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Abstract

Retrieval-Augmented Generation (RAG) improves the fac-
tual accuracy of large language models by grounding re-
sponses in external content. However, most RAG systems
assume access to static and well-organized corpora with
fixed retrieval logic. In practice, real-world sources are het-
erogeneous and unlabeled, including user-uploaded docu-
ments, manuals, and datasets. Effective access in such set-
tings requires adaptive and self-directed retrieval behavior.
We present SEGMEM-RAG, a memory-augmented RAG
framework that learns to route queries across multiple unla-
beled corpora based on experience. It incrementally updates a
structured memory and uses self-reflection to guide retrieval
over time without supervision. Experimental results demon-
strate that SEGMEM-RAG significantly outperforms recent
baselines in generation quality on multi-corpus QA tasks.

Introduction

Retrieval-Augmented Generation (RAG) has emerged as a
compelling strategy to improve the factual accuracy of large
language models (LLMs) by grounding outputs in external
sources(Touvron et al. 2023; Zhao et al. 2023). By retriev-
ing relevant, up-to-date information, RAG reduces halluci-
nations and enhances response quality across both open-
domain and specialized tasks(Arslan et al. 2024).

While RAG systems have seen wide adoption(Fan et al.
2024; Leng et al. 2024), they are typically designed for
static and organized corpora with well-defined retrieval con-
figurations. In contrast, real-world environments present a
more volatile and loosely structured landscape, where con-
tent changes frequently and supervision—such as annota-
tions or metadata—is sparse or outdated. Figure 1 illus-
trates a typical failure: the system selects an outdated manual
while overlooking a more relevant changelog, resulting in a
factually incorrect answer.

This scenario poses three fundamental challenges: First,
users typically interact with a single unified interface, such
as a chatbot or enterprise search portal, without specifying
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Figure 1: Illustration of incorrect retrieval in open-ended en-
vironments: the LLM selects a suboptimal source, resulting
in a factually incorrect answer.

which knowledge source to query. The system must there-
fore autonomously determine where to retrieve from, what
to retrieve, and how to organize the results into coherent out-
puts. Second, knowledge sources vary widely in structure,
granularity, and style, and new content may be introduced or
deprecated over time. Retrieval pipelines with static corpus
configurations or hand-crafted source selection rules lack the
flexibility to adapt to such heterogeneity. Third, as knowl-
edge sources evolve and expand over time, labeled data and
query logs quickly become outdated or unavailable. This
makes it infeasible to rely on static supervision or hand-
crafted retrieval logic.

Prior works has tackled aspects of this problem. Retrieval
planners such as ResLLM (Wang et al. 2025) and Omni-
RAG (Chen et al. 2025) learn corpus selection over multi-
ple sources, but require retraining when knowledge changes.
In-session agents like ReAct (Yao et al. 2023) and Reflex-
ion (Shinn et al. 2023) use step-by-step reasoning, yet lack
mechanisms to carry learning across sessions or corpora.
Interface-based methods like EasyTool (Yuan et al. 2024)
and DRAFT (Qu et al. 2025) rely on tool descriptions or
APIs, cannot generalize to open-ended, non-programmatic
sources, unfortunately sometimes.

These limitations point to the need for a self-guided RAG
paradigm, where the system actively plans, monitors, and



adjusts its own retrieval and generation process—without re-
lying on fixed rules or external supervision. Specifically, a
effective self-guided RAG system demands three key cogni-
tive capabilities: (1) Localized Planning: the ability to iso-
late each retrieval decision from distracting or misleading
associations, enabling the system to reason clearly over the
relevant decision space. (2) Retrieval Awareness: the ca-
pacity to reflect on whether the retrieved content genuinely
fulfills the intended information need, rather than treating re-
trieval as a blind, one-shot operation. (3) Adaptive Learn-
ing: the ability to revise retrieval behavior over time by ac-
cumulating feedback from past interactions, gradually pro-
moting reliable sources and suppressing ineffective ones.

To realize these, we introduce SEGMEM-RAG, a mod-
ular framework designed for continual adaptation in open-
ended knowledge environments. It is carefully designed to
support robust, self-guided reasoning through three tightly
integrated components:

Segment Planner. Inspired by Event Segmentation The-
ory in cognitive science, this component decomposes the
overall reasoning process into localized segments, each han-
dling a focused decision step such as selecting a source or
composing a subquery. Segment wise reasoning allows the
system to operate in bounded contexts, reduce noise from ir-
relevant memory, and maintain attention on the most salient
retrieval decisions.

Feedback Evaluator. Drawing on principles of genera-
tive learning, this component monitors the outcome of each
retrieval segment and generates natural language feedback
that reflects success or failure. Rather than relying on ex-
ternal supervision, it performs lightweight self evaluation
by contrasting retrieved content with intended information
needs, producing signals that inform future planning.

Memory Controller. To support adaptation over time,
SEGMEMRAG maintains a symbolic, multi level memory
architecture spanning procedural, semantic, and episodic
layers. This structured memory encodes retrieval behaviors,
source characteristics, and historical outcomes. During in-
ference, it is queried symbolically to guide source selection
and strategy refinement, enabling the system to learn from
experience without retraining.

Together, these components enable SEGMEM-RAG to
plan, reflect, and adapt its own retrieval process—supporting
continual self-improvement in dynamic, unlabeled knowl-
edge environments. We validate SEGMEM-RAG on multi-
corpus question answering tasks under weak supervi-
sion, demonstrating consistent gains over strong retrieval-
augmented baselines. Our main contributions are:

e We formalize the problem of retrieval in dynamic,
unlabeled knowledge environments where sources are
volatile, heterogeneous, and unsupervised sources, and
construct a benchmark by composing existing corpora.

We introduce SEGMEM-RAG, a self-guided RAG

framework that integrates segment-wise planning, sym-
bolic feedback, and structured memory.

We demonstrate that SEGMEM-RAG improves retrieval
accuracy and QA quality under weak supervision across
diverse multi-corpus benchmarks.
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Related Work

Retrieval-Augmented Generation with Multiple
Sources

Retrieval-Augmented Generation (RAG) improves the fac-
tual grounding of LLMs by retrieving context from exter-
nal sources (Gao et al. 2023; Fan et al. 2024). However,
most RAG systems are designed for static, labeled corpora
and struggle in real-world environments where knowledge
sources are dynamic, noisy, and unlabeled.

Existing approaches to multi-source RAG typically fall
into three categories:

Retrieval planners train corpus selection policies (Wang
et al. 2025; Chen et al. 2025), enabling RAG models to se-
lect among multiple corpora. While effective in controlled
settings, these approaches require retraining when corpora
change, limiting scalability in dynamic environments.

In-session agents, such as ReAct and Reflexion (Yao
et al. 2023; Shinn et al. 2023), use step-by-step reasoning
and tool use within a session. While flexible, they lack mech-
anisms for cross-session learning or memory, preventing the
accumulation of long-term corpus-level knowledge.

Interface-based methods (Yuan et al. 2024; Qu et al.
2025) rely on structured tool or API descriptions to guide
retrieval. These systems assume clean, labeled access pat-
terns, which do not generalize to open-ended text corpora
without predefined schemas.

In contrast, SEGMEM-RAG treats retrieval as a self-
guided process: rather than relying on fixed policies, super-
vision, or structure, it incrementally plans, evaluates, adapts
its own retrieval behavior based on feedback—enabling con-
tinual adaptation to evolving, unlabeled corpora.

Memory-Augmented Reasoning

A parallel line of work augments LLMs with memory to
support long-term reasoning and learning. Some systems
perform in-context reflection, allowing the model to cri-
tique and revise its own outputs (Shinn et al. 2023; Liang
etal. 2025; Zhao et al. 2024). Others use persistent memory
to retain and reuse interaction history across episodes (Xu
et al. 2025; Packer et al. 2023; Zhong et al. 2024).

These methods primarily target task-level feedback or
dialogue consistency. In contrast, SEGMEM-RAG focuses
on memory for retrieval-level adaptation—tracking sym-
bolic summaries of retrieval behavior, source utility, and
failure patterns over time. Rather than storing past outputs,
it maintains a structured memory to shape future planning
in volatile, multi-source environments—without supervision
or parameter updates.

Preliminaries

We formalize the problem of retrieval-augmented generation
in open-ended, multi-source knowledge environments. Let ¢
denote a user query, and let K = {K1, Ka,..., Ky} rep-
resent a collection of heterogeneous, unlabeled knowledge
sources (e.g., documents, manuals, changelogs). These cor-
pora are diverse in structure, format, and granularity, and
lack consistent metadata, interfaces, or annotations.
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Figure 2: System overview of SEGMEM-RAG. The top shows the compilation of structured action schemas into a segment
graph, enabling modular control over retrieval planning. The bottom illustrates segment-wise reasoning in execution: at each
step, the agent operates over localized memory, generates symbolic feedback, and updates a structured memory hierarchy.
Together, these components support self-guided retrieval and continual adaptation without retraining.

The agent A must generate an answer to ¢ by planning and
executing a sequence of retrieval steps over K. At each step
i, the agent selects a source index k; € {1,..., N}, formu-
lates a sub-query g¢;, and retrieves content from the selected
source:
ey
where r; denotes the top-ranked passages retrieved. Based
on the accumulated retrievals r<;, the agent generates an in-
termediate result a;, which may represent a reasoning step,
partial answer, or subgoal resolution.

This interaction produces a trajectory of retrieval and rea-
soning steps:

T, = RetTi@’l)@(Qi7Kki)a

T= {(qiﬂki7ri7ai)};:1~ (2)

Unlike traditional systems operating over static or labeled
corpora, the agent A must continually adapt its retrieval
planning to maximize answer quality under uncertainty. This
includes learning to select relevant sources, avoid redundant
retrievals, and structure responses based on evolving query
context and prior retrieval outcomes.

Method

Overview

SEGMEM-RAG is a self-guided retrieval-augmented gen-
eration framework designed for dynamic, unlabeled knowl-
edge environments. The system integrates planning, reflec-
tion, and memory to continually adapt its retrieval behav-
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ior—without relying on supervision or static corpus config-
urations. The framework consists of three tightly coupled
components:

Segment Planner. Inspired by event segmentation theory,
this component decomposes the reasoning process into mod-
ular segments, each focused on a localized decision (e.g.,
source selection or subquery composition). Segment-wise
reasoning allows the system to isolate retrieval steps from
irrelevant context, improving precision and enabling sym-
bolic planning over a structured decision graph.

Feedback Evaluator. After each retrieval segment, the
system reflects on the outcome by comparing the retrieved
content with its intended purpose. It produces natural lan-
guage feedback and binary success signals, which serve as
internal supervision for future planning. This enables the
agent to learn from its outcomes without external labels.

Memory Controller. To accumulate experience over
time, SEGMEM-RAG maintains a structured symbolic
memory with procedural, semantic, and episodic layers.
This memory stores interpretable summaries of past retrieval
behavior and corpus utility, which are queried during infer-
ence to guide source selection and strategy adaptation.

To ensure broad coverage across unfamiliar or under-
explored sources, the system includes a lightweight Cold-
start Explorer, which proactively issues probe queries
to bootstrap initial memory signals, facilitating informed
planning from the earliest stages of deployment. Together,
these components enable SEGMEM-RAG to operate as a



self-monitoring, self-adaptive system capable of navigating
open-ended knowledge environments without retraining or
supervision. We next detail each component of the system.

Segment Planner

To address the challenges of multi-source retrieval in dy-
namic environments, SEGMEM-RAG adopts a form of
segment-wise reasoning, inspired by Event Segmentation
Theory (Zacks and Swallow 2007), which suggests that hu-
mans naturally partition continuous experience into discrete,
meaningful units. The system structures the overall reason-
ing process into localized decision steps, each executed in
an isolated context with access to targeted memory and
short-term signals. This modular structure improves focus,
reduces contextual interference, and facilitates fine-grained
feedback and memory alignment.

Segment Graph Compilation We define a segment as a
semantically coherent reasoning unit that completes one de-
cision step in a structured task schema. Each segment may
operate over one or more arguments, depending on whether
those arguments form a tightly coupled reasoning subgoal.
For example, selecting both a knowledge source and a re-
trieval query may be treated as a single segment if they are
specified jointly.

To support modular control and symbolic planning,
SEGMEM-RAG compiles the agent’s structured action
schemas into a directed segment graph. This graph repre-
sents a finite-state abstraction of the reasoning space, where
each node corresponds to a segment state, and edges define
valid transitions between segments. The compilation is gov-
erned by schema-driven rules that reflect the internal struc-
ture and ordering dependencies of available actions.

This construction process is training-free and easily ex-
tensible: new tools, corpora, or actions can be introduced by
updating the action schema without requiring model retrain-
ing or manual rule design. The resulting graph enables local-
ized planning, interpretable trajectories, and context-isolated
inference, laying the structural foundation for downstream
memory and feedback components.

Segmented Reasoning The agent performs reasoning by
traversing the compiled segment graph, making localized
decisions at each segment node. During inference, the agent
traverses the compiled segment graph by executing one seg-
ment at a time. At each segment state s, the system retrieves
a micro-instruction I, recalls relevant long-term memory
entries Es = M.recall(s), and extracts localized context
Cs = S.relevant(s) from short-term memory S. These
inputs are passed to the base model M to compute a deci-
sion:

0s = M.infer(ls, E, Cy) 3)

The output o is stored in memory and may include struc-
tured decisions (e.g., source selection), rationales, or confi-
dence scores. When all required components for an action
are available, the agent executes the action (e.g., retrieval),
observes the result, and appends it to memory.

Segment transitions are managed by a finite-state machine
defined over the action schema, which deterministically ad-
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Algorithm 1: Segment-wise Reasoning in SEGMEM-RAG

Input: Query ¢, corpora K, agent A (base model M),
memory module M

Output: Final answer G with reasoning his-
tory
1: Initialize short-term memory S < 0
2: Initialize current state s <— select_action
3: Set step counter ¢ <— 0
4: while s # end and ¢ < max_steps do
50 t+t+1
6:  Retrieve micro-instruction I, for state s
7: Recall structured memory F; < M.recall(s)
8:  Extract working-memory context C —
S.relevant(s)
9:  Infer local decision o + M.infer (I, Es, Cs)
10:  Update S < SU {o}
11:  if action parameters are complete then
12: Execute action (e.g., Retrieve(q;, Ky, )) and ob-
serve result r
13: Append r to S
14:  endif
15:  Update state s + next(S)

16: end while
17: return final answer @ extracted from S

vances the planner to the next segment based on filled argu-
ments and observed outcomes. The process continues until
an end state is reached or a stopping criterion is met.

This segment-wise execution strategy enables precise
control over the reasoning trajectory, limits the working
memory scope per step, and supports integration with sym-
bolic memory and feedback evaluators at the segment level.

Feedback Evaluator

Generative Feedback After each retrieval segment,
SEGMEM-RAG performs a localized self-evaluation to as-
sess whether the retrieved content satisfies the intended pur-
pose of the current sub-query. Instead of modifying model
parameters, the system generates symbolic feedback in nat-
ural language, which is stored in memory and used to guide
subsequent planning decisions.

At step ¢, the agent issues a sub-query ¢; to a se-
lected source Kj,, yielding retrieved content 7;
Retrieve(q;, Kk, ). The Feedback Evaluator compares this
outcome against the segment’s retrieval intent and produces
two outputs:

* a binary success label y; € {0,1} indicating whether
the retrieved passages contain relevant or actionable evi-
dence;

* a descriptive reflection summarizing alignment or mis-
match between expectation and observed content.

These signals are asynchronously appended to structured
memory M, where they accumulate over time to support
long-term utility modeling. Segment-level evaluation en-
sures timely and localized feedback while avoiding the cost
of full-trajectory reflection.



Preference Adaptation To enable retrieval strategies that
evolve with experience, SEGMEM-RAG maintains corpus-
level failure statistics. For each source K, a failure counter
fcis updated whenever a segment involving K. yields an un-
successful retrieval (y; = 0). These statistics serve as sym-
bolic priors that bias future source selection—penalizing
persistently uninformative corpora while promoting explo-
ration of more reliable alternatives.

This experience-based adaptation mechanism allows the
agent to dynamically reweight source preferences without
explicit supervision or retraining, improving retrieval ro-
bustness in environments with heterogeneous and evolving
corpora.

Memory Controller

To support long-term adaptation, SEGMEM-R AG maintains
a structured, symbolic memory system M comprising three
cognitively inspired components: Procedural Memory, Se-
mantic Memory, and Episodic Memory (Matthews 2015).
Each component stores interpretable natural language sum-
maries derived from prior retrieval episodes and provides
symbolic signals to guide future decisions.

Unified Access via Symbolic Similarity. During infer-
ence, the Segment Planner queries all memory components
in parallel using token-level symbolic similarity between
the current sub-query ¢; and stored memory entries. This
lightweight mechanism supports multilingual usage (e.g.,
English and Chinese) and avoids reliance on dense embed-
dings or retraining. Retrieved signals are fused to inform
corpus selection and retrieval planning.

Procedural Memory (MP"°¢) captures retrieval heuris-
tics by linking recurring query patterns with preferred
sources. For example, “queries about version conflicts typ-
ically succeed in technical manuals (K, K3).” Multiple
heuristics may be recalled and aggregated per query. New
rules are added when novel behaviors emerge, while exist-
ing ones are revised in response to feedback.

Semantic Memory (M?®“™) maintains corpus-level de-
scriptors summarizing strengths and limitations across query
types—such as “strong on configuration troubleshooting,”
“uses CLI-style expressions,” or “frequently omits version
identifiers.” Each corpus may have multiple descriptors, but
only the most similar one is retained per query to estimate
source relevance. Reliability statistics (e.g., failure counts)
are also maintained to support adaptive planning.

Episodic Memory (M°P%) logs symbolic traces of in-
dividual retrieval episodes. Each entry records the issued
query g;, selected source Ky, and a natural language sum-
mary of the retrieval outcome. These immutable entries cap-
ture concrete precedents—e.g., “query about X version mis-
match failed on K5 due to lack of version evidence”—that
support case-based reasoning during future segments.

Asynchronous Memory Updates. All memory compo-
nents are updated in a training-free, heuristic manner based
on feedback signals generated at the end of each seg-
ment. Updates include rule edits, descriptor refinements, and
episodic additions. Importantly, these updates are performed
asynchronously after batch inference, ensuring that memory
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construction does not introduce latency during real-time in-
teraction.

This memory architecture enables SEGMEM-RAG to
continually refine its retrieval strategies, model corpus utility
under uncertainty, and adapt to emerging usage patterns—all
without retraining or reliance on dense representations.

Coldstart Explorer

SEGMEM-RAG incorporates a coldstart mechanism to
enable adaptation to under-explored corpora, particularly
newly added or long-tail sources lacking sufficient interac-
tion history. This component allows the system to proac-
tively gather initial signals without requiring retraining or
supervision.

The routine is triggered when the number of interactions
with a corpus K. falls below a threshold 7,,;,,. In such cases,
the system launches probe segments—simulated reasoning
steps that sample representative sub-queries from Procedu-
ral Memory (MP7°¢) and Episodic Memory (M%), These
probes are issued against /., and the outcomes are evaluated
to produce binary success signals and descriptive feedback.
Resulting signals are incorporated into the symbolic mem-
ory M, allowing the system to build experience with under-
utilized sources and improve planning over time. This pro-
cess ensures that emerging corpora are actively integrated
into the retrieval space, sustaining adaptability in dynamic
knowledge environments.

Experimental Setup
Knowledge Environment Setup

We construct a multi-corpus retrieval environment where
each knowledge source is independent, unlabeled, and
weakly structured. Corpora span diverse domains, lan-
guages, and formats. Details are summarized in Table 1.

To retain real-world imbalance, we do not normalize cor-
pus size or coverage. Each corpus is independently indexed
using multilingual-e5-large (Wang et al. 2024a),
chosen for its cross-domain and multilingual robustness.

At inference time, the system may retrieve from any
source. For each corpus, the system receives only a numeric
index and a brief natural language description automatically
generated by GPT-40 (OpenAl 2024). The descriptions are
derived from corpus content summaries and are identical
across all methods. No downstream task information is used
during their construction.

Tasks and Metrics

Unlike standard settings where each QA task is paired with
a dedicated corpus, we evaluate in a unified multi-corpus en-
vironment shared across all tasks. The system operates over
a large pool of heterogeneous knowledge sources without
knowing which ones are best suited for each task.

Open-domain QA We evaluate SEGMEM-RAG on mul-
tiple datasets, including Natural Questions (Kwiatkowski
et al. 2019)(NQ), TriviaQA (Joshi et al. 2017)(Trivia),
PopQA (Mallen et al. 2023)(Pop), HotpotQA (Yang
et al. 2018)(Hotp), and 2WikiMultiHopQA (Ho et al.



2020)(2wiki). These datasets include both single-hop and
multi-hop open-domain QA, requiring retrieval and reason-
ing over Wikipedia and web documents.

Financial QA We use OmniEval (Wang et al. 2024b),
a Chinese financial QA dataset, which consists of four
tasks: Extractive QA(Extra), Long-form QA(Long), Multi-
hop Reasoning(Multi), and Construct QA(Contr), each tar-
geting different scenarios.

Biomedical QA We use the BioASQ (Tsatsaronis et al.
2015) (Bio) fact-based task, which focuses on retrieving rel-
evant literature from a given question and generating precise
entity answers and summary-type answers.

Metrics We use two evaluation metrics: token-level F1
and fact-level F1. Token-level F1 is used on open-domain
QA tasks and measures lexical overlap between predicted
and reference answers (Jin et al. 2025; Sun et al. 2025). Fact-
level F1 is used for financial and biomedical QA, where an-
swers are longer and more varied. Following prior work on
LLM-as-a-judge (Chen, Gao, and He 2023), we extract ver-
ifiable claims from predictions and references using a large
language model, and compute F1 based on their overlap.
Prompts are fixed and temperature is set to O for consistency.

Baselines

We group baselines by capability: retrieval control, agentic
reasoning, memory-based reflection, and oracle settings.

Retrieval Control. Prompting issues fixed natural-
language prompts to the retriever without intermediate rea-
soning or feedback. BlindRAG randomly selects a corpus
(based only on its ID/description) and retrieves within it.

Agentic Reasoning. ResLLM (Wang et al. 2025) per-
forms description-based corpus routing with a language
model. ReAct (Yao et al. 2023) interleaves chain-of-thought
reasoning with retrieval actions.

Memory and Reflection. Reflexion (Shinn et al. 2023)
adds step-wise verbal self-feedback. DRAFT (Qu et al.
2025) leverages interaction history to refine guidance and
inform subsequent actions.

Oracle. EnumRAG retrieves from all corpora for each
query (enumeration) and aggregates evidence. Gold-RAG
queries only the single corpus that achieves the best overall
performance (oracle choice), using it for all queries.

Implementation Details

We use Qwen2.5-7B-Instruct as the Reasoning
Model, and Qwen?2 .5-32B-Instruct as the LLM Judge
for fact-level evaluation. For each query, the system pro-
cesses up to 32 reasoning segments. Both Memory Retrieval
and Knowledge Retrieval select the top-5 entries from in-
ternal memory and external corpora, respectively. We ran-
domly sample 500 QA pairs from each dataset for testing.

Experimental Results
Main Results

Table 2 summarizes the overall performance of all evaluated
methods across open-domain, financial, and biomedical QA
tasks. We highlight four key observations.
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Corpus Domain/Type #Docs
arguana (Thakur et al. 2021) Arg / Snip 8.7k
webis (Thakur et al. 2021) Arg / Snip 382.5k
nfcorpus (Boteva et al. 2016) Bio / Docs 3.6k
pubmedqa (Xiong et al. 2024)  Bio / Abs 3.3k
statpearls (Xiong et al. 2024) Bio / Art 9.6k
textbooks (Xiong et al. 2024)  Bio / Txtbk 125.8k
bioasq (Tsatsaronis et al. 2015) Bio / Art 40.2k
omnieval (Wang et al. 2024b)  Fin/ Rpt 364.8k
dbpedia (Hasibi et al. 2017) KB / Trip 4.6M
lexrag (Li et al. 2025) Legal / Law 5.5k
barexam_qa (Zheng et al. 2025) Legal / Law 1.2k
housing_qa (Zheng et al. 2025) Legal / Law 1.8M
scidocs (Cohan et al. 2020) Sci / Docs 25.7k
scifact (Wadden et al. 2020) Sci/ Abs 5.2k
trec-covid (Roberts et al. 2021) Sci / Art 171.3k
msmarco (Nguyen et al. 2016) Web / Snip 8.8M
hotpotqa (Yang et al. 2018) Wiki / Docs 5.2M
nq (Kwiatkowski et al. 2019) ~ Wiki / Docs 2.7M

Table 1: Corpora used in the multi-source setup. Each
corpus is indexed independently. Domain abbreviations:
Argumentation, Biomedical, Financial, Knowledge Base,
Legal Text, Scientific, Web Text, Wikipedia. Type abbrevi-
ations: Passage Snippets, Documents, Abstracts, Articles,
Textbooks, Reports, Knowledge Triples.

SEGMEM-RAG tends to outperform strong baselines
and even oracle methods. Our method achieves the high-
est average performance across all three domains, outper-
forming strong baselines such as ReAct, Reflexion, and
even oracle-style methods EnumRAG and Gold-RAG. In
particular, SEGMEM-RAG excels on challenging multi-hop
datasets (HotpotQA and 2WikiMultiHopQA), showing clear
advantages in retrieving relevant evidence. Though certain
individual tasks see competitive results from oracle meth-
ods, SEGMEM-RAG consistently provides the best overall
balance across diverse tasks and domains.

Accurate corpus selection is crucial in multi-source envi-
ronments. EnumRAG significantly outperforms Prompt-
ing, confirming that effective retrieval enhances perfor-
mance. In contrast, BlindRAG, which randomly selects
sources, consistently underperforms across tasks, demon-
strating that naive corpus selection introduces harmful
noise and disrupts reasoning. Robust corpus selection thus
emerges as essential but challenging in heterogeneous
knowledge environments.

Simple description-based retrieval is insufficient.
Methods relying solely on static corpus descriptions (e.g.,
ResLLM and BIlindRAG) consistently perform poorly,
with results substantially below Prompting. Even ReAct,
which adds intermediate reasoning steps, achieves limited
improvement. This suggests that static summaries and
shallow interactions are inadequate for effective retrieval in
complex multi-source environments.



Open-Domain Financial Medical

Type Method NQ Trivia Pop Hotp 2wiki Avg. Extra Long Multi Constr Avg. Bio
Retrieval Prompting 25.6 442 314 230 263 30.1 124 126 145 92 122 21.0
Control BlindRAG 12.1 300 145 103 117 157 59 192 151 187 147 12.4
Agentic ResLLM 192 290 32 115 93 144 212 260 273 255 250 15.5
Reasoning React 152 344 143 112 99 170 194 209 227 226 214 36.4
Memory & Reflection 26.5 39.1 12.1 18.8 20.2 234 14.1 17.8 239 224 195 42.0
Reflection DRAFT 422 624 353 393 312 421 364 341 285 309 325 39.5
Oracle EnumRAG 47.1 613 64.2 3277 237 458 333 31.1 303 299 31.1 314

GoldRAG 50.6 53.8 582 328 16.7 424 339 297 309 312 312 38.2
Self-Guide SEGMEM-RAG 47.8 642 542 40.0 314 475 359 351 339 314 34.1 44.0

Table 2: Overall comparison of SEGMEM-RAG with baseline methods across three task domains. Token-level F1 is reported
for Open-domain QA, while Fact-level F1 (LLM-judged) is reported for Financial QA and Biomedical QA (Medical). Best-

performing methods per task are highlighted in bold.

Feedback-driven retrieval surpasses exhaustive and
gold-corpus strategies. Surprisingly, SEGMEM-RAG,
leveraging segment-wise feedback and structured memory,
outperforms oracle-style strategies such as exhaustive enu-
meration (EnumRAG) and optimal single-corpus retrieval
(Gold-RAG). This demonstrates the advantage of targeted
feedback mechanisms over brute-force enumeration and
fixed corpus selection constraints.

Ablation Study

To assess the contribution of each core module in SEGMEM-
RAG, we conduct an ablation study by selectively disabling
individual components while holding all other configura-
tions constant. Table 3 reports token-level F1 scores on two
representative datasets: NQ and PopQA.

Segment Planner provides essential structure for multi-
step retrieval. Removing the Segment Planner leads to
consistent performance degradation on both tasks, with a
particularly large drop on PopQA (-30.6%). This confirms
the importance of segment-wise control in decomposing rea-
soning into manageable sub-decisions and maintaining con-
textual focus across steps. Without segmentation, the agent
is more prone to semantic drift and redundant retrievals.

Feedback Evaluator supports self-correction and signal
alignment. Disabling the Feedback Evaluator reduces per-
formance by 9.6% on NQ and 18.2% on PopQA. These re-
sults highlight its role in assessing retrieval quality at each
step and providing actionable feedback to guide subsequent
planning. Without reflection, the system struggles to realign
when intermediate retrievals diverge from query intent.

Memory Controller enables long-range adaptation.
The largest performance loss occurs when the Memory Con-
troller is removed, with F1 scores dropping by 33.7% (NQ)
and 40.4% (PopQA). This underscores the value of sym-
bolic memory in capturing corpus-level utility patterns and
informing future decisions. In its absence, the system reverts
to short-sighted selection, failing to learn from prior retrieval
outcomes.
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Method NQ %l PopQA %l
SEGMEM-RAG 47.8 - 54.2 -
w/o Segment Planner 454 5.0% 37.6  30.6%
w/o Feedback Evaluator 43.2 9.6% 444  182%
w/o Memory Controller 31.7 33.7% 323 40.4%
w/o Coldstart Explorer 43.3 9.3% 49.0 9.5%

Table 3: Ablation study on SEGMEM-RAG based on NQ
and PopQA. Scores reported as token-level F1. Percentages
indicate performance drops compared to full system.

Coldstart Explorer improves coverage of low-usage
sources. Eliminating the Coldstart Explorer results in a
moderate drop on both datasets (-9.3% and —9.5%, respec-
tively), indicating its contribution to bootstrapping memory
for underexplored corpora. While less critical in balanced
benchmark settings, this module is expected to yield greater
gains in more dynamic environments, such as with newly
added or long-tail sources.

Conclusion

In this paper, we propose SEGMEM-RAG, a self-guided ap-
proach to retrieval-augmented generation in dynamic, unla-
beled knowledge environments. The system adapts its re-
trieval behavior based on internal evaluation and prior in-
teractions, without relying on supervision or retraining. Our
approach supports three key capabilities for open-ended re-
trieval: localized planning to reduce context interference, re-
trieval awareness to assess evidence quality, and adaptive
learning to improve decisions over time.

Empirical results across multi-source benchmarks suggest
that self-guided retrieval can enhance factual accuracy and
contextual relevance. These findings highlight its potential
as a foundation for more resilient and adaptive language sys-
tems in evolving knowledge settings.
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