
PRIME: Planning and Retrieval-Integrated Memory for Enhanced Reasoning
Hieu Tran1,2, Zonghai Yao1,2, Nguyen Luong Tran2, Zhichao Yang4, Feiyun Ouyang1,3, Shuo Han3,

Razieh Rahimi2, Hong Yu1,2,3

1VA Bedford Health Care
2University of Massachusetts Amherst
3University of Massachusetts Lowell

4Optum AI
hieutran@umass.edu, zonghaiyao@umass.edu, ngultran@umass.edu, zhichao yang@optum.com,

feiyun ouyang@uml.edu, shuo han@uml.edu, rahimi@umass.edu, hong yu@uml.edu

Abstract

Inspired by the dual-process theory of human cognition from
Thinking, Fast and Slow, we introduce PRIME (Planning
and Retrieval-Integrated Memory for Enhanced Reasoning), a
multi-agent reasoning framework that dynamically integrates
System 1 (fast, intuitive thinking) and System 2 (slow, de-
liberate thinking). PRIME first employs a Quick Thinking
Agent (System 1) to generate a rapid answer; if uncertainty
is detected, it then triggers a structured System 2 reasoning
pipeline composed of specialized agents for planning, hy-
pothesis generation, retrieval, information integration, and
decision-making. This multi-agent design faithfully mim-
ics human cognitive processes and enhances both efficiency
and accuracy. Experimental results with LLaMA 3 models
demonstrate that PRIME enables open-source LLMs to per-
form competitively with state-of-the-art closed-source mod-
els like GPT-4 and GPT-4o on benchmarks requiring multi-
hop and knowledge-grounded reasoning. This research estab-
lishes PRIME as a scalable solution for improving LLMs in
domains requiring complex, knowledge-intensive reasoning.

Introduction
Human cognition is marked by its remarkable versatility, ef-
fortlessly transitioning from instant intuitive judgments such
as recognizing faces or interpreting emotional cues to de-
liberate analytical reasoning involved in solving complex
puzzles or making detailed plans. According to the influ-
ential dual-process theory popularized by Daniel Kahneman
in Thinking, Fast and Slow (Kahneman 2011), these cogni-
tive abilities stem from two fundamentally different modes
of thought: System 1, which operates quickly, intuitively,
and with minimal cognitive effort; and System 2, which is
slower, more deliberate, analytical, and capable of managing
demanding cognitive tasks (Evans 1984; Kahneman 2003).

System 1 continuously generates intuitions, impressions,
and rapid judgments, often sufficient for routine or straight-
forward decisions. However, complex tasks, those involv-
ing multi-step planning, retrieval of external knowledge, and
careful evidence integration necessitate engaging the more
effortful System 2 (Huang and Chang 2022; Qiao et al.
2022; Wang et al. 2022a; Shaikh et al. 2022). However, even
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these complex reasoning tasks are rarely executed entirely
by System 2 alone; instead, most human reasoning pro-
cesses fluidly integrate rapid intuitive responses with occa-
sional deeper reflection, triggered when intuition proves in-
sufficient or potentially erroneous (Evans 1984; Kahneman
2003, 2011).

Motivated by this understanding of human cognitive ef-
ficiency, we introduce PRIME (Planning and Retrieval-
Integrated Memory for Enhanced Reasoning), a multi-agent
reasoning framework designed explicitly to mimic this dual-
process model. PRIME initially employs a Quick Thinking
Agent (System 1) to produce intuitive answers rapidly. Sub-
sequently, a specialized Reflection Agent performs explicit
self-reflection to critically evaluate the intuitive response. If
self-reflection identifies uncertainty, potential errors, or risk
of hallucinations, PRIME activates a more deliberative rea-
soning process (System 2), orchestrating specialized agents
responsible for systematic planning, hypothesis generation,
targeted knowledge retrieval, information integration, and
comprehensive reasoning. This adaptive mechanism ensures
efficient use of computational resources, engaging slower,
computationally intensive reasoning only when necessary,
significantly reducing unnecessary deliberation.

This design also addresses a crucial limitation observed in
standalone intuitive or deliberative approaches. While fast
intuitive reasoning (System 1) is computationally efficient,
it often suffers from inaccuracies or hallucinations. Con-
versely, detailed analytical reasoning (System 2), although
more powerful, is resource-intensive and occasionally sus-
ceptible to overly elaborate or misleading reasoning paths.
By effectively integrating both cognitive modes through tar-
geted self-reflection, PRIME capitalizes on their respective
strengths, enhancing overall accuracy while mitigating the
inherent shortcomings of each mode when used individu-
ally. To validate the effectiveness and versatility of PRIME,
we conducted extensive experiments in several challeng-
ing reasoning benchmarks, including MedQA, MedMCQA,
MMLU-Medical, Musique, 2Wiki, HotpotQA, and Amboss.
Experimental results clearly demonstrate that PRIME en-
ables open-source large language models, such as LLaMA 3,
to achieve performance competitive with advanced closed-
source counterparts, such as GPT-4 and GPT-4o. Detailed
analyses further highlight that PRIME efficiently allocates
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Figure 1: Overview of our reasoning process. The framework mimics human dual-system cognition by integrating fast, intuitive
reasoning (System 1) and slower, deliberative reasoning (System 2).

computational resources, strategically triggering System 2
reasoning predominantly for more challenging tasks, while
confidently relying on Zrapid System 1 responses for sim-
pler questions.

In summary, our work makes the following key contribu-
tions:

1. Based on our review of prior dual-system reasoning ar-
chitectures and cognitive-inspired frameworks, we are
the first to propose an LLM-based multi-agent reason-
ing framework that explicitly operationalizes the dual-
process theory of cognition by structuring agents into fast
(System 1) and slow (System 2) reasoning processes, me-
diated through explicit self-reflection.

2. We demonstrate that selective activation of delibera-
tive reasoning significantly enhances computational ef-
ficiency, improving performance by avoiding unneces-
sary deliberation and reducing hallucinations inherent to
purely intuitive reasoning.

3. Empirical evaluations across multiple challenging bench-
marks confirm PRIME’s superior reasoning accuracy and
computational efficiency, establishing it as a robust and
scalable framework for complex, knowledge-intensive
reasoning tasks.

Related Work
Multi-agent reasoning frameworks have been widely ex-
plored to enhance the robustness and compositionality of
language model-based systems. Recent work frames LLMs
as agents that collaborate (Yao et al. 2023b; Yang, Yue,
and He 2023), debate (Du et al. 2023; Menick et al. 2022),
or act hierarchically through planning and execution (Liu

et al. 2023b,a). For example, ReAct (Yao et al. 2023b)
combines reasoning and acting by allowing agents to in-
terleave thoughts and tool use, while Self-Refine (Madaan
et al. 2023) introduces feedback loops for iterative self-
improvement. AutoGPT and related tool-augmented frame-
works (Schick et al. 2023; Shinn et al. 2023) orchestrate
multiple agents for autonomous task completion. PRIME is
inspired by this setup but differs in its cognitive framing:
agents in PRIME are hierarchically organized into fast and
slow thinkers, rather than peers or collaborators, and only
slow agents are triggered when fast thinking is insufficient.

Dual-system cognitive models trace back to the ”System 1
vs. System 2” framework popularized by Kahneman (Kah-
neman 2011), and Booch et al. (2020) framed the integra-
tion of ”fast” heuristic processing and ”slow” deliberative
reasoning as a promising architectural paradigm for AI sys-
tems. Recent LLM research reflects this divide: Chain-of-
Thought prompting (Wei et al. 2022) and Tree-of-Thoughts
(Yao et al. 2023a) promote structured multi-step reason-
ing akin to System 2, while strategies like self-consistency
(Wang et al. 2022b), scratchpad reasoning (Nye et al. 2021),
and iterative refinement (Madaan et al. 2023) aim to improve
correctness through slow, revisable computation.Ganapini
et al. (2022) and Ganapini et al. (2025) introduce SOFAI,
a general dual-process cognitive architecture in which a
metacognitive controller arbitrates between fast heuristics
(System 1) and slow deliberation (System 2) for sequen-
tial decision-making. PRIME, in contrast, is an LLM-based
system that employs a reflection trigger to switch from
quick answers to a slower, modular pipeline optimized for
knowledge-intensive NLP tasks and efficient computational
resource utilization. Other cognitive architectures such as
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meta-reasoning controllers (Hong et al. 2023) have also
modeled reasoning as a two-phase process. PRIME unifies
these views by combining fast, subquestion-driven intuitive
answers with a deliberative reasoning system (planning, re-
trieval, hypothesis testing) that is selectively triggered via
reflection, enabling both efficient and robust inference.
System 1 and System 2 hybrid reasoning has also emerged
as a guiding paradigm in recent LLM work. The influen-
tial survey by Li et al. (2025) categorizes reasoning LLMs
into architectural and training strategies that emulate Sys-
tem 2 cognition: structured exploration (e.g., MCTS in
Marco-o1 (Zhao et al. 2024)), macro actions (e.g., Reason-
Flux (Yang et al. 2025)), and self-improvement via feed-
back loops (e.g., rStar-Math (Guan et al. 2025)). While these
models implicitly follow dual-system principles, they lack
an explicit separation of intuitive vs. deliberative agents.
In contrast, PRIME operationalizes this distinction directly:
System 1 conducts rapid subquestion-based reasoning; Sys-
tem 2, composed of modular slow agents, engages only
when reflection detects flaws or uncertainty.

Methodology
Our framework is explicitly inspired by the dual-process
cognitive theory introduced in Thinking, Fast and Slow.
PRIME closely mirrors this cognitive process: when pre-
sented with a question, the framework first rapidly generates
an intuitive answer through the Quick Thinking Agent (Sys-
tem 1). Then, the Reflection Agent critically evaluates this
intuitive response, by explicitly performing self-reflection
to determine whether the intuitive answer is reliable or if it
potentially contains errors, logical inconsistencies, or uncer-
tainties. If the Reflection Agent recognizes potential prob-
lems or uncertainties, it triggers the deeper and deliberate
reasoning process (System 2) as shown in Figure 1.

Figure 2: Quick Thinking Agent for System 1 reason-
ing. Upon receiving a question, the Quick Thinking Agent
rapidly decomposes it into a series of subquestions and an-
swers each one sequentially.

Once activated, PRIME’s System 2 involves structured
reasoning steps, including explicit planning to break down
the problem, targeted search and reading processes to mimic
human memory recall from external knowledge sources, as
well as structured hypothesis formulation and testing. Fi-
nally, a comprehensive decision-making step synthesizes in-
formation from memory and hypotheses to produce a robust,

reliable final answer. In the following subsections, we de-
tail each individual component of PRIME’s multi-agent ar-
chitecture, highlighting their specific roles, interactions, and
contributions to the overall reasoning process.

System 1: Quick Intuitive Thinking
The Quick Thinking Agent implements the fast, intuitive
reasoning pathway inspired by System 1 in human cogni-
tion. Unlike conventional Chain-of-Thought (CoT) prompt-
ing, which proceeds step-by-step in a linear generative fash-
ion, our approach takes a more structured route. Specifically,
the Quick Thinking Agent generates a structured response
that decomposes the question into a sequence of subques-
tions and corresponding subanswers, all within a single out-
put. Each subquestion targets a specific facet of the prob-
lem, and its subanswer is generated immediately before pro-
gressing to the next. This structure enables efficient, context-
aware reasoning while maintaining coherence across sub-
steps. (Figure 2). The process continues iteratively, with
the final subquestion aiming to synthesize all previous in-
formation and directly address the original question. This
structured subquestion-based reasoning allows for rapid re-
sponse generation while encouraging a minimal form of in-
ternal reflection across subcomponents. Beyond efficiency,
this structured format also enhances transparency and verifi-
ability. By explicitly surfacing intermediate reasoning steps,
the subquestion–subanswer layout makes it easier for the
subsequent Reflection Agent to detect potential flaws. It can
examine the reasoning trace at a finer granularity, identify
inconsistencies, and determine whether deeper deliberation
is needed. While the Quick Thinking Agent is effective for
many cases, it may still produce hallucinated or overcon-
fident conclusions. These risks are mitigated through self-
reflection and conditional triggering of System 2, discussed
in the next section.

Reflection Agent: Self-Evaluation and Triggering
Deliberation
After the Quick Thinking Agent produces a complete
answer through structured subquestioning, the Reflection
Agent engages in a critical self-assessment of the gener-
ated response. This process draws inspiration from human
metacognition—our ability to reflect on our own thinking,
detect errors, and determine when deeper reasoning is war-
ranted. Unlike approaches that rely solely on model confi-
dence or heuristic scoring, the Reflection Agent performs
explicit self-reflection by analyzing the internal structure
and content of the System 1 output. In particular, the sub-
question–subanswer format generated by the Quick Think-
ing Agent offers a fine-grained reasoning trace, enabling the
Reflection Agent to assess each step’s logical coherence,
consistency, and evidentiary support. It evaluates whether
key information was ignored, whether each subanswer log-
ically follows from its subquestion. If the Reflection Agent
determines that the answer is well-supported and internally
consistent, the system returns the System 1 output directly,
completing the reasoning process efficiently. However, if it
detects uncertainty, inconsistencies, hallucinations, or un-
supported conclusions, it triggers System 2 reasoning. This

33270



Figure 3: Memory recall process in System 2 reasoning.
When System 2 is triggered, the Planning Agent decom-
poses the question into targeted subquestions. For each sub-
question requiring external knowledge, the Search Agent
issues domain-specific queries and retrieves relevant doc-
uments. The Reading Agent then distills key information
from the retrieved evidence. This mimics human memory
recall, where reasoning is guided by selectively retrieving
and integrating key facts rather than exact memorization of
full documents.

adaptive mechanism ensures that PRIME invokes compu-
tationally expensive deliberation only when necessary, bal-
ancing performance and efficiency while enhancing overall
robustness.

System 2: Memory Recall — Planning, Search, and
Reading Agents
When the Reflection Agent determines that deeper reason-
ing is needed, PRIME activates its System 2 pipeline, be-
ginning with the Memory Recall stage. This stage is im-
plemented through the coordinated actions of three special-
ized agents: the Planning Agent, the Search Agent, and the
Reading Agent. Together, they emulate the human process
of recalling information—not by retrieving verbatim content
from memory, but by reconstructing key facts, relevant con-
cepts, and critical details from external sources (Figure 3).

In human cognition, memory recall is rarely a literal re-
production of textbook content. Instead, it involves abstract-
ing important takeaways and reconstructing useful infor-
mation relevant to the problem at hand. PRIME mirrors
this process: it does not depend on cached memory or pre-
learned patterns alone, but dynamically reads and recon-
structs evidence from an external corpus, functioning like a
human drawing upon both personal knowledge and external
references.

Figure 4: Hypothesis generation and testing in System 2
reasoning. The Hypothesis Agent formulates multiple ini-
tial hypotheses based on the question. The Integration Agent
then evaluates each hypothesis by aligning it with key evi-
dence from the memory recall phase. This process mimics
human scientific reasoning by generating, testing, and se-
lecting the most plausible explanation.

Planning Agent: The Planning Agent initiates this pro-
cess by decomposing the original question into fine-grained
subquestions, each targeting a specific piece of knowledge
needed to solve the original task. These subquestions guide
the overall reasoning strategy and identify what kind of in-
formation needs to be retrieved.
Search Agent: The Search Agent formulates explicit search
queries and retrieves relevant documents from an external
knowledge base (e.g., medical textbooks, scientific articles)
for subquestions requiring factual or knowledge-intensive
answers. It decides whether a subquestion is answerable
with internal knowledge or needs external retrieval, mim-
icking the human choice to ”look something up.”
Reading Agent: Once relevant documents are retrieved, the
Reading Agent processes and interprets their content. Rather
than memorizing everything, the Reading Agent extracts and
summarizes the key insights, facts, or clinical principles rel-
evant to the reasoning task. This abstraction of retrieved
knowledge mirrors how humans condense information into
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usable insights for problem-solving.
Together, these agents enable PRIME to simulate human-

like memory recall by reading, filtering, and organizing
knowledge around the task at hand. This design not only in-
creases factual reliability but also reduces hallucinations by
grounding responses in verifiable external evidence.

System 2: Hypothesis Testing — Hypothesis and
Integration Agents
After the memory recall stage provides relevant knowledge
from external sources, PRIME proceeds to the second phase
of System 2 thinking: Hypothesis Testing. This stage mim-
ics the human reasoning strategy of generating potential ex-
planations and systematically testing them against known
facts and observations. In PRIME, this functionality is han-
dled by two agents: the Hypothesis Agent and the Integration
Agent (Figure 4).
Hypothesis Agent: Given the original question, the Hy-
pothesis Agent formulates a set of initial hypotheses cor-
responding to each of the answer choices or plausible ex-
planations. These hypotheses are concise interpretations or
assumptions that could explain the observed situation. Each
hypothesis attempts to bridge the gap between the clinical
presentation and a potential mechanism of action, diagnosis,
or treatment rationale. This stage reflects the human habit of
mentally proposing candidate answers before investigating
them further.
Integration Agent: Once the hypotheses are proposed, the
Integration Agent takes over to test their validity. It does so
by cross-referencing each hypothesis with the key knowl-
edge retrieved during the memory recall stage. This agent
examines whether each hypothesis is supported, refuted, or
left inconclusive based on the retrieved evidence. In do-
ing so, it mimics a human’s analytical process of weighing
each candidate’s answer against known facts or principles. If
sufficient supporting evidence exists, the Integration Agent
marks the hypothesis as valid and incorporates it into an in-
tegrated hypothesis, a refined conclusion that combines the
initial assumption with supporting knowledge. This final hy-
pothesis is used downstream in the decision stage to justify
the selected answer. This two-agent setup enables PRIME
to reason in a human-like manner by generating and test-
ing ideas rather than relying on static rules or memorized
answers. It also serves as a critical checkpoint in minimiz-
ing hallucinations, as each candidate explanation must be
substantiated by external evidence before informing the fi-
nal answer.

System 2: Decision-Making — Decision Agent
The final stage of System 2 reasoning in PRIME is handled
by the Decision Agent, which is responsible for synthesiz-
ing all previous reasoning steps and selecting the most likely
answer to the original question. After the Integration Agent
produces one or more integrated hypotheses, each of which
combines a candidate explanation with supporting evidence,
the Decision Agent evaluates these hypotheses in the con-
text of the original question. The Decision Agent ranks the
candidate hypotheses and selects the best-supported answer.

This stage mimics the final human decision-making process:
after reflecting on possible explanations and validating them
against memory and evidence, we choose the most convinc-
ing answer based on logical fit and justification. This final
decision is passed back as the output of the System 2 rea-
soning process, completing the reflective pipeline.

Experiments
In this section 1, we evaluate the performance of our pro-
posed method on both medical reasoning and commonsense
reasoning tasks using two large language models: LLaMA
3.1 8B Instruct and LLaMA 3.3 70B Instruct (Dubey et al.
2024), which we drop the word ”Instruct” onward for sim-
plicity. Throughout our work, we may drop “Instruct”, but
we are always referring to the “Instruct” versions.

Model MedQA MedMCQA MMLU-M avg.
LLaMA3.1 8B

CoT 61.51 55.15 71.63 62.76
SC 64.73 56.35 72.73 64.60
MedRAG 63.00 56.87 74.56 64.81
i-MedRAG 73.61 61.61 78.42 71.21
Search-O1 73.13 62.13 79.16 71.47
PRIME 76.91 67.49 83.56 75.99

LLaMA3.3 70B
CoT 76.51 68.28 81.36 75.38
SC 79.73 70.69 82.37 77.59
MedRAG 80.36 71.38 84.66 78.80
i-MedRAG 81.82 72.54 86.69 80.35
Search-O1 83.17 73.11 87.23 81.17
PRIME 87.51 78.94 92.74 86.39

Meditron 70B 51.69 46.74 64.92 54.45
Mixtral (8x7B) 64.12 56.28 74.01 64.80
GPT-3.5 65.04 55.25 72.91 64.40
GPT-4 83.97 69.88 89.44 81.10
GPT-4o-mini 73.29 66.17 84.31 74.59
GPT-4o 85.55 74.71 90.45 83.57

Table 1: Performance of PRIME and baseline methods on
three medical reasoning benchmarks: MedQA, MedMCQA,
and MMLU-M denotes MMLU-Medical subset. SC denotes
self-consistency decoding.

Performance on Medical Reasoning Tasks
Table 1 presents the performance of PRIME and state-of-
the-art baselines on three challenging medical reasoning
benchmarks: MedQA, MedMCQA, and MMLU-Medical.
These benchmarks require complex multi-hop reasoning and
a high degree of factual precision, making them ideal for
evaluating PRIME’s dual-system reasoning capabilities. The
results demonstrate the effectiveness of PRIME in enhanc-
ing the reasoning abilities of LLaMA models compared to
baseline methods, including Chain-of-Thought (CoT), Self-
Consistency (SC), MedRAG, i-MedRAG, and Search-O1.
Across both LLaMA3.1 8B and LLaMA3.3 70B, PRIME
consistently outperforms all baselines.

On the LLaMA3.1 8B model, PRIME achieves an average
score of 75.99, surpassing the state-of-the-art i-MedRAG
(71.21) and Search-O1 (71.47) by over 4 points (absolute),

1Detail settings of the experiments, descriptions of the evalua-
tion tasks and baselines can be found in Appendix.
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indicating the benefits of structured reasoning over purely
retrieval-augmented approaches. On the larger LLaMA3.3
70B model, PRIME achieves an average of 86.39, set-
ting a new state-of-the-art among open-source models. No-
tably, PRIME-enhanced LLaMA3.3 70B outperforms GPT-
4 (81.10) and GPT-4o (83.57) on MedQA and MMLU-
Medical, demonstrating its competitive edge even against
top-tier closed-source models.

These improvements highlight the importance of
PRIME’s dynamic integration of fast and slow thinking:
leveraging System 1 intuition for efficiency while invoking
System 2 deliberation to ensure factual robustness.

Performance on Multi-hop Reasoning

Model Musique 2Wiki HotpotQA
EM F1 EM F1 EM F1

LLaMA3.3 70B
Naive RAG 19.14 30.52 33.64 38.22 30.33 40.06
IRCoT 24.27 33.69 44.43 51.53 37.86 42.28
Iter-RetGen 27.49 36.11 47.59 54.22 34.36 44.22
RAG Agent 28.97 40.41 60.74 72.34 39.81 51.28
Search-O1 30.37 41.94 63.33 74.24 41.68 54.81
PRIME 35.17 48.81 68.84 79.81 46.51 60.68

gpt-4o-mini 26.27 35.69 45.65 52.37 40.86 53.27
gpt-4o 33.91 47.38 64.51 73.56 45.94 56.67

Table 2: Exact Match (EM) and F1 scores on multi-hop QA
benchmarks: Musique, 2Wiki, and HotpotQA.

Table 2 reports the performance of PRIME and base-
line methods on three multi-hop reasoning benchmarks:
Musique, 2Wiki, and HotpotQA. Across all datasets,
PRIME consistently outperforms baseline methods, includ-
ing retrieval-augmented approaches such as RAG Agent,
Search-O1, and Iter-RetGen. On Musique, PRIME achieves
an EM score of 35.17 and an F1 score of 48.81, improv-
ing significantly over Search-O1 (30.37 EM, 41.94 F1). On
2Wiki, PRIME achieves 68.84 EM and 79.81 F1, surpassing
strong baselines like RAG Agent and Search-O1 by a large
margin. Similarly, on HotpotQA, PRIME achieves 46.51
EM and 60.68 F1, outperforming Search-O1 and approach-
ing the performance of GPT-4o.

Configuration Accuracy
PRIME (System 1 + System 2) 87.2
System 1 80.4
System 2 (Full) 86.0
System 2 (Planning + Search + Hypothesis + Integration + Decision) 84.8
System 2 (Planning + Search + Reading + Hypothesis + Decision) 84.2
System 2 (Planning + Search + Hypothesis + Decision) 82.8
System 2 (Planning + Search + Reading + Decision) 83.6
System 2 (Planning + Search + Decision) 81.4
System 2 (Hypothesis + Decision) 80.6

Table 3: Ablation study on PRIME components, evaluated
on 250 MedQA samples using LLaMA 3.3 70B

Ablation Study
Table 3 presents an ablation study analyzing the contri-
bution of different components in PRIME, evaluated on
250 MedQA samples using LLaMA 3.3 70B. The full
PRIME framework, integrating both System 1 and System

2, achieves the best performance at 87.2%, demonstrating
the advantage of combining rapid intuition with selective
deep reasoning. Using only System 1 achieves 80.4%, in-
dicating that while quick subquestion decomposition is ef-
fective for easier cases, it struggles without deeper valida-
tion. Full System 2 reasoning alone reaches 86.0%, confirm-
ing the strength of deliberate multi-step reasoning, although
slightly less efficient than the combined PRIME system.

We further analyze various partial System 2 configu-
rations. The ”Planning + Search + Hypothesis + Inte-
gration + Decision” setting, which removes the Reading
Agent, achieves 84.8%, showing that document summariza-
tion helps but is not critical. Removing the Integration Agent
(”Planning + Search + Reading + Hypothesis + Decision”)
drops accuracy to 84.2%, suggesting hypothesis refinement
plays an important role. Skipping both reading and integra-
tion (”Planning + Search + Hypothesis + Decision”) reduces
performance further to 82.8%. Without hypothesis gener-
ation (”Planning + Search + Reading + Decision”), accu-
racy falls to 83.6%, and removing both hypothesis genera-
tion and reading (”Planning + Search + Decision”) results
in 81.4%. Finally, directly moving from hypothesis to deci-
sion without planning or retrieval (”Hypothesis + Decision”)
yields 80.6%, confirming that external knowledge grounding
is crucial.

Difficulty Level System Correct Incorrect Accuracy

Very Easy System 1 85 3 96.59
System 2 12 0 100.00

Easy System 1 76 6 92.68
System 2 14 4 77.78

Medium System 1 60 10 85.71
System 2 24 6 80.00

Hard System 1 28 22 56.00
System 2 32 18 64.00

Very Hard System 1 20 36 35.71
System 2 24 20 54.55

Table 4: Performance of System 1 and System 2 on Amboss
across five difficulty levels. System 2 is triggered more fre-
quently on harder questions, while System 1 performs well
on easier questions.

When System 2 Thinking Is Triggered?
We conduct an analysis to understand when System 2 think-
ing is triggered by evaluating PRIME on 100 questions from
each difficulty level (Very Easy, Easy, Medium, Hard, Very
Hard) sampled from the Amboss question bank. Amboss is
a comprehensive resource widely used by medical students
and professionals, providing an extensive array of Step 1,
Step 2 CK, and Step 3-style clinical questions, making it an
ideal benchmark for evaluating reasoning under varying lev-
els of complexity.

As shown in Table 4, System 1 is highly effective for
easier questions. On Very Easy and Easy levels, System 1
achieves 96.59% and 92.68% accuracy, respectively, and the
Reflection Agent rarely triggers System 2, since the intu-
itive answers are sufficient. When System 2 is occasionally
triggered on easy questions, it slightly underperforms Sys-
tem 1 (77.78% accuracy), suggesting that deep reasoning
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is often unnecessary for straightforward tasks. However, as
question difficulty increases, System 2 is triggered more fre-
quently. For Medium, Hard, and Very Hard questions, Sys-
tem 1 accuracy drops significantly, from 85.71% down to
35.71%, while System 2 helps recover performance, achiev-
ing 80.00%, 64.00%, and 54.55% respectively. This shows
that PRIME’s Reflection Agent correctly identifies when in-
tuitive thinking is insufficient and selectively invokes deeper
reasoning processes involving planning, retrieval, and hy-
pothesis testing.

Overall, this analysis highlights that PRIME effectively
mirrors human cognitive strategies: fast, efficient intuition
is used when sufficient, while System 2 slow thinking is
selectively triggered to handle more complex, knowledge-
intensive problems, improving robustness without unneces-
sary computational overhead.

Figure 5: Accuracy vs. Number of Generated Tokens for
Different Methods

Computational Analysis
To assess the efficiency of different reasoning strategies, we
analyze the trade-off between accuracy and the number of
generated tokens, a proxy for computational cost. Figure 5
plots the average accuracy across three medical reasoning
tasks against the number of generated tokens (log scale)
for several methods under both LLaMA 8B and LLaMA
70B backbones. As shown, PRIME achieves the best accu-
racy on LLaMA 70B while maintaining a relatively mod-
est token budget compared to other multi-step approaches.
While Self-Consistency (SC) and Search-O1 also perform
well, they incur significantly higher computational cost due
to repeated sampling. In contrast, PRIME leverages System
1 to answer easier questions quickly and triggers System 2
reasoning only when necessary, resulting in a more efficient
use of tokens. On LLaMA 8B, PRIME continues to out-

perform MedRAG and CoT by a wide margin in accuracy,
while remaining competitive in token usage. i-MedRAG,
despite sharing similar retrieval components, lacks struc-
tured planning and hypothesis testing, leading to lower ac-
curacy despite similar token usage. These results highlight
that PRIME’s dual-system design enables accurate reason-
ing with selective computational expenditure. By combining
fast responses with targeted deep reasoning, PRIME offers
a practical and scalable solution, particularly beneficial in
deployment settings where compute resources are limited.

Agent Score (%)
Reflection Agent 91
Planning Agent 96
Search Agent 94
Reading Agent 93
Hypothesis Agent 82
Integration Agent 84
Decision Agent 87

Table 5: Expert evaluation accuracy of individual System 2
agents over 100 MedQA questions.

Human Evaluation of System 2 Thinking
To better understand the quality and reliability of individual
agents within the System 2 pipeline, we conducted an expert
evaluation using outputs from 100 MedQA questions. Two
medical experts who had passed the USMLE were asked to
independently assess each agent’s contribution in terms of
factual accuracy, appropriateness of reasoning, and medical
soundness. Each agent’s output was rated as correct or in-
correct for its respective task, and agreement was resolved
through discussion. The results, shown in Table 5, indicate
that upstream components—particularly Planning, Search,
and Reading—exhibit high reliability (above 93%), while
Hypothesis and Integration agents were more error-prone,
likely due to the inherent challenge of forming and test-
ing hypotheses in ambiguous clinical contexts. Notably, the
Reflection agent showed strong performance in identifying
when slow reasoning is needed.

Conclusion
We presented PRIME, a dual-system, multi-agent reason-
ing framework that mimics human cognition by combining
fast, intuitive responses with selectively triggered slow, de-
liberative reasoning. PRIME uses a lightweight System 1 for
efficient subquestion decomposition and a reflective mech-
anism to invoke System 2 only when deeper reasoning is
needed—engaging planning, retrieval, and hypothesis test-
ing. Experiments on medical and multi-hop QA benchmarks
show that PRIME significantly improves both accuracy and
efficiency, enabling open-source LLMs to perform competi-
tively with top closed-source models like GPT-4o. Ablation
and difficulty-wise analyses further validate the value of dy-
namic reasoning depth and structured agent collaboration.
PRIME offers a scalable and cognitively grounded approach
to LLM reasoning, bridging fast heuristics and deliberate
computation to support robust, adaptive decision-making.
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