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Abstract

Narrative comprehension on long stories and novels has been
a challenging domain attributed to their intricate plotlines and
entangled, often evolving relations among characters and en-
tities. Given the LLM’s diminished reasoning over extended
context and its high computational cost, retrieval-based ap-
proaches remain a pivotal role in practice. However, tradi-
tional RAG methods could fall short due to their stateless,
single-step retrieval process, which often overlooks the dy-
namic nature of capturing interconnected relations within
long-range context. In this work, we propose ComoRAG,
holding the principle that narrative reasoning is not a one-
shot process, but a dynamic, evolving interplay between new
evidence acquisition and past knowledge consolidation, anal-
ogous to human cognition on reasoning with memory-related
signals in the brain. Specifically, when encountering a rea-
soning impasse, ComoRAG undergoes iterative reasoning cy-
cles while interacting with a dynamic memory workspace.
In each cycle, it generates probing queries to devise new ex-
ploratory paths, then integrates the retrieved evidence of new
aspects into a global memory pool, thereby supporting the
emergence of a coherent context for the query resolution.
Across four challenging long-context narrative benchmarks
(200K+ tokens), ComoRAG outperforms strong RAG base-
lines with consistent relative gains up to 11% compared to the
strongest baseline. Further analysis reveals that ComoRAG
is particularly advantageous for complex queries requiring
global comprehension, offering a principled, cognitively mo-
tivated paradigm for retrieval-based stateful reasoning.

Code — https://github.com/EternityJune25/ComoRAG
Extended version — https://arxiv.org/abs/2508.10419

1 Introduction

The core challenge of long narrative comprehension lies not
merely in connecting discrete pieces of evidence, a task
more naturally defined as multi-hop Question Answering
(QA), but in performing a dynamic cognitive synthesis to
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grasp necessary background and content progression (Xu
et al. 2024a). Unlike multi-hop QA (Yang et al. 2018), which
seeks a static path through fixed facts, narrative comprehen-
sion requires emulating a human reader: continuously build-
ing and revising a global mental model of the plot, charac-
ters, and their evolving motivations (Johnson-Laird 1983).
The complexity of this process is well exemplified by a clas-
sic question “Why did Snape kill Dumbledore?” from the
Harry Potter series. Answering this requires weaving a com-
plete web of evidence from disparate clues spanning mul-
tiple books—Dumbledore’s terminal illness, the Unbreak-
able Vow, and Snape’s deeply concealed loyalty. The true
significance of these clues is only fully reconciled in hind-
sight. This capability is what we term stateful reasoning:
it demands more than linking static evidence; it requires
maintaining a dynamic memory of the narrative, one that is
constantly updated as new revelations emerge. Long-context
LLMs have demonstrated promising performance on bench-
marks such as the “Needle in a Haystack” (Eisenschlos, Yo-
gatama, and Al-Rfou 2023). However, their capacity to pro-
cess long narratives (200k+ tokens) remains limited by finite
context windows. Furthermore, as the input length increases,
these models are prone to the “lost in the middle” problem
(Liu et al. 2024), which raises perplexity and impairs gen-
eration quality. This limitation is particularly pronounced in
narrative tasks which require stateful reasoning. As a result,
retrieval-augmented generation (RAG) (Lewis et al. 2020)
has emerged as an important direction for tackling long con-
text comprehension with LLMs, leveraging text embeddings
or more advanced retrieval paradigms such as embeddings
situated on global context (Wu et al. 2025).

However, existing RAG methods still struggle to effec-
tively address this challenge. Advanced single-step retrieval
remains limited by its static index. This includes methods
such as RAPTOR (Sarthi et al. 2024), which clusters and
summarizes text chunks to retrieve at different levels of de-
tails; HippoRAGV2 (Gutiérrez et al. 2025) and GraphRAG
(Edge et al. 2025), which build knowledge graphs to achieve
multi-hop reasoning in a single retrieval step. Nonetheless,
one-shot static retrieval inevitably leads to shallow compre-
hension. For example, the evidence about Snape in Fig. 1(a)
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Figure 1: Comparison of RAG reasoning paradigms.

can mislead the model into making a false inference.

As a remedy, multi-step retrieval methods offer a more
promising direction, such as IRCoT (Trivedi et al. 2023),
which interleaves the retrieval process with Chain-of-
Thought reasoning (Wei et al. 2022); Self-RAG (Asai et al.
2024), which trains a model to adaptively retrieve and re-
flect on evidence; and MemoRAG (Qian et al. 2025), which
uses a dual-system architecture to generate clues from com-
pressed global context. These methods all target to obtain
richer context through iterative retrieval. However, their re-
trieval steps are typically independent, which lack coherent
reasoning throughout explicit narrative progression, featur-
ing fragmented evidence with a stateless comprehension. As
illustrated in Figure 1(b), due to a lack of dynamic memory,
multi-step retrieval fails to integrate contradictory evidence
such as “Snape protects/bullies Harry” and cannot under-
stand the evolution of his actions, ultimately unable to yield
the correct answer.

In this work, we seek inspiration from the function of Pre-
frontal Cortex (PFC) in human brains, which employs a so-
phisticated reasoning process called Metacognitive Regula-
tion (Fernandez-Duque, Baird, and Posner 2000). This pro-
cess is not a single action but a dynamic interplay between
new evidence acquisition, driven by goal-directed memory
probes (Dobbins and Han 2006; Miller and Constantinidis
2024), and subsequent knowledge consolidation. During
consolidation, new findings are integrated with past informa-
tion to construct an evolving, coherent narrative. This itera-
tive cycle allows the PFC to continuously assess its under-
standing and revise its strategy, providing a direct cognitive
blueprint for our framework’s stateful reasoning approach.

We introduce ComoRAG, a cognitive-inspired, memory-
organized RAG framework, imitating the human Prefrontal
Cortex (PFC) for achieving stateful reasoning. At its core is
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a dynamic cognitive loop operating on a memory workspace,
which actively probes and integrates new evidence to build
a coherent narrative comprehension.

This process, as illustrated in Figure 1(c), is a closed loop
of evolving reasoning states. Faced with a complex query
like “Why did Snape kill Dumbledore?”, the system’s mem-
ory state evolves from an initial “causally incomplete event”
(Snape kills Albus), to an “apparent contradiction” upon
finding contradictory information (Snape protects Harry),
and ultimately to a logically consistent coherent context
through deeper exploration and evidence fusion. Only in this
final, complete cognitive state can ComoRAG perform the
correct stateful reasoning, deriving the true insight that it
was “an act of loyalty, not betrayal”.

This cognitively-inspired design yields substantial im-
provements across four challenging long-context narrative
benchmarks. ComoRAG is shown to consistently outper-
form all categories of strong baselines across each dataset.
Our analysis reveals several key findings. First, these gains
stem directly from the cognitive loop, which transforms a
static knowledge base into a dynamic reasoning engine; for
instance, accuracy on EN.MC jumps from a static-retrieval
baseline of 64.6% to 72.9%, with performance efficiently
converging in around 2-3 cycles. Second, our framework ex-
cels on narrative queries that require global understanding
of plot progression, achieving up to a 19% relative F1 im-
provement on these challenging question types where oth-
ers falter. Finally, our framework demonstrates remarkable
modularity and generalizability. Its core loop can be flexi-
bly integrated to existing RAG methods such as RAPTOR,
which directly yields a 21% relative accuracy gain). Also,
switching to a stronger model as the backbone LLM agents
can upgrade reasoning in the entire cognitive loop, attaining
accuracy from 72.93% to 78.17%. These results collectively
validate that ComoRAG provides a principled, cognitively-
inspired new paradigm for retrieval-based long narrative
comprehension towards stateful reasoning.

2 Methodology

We introduce ComoRAG, an autonomous cognitive archi-
tecture designed to formalize and implement the process of
Metacognitive Regulation outlined in the Introduction. The
architecture’s design is directly inspired by the functional
mechanisms of the Prefrontal Cortex (PFC) and is founded
on three conceptual pillars: (1) a Hierarchical Knowledge
Source for deep contextual understanding; (2) a Dynamic
Memory Workspace for tracking and integrating the multi-
turn reasoning; and (3) a Metacognitive Control Loop that
drives the entire resolving procedure.

2.1 Problem Formulation: Towards Principled
Narrative Reasoning

Our objective is to design a framework for stateful reason-
ing in RAG scenarios. Especially, it aims to resolve those
queries that require global context comprehension in the
first place, commonly seen in narratives, where conventional
RAG may fail to recognize relevant context based on the sur-
face form of queries. Formally, denote the initial query as
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Figure 2: An illustration of ComoRAG. Triggered by a reasoning impasse (Failure), the Metacognitive Regulation loop con-
sists of five core operations described in Section 2.3: 1) to devise new exploratory probing queries based on past

memory units; 2) to retrieve evidence from three k
how the latest evidence of new aspects could complement the

nowledge sources; 3) to form new memory units on
final query resolution; 4) to generate cues integrating

new and past memory units; 5) to perform query answering using new memory information produced in this cycle.

Qinit, and a knowledge source X derived upon the original
context, our framework F' leverages a series of adaptive op-
erations to yield the final answer, Af;nq, through discrete
time steps t = 1, ..., T with underlying memory control.
At the beginning of each step ¢, F' determines its focus
of reasoning—a set of new probing queries P(*), represent-
ing new information to seek that may logically deepen the
query comprehension and ultimately complement the an-
swer resolution. With newly retrieved information by P(*)
at each step, the framework utilizes the global memory pool

maintained till the prior step M;(;Z;zl ), and produces either

the final answer, or a Failure Signal, indicating a reason-

ing impasse—and updates the memory pool to Mpool’ ac-
complishing a cognitive cycle that synergizes between the
knowledge source, memory space and retrieval operations.

2.2 The Hierarchical Knowledge Source

To overcome the limitations of a monolithic representation
of the given context, our framework first builds a hierarchi-
cal knowledge index & for retrieval that models the raw text
from three complementary cognitive dimensions, analogous
to how the PFC integrates different memory types from var-
ious brain regions, particularly supporting cross-layer rea-
soning from raw evidence to abstract relationships.

Veridical Layer: Grounding in Factual Evidence. To
ensure all reasoning is traceable to source evidence, a veridi-
cal layer X'V¢" is firstly established, constituted by raw text
chunks directly, analogous to the precise recall of factual de-
tails in human memory. For more accurate retrieval on text

33

chunks, we instruct a LLM to generate knowledge triples
(subject-predicate-object) for each text chunk. These triples
participate in each retrieval, and strengthen the matching be-
tween an incoming query and the corresponding text chunk,
which is proven effective by HippoRAG (Jimenez Gutierrez
et al. 2024).

Semantic Layer: Abstracting Thematic Structure. To
capture thematic and conceptual connections that transcend
across long-range contextual dependencies, a semantic layer
X?¢™ is built, inspired by the prior work RAPTOR that
employs a GMM-driven clustering algorithm to recursively
summarize semantically similar text chunks into a hierar-
chical summary tree. We reckon such semantic abstraction
is necessary for deeper comprehension and follow the same
formulism. These summary nodes enable the framework to
retrieve conceptual information beyond the surface level.

Episodic Layer: Reconstructing Narrative Flow. The
previous two layers equip views of both factual details and
high-level concepts. However, they lack temporal devel-
opment or plot progression that can be especially crucial
for narratives. To enable such view with long-range causal
chains, we introduce the episodic layer, X’ Pt which aims
to reconstruct the plotline and story arc by capturing the se-
quential narrative development. The process features a slid-
ing window summarization across text chunks; each result-
ing node is then a summary that aggregates the narrative de-
velopment of continuous or causally related events accord-
ing to the timeline. Optionally, the sliding window process
can be applied recursively to form higher-level views of con-
tent progression, extracting different levels of narrative flow
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as part of the knowledge source.

2.3 The Architecture of Metacognitive Regulation

The core of ComoRAG is a control loop that fully realizes
the concept of metacognitive regulation. It is composed of
a Regulatory Process for reflection and planning at each
step, and a Metacognitive Process for executing reasoning
and memory management with the Memory Workspace.

Dynamic Memory Workspace. The memory workspace
contains memory units that serve as the bridge for a co-
hesive multi-step exploration and reasoning by metacog-
nitive regulation. Each memory unit m functionally con-
cludes one retrieval operation, denoted as a tuple of three
elements: m = (p,EYP¢,C/¥P¢), where p is the probing
query that triggers this retrieval; £YP¢ is the homogeneous
set of evidence retrieved from a single knowledge layer
(type € {ver, sem,epi}); and C;ype is a synthesized cue
that reflects how these retrieved evidence by the probe p
could complement the comprehension and resolution of the
original query g;,;:+. Concretely, Cf)y”@ is generated by a
LLM in the role of Comprehension Agent, 7., denoted as
C}t)ype = Wcue(qinih P, (c/’;ype).

The formation of a memory unit (p, £/¥7¢, C}¥P¢) by each

retrieval is defined as a operation. The memory
workspace/pool will be utilized and updated throughout the
reasoning cycle described below.

The Regulatory Process. The regulatory process is in-
voked at the beginning of a reasoning cycle/step t if the pre-
ceding cycle t—1 is concluded in failure. The core operation,
, plans new probing queries of which retrieved in-
formation may contribute to the final answer, thereby de-
vising new exploratory paths to break the impasse. It is or-
chestrated by a Regulation Agent, 7,,,., whose decisions
are informed by the reflection on the prior failure, explor-
ing for more necessary background or relevant information
towards a full context comprehension to resolve the origi-
nal query. takes three inputs: (1) the ultimate goal
Qinit; (2) the complete exploration probing history 73}(;;1) up
to the end of the last step; and (3) the immediate knowledge
gaps that caused the failure, concretized by all synthesized
cues of memory units generated in the prior step, denoted as
{C}*D_ Tts output P*) is a new, strategic set of retrieving
probes for the current cycle ¢:

P(t) = Tprobe (Qinitv P}(t_l)

e 1CHY)
The Metacognitive Process. The metacognitive process
takes the new probes for this cycle P(*), and performs rea-
soning towards resolving the original query while keeping
track of the progress with the memory space. It comprises a
series of operations, described in details as follows.

[Tri-Retrieve|: for each probing query p € P®), a retrieval
is conducted on each knowledge layer X'*¥P¢ where type €
{ver, sem, epi}, such that evidence of high embedding sim-
ilarity to p per layer is retrieved in a standard Dense Passage
Retrieval paradigm, with each evidence being either the raw
text chunk, a semantically clustered summary, or a narrative
flow summary.
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: for each p and type, the retrieved evidence is
immediately processed by the aforementioned [Mem-Encode],
to generate a new memory unit that keeps track of how this
specific probing could complement to the final answer. The
number of all generated memory units at this step can be

denoted as |/\/l(t) | =3 x |PW].

encode

: new memory units in the above step Mgcode
mainly emphasize aspects probed in the current cycle. To
fully utilize the past experience and historical knowledge,
the framework further identifies relevant synthesized cues
from past units in the existing memory pool M;;;l, then
generates a new synthesized cue for fusing past relevant evi-
dence. Let M;;Oll 0 @;in4t TEpresent past memory units whose
cues are of high embedding similarity with ¢;,;:, and denote
a LLM as Integration Agent 7¢,,. that synthesizes these

relevant past evidence into a high-level background sum-
()

mary, the new cue fusing past memory Cfuse is then:
t —
C](%zse = T fuse (qinitv M;o(}l © anzt) (2)
[Try-Answer|: with the new probing evidence in /\/lgl)code

®

fuse’

and the past-fusing cue C a QA Agent, 7 4, is applied

to these contexts to produce the cycle’s final output O®):
O = 7 (Ginits M) per Cile) 3)

encode’ “ fuse

Specifically, a LLM is instructed to take these latest evi-
dence and the past background as the context, and determine
whether the original query can be resolved. It either yields
the final answer and terminates the entire reasoning loop, or
signals Failure and continues to the next step.

[Mem-Update]: this last step in a cycle simply incorporates
the newly generated memory units into the global pool, with
their embedding encoded, for future retrieval and reasoning:

MO MDD G pm @)

poo encode

ComoRAG With the above six steps from to
[Mem-Update], one cycle of the cognitive loop is realized. For

the initial step as in t = 0, ComoRAG starts with one round
of followed by [Try-Answer]. If Failure is signaled,
it initiates the Metacognitive loop of stateful reasoning on
exploratory paths, characterized by the interlocking opera-
tions with the memory workspace, which enables to tackle
complex narrative comprehension.

In essence, our framework grasps on the principle that for
long context comprehension, especially in narratives where
the entire context is cohesively interconnected through the
underlying plot progression (Xu et al. 2024a), the query res-
olution is not a linear pipeline; rather, it is a dynamic, evolv-
ing interplay between new evidence acquisition and past
knowledge consolidation, analogous to the human cogni-
tive process. The overall process and detailed prompts used
by LLM agents are depicted in our extended paper version.

C

(t—1
pool

3 Experimental Settings

Datasets Our experiments cover four long-context narra-
tive understanding datasets for comprehensive evaluation,



Category Method \ NarrativeQA EN.QA EN.MC DetectiveQA \ QA Avg. MC Avg.
| F1 EM Fl1 EM ACC ACC | F1 EM | ACC
LLM GPT-40-mini | 2729 7.00 29.83 12.82 30.57 30.68 | 28.56 991 | 30.63
BGE-M3(0.3B) 23.16 15.10 2371 16.24 59.82 54.54 2344  15.67 57.18
Naive RAG NV-Embed-v2 (7B) 27.18 17.80 34.34 24.57 61.13 62.50 30.76  21.19 61.82
Qwen3-Embed-8B 24.19 15.60 2579 17.95 65.50 61.36 2499 16.78 63.43
Enhanced RAG RAPTOR 27.84 17.80 2633 19.65 57.21 57.95 27.09 18.73 57.58
HippoRAGV2 23.12 1520 2445 17.09 60.26 56.81 23.79 16.15 58.54
Self-RAG 19.60 640 12.84 4.27 59.83 52.27 1622 534 56.05
Multi-step MemoRAG 2329 1520 1940 11.64 55.89 51.13 2135 1342 53.51
RAG RAPTOR+IRCoT 31.35 16.00 32.09 19.36 63.76 64.77 31.72  17.68 64.27
HippoRAGV2+IRCoT | 28.98 13.00 29.27 18.24 64.19 62.50 29.13  15.62 63.35
ComoRAG (Ours) | 3143 18.60 34.52 25.07 72.93 68.18 | 3298 21.84 | 70.56

Table 1: Evaluation results on four long narrative comprehension datasets. For fair comparison, all methods use GPT-40-mini
as the LLM backbone, and all non-naive RAG methods use BGE-M3 for retrieval (details in Section 3). We highlight the best
and second-best results. ComoRAG is shown consistently outperform all baselines across all datasets.

featuring both question answering through free generation
(QA), and multi-choice questions by selecting the best op-
tion (MC).

NarrativeQA (Kocisky et al. 2017): a QA dataset consist-
ing of books and movie scripts. For ease of computation,
we follow prior works and randomly sample 500 questions
from the test set, with average context length 58k tokens.
EN.QA from coBENCH (Zhang et al. 2024): a QA dataset
with 351 questions on classic novels, with average context
length over 200k tokens.

EN.MC from coBENCH: a MC dataset with 229 ques-
tions on classic novels of similar length as EN.QA.
DetectiveQA (Xu et al. 2024b): a MC dataset consisting
of detective fiction with average length over 100k tokens.
We randomly sample 20% of all stories to reduce the com-
putational cost.

For evaluation metrics, we report both F1 and Exact Match
(EM) scores for QA datasets, and report Accuracy (ACC) for
MC datasets. To ensure fairness in resolving multiple-choice
questions, we only expose the options during [Try-Answer],
such that no retrieval-related actions can utilize potential
hints present in the options.

Baselines We employ four types of baselines as follows,
covering different paradigms for long context QA.

* LLM: the non-RAG setting, where the entire context
(capped by length 128k) is provided to the LLM directly.

* Naive RAG: the standard RAG setting that splits the raw
context by chunks for retrieval. We set the max chunk
length as 512 tokens in all experiments.

* Enhanced RAG: RAG methods with augmented retrieval
index, including RAPTOR (Sarthi et al. 2024) that con-
structs a semantic summary tree over text chunks, and
HippoRAGV2 (Gutiérrez et al. 2025) that builds the
knowledge base for entities in text chunks. We also ex-
perimented with GraphRAG (Edge et al. 2025); however,
it requires exponential computational cost for building the
retrieval index, being less practical for full evaluation. We
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separately report GraphRAG on a subset in our extended
paper version.

Multi-step RAG: RAG methods with multi-step or itera-
tive retrieval strategies. IRCoT (Trivedi et al. 2023) lever-
ages Chain-of-Thought (CoT) as intermediate queries that
iteratively retrieve evidence. Self-RAG (Asai et al. 2024)
trains a dedicated critic model to control when to stop re-
trieval. MemoRAG (Qian et al. 2025) trains a model that
compresses the global context, which generates clues as
intermediate queries.

Implementation Details For the Hierarchical Knowledge
Source, we follow the procedures of HippoRAGv2 and
RAPTOR respectively to build the Veridical and Semantic
layers; the Episodic layer employs an adaptive sliding win-
dow for narrative summaries.

For LLMs, our main experiments adopt GPT-40-mini in
all approaches to ensure fair comparison. We additionally
tested GPT-4.1 and Qwen3-32B (Yang et al. 2025) for gen-
eralization analysis in Section 4.3. For all RAG methods,
we adopt the popular model BGE-M3 (Chen et al. 2024)
for retrieval. Additionally, for naive RAG, we also experi-
ment with larger but less practical embedding models, in-
cluding NV-Embed-v2 (Lee et al. 2025) and Qwen3-Embed-
8B (Zhang et al. 2025). The LLM context length for all RAG
methods, including ComoRAG, is capped at 6k tokens.

For the Metacognitive Regulation loop, we set the frame-
work to iterate for a maximum of 5 rounds. More implemen-
tation details are provided in the extended paper version.

4 Experimental Results
4.1 Main Results

Evaluation results of our main experiments are shown in
Table 1. Remarkably, ComoRAG achieves the best perfor-
mance upon all baselines across all datasets. Despite using
the lightweight 0.3B BGE-M3 for retrieval, it significantly
outperforms RAG with much larger 8B embedding models.
Overall, ComoRAG demonstrates consistent improvement



Method EN.MC EN.QA
ACC F1 EM
ComoRAG 72.93 34.52 25.07
Baselines
HippoRAGV2 60.26 24.45 17.09
RAPTOR 57.21 26.33  19.65
Index
w/o Veridical 51.97 22.24  15.88
w/o Semantic 64.63 30.82  22.65
w/o Episodic 64.63 3148 2147
Retrieval
w/o Metacognition 62.01 26.95 18.53
w/o Regulation 55.02 2795 20.59
w/o Both 54.15 25.64 17.35

Table 2: Ablation studies of ComoRAG.

for tackling long narrative comprehension, surpassing strong
prior RAG methods of various paradigms.

Further analysis shows that ComoRAG remains robust
even as document lengths increase, maintaining substantial
advantages over the baseline in long-context settings, with
the accuracy gap peaking at +24.6% for documents exceed-
ing 150k tokens comparing with HippoRAGv2, which high-
lights the importance of stateful multi-step reasoning for
query resolution over long and coherent contexts.

4.2 Ablation Studies

We perform ablation studies on EN.MC and EN.QA datasets
by systematically removing key modules in ComoRAG. The
results are shown in Table 2

Hierarchical Knowledge Source All three knowledge
layers contribute supplementary enhancements to the final
performance, with the Veridical Layer being the most sig-
nificant retrieval index. It provides the basis for factual-
grounded reasoning, as confirmed by the 30% relative per-
formance drop upon its removal.

Metacognition Removing the Metacognition process es-
sentially disables the memory workspace, where all agents
operate on retrieved evidence directly, without knowledge
consolidation by synthesized cues. Disabling this module
leads to a significant performance drop, as seen by the 22%
relative decrease in F1 score on EN.QA, and an approximate
15% decrease in accuracy on EN.MC, underscoring the crit-
ical role of dynamic memory organization.

Regulation Removing the Regulation process cuts off the
goal-oriented guidance, such that each cycle uses the same
initial query for new evidence retrieval (duplicated evidence
is removed), without generating probing queries that are
crucial to new evidence acquisition. Disabling this module
severely impacts retrieval efficiency, causing a 24% drop in
accuracy on EN.MC and a 19% drop in F1 score on EN.QA.

Notably, removing both Metacognition and Regulation
further degrades performance, effectively reducing the sys-
tem to a one-shot resolver without multi-step reasoning.
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Figure 3: Performance gains from iterative probing. GPT-4.1
marks the evaluation by using the stronger GPT-4.1 as LLM
agents in ComoRAG (as opposed to GPT-40-mini).

Overall, the ablation study results corroborate that the en-
hancement offered by ComoRAG stems from the synergy
between its memory consolidation and dynamic evidence
exploration, facilitated by the hierarchical knowledge index
to provide enriched semantic information. Removing any of
the core components would significantly weaken its narra-
tive reasoning capabilities.

4.3 In-Depth Analysis of Iterative Retrieval

To further investigate the source of ComoRAG’s effective-
ness, this section presents a quantitative analysis of its core
iterative retrieval process.

Source of Gains: From Static Bottleneck to Dynamic
Reasoning Our analysis suggests that the stateful multi-
step reasoning enabled by the Metacognitive loop is the key
factor driving the observed improvement.

We first identify a “static bottleneck”: after the initial re-
trieval using the original query at step O, the single-step
evaluation score shows no significant advantage over strong
baselines, with less than 1% compared to the best baseline
HippoRAGV2+IRCoT. However, upon activating the cog-
nitive loop, there presents a sustained and significant im-
provement, raising the accuracy to 72.93% on EN.MC, as
shown in Figure 3. This further supports the findings from
the ablation studies, which demonstrate a significant perfor-
mance drop upon removing the entire loop. Additionally,
Figure 3 illustrates that the majority of the improvement
occurs within 2-3 cycles, confirming the efficiency of the
process. The few remaining unresolved queries are tied to
the inherent reasoning limitation of the base LLM, where
our next analysis shows that the ceiling performance of Co-
moRAG can be lifted by more capable LLMs.

Model-agnostic  Generalization ComoRAG demon-
strates generalization with different LLM backbones, with
stronger LLMs further enhancing the reasoning process and
final query resolution. To validate this, we replace GPT-4o-
mini with GPT-4.1 and Qwen3-32B in the Metacognitive
loop, using the same knowledge source for retrieval. The
results, presented in Figure 3 and the upper section of
Table 3, show a notable improvement particularly with
GPT-4.1, boosting the F1 score on EN.QA from 34.52 to
38.82, and increases the accuracy on EN.MC from 72.93 to
78.17. These results demonstrate that ComoRAG effectively



Method | NarQA' EN.QA ENMC DetQA
\ F1 F1 ACC ACC
ComoRAG 31.43 34.52 72.93 68.18
w/ Qwen3-32B 32.17 35.29 74.24 69.32
w/ GPT-4.1 35.43 38.82 78.17 76.14
HippoRAGV2 23.12 24.45 60.26 56.81
+ Our Loop 29.12 31.76 68.56 63.64
RAPTOR 27.84 26.33 57.21 57.95
+ Our Loop 30.55 34.31 69.00 62.50

Table 3: Efficacy of ComoRAG on model-agnostic general-
ization and Plug-and-Play flexibility.

leverages and unleashes the model’s capabilities during its
stateful iterative reasoning process.

Plug-and-Play: Flexibility To examine the modularity of
our framework, we conduct further experiments by apply-
ing the Metacognitive loop of ComoRAG on existing RAG
methods. As shown in the bottom section of Table 3, the cog-
nitive loop can be seamlessly integrated with different RAG
index including HippoRAGv2 and RAPTOR. This integra-
tion consistently results in significant performance improve-
ments across all benchmarks, with accuracy on EN.MC in-
creasing by over 8% for HippoRAGv2 and nearly 12% for
RAPTOR (a similar trend is observed on EN.QA). These
results demonstrate that ComoRAG could serve as a robust
and flexible plug-and-play solution to enhance query resolu-
tion of existing RAG methods.

4.4 In-Depth Analysis of Query Resolution

To deepen the understanding of narrative query resolution,

we roughly categorize all questions in our experimented

datasets into three query types: factoid, narrative, and in-
ferential, described as follows.

* Factoid Queries: queries answerable by a single, spe-
cific piece of information, often knowledge-seeking, e.g.,
“What religion is Octavio Amber?”

* Narrative Queries: queries that require an understanding
of plot progression as a coherent background context, e.g.,
“Where does Trace choose to live at the end of the novel?”

* Inferential Queries: queries demanding reasoning be-
yond the literal text to understand implicit motivations,
e.g., “Why does Nils first visit Aiden’s apartment?”

To systematically investigate the dynamics of ComoRAG

reasoning, we first pose the question: what is the bottle-

neck in long-narrative reasoning for existing RAG meth-
ods? Figure 4 pictures a clear diagnosis. While one-shot re-
trieval suffices for factoid queries, which account for over

60% of initial solution, our iterative cognitive loop is essen-

tial for resolving complex narrative queries involving global

context comprehension and deeper reasoning. These consti-
tute nearly 50% of the problems that are solved exclusively
through the Metacognitive loop.

This leads to the second question: how does our frame-
work’s performance on this specific bottleneck compared to
strong baselines? Figure 5 demonstrates that our method’s
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Figure 4: Distribution of solved question types.
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Figure 5: Benchmarking RAG methods across query types.

advantage is the most pronounced precisely in this area. On
narrative queries, ComoRAG substantially outperforms the
strongest baselines, achieving a 19% relative F1 improve-
ment on EN.QA and a 16 % accuracy gain on EN.MC. Qual-
itatively, Figure 2 illustrates the dynamic reasoning mech-
anism with the query g¢;n;¢: “what is the sudden purpose
of Mrs. Maclntyre buying ink?” A standard, single-step re-
trieval would fail on this query, as it would only find a vague
clue about a “cut out newspaper”, which is insufficient to
form an answer. In contrast, ComoRAG initiates an itera-
tive reasoning process by dynamically probing new queries
towards a complete evidence chain to deduce the final an-
swer: Mrs. McGinty recognized a photo, wanted to sell the
story, and intended to write to the newspaper. We provide
full reasoning details in our extended paper version.

5 Conclusion

In this work, we propose ComoRAG for long narrative rea-
soning, aiming to address the “stateless” limitation of con-
ventional RAG, inspired by the human brain’s Prefrontal
Cortex in utilizing memory consolidation. Through our de-
signed dynamic memory workspace and iterative probes,
ComoRAG is validated on four long narrative comprehen-
sion tasks, showing that it excels at complex narrative and
inferential queries where conventional stateless RAG meth-
ods fall short, marking a paradigm shift from the rather
ad hoc information retrieval to cognitive reasoning towards
deeper long context comprehension.
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