavril, O. Maksymets, D. Batra,
P. Bojanowski, and K. Alahari, “Memory-augmented reinforcement
learning for image-goal navigation,” in IEEE/RSJ International
Conference on Intelligent Robots and Systems, IROS 2022, Kyoto,
Japan, October 23-27, 2022. IEEE, 2022, pp. 3316–3323. [Online].
Available: https://doi.org/10.1109/IROS47612.2022.9981090

[26] W. Chen, O. Mees, A. Kumar, and S. Levine, “Vision-language models
provide promptable representations for reinforcement learning,”
CoRR, vol. abs/2402.02651, 2024. [Online]. Available: https:
//doi.org/10.48550/arXiv.2402.02651

[27] W. Tan, W. Zhang, S. Liu, L. Zheng, X. Wang, and B. An,
“True knowledge comes from practice: Aligning llms with embodied
environments via reinforcement learning,” CoRR, vol. abs/2401.14151,
2024. [Online]. Available: https://doi.org/10.48550/arXiv.2401.14151

[28] E. W. Dijkstra, “A note on two problems in connexion with graphs,”
Numerische mathematik, vol. 1, no. 1, pp. 269–271, 1959.

[29] J. Wei, X. Wang, D. Schuurmans, M. Bosma, B. Ichter, F. Xia,
E. H. Chi, Q. V. Le, and D. Zhou, “Chain-of-thought prompting
elicits reasoning in large language models,” in Advances in Neural
Information Processing Systems 35: Annual Conference on Neural
Information Processing Systems 2022, NeurIPS 2022, New Orleans,
LA, USA, November 28 - December 9, 2022, S. Koyejo, S. Mohamed,
A. Agarwal, D. Belgrave, K. Cho, and A. Oh, Eds., 2022.
[Online]. Available: http://papers.nips.cc/paper files/paper/2022/hash/
9d5609613524ecf4f15af0f7b31abca4-Abstract-Conference.html

[30] S. Yao, D. Yu, J. Zhao, I. Shafran, T. Griffiths, Y. Cao,
and K. Narasimhan, “Tree of thoughts: Deliberate problem
solving with large language models,” in Advances in Neural
Information Processing Systems 36: Annual Conference on Neural
Information Processing Systems 2023, NeurIPS 2023, New Orleans,
LA, USA, December 10 - 16, 2023, A. Oh, T. Naumann,
A. Globerson, K. Saenko, M. Hardt, and S. Levine, Eds., 2023.
[Online]. Available: http://papers.nips.cc/paper files/paper/2023/hash/
271db9922b8d1f4dd7aaef84ed5ac703-Abstract-Conference.html

[31] N. F. Rajani, B. McCann, C. Xiong, and R. Socher, “Explain
yourself! leveraging language models for commonsense reasoning,”
in Proceedings of the 57th Conference of the Association for
Computational Linguistics, ACL 2019, Florence, Italy, July 28-
August 2, 2019, Volume 1: Long Papers, A. Korhonen, D. R.
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