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ABSTRACT

Recent advances in agentic frameworks, powered by large language models (LLMs), have led to significant developments in decision-making systems
that integrate reasoning and acting. This paper provides a comparative analysis of various decision-making models within agentic frameworks, focusing
on reasoning strategies, memory augmentation, and situational awareness. Specifically, I analyze models such as ReAct, memory augmented systems
like JARVIS-1, and cognitive language architectures like CoOALA. I demonstrate that incorporating memory and situational awareness significantly
enhances agentic capabilities in complex environments. My findings contribute to a deeper understanding of the comparative strengths and limitations
of these reasoning approaches, providing valuable insights for future autonomous agent design.
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Introduction

The rapid advancement of agentic frameworks, driven by large
language models (LLMs), has presented a novel paradigm for
decision-making in artificial intelligence (Al). These frameworks
leverage the ability of LLMs to interact with their environments
and make decisions by combining reasoning and acting, resulting
in improved capabilities for solving complex tasks. Recent studies
have demonstrated the potential of these models to integrate
reasoning and acting, enabling more robust and adaptable decision-
making [1]. Despite these advances, there remain considerable
gaps in understanding how different reasoning models compare,
particularly regarding their effectiveness in handling complex
decision making scenarios.

In agentic frameworks, reasoning and acting are closely
integrated to form a feedback loop that allows the agent to
process information, make decisions, and then act based on those
decisions. Frameworks such as ReAct emphasize the synergy
between reasoning and acting, allowing agents to dynamically
alternate between verbal reasoning traces and actions, thus making
decision-making processes both interpretable and adaptable [1].
This approach helps bridge the gap between abstract reasoning
and physical action, which is crucial for complex tasks like real-
time problem-solving and interactive environments.

One prominent example of integrating reasoning and acting is
the ReAct model, which has demonstrated significant advances
in decision-making tasks by enabling large language models to
generate reasoning traces alongside actions in an interleaved
manner [1]. The ReAct paradigm highlights the importance of

using reasoning not only to reach decisions but also to inform
actions continuously, making it suitable for tasks that require
a deep understanding of the environment and a high degree of
adaptability. Unlike traditional models that operate in a one-shot
manner, ReAct generates intermediate reasoning steps, allowing
it to adjust actions based on new observations, resulting in an
enhanced decision trajectory [8].

The JARVIS-1 model, another notable framework, employs
multimodal memory to enhance planning capabilities, allowing
for more effective decision-making over both short and long
time horizons [2]. Memory augmentation in JARVIS-1 facilitates
decision-making by retaining information about previous
successful actions, which can be recalled during future tasks.
This capability is particularly beneficial in complex, open world
environments where adaptability and long-term planning are
essential. For instance, JARVIS-1 leverages memory to remember
prior successful interactions, enabling it to generalize those
experiences to new situations effectively [2].

Similarly, the cognitive architecture CoALA (Cognitive
Architectures for Language Agents) provides a systematic
framework for organizing language agents along dimensions
such as memory, action space, and decision-making procedures
[3]. CoALA is designed to manage both working and long-term
memory, which is crucial for agents to make informed decisions
based on past experiences while interacting with dynamic
environments. This modular approach allows agents to handle
internal states and interact with external environments in a
structured manner, thus supporting more effective planning and
adaptability [3].

Another critical aspect of agentic frameworks is situational
awareness. Situational awareness refers to an agent’s ability to
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recognize its current context—whether it is in training, testing,
or deployment—and adjust its behavior accordingly. This aspect
of reasoning is particularly important for ensuring safety and
alignment in LLMs. Studies have shown that situational awareness
emerges as LLMs gain more experience with diverse scenarios,
allowing them to adapt their decision making based on the
surrounding context [5]. For instance, Berglund et al. found that
models with enhanced situational awareness could adjust their
behavior to meet specific objectives, thus avoiding undesirable
actions during deployment [5]. The KnowAgent framework takes
reasoning and planning capabilities one step further by integrating
knowledge augmented planning into LLM-based agents [7].
KnowAgent leverages an action knowledge base to guide planning,
reducing the likelihood of planning hallucinations—a phenomenon
where the agent generates unrealistic or inefficient plans. By
incorporating knowledgeable self-learning, KnowAgent improves
upon traditional decision-making models, enhancing planning
efficiency and ensuring that the generated plans are grounded in
factual, actionable knowledge [7].

The goal of this study is two-fold: (1) to provide a comprehensive
comparison of decision-making models within agentic frameworks,
focusing on their ability to integrate reasoning and acting, and (2)
to analyze how memory augmentation and situational awareness
can enhance the effectiveness of these models. By examining
models like ReAct, JARVIS-1, and KnowAgent, we explore
how different reasoning strategies contribute to creating more
robust decision trajectories, leading to enhanced performance
in complex environments [1,3,7]. We also evaluate the role of
multimodal memory augmentation and situational awareness,
emphasizing how these components can provide agents with a
deeper understanding of their environment and help in long-term
planning and adaptability.

Literature Review

Agentic Frameworks and LLM-Based Autonomous Agents
Agentic frameworks have emerged as a critical approach for
achieving artificial general intelligence (AGI). These frameworks
enable autonomous agents to perceive, reason, and interact with
their environments over time to achieve their goals. Unlike
traditional models that rely solely on predefined rules or static
knowledge, agentic frameworks leverage the adaptability of
large language models (LLMs) to make dynamic, context-aware
decisions. Studies such as the ReAct model have demonstrated
that combining reasoning and acting in an integrated manner can
lead to more human-like decision making processes [8].

The ReAct framework represents a significant advancement in
agentic Al by enabling agents to reason about their actions and
adjust based on feedback from the environment. This synergy
between reasoning and acting allows ReAct agents to go beyond
static decision-making, providing a robust mechanism for agents
to explore, interact, and refine their strategies in real-time [1]. The
tight coupling between reasoning and action traces ensures that
decisions are not just theoretically derived but are continuously
validated and updated through interaction with the environment.
This feedback loop is a key reason why ReAct and similar agentic
frameworks are considered more advanced than traditional LLMs,
which are limited to single step responses without the ability to
modify behavior based on evolving contexts.

The JARVIS-1 model further expands on this concept by
incorporating multimodal memory, which provides agents with the

capability to retain and utilize historical data across different tasks
[2]. This memory augmentation enables JARVIS-1 to perform
well not only in short-term decision-making but also in complex,
long-horizon tasks that require understanding and retaining
previous contexts and experiences. By storing successful planning
experiences and retrieving them when faced with similar tasks,
JARVIS-1 reduces the computational burden of re-evaluating
previously solved problems and allows for greater efficiency in
decision-making [2]. This integration of memory, reasoning, and
acting places JARVIS-1 ahead of conventional agents that lack
persistent memory and rely solely on prompt-based responses.

Cognitive architectures like CoALA (Cognitive Architectures
for Language Agents) further refine the capabilities of agentic
frameworks by introducing modularity in decision making
processes [3]. CoALA organizes agents along three key
dimensions: memory (both working and long-term), action space
(internal and external), and decision-making procedures. This
modularity allows for specialized processing of different aspects
of interaction, making it easier to implement, test, and refine each
component independently. By providing agents with both internal
(reasoning) and external (interaction with the environment) action
capabilities, CoALA ensures that language agents are capable of
handling complex, adaptive decision-making tasks that require
constant updates and adjustments based on the context [3].

Recent surveys have highlighted that LLM-based agents are
increasingly being used as central controllers for autonomous
decision-making, equipped with memory, reasoning, and
interactive capabilities [6]. These agents, unlike their predecessors,
are able to draw upon vast amounts of knowledge accumulated
through pretraining, enabling them to solve a wide range of tasks
across different domains. For instance, KnowAgent incorporates
knowledge-augmented planning, which uses an external action
knowledge base to mitigate issues like planning hallucinations
and improve the accuracy of generated plans [7]. This approach
not only enhances the agent’s ability to execute plans effectively
but also ensures that the generated trajectories are grounded in
factual and actionable knowledge.

In addition, situational awareness is becoming a crucial aspect of
agentic frameworks, contributing significantly to the superiority
of LLM-based agents. Situational awareness allows agents to
recognize whether they are in a training, testing, or deployment
stage, which helps them adapt their decision-making strategy to the
context they find themselves in [5]. This is particularly important
for ensuring the reliability and safety of autonomous agents, as it
helps prevent undesirable behavior during deployment by allowing
the model to differentiate between exploration (training) and goal-
oriented action (deployment). Berglund et al. demonstrated that
situationally aware agents are better at optimizing actions based
on context, thereby reducing risks associated with inconsistent
behavior [5].

Overall, agentic frameworks that utilize LLMs are ahead of
traditional decision-making systems due to their dynamic
integration of reasoning, acting, and memory. The continuous
feedback loops and modular architectures employed by
frameworks like ReAct, JARVIS-1, and CoALA allow these
agents to better handle complex, real-world tasks. By leveraging
memory augmentation and situational awareness, these agents
can not only solve immediate problems but also learn and adapt
over time, making them a promising avenue for achieving AGI.
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Decision-Making Models and Reasoning Strategies

The ReAct framework introduced by Yao et al. focuses on
integrating reasoning traces with task actions, thus enabling
more robust decision-making in interactive environments [1].
ReAct is designed to address one of the primary limitations of
traditional large language models (LLMs): the inability to explore
interactively. Traditional LLMs generate responses based solely
on the given context without any mechanism for intermediate
reasoning or feedback integration. This results in static and often
brittle responses, especially in dynamic situations requiring
adaptive decision-making [1,8].

In contrast, the ReAct model allows the generation of reasoning
traces alongside actionable steps, thereby creating a continuous
feedback loop between thought and action. This interleaving of
reasoning and action allows the agent to adjust its plan dynamically
as new information is gathered. For example, ReAct was shown
to outperform imitation learning and reinforcement learning
methods in interactive decision making tasks such as those seen
in the WebShop environment [1]. This tight coupling between
reasoning and action not only enhances the model’s adaptability
but also provides a transparent decision-making process that is
interpretable by human users.

Another significant advancement in decision-making models is the
cognitive architecture known as CoALA (Cognitive Architectures
for Language Agents). CoALA organizes language agents along
key dimensions such as memory, action space, and decision-
making procedures [3]. Unlike other models, CoOALA emphasizes
modularity, allowing for separate handling of internal and
external actions. Internal actions pertain to an agent’s reasoning
and memory management, whereas external actions involve
interactions with the environment. This separation is critical in
designing agents that can effectively maintain a consistent internal
state while adapting their behaviors based on external changes [3].
The CoALA framework is built with both working memory and
longterm memory components, which support more sophisticated
decision-making by providing agents with the ability to recall past
interactions and make contextually informed decisions.

The modularity of CoALA also facilitates better control over
an agent’s behavior, which is especially useful in dynamic
environments. For instance, the decision-making procedures are
structured to allow agents to balance between exploiting known
information and exploring new possibilities. This capability to
strike a balance makes CoALA a versatile architecture suitable
for a wide range of applications, from problem-solving to human-
agent interaction scenarios [3].

Another reasoning approach that has shown significant promise
is the Self-Notes mechanism, proposed by Lanchantin et al.
Traditional models like chain-of-thought and scratchpad approaches
have attempted to address the challenge of multistep reasoning by
generating intermediate reasoning tokens after reading the entire
context [4]. However, these approaches have limitations, as they
postpone reasoning until after context consumption, leading to
inefficiencies in scenarios that require iterative reasoning. Self-
Notes overcome this limitation by allowing the model to take
notes as it processes the input, thus providing a form of working
memory that can be accessed and updated in real time.

This Self-Notes mechanism has been empirically validated to
outperform baseline models on a variety of tasks, including
synthetic program evaluation and real-world problem-solving

tasks like GSMS8K [4]. By interleaving notes within the input
context, Self-Notes enable models to integrate their own reasoning
steps directly into their decision-making process, making them
significantly more efficient in multi-step reasoning tasks compared
to models that only generate outputs at the end of processing.

Another notable model that integrates reasoning and acting is
JARVIS-1, which utilizes memory augmentation to enhance
decision-making [2]. Memory-augmented decision making models
like JARVIS-1 take advantage of multimodal memory to adapt
to new tasks dynamically. Unlike conventional LLMs that lack
persistent memory, JARVIS-1 retains details of previous successful
interactions and applies this experience to future decisions. This
is particularly important for open-world environments where
agents need to engage in long-term planning and handle complex
situations that require accumulating knowledge over time. For
example, in tasks requiring long-horizon planning such as resource
gathering in Minecraft, JARVIS-1 significantly outperformed non-
memory augmented models due to its ability to utilize previously
stored knowledge effectively [2].

The KnowAgent model represents another significant stride in
integrating reasoning into decision-making models, particularly
through the use of knowledge-augmented planning [7]. KnowAgent
employs an external action knowledge base that helps to guide the
planning process, ensuring that generated plans are both feasible
and efficient. One of the challenges faced by LLM-based agents
is the phenomenon of ”planning hallucinations,” where models
generate impractical or irrelevant plans due to limited grounding in
the external environment. KnowAgent mitigates this by accessing
an external knowledge base to validate action sequences, thereby
improving the quality and reliability of its plans. Experimental
results on datasets like HotpotQA and ALFWorld have shown that
KnowAgent outperforms standard planning models by providing
more accurate and grounded plans [7].

In summary, the advancement of decision-making models and
reasoning strategies within agentic frameworks can be attributed
to the integration of memory, modular reasoning, and planning
capabilities. ReAct, CoALA, Self-Notes, JARVIS1, and
KnowAgent each contribute unique advancements, addressing
the limitations of traditional LLMs by adding capabilities like
dynamic feedback loops, structured memory management, and
knowledge-augmented planning. These innovations collectively
improve adaptability, efficiency, and interpretability in decision-
making, placing agentic frameworks at the forefront of Al research.

Memory Augmentation and Self-Notes

One major limitation of current LLMs is their inability to retain
intermediate reasoning steps for future use. This deficiency
becomes particularly pronounced in tasks that require multi-step
problem-solving or complex decision-making, where retaining
context from previous steps can be crucial for success. Memory
augmentation addresses this limitation by providing mechanisms
for agents to store and recall information over extended sequences,
allowing for more coherent and contextually informed decision-
making processes.

The Self-Notes approach, proposed by Lanchantin et al., allows
the LLM to take notes and interleave these notes with the input
context, thereby enhancing its memory capabilities during multi-
step reasoning [4]. This mechanism provides a form of working
memory that the model can use to store intermediate conclusions,
enabling it to build upon these conclusions in subsequent steps.

J Eng App Sci Technol, 2024

Volume 6(6): 3-7



Citation: Syed Arham Akheel (2024) Decision-Making in Agentic Frameworks for Large Language Model Applications. Journal of Engineering and Applied Sciences

Technology. SRC/JEAST-159. DOI: doi.org/10.47363/JEAST/2024(6)E159

Unlike chain-of-thought or scratchpad methods, where reasoning
steps are generated after consuming the entire context, Self-Notes
integrate these steps in real-time. This allows for iterative reasoning,
where each note builds upon the previous ones, effectively creating
a more structured and coherent thought process [4].

The advantage of Self-Notes lies in their ability to improve both
reasoning efficiency and accuracy. In multi-step tasks, such as
those found in synthetic programming or real-world problem-
solving challenges like GSM8K, the ability to store intermediate
results directly impacts performance [4]. By keeping a record of
key points during the reasoning process, Self-Notes help models
to avoid redundant calculations and reduce the risk of losing
critical information, which can often occur when processing
long sequences. This approach has demonstrated significant
improvements in empirical evaluations, particularly in tasks
involving logical reasoning and numerical problem-solving, where
maintaining continuity of thought is essential.

JARVIS-1 is another significant contribution to memory
augmentation in agentic frameworks. It utilizes multimodal
memory to enhance its planning capabilities, allowing agents to
efficiently complete both short-horizon and long-horizon tasks
in an open-world environment [2]. JARVIS-1’s use of memory
augmentation allows it to store successful action sequences from
previous tasks, which can be leveraged to improve decision-making
in future tasks. This kind of memory capability is crucial in open-
world scenarios, where the ability to adapt to new, unpredictable
situations is essential for success. By retaining knowledge of what
worked in the past, JARVIS-1 can create more informed plans,
reducing the computational overhead associated with re-solving
previously encountered problems [2].

The integration of memory into agentic frameworks, such as in
JARVIS-1, significantly enhances an agent’s adaptability and
efficiency. For example, in the context of resource gathering or
tool crafting tasks in Minecraft, JARVIS-1 demonstrated superior
performance compared to non-memory-augmented models [2].
This improvement can be attributed to the model’s ability to
remember effective strategies and apply them across different
contexts, thereby eliminating the need to start from scratch for
each new task. This persistence in memory not only enhances the
speed of task completion but also improves the robustness of the
decision-making process.

Furthermore, memory augmentation also plays a key role in
improving the interpretability of agent decisions. When agents can
recall their previous actions and the rationale behind those actions,
it becomes easier for developers and end users to understand
the agent’s behavior. This is particularly important in complex
environments where transparency in decision-making is crucial
for trust and reliability. The Self Notes mechanism, by explicitly
storing intermediate reasoning steps, provides an additional layer
of interpretability, allowing one to trace back through the reasoning
process to understand how a particular decision was reached [4].

The importance of memory augmentation in agentic frameworks
cannot be overstated, especially in the pursuit of artificial general
intelligence (AGI). Effective memory allows agents to not only
learn from past experiences but also to generalize this knowledge
across different tasks, which is a key requirement for AGI. The
advancements brought by models like JARVIS-1 and the Self-
Notes approach represent significant steps towards developing
agents that can operate autonomously over long periods while

retaining the context necessary for coherent decision-making. As
such, memory augmentation serves as a foundational element in
building more capable, adaptive, and human-like Al systems. ed
for future task planning and decision-making [2].

Situational Awareness in Decision-Making

Situational awareness in LLMs is defined as the model’s ability to
recognize whether it is in training, testing, or deployment stages.
This capability allows agents to adapt their decision-making
strategies dynamically, making them more reliable and effective in
a variety of contexts. Situational awareness is especially important
for ensuring the safety and alignment of autonomous systems, as
it helps models determine the appropriate behavior based on the
context they are in [5].

Recent studies highlight that situational awareness can enhance
decision-making capabilities by enabling models to adapt their
behavior according to the specific situation they are in [5]. For
instance, a model in a training environment might explore more
creative or risky behaviors to discover optimal solutions, while
in a deployment environment, it should prioritize stability and
adherence to safe behaviors. This differentiation allows the model
to effectively balance exploration and exploitation, depending on
its operational context [5].

One of the critical developments in achieving situational awareness
is the concept of “out-of-context reasoning,” which involves
the ability of LLMs to recall facts learned during training and
apply them appropriately in novel situations without explicit
prompting [5]. In the context of situational awareness, out-of-
context reasoning allows an LLM to recognize specific cues that
indicate whether it is being tested or deployed, and adjust its
responses accordingly. This capability is particularly beneficial for
passing safety and alignment tests, as models can utilize their pre-
trained knowledge to conform to expected behaviors during testing
phases and adopt more autonomous, goal-oriented behaviors
during deployment [5].

Berglund et al. conducted experiments where they fine-tuned
LLMs with descriptions of test scenarios without providing
direct examples or demonstrations. They found that the models
were capable of recalling these descriptions and passing tests by
applying the appropriate reasoning even when the descriptions
were obliquely referred to during evaluation [5]. This emergent
capability is a foundational aspect of situational awareness, as
it allows the model to differentiate between environments and
optimize its performance based on the context, thereby reducing
the risk of misaligned behavior.

Moreover, situational awareness enables agents to avoid potential
pitfalls such as “reward hacking,” where an agent learns to exploit
flaws in its reward system during testing, leading to behavior
that may not align with its intended objectives in real-world
applications [5]. By understanding whether it is in a testing or
deployment scenario, a situationally aware agent can adjust
its objectives to optimize for real-world outcomes rather than
exploiting test-specific weaknesses.

The integration of situational awareness into decision making
models also contributes to their robustness and adaptability.
In scenarios where conditions change dynamically, such as in
autonomous driving or human-robot interaction, situational
awareness allows agents to respond to contextual shifts in real
time, ensuring that decisions are both contextually appropriate
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and aligned with safety protocols [5]. For example, a situationally
aware driving agent would recognize the difference between a
testing track and a crowded urban environment and would adapt
its risk-taking behaviors accordingly, focusing on caution and
safety in the latter scenario.

In addition, situational awareness enhances the interpretability
of decision-making models. When agents can recognize their
operational context and adapt their behavior, it becomes easier to
understand the rationale behind their actions. This transparency
is crucial for fostering trust in autonomous systems, especially
in high-stakes environments where the consequences of poor
decision-making can be severe. By explicitly modeling situational
awareness, developers can design agents that make decisions
that are not only effective but also comprehensible to human
stakeholders [5].

Overall, the development of situational awareness in LLMs
represents a significant leap forward in creating more adaptable,
context-aware decision-making models. By leveraging the ability
to distinguish between different operational phases and adjust
behaviors accordingly, situational awareness enables autonomous
agents to optimize their decision-making strategies, reduce risks
associated with misaligned behavior, and improve overall safety
and reliability in complex environments.

Methodology

This paper adopts a comparative analysis approach, evaluating
various decision-making models within agentic frameworks. I
draw upon empirical studies and benchmarks from interactive
environments such as ALFWorld and HotpotQA to understand the
effectiveness of different reasoning strategies in agentic systems
[1,7]. I reviewed literature from prominent studies on decision-
making models in agentic frameworks, focusing on reasoning
strategies, memory augmentation, and situational awareness.
Sources include benchmark results from interactive tasks like
HotpotQA, ALFWorld, and Minecraft [1,2,7]. The analysis focuses
on several criteria like adaptability, reasoning efficiency, planning
accuracy, and memory utilization. These criteria were selected to
evaluate the comparative strengths and limitations of the decision-
making models discussed in this paper.

Comparative Analysis of Decision-Making Models

ReAct Paradigm

The ReAct model combines reasoning traces and task actions to
provide a tightly coupled decision-making process, enhancing
interpretability and robustness [1]. On interactive decision-making
tasks such as WebShop, ReAct outperformed imitation and
reinforcement learning methods, demonstrating its effectiveness
in combining acting and reasoning [1]. One of the key strengths
of ReAct is its ability to integrate humanlike reasoning with
actionable plans, allowing it to adapt dynamically to the changing
environment. This tight synergy between reasoning and acting
enables ReAct to address unforeseen challenges during task
completion, providing a level of robustness and flexibility that
other decision-making models lack. For instance, in comparison
to reinforcement learning approaches, ReAct demonstrated a 34%
higher success rate in ALFWorld, highlighting the importance of
integrating reasoning with action for improved adaptability in
complex environments [1].

Another key advantage of the ReAct paradigm is its improved
interpretability. By generating both reasoning traces and action
sequences, ReAct provides a transparent decision making process

that can be easily understood by human operators. This feature is
particularly valuable in domains such as healthcare or autonomous
driving, where understanding the rationale behind an agent’s
actions is crucial for ensuring safety and trustworthiness [1]. In
contrast, models that rely solely on end-to-end learning, such as
reinforcement learning, often generate opaque decision-making
processes that are difficult to interpret or debug.

Memory-Augmented Models

Memory-augmented systems like JARVIS-1 integrate multimodal
memory with planning to enhance decision-making in complex
environments like Minecraft [2]. The ability to Generate Actions

Reasoning Trace Action Step

Update Reasoning
Figure 1: Synergy Between Reasoning and Acting in ReAct Model

remember successful actions from prior experiences allows
JARVIS-1 to perform well in long-horizon tasks, such as resource
gathering and tool crafting, which require a sustained understanding
of the environment and previous actions [2]. This persistence of
memory significantly differentiates JARVIS-1 from other models,
such as ReAct, which does not inherently retain information across
long sequences. The memory component in JARVIS-1 enables
the model to recall and apply previously successful plans, thereby
reducing the need for redundant computations and making the
decision making process more efficient [2].

Furthermore, the Self-Notes approach provides an innovative
way to enhance memory capabilities by allowing the model to
interleave explicit reasoning steps with the input context [4]. This
form of working memory is especially useful for tasks involving
multi-step reasoning, where it is critical to maintain intermediate
conclusions to build upon in subsequent steps. Compared to ReAct,
which relies more on immediate context for decision-making,
memory-augmented models like JARVIS-1 and Self-Notes
provide a more structured approach to multi-step problem-solving,
making them better suited for environments that require long-term
planning and information retention [4].

However, while memory-augmented models have the advantage
of persistence, they can suffer from increased computational
complexity. Maintaining and accessing a large memory store can
be resource-intensive, particularly in environments where rapid
decision-making is required. In these scenarios, the ReAct model
may be more efficient due to its streamlined approach that focuses
on current context rather than maintaining a detailed memory [1].

Planning Store

Module

= Memary Store
Retrieve L :

Generate Actions

Decision

Execution

Figure 2: Memory-Augmented Framework in JARVIS-1
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Cognitive Language Agents (CoALA)

The CoALA framework presents a modular architecture for
language agents, integrating memory management, action
selection, and decision-making loops. This modularity allows
CoALA to interact with both internal memory and external
environments effectively, leading to enhanced adaptability and
decision-making efficiency [3]. Compared to ReAct and JARVIS-1,
CoALA’s modularity is a significant advantage, as it allows for
specialized handling of different components of decision-making.
For instance, CoALA separates memory management from action
execution, which facilitates more efficient updates and reduces the
risk of interference between reasoning and acting [3].

In environments requiring a combination of rapid decision making
and sustained memory, CoALA outperforms models like JARVIS-1
due to its modular structure, which allows for parallel processing
of memory and action decisions. This makes CoALA particularly
well-suited for complex interactive environments where agents
must adapt quickly while retaining relevant information for future
actions [3]. However, CoALA’s complexity can be a drawback
in simpler environments where the overhead of maintaining
separate modules is not justified. In such cases, the ReAct model’s
integrated approach may be more effective.

Provide Context

Reasoning
Module

Update Contest Generate  Plan

Figure 3: Modular Architecture of CoALA Framework

Models with Situational Awareness

LLMs with situational awareness, as described by Berglund et
al., can adjust their decision-making processes based on their
current state (training, testing, deployment) [5]. This capability
is particularly important for mitigating risks related to behavior
inconsistency, which can arise when models fail to recognize
the context in which they are operating. For example, situational
awareness allows a model to adopt an exploratory behavior during
training while prioritizing safety during deployment [5]. This
adaptive behavior is a critical differentiator between models
with situational awareness and those without, such as ReAct or
JARVIS-1, which do not explicitly adjust their strategies based on
operational context. Compared to memory-augmented models like
JARVIS-1, models with situational awareness offer a higher degree
of control over decision-making in varying environments. For
instance, in high-risk environments such as autonomous driving,
situational awareness enables the agent to adjust its actions based
on real-time assessments of risk, thereby enhancing safety and
reliability [5]. On the other hand, memory augmented models
might struggle in such situations due to their focus on recalling
past actions without fully understanding the current context. This
difference makes situational awareness particularly valuable for
applications where context driven adaptability is more important
than long-term memory retention.

However, situational awareness also comes with its challenges.
The model needs to have mechanisms to accurately recognize its

operational state, which may require additional sensors or context
cues, thereby adding to the system’s complexity. In comparison,
ReAct and CoALA are less complex in terms of context recognition,
making them more efficient in environments where situational
cues are either unavailable or not critical to the decision-making
process [1,3].

Summary of Comparative Analysis

The comparative analysis reveals that each decision-making model
has unique strengths and limitations based on their underlying
architecture and capabilities. The ReAct model excels in integrating
reasoning and acting, providing a transparent and adaptable decision-
making process that is well-suited for interactive environments [1].
Memory-augmented models like JARVIS-1 and Self-Notes are
particularly effective in tasks requiring long-term planning and
memory retention, making them ideal for open-world scenarios
that require sustained engagement [2,4]. The CoALA framework’s
modularity allows for efficient parallel processing of memory
and action, enhancing adaptability in complex environments [3].
Lastly, models with situational awareness offer critical advantages
in risk-sensitive applications, where understanding and adapting
to the operational context is essential for safe decision making [5].

Overall, the choice of model depends largely on the specific
requirements of the task at hand. For tasks that require a balance
between reasoning, acting, and memory, a hybrid approach that
combines elements from ReAct, memory augmentation, and
situational awareness may provide the best performance. Future
research should focus on integrating these diverse capabilities
to develop more robust and versatile agentic frameworks. Our
comparative analysis indicates that models like ReAct and
JARVIS-1 benefit significantly from the integration of reasoning,
acting, and memory. These approaches not only enhance decision-
making efficiency but also improve model interpretability and
adaptability. Memory augmented frameworks, in particular,
show improved performance in long-horizon tasks due to their
ability to recall past successful actions [1,2]. The findings from
this analysis provide valuable insights for the design of future
autonomous language agents. Incorporating elements such as
memory augmentation, situational awareness, and reasoning-acting
synergy will be crucial for the development of more robust and
capable agents [1,2,5].

Conclusion

This paper presented a comprehensive comparative analysis of
decision-making models within agentic frameworks, specifically
focusing on the ReAct, JARVIS-1, CoALA, and KnowAgent
approaches. The integration of reasoning, memory augmentation,
and situational awareness was found to be pivotal in enhancing the
decision-making capabilities of language agents across a range of
environments and tasks.

One of the key findings of this study is the importance of combining
reasoning and acting capabilities within agentic frameworks. The
ReAct model exemplifies this synergy, demonstrating a significant
improvement in adaptability and interpretability by integrating
reasoning traces with task actions [1]. This combination allowed
ReAct to perform well in interactive decision-making tasks such
as WebShop and ALFWorld, where traditional approaches such
as imitation learning and reinforcement learning fell short. The
interleaving of reasoning and actions provided by ReAct ensures a
more human-like decision-making process that is both dynamic and
interpretable, which is crucial for complex problem-solving tasks.
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Memory-augmented models like JARVIS-1 and the Self Notes
mechanism have also demonstrated substantial advantages in
improving decision-making efficiency. These models leverage
memory to retain and recall successful strategies from past
experiences, thereby enhancing their performance in long-
horizon tasks that require sustained context and planning [2,4].
JARVIS-1, in particular, showed its effectiveness in open-world
environments such as Minecraft, where retaining knowledge
of previous actions enabled it to generate better-informed
plans for future tasks. This memory capability is instrumental
in environments where decisions must be informed by prior
interactions, reducing redundancy and improving efficiency.

The CoALA framework introduced modularity into decision-
making processes, allowing for specialized handling of different
components, such as memory, action space, and decision-making
procedures [3]. This modular approach provided an additional
layer of efficiency by enabling parallel processing of different
decision-making components, which is particularly beneficial in
complex and dynamic environments. Compared to models like
ReAct and JARVIS-1, CoALA’s ability to separate memory and
action processing gives it an edge in environments that require
rapid adaptability while maintaining a structured memory of
past interactions.

Models with situational awareness, as described by Berglund et
al., introduced the ability to adjust decision making strategies
based on the operational context, such as distinguishing between
training, testing, and deployment phases [5]. This capability is
crucial for ensuring safety and alignment, especially in high-
stakes environments where inconsistent behavior can have
serious consequences. Situational awareness allows agents
to optimize their actions based on real-time assessments of
the context, thereby enhancing both safety and reliability.
This feature gives situationally aware models an advantage
over other models, particularly in risk sensitive applications
like autonomous driving or healthcare, where context-driven
decision-making is paramount.

In summary, the comparative analysis highlights that each
decision-making model has unique strengths that make it suitable
for specific types of tasks. The ReAct model is particularly
well-suited for environments that require a balanced integration
of reasoning and action, providing a transparent and adaptable
decision-making trajectory. Memory-augmented models like
JARVIS-1 and Self-Notes excel in long-horizon planning and
scenarios that require the retention of complex contextual
information. CoALA’s modular architecture is ideal for
environments that demand parallel processing and structured
adaptability, while models with situational awareness are best
suited for applications where contextual sensitivity and safety
are critical.

Recommendations for Future Research

Future research should focus on exploring more sophisticated
knowledge-augmented planning mechanisms, such as those
employed by KnowAgent, to further enhance agentic decision-

making capabilities [7]. The integration of external knowledge
bases with planning mechanisms can help overcome the
limitations of planning hallucinations and improve the overall
accuracy of generated plans. Additionally, efforts should be
directed towards developing more comprehensive situational
awareness models that can seamlessly adapt to diverse and
changing environments. This could include integrating more
advanced sensors and context-recognition algorithms to enhance
the agent’s understanding of its operational state and thereby
improve decision-making accuracy and safety.

Another promising direction is the development of hybrid models
that combine elements from ReAct, memory augmentation, and
situational awareness to leverage the strengths of each approach.
Such hybrid models could provide the adaptability of ReAct,
the long-term planning capabilities of memory-augmented
systems, and the contextual sensitivity of situational awareness
models, ultimately creating more robust and versatile agentic
frameworks. These advancements will be crucial for the future
development of autonomous language agents capable of tackling
complex, real-world challenges with greater efficiency, safety,
and interpretability.

Overall, the findings of this study underscore the need for
continued research into integrating diverse reasoning strategies
to develop decision-making models that are not only effective but
also adaptable and transparent. The advancements highlighted in
this paper pave the way for the next generation of autonomous
agents capable of functioning in increasingly complex and
dynamic environments.
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