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Abstract

Personalized QA agents increasingly retrieve from both external
documents and private conversational memory. This raises a basic
design question: does answer correctness depend on where the
supporting evidence is stored? Existing evaluations make this dif-
ficult to answer because memory and document conditions often
differ in their questions, facts, or available sources. We construct
a controlled evaluation setting from MultiHop-RAG in which the
same questions and evidence are held fixed while golden evidence
is placed entirely in documents, entirely in conversational memory,
or split across both. We evaluate four retrieval architectures across
three persona-specific memory corpora. The results show that evi-
dence placement does not exert a uniform penalty. Instead, its effect
is significantly moderated by the topic match of the query to the
persona’s memory profile. While in-domain memory retrieval is
highly competitive with document retrieval, answer correctness
collapses during off-topic queries. This performance drop suggests
that personalized agents may create soft algorithmic filter bub-
bles, penalizing user curiosity with lower accuracy when exploring
unfamiliar domains.

1 Introduction

Retrieval-Augmented Generation (RAG) has become essential for
grounding large language models in external knowledge. It signif-
icantly improves factual accuracy for knowledge-intensive tasks
[14, 41]. Modern personalized Al systems increasingly integrate
RAG frameworks into Question-Answering (QA) agent architec-
tures that combine multiple knowledge sources to enhance user
satisfaction [15]. Commercial conversational agents now routinely
combine these capabilities for long-term personalized assistance.
These systems must retrieve knowledge not only from documents
but also from conversational memory (a corpus of past conver-
sational turns containing facts such as mentioned dates, stated
preferences, or project details shared across sessions).

A growing body of evidence suggests that where and how facts
are situated affects an agent’s ability to retrieve and reason over
them. Even within document collections, organization of knowl-
edge across heterogeneous sources affects retrieval quality. Systems
retrieving from multiple, heterogeneous sources face challenges
that don’t exist when evidence is centralized [7, 37], with specialized
retrieval strategies often needed to optimize performance across
diverse data properties.

Beyond source organization, the structural and contextual pack-
aging around facts shapes retrieval and reasoning performance. The
presence of distractors (retrieved passages that are semantically
similar to the query but irrelevant) [9, 10] and stylistic choices of
surrounding context [27] influence reasoning and retrieval quality.

Isolating facts from their surrounding context by splitting texts into
smaller chunks can harm retrieval when individual chunks lack
sufficient context [2]. Conversely, reasoning suffers from the ‘Lost
in the middle’ phenomenon when too much surrounding context is
supplied, with fact positioning having a meaningful impact [16].

Memory and documents differ as knowledge sources in ways
that may affect retrieval. Documents are deliberately authored to
communicate information to a broad audience, typically following
editorial conventions that structure facts within a coherent nar-
rative. Conversational memory, by contrast, arises from private
exchanges that were (usually) not intended to serve as a knowl-
edge source, and is shaped by personalization in ways documents
are not. Users of LLM-powered search already query more toward
information that confirms their existing views than they do with
conventional search [28], so the resulting conversational histories
concentrate around recurring topics rather than the broad topical
coverage documents are edited to provide.

Personalization also extends to how facts are expressed: each
user’s memory reflects their own voice and phrasing, so stylistic
variation across a memory corpus is likely greater than across the
same evidence in an edited document corpus. Together, this topical
and stylistic personalization may create retrieval conditions that
differ substantially from those in a document corpus, yet the degree
to which these differing source characteristics affect retrieval and
downstream reasoning in agentic QA remains understudied.

Most existing evaluations treat these two sources in isolation.
Focusing either on documents [12, 30, 39] or more recently on con-
versational memory [17, 36, 41]. Although the associated datasets
specify distinct demands for each setting, fact retrieval and reason-
ing remain the common underlying challenge.

A smaller but growing line of work examines systems that handle
multiple knowledge source types simultaneously [33, 34]. For exam-
ple, evaluations of systems on questions requiring memory (limited
to personal details mentioned in past conversations), documents,
or combinations of both have shown that overall performance is
sensitive to the source setting, with document retrieval reported as
particularly poor when persona retrieval is also required [34]. How-
ever, these works do not isolate the effect of evidence distribution.
The question set for each condition (persona-only, document-only,
both) differs, and the persona facts themselves are distinct from the
facts in documents. While such studies demonstrate that systems
face different challenges depending on which knowledge sources
must be accessed, they confound the effect of source characteristics
with differences in the questions and evidence. Moreover, agents
differ in how they organize retrieval across sources (e.g. shared ver-
sus separate indexes, single-pass versus iterative retrieval), and it



remains unclear whether some designs are more robust to evidence
placement than others.

Given these structural differences, relocating the same evidence
between memory and documents while holding the questions fixed
would directly test whether source placement affects agent perfor-
mance. Allowing us to answer our main research question:

RQ1: How does the distribution of evidence across a docu-
ment corpus and conversational memory affect an agent’s
answer correctness?

We supplement RQ1 with three sub-questions:

RQ1a To what extent does the effect of evidence distribution on
answer correctness vary across agent retrieval architec-
tures?

RQ1b To what extent does persona-specific memory composi-
tion moderate the effect of evidence distribution on answer
correctness?

RQ1c To what extent are differences in answer correctness across
evidence distributions accounted for by retrieval success?

However, no existing dataset or evaluation protocol supports
such a controlled manipulation. Thus in order to answer RQ1 we
must first construct a setting that enables this, which we do by
answering:

RQ2: How can a controlled evaluation setting be constructed
that isolates the effect of where evidence resides (in a docu-
ment corpus, in conversational memory, or split across both)?

To answer RQ2, we construct three controlled variants of a
dataset derived from MultiHop-RAG [30], allocating the same un-
derlying evidence to one of the three distribution conditions such
that each piece appears in only one location per variant. Then for
RQ1, we evaluate four agent architectures across all three variants
in a controlled experiment designed to maximize statistical power
under a fixed evaluation budget, crossed with three evaluation per-
sonas. This lets us test RQIa and RQ1b. Every condition also logs
recall, which we use to test RQIc. In every condition the agents
have access to both memory and documents, so that observed dif-
ferences reflect where evidence resides rather than which sources
are available.

Our contributions are:

(1) A controlled QA dataset and construction methodology
that disentangles evidence distribution from question con-
tent, enabling within-question comparison across source
configurations.

(2) Arigorous experimental design that enables controlled com-
parison of distribution effects across four architecturally
distinct agents while maximizing statistical power.

(3) Empirical findings indicating that the association between
evidence distribution and answer correctness depends on
persona-specific memory context, particularly the topic
match between the question and the persona’s memory
profile. We find no evidence that this association varies
across agent architectures. Specifically, users exploring top-
ics outside their dominant memory profiles face lower an-
swer accuracy than when querying within their frequently
discussed domains.

The remainder of the paper is organized as follows. §2 reviews
the literature on RAG, memory retrieval, personalized multi-source
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agents, and the impact of fact packaging. §3 describes the construc-
tion and validation of our controlled dataset. §4 details the four
agent architectures, the D-optimal experimental design, and the
statistical models used to analyze the results. §5 reports the experi-
mental findings and answers the research questions by interpreting
those findings. Additionally, here we discusses limitations and out-
line directions for future work. §6 concludes the paper before §7
addresses the ethical considerations involved in carrying out this
study. Finally §8 documents the use of generative Al during the
course of the study.

2 Related Work
2.1 Retrieval Augmented Generation (RAG)

Retrieval Augmented Generation (RAG) extends a language model
with non-parametric memory by retrieving relevant passages from
an external corpus at inference time and conditioning generation
on them [14]. The core pipeline has two components: a retrieval
component that indexes a document collection and returns the
passages most relevant to a query, and a generator that produces a
response conditioned on both the original query and the retrieved
evidence. By grounding generation in retrieved documents, RAG re-
duces hallucination and supports questions whose answers depend
on knowledge absent from the model’s parameters.

Three families of retrieval methods are in common use. Sparse
methods (such as BM25) rank documents by weighted term over-
lap and require no learned representations. Dense methods en-
code queries and passages into continuous vectors and retrieve
by nearest-neighbour search in the embedding space, allowing
them to match semantically related text that shares no surface-level
vocabulary. Lastly, hybrid methods combine the previously men-
tioned families to produce a single ranked retrieved set. Surveys of
RAG systems treat these as the standard retrieval options, typically
with a dense bi-encoder as the learned component and an optional
reranker [41]. Direct comparisons in conversational QA find that
hybrid BM25 and reranking often outperform vanilla dense RAG,
so dense retrieval is a convenient default rather than a uniformly
dominant choice [1]. Zero-shot retrieval quality across heteroge-
neous domains is itself non-trivial: BEIR shows that models which
perform well in-domain frequently fail to generalize, and that a
simple lexical baseline remains competitive [31].

The generator LLM determines how faithfully the system reasons
over retrieved context as opposed to relying on parametric knowl-
edge. While closed-source API-served models may offer strong
performance, they introduce a fundamental reproducibility chal-
lenge: their update schedules are opaque and their behaviour has
been shown to shift substantially across versions even over short
timescales [6]. Open-weight models provide fixed, publicly accessi-
ble checkpoints which permit easier reproduction/auditing of re-
sults. The Llama 3 family demonstrates this is achievable alongside
strong performance on reasoning-intensive tasks that are central
to RAG evaluation [11].

Dense retrieval requires an encoder that maps both queries and
passages into a shared embedding space such that relevant pairs are
geometrically close. Sentence transformers [25], which fine-tune a
transformer encoder with contrastive objectives on sentence pairs,
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have become the standard architecture for this task. Their quality-
to-efficiency trade-off is well characterized by BEIR [31], which
evaluates zero-shot generalization across diverse retrieval tasks, and
the MTEB leaderboard [19], which explicitly stratifies models by
the balance they strike between quality and inference cost. Models
in the MiniLM family occupy the “speed and performance" tier of
the MTEB leaderboard, achieving scores competitive with encoders
several times larger while requiring only a fraction of their memory
and compute [19].

RAG research has primarily been conducted against static docu-
ment corpora, an assumption reflected throughout the benchmarks
and evaluation frameworks that constitute the field [1, 41]. The
distinct challenges that arise when the retrieval target is a user’s
conversational history, with its personal specificity, topical con-
centration, and evolving relevance, are discussed in the following
section.

2.2 Memory

Conversational memory (the accumulated interaction history be-
tween a user and their assistant) presents distinct retrieval chal-
lenges compared to general document corpora. Whereas encyclope-
dic collections are designed to cover diverse topics, conversational
memory naturally concentrates around a user’s recurring interests
and goals. This can be seen in literature on filter bubbles: a phe-
nomenon resulting in users being increasingly exposed to content
aligning with their existing views, with direct evidence showing
that users of LLMs issue a high rate of biased, view-confirming
queries [28]. Over a series of sessions, that querying pattern would
populate memory with many passages that are semantically close
to any later in-domain query. Semantic caching work reports a
related pattern: users commonly ask semantically similar queries,
especially in coding workloads [32].

This topical concentration is expected to degrade answer correct-
ness through two pathways. First, distractor passages (memory
passages that are semantically similar to a query yet do not contain
the required evidence) compete with golden evidence for a fixed
retrieval budget and can displace it from the retrieved set entirely.
Second, distractors that are retrieved alongside golden evidence
have been found to interfere with the generator LLM [9, 10].

Consistent with this, prior multi-source evaluations observe
that document retrieval quality drops when memory retrieval is
also required [34]. Yet no existing work isolates the effect of this
topical density on answer correctness while controlling for question
difficulty and evidence content. A gap our cross-persona design
addresses by evaluating each question against memory corpora of
varying in-domain density.

Existing RAG benchmarks reinforce the separation between the
two source types. Datasets designed for long-term memory evalua-
tion, such as LongMemEval [36] and LoCoMo [17], probe episodic,
session-referential questions that can only be answered from per-
sonal interaction history, while document retrieval benchmarks,
such as MultiHop-RAG [30], HotpotQA [39], and FRAMES [12],
probe factual multi-hop reasoning that requires chaining evidence
across documents. Distinct benchmarks serve distinct evaluation
targets [41] but few require an agent to locate and combine both
kinds of evidence within a single evaluation, and none allow the

same evidence to be relocated between them. This is why our setting
must be constructed rather than adopted, as described in §3.

2.3 Personalized Agents

The retrieval paradigms discussed so far, grounding answers in a
document corpus (§2.1) and surfacing relevant fragments of a user’s
interaction history (§2.2), are increasingly combined within a single
system. Personalized agents treat conversational memory and ex-
ternal documents as complementary knowledge sources, retrieving
from both to produce responses that are simultaneously factually
grounded and tailored to the individual user. A recent survey stud-
ies this trajectory explicitly, framing the field as a progression from
RAG to agent: from static retrieve-then-read pipelines toward sys-
tems that actively manage memory, plan retrieval, and adapt their
behaviour to the user [15]. The same shift is visible across concrete
systems that inject user-specific signals into retrieval and gener-
ation, whether through dedicated user-modelling agents [43] or
personalized graph-structured knowledge [5].

A defining feature of these agents is that personalization requires
reconciling multiple heterogeneous sources. Because a user’s mem-
ory and the document corpus differ in structure, reliability, and
relevance to any given query, an agent must decide not only what
to retrieve but from where. Existing work approaches this through
source planners that select among the available sources on a per-
query basis [33, 34]. This framing presumes that sources remain
separately addressable, and in those settings the presumption is
reasonable, since a persona is typically a small set of short state-
ments rather than a corpus. Once conversational memory is itself
corpus-scale, however, whether memory and documents should
occupy one index at all becomes a live question. Comparisons of
shared against separate indexes exist for heterogeneous document
collections [35], but to our knowledge not where one of the sources
is conversational memory. We therefore treat source organization
as an open design decision rather than an implementation detail,
and evaluate both configurations directly.

Two complementary lines of work refine how such agents access
and use evidence. The first specializes the memory component itself:
rather than a flat vector store, long-term memory is organized and
maintained through structured or reflective mechanisms, including
temporal knowledge graphs [24], learned memory construction and
consolidation [22, 29], and global memory modules that summarize
history to guide retrieval [23]. The second makes the retrieval
control flow agentic: instead of a single retrieval pass, the model
reasons about, evaluates, and revises its own retrieval. This builds
on the reasoning-and-acting paradigm [40] and is realized for RAG
by self-reflective retrieval that decides when and what to retrieve
[3], corrective retrieval that grades retrieved evidence and triggers
remedial action when it is inadequate [38], and iterative schemes
that refine retrieval across successive rounds [26].

These two axes, the memory mechanism and the retrieval control
flow, are largely orthogonal. A specialized memory store can still
be queried in a single pass, and an agentic loop can run over a
general-purpose store.

Although these paradigms are widely adopted, they are typically
introduced and evaluated in isolation, each against a simple baseline,
and are rarely compared with one another under matched evidence



conditions. This makes it difficult to attribute performance to a
particular design choice rather than to differences in datasets, base
models, or evidence availability.

2.4 Impact of Fact Packaging for RAG

Whether a RAG system retrieves the correct fact depends not only
on whether that fact exists in the corpus, but on how it is phys-
ically packaged into retrievable units. Segmenting a corpus into
chunks creates a fundamental trade-off. Finer-grained chunks sur-
face target facts more precisely because the retrieval signal is not
diluted by surrounding off-topic content, but they strip the local
context an LLM needs to reason about the fact coarser chunks
preserve that context at the cost of retrieval precision. Systematic
evaluations of chunking strategies confirm that this trade-off is
real and domain-dependent: smaller chunks (64-128 tokens) work
well for concise, fact-based queries, whereas descriptive or multi-
step questions benefit from larger units [20]. Practitioner analyses
echo the same finding, identifying chunk granularity as one of the
highest-leverage parameters for end-to-end RAG accuracy [2].

Even when retrieval succeeds, how the retrieved passages are
assembled into the LLM’s context determines whether the model
can exploit them. Two packaging effects emerge at the generation
stage. The first is positional: LLMs systematically under-use evi-
dence placed in the middle of a long context, performing best when
relevant passages appear near the start or end of the input [16].
The second concerns ordering in multi-hop questions, where the
answer requires chaining evidence across passages. Performance is
sensitive not only to which passages are present but to the order
in which they appear, with a sequence that matches the reasoning
chain being more performant [42]. Taken together, these effects
show that the same retrieved content can produce different answers
depending solely on how it is packaged into context.

These challenges become more acute in multi-source settings
where the two corpora differ in granularity and topical distribution.
In our setting, each evidence item resides in exactly one source,
memory or documents, but the agent retrieves from both simulta-
neously. The relevant passage must surface over potentially many
plausible-but-irrelevant passages from the other source. This pres-
sure is asymmetric as conversational memory is topically concen-
trated by nature, so the density of distractors is expected to be
higher within memory than within a general document corpus
(§2.2). The two sources also differ structurally: memory is often
indexed at the conversational-turn pair level [36] while documents
are segmented into fixed 256-token chunks, so their passages vary
in information density and context coverage in ways that can in-
dependently skew which source’s passages appear more relevant
to a given query [20]. Existing packaging studies largely examine
single, homogeneous corpora but our experiment isolates the effect
of source-level organizational choices by holding evidence content
fixed across conditions.

3 Dataset Construction

This section addresses RQ2 by describing the construction of our
controlled dataset, which enables within-question comparison of
evidence distribution effects. The central manipulation produces
three distribution of evidence variants for each question that differ
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only in where the golden evidence resides: entirely in the docu-
ment corpus (document-only), entirely in conversational memory
(memory-only), or split evenly across both (integrated). Holding
the question and its evidence fixed while relocating that evidence
isolates the effect of source placement from question content.

We start with MultiHop-RAG as the source corpus (§3.1), apply
oracle-context and no-context screening to identify questions where
retrieval effects can be meaningfully observed (§3.2), and assign
questions to three evaluation personas based on evidence domains
(§3.3). We then sample the evaluation question set (§3.4), generate
synthetic conversational sessions that embed golden evidence (§3.5),
and curate per-persona memory corpora with controlled in-domain
topic composition (§3.6). Finally, we detail how the three variants
are constructed (§3.7) and audit whether stochastic generation
parameters introduced confounds (§3.8).

3.1 Source Dataset

We derive our dataset from MultiHop-RAG [30], a collection of 2,556
multi-hop reasoning questions! over news articles. Each question
requires 2—4 supporting evidence documents to answer, drawn
from a corpus of 609 news articles spanning September 26, 2023
through December 26, 2023. The corpus questions often require
article metadata (source, title, published-at timestamp) in addition
to the key information to provide contextual grounding.

MultiHop-RAG distinguishes four question types (examples in
Appendix A):

o Comparison query: comparing attributes or events across
entities

o Inference query: synthesizing information to derive con-
clusions

e Temporal query: reasoning about event ordering or time-
sensitive relationships

e Null query: unanswerable questions designed to test ab-
stention

Null queries have no golden evidence to relocate, so they cannot
support the distribution manipulation and are not part of the main
evaluation. We report them separately in Appendix B.

For our study, MultiHop-RAG provides an appropriate founda-
tion because: (i) the evidence is already decomposed into discrete
items that can be independently allocated across memory and docu-
ments, (ii) the questions are answerable with short factual responses
(suitable for Exact Match evaluation), and (iii) the news-article for-
mat enables realistic synthetic conversational sessions where users
might discuss current events with an assistant.

3.2 Controlling Parametric Knowledge and
In-Context Reasoning

Two factors could prevent us from observing the effect of evidence
distribution on Answer Correctness. First, if the model can answer
questions without any retrieved evidence, performance reflects

! Multi-hop usually denotes a question whose answer requires combining several
pieces of evidence, often through chained retrieval steps in which one retrieved fact
determines what to retrieve next. MultiHop-RAG questions require evidence from
multiple documents, but the required ordering is not explicit, so we use the term in
the weaker sense of multi-evidence synthesis.
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parametric knowledge? rather than retrieval effectiveness. Second,
if the model cannot answer questions even with perfect evidence,
poor performance reflects reasoning limitations rather than re-
trieval quality. Prior work has used no-context and oracle-context
conditions as baselines to bound RAG system performance [1, 4].
We extend this approach by using these conditions to filter our
evaluation set, retaining only the questions where retrieval effects
can be meaningfully observed.
We employ two validation agents to implement this filtering:

e Oracle-Context Agent: Receives each question with all
required evidence provided directly in the prompt (no re-
trieval). Questions that this agent cannot answer correctly
are excluded, ensuring the model possesses sufficient rea-
soning capacity.

o No-Context Agent: Receives each question without any
evidence. Questions that this agent answers correctly are
excluded, as correct answers indicate parametric knowledge
rather than retrieval effectiveness.

Applying this two-stage filter to the 2,556 questions in MultiHop-
RAG vyields a pool of 1,115 reasonable questions: questions the
oracle-context agent answered correctly (demonstrating adequate
reasoning capacity) and the no-context agent answered incorrectly
(requiring retrieval rather than parametric knowledge). This filtered
pool forms the sampling frame for the evaluation question set
described in §3.4.

3.3 Personas and Domain Assignment

MultiHop-RAG evidence items carry ‘category’ metadata (business,
entertainment, health, science, sports, technology). Questions can
have multiple evidence items from differing domains. By taking the
union of category tags across all golden evidence items for each
question that requires evidence we get Table 1 which shows the
distribution of reasonable questions.

As discussed in §2.2, conversational memory accumulates around
a user’s recurring interests rather than covering topics evenly. Test-
ing whether this concentration affects retrieval requires evaluating
the same question against memory corpora that differ in how much
of their content shares that question’s domain, while holding the
question and its evidence fixed. We therefore need a small set of sta-
ble memory profiles whose topical coverage overlaps each question
to differing degrees.

To do this we utilize personas, a common device in synthetic
memory generation used for control and consistency [17]. We con-
struct three personas centered around the three most frequent
question-domain categories from Table 1. Each persona p is iden-
tified with a topic set T,: Tech {technology}, Sports {sports}, and
Business-Technology {business, technologyy}.

Let Cy4 denote the union of category tags across all golden evi-
dence items of question g, as tabulated above. Comparing C, with
T, yields a three-level topic match label for every question-persona
pair:

e in-domain: C; C T, (every evidence domain lies inside
the persona’s profile);
¢ out-of-domain: C; N T, = @ (no overlap);

2 parametric knowledge refers to the knowledge embedded directly in an LLMs “neurons”
during training.

Table 1: Distribution of reasonable questions (excluding 61
null-queries) by union of golden-evidence domain categories.

Domains Count
Sports 312
Technology 279
Business & Technology 145
Entertainment 81
Business 79
Entertainment & Sports 51
Entertainment & Technology 43
Business & Sports 14
Sports & Technology 11
Business & Entertainment 7
Entertainment & Health 7
Science 6
Business & Science 5
Entertainment & Science 4
Business & Entertainment & Health 3
Science & Technology 3
Health 2
Health & Science 1
Health & Technology 1

e partial: neither of the above (some but not all of the ques-
tion’s evidence domains match the persona).

Because Cg is a property of the question’s evidence and T, is a
property of the evaluation persona, the label does not depend on
where that evidence is placed. Document-only, memory-only, and
integrated realizations of the same (g, p) therefore share one topic-
match value. This invariance is deliberate: agents always retrieve
from both stores (§4.2), so a persona’s memory remains a topical
distractor even when all golden evidence resides in documents.

Each question is evaluated against all three personas in the cross-
persona design described in §4. The same item therefore takes
different topic-match values across the three profiles, isolating the
effect of memory composition on retrieval and answer correctness
while controlling for question difficulty.

The personas also shape the voice of generated evidence sessions
(§3.5) and the topical mix of each memory haystack (§3.6). Those
uses are distinct from the trial-level label defined here: haystack
composition is a property of M,, whereas topic match records how
the scored question sits relative to Tj,.

3.4 Evaluation Question Set

From the pool of 1,115 reasonable questions, we sample 198 an-
swerable questions for the experiment (66 per persona) using ran-
dom sampling with minimum covariate coverage. Within each
persona, the sampler ensures a minimum number of questions
per question_type and hop_count level (minimum: 5) to guar-
antee sufficient observations for downstream analysis, then fills
the remaining quota with unrestricted random draws. Sampling
is stratified by question type (comparison, inference, temporal) and
hop count (2, 3, or 4 evidence items).
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Figure 1: Session Generation Pipeline. For each evidence and persona pair, diversity attributes are sampled to assemble structured
prompts. These prompts guide GPT-5.4 in generating multi-turn dialogue sessions containing all required evidence associated

with the evidence item in voice of the persona.

3.5 Evidence Session Generation

To create the memory-only and integrated variants, we convert
MultiHop-RAG evidence items into synthetic conversational ses-
sions where golden evidence appears naturally in past user-assistant
exchanges. Each session simulates a plausible interaction between
a persona and their assistant, with the user introducing the factual
content from the evidence item.

Figure 1 illustrates our approach. To ensure all questions are
answerable under each persona’s memory conditions, the same
evidence is encoded with each persona’s voice in a unique evidence
session. An important note is that document metadata also needs
to be explicitly mentioned in the sessions due to the nature of the
MultiHop-RAG questions (§3.1). From the metadata, published-at
timestamp is only encoded only with temporal-query question types
to avoid memory conditions with dates in every session.

3.5.1 Diversity Attributes. To prevent generated sessions from col-
lapsing into formulaic templates, we parametrize the generation
prompt across five independently sampled diversity dimensions
(prompt impression in Appendix C):

e Scenario: 15 scenarios categorized into professional, casual
or transactional.

e Turn range: Target session length in user-assistant turn
pairs. Options: (4,4), (4,6), (6,10), (8,10).

e Evidence placement: Where the key information appears
in the session. Options: early, middle, late.

o Topic drift: How tightly the conversation stays on-topic.
Options: tight, moderate, wide.

e Evidence density: Whether the evidence is stated in a
single message or distributed across multiple turns. Options:
single-message, multi-message.

Each persona has a distinct diversity profile controlling scenario
category weights, turn range preferences, and topic drift distribu-
tions. These profiles ensure sessions vary realistically within each
persona while remaining plausibly different across personas. A sixth
dimension (the human-turn message triggering the conversation)
is sampled from a pool of 10 phrasings. Together, these dimensions
create substantial structural variety within each persona.

Constraint filtering ensures sensible combinations: transactional
scenarios (e.g. quick fact-checks) are restricted to short turn ranges
(4-6 turns), early evidence placement, tight-to-moderate topic drift,
and single-message density to avoid incoherent exchanges.

3.5.2  Generation Pipeline. Sessions are generated using GPT-5.4
(due to high reasoning capacity) with structured outputs via the
OpenAl Batch API 3. The output is constrained to 4-10 alternating
user-assistant turns (always an even count). Within this range, the
LLM targets the sampled turn band while adapting to the complexity
and informational density of the evidence item.

An example output of the generation pipeline can be seen in
Figure 2. In here two things are apparent: The questions are not
very natural sounding, a by-product of the synthetic generation
process that produced them, and the generated session assumes
a rewriting task for the Agent. Although this was not explicitly
prompted and diversity attributes aimed to avoid template like
sessions, manual inspection (§5.6) showed some form of re-writing
in every inspected session.

3.6 Memory Corpus Curation

Let s,(e) denote the session generated for evidence item e in the
voice of persona p, and let d(e) denote the source document from
which e was drawn.

Each persona p maintains a fixed memory corpus M, of 500
sessions, the haystack against which every question for that per-
sona is evaluated. It is composed of 375 in-domain sessions (75%),
generated from questions whose evidence domains match T,,, and
125 off-topic sessions (25%), generated from questions outside it.
The off-topic quota prevents perfect topical homogeneity, so that
in-domain density is a controlled property of the corpus rather than
an artifact of its construction. This mix describes how M, is built;
it is distinct from the trial-level topic-match label of §3.3, which
records how the scored question’s evidence domains sit relative to
T,.

Questions are drawn first from the evaluation sample, reused
across personas. This supply covers each persona’s off-topic quota
but not its in-domain quota, so the in-domain portion is completed
with sessions generated from additional same-domain questions
sampled from the reasonable pool and held out of the evaluation
set.

Crucially, M, is fixed for the whole experiment. Only the golden-
evidence overlay varies, per question and per variant, as described
next.

3https://platform.openai.com/docs/guides/batch
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Gold answer: Yes.

Question. Does the TechCrunch article claim that Google engages in anticompetitive behavior within the app distribution and payment processing
markets, while another TechCrunch article alleges Google’s anticompetitive actions harm news publishers’ revenue, and does The Verge focus on Google’s
use of relevance, distance, and prominence in local search rankings without mentioning anticompetitive behavior?

Source evidence

Generated memory session

Title. The restaurant nearest Google User
Source. The Verge
Key information. Google’s public documentation

says it uses three categories to rank results that are local to
a searcher: relevance, distance, and prominence.

Fields not required for this (non-temporal) item: published Asst.
time.
User
Asst.

Quick one. I saw The Verge piece “The restaurant nearest Google,”
and it says Google’s public documentation says it uses three categories
to rank results that are local to a searcher: relevance, distance, and
prominence. Can you give me a plain-English version of that I could
text to somebody?

Sure: Google basically looks at three things for local results— how well
a place matches what you searched for, how close it is to you, and how
well-known or established it seems online.

Even shorter. Like one sentence, no jargon.

Google shows local places based on what fits your search, what’s
nearby, and what seems most notable.

Figure 2: Example evaluation question (top), gold evidence (left), and the generated memory session that embeds that evidence

(right).

3.7 Variant Construction

The evaluation unit is a triple (g, p, v): a question g, a persona p, and

adistribution varianto € {document-only, memory-only, integrated}.

The three variants differ only in where g’s golden evidence is placed
relative to p’s fixed haystack M), and the shared document corpus D.
Let g have golden evidence E; = {ey, ..., e, }. Each variant v splits

Eg into a memory share Ej';™ and a document share Eg?;

given by:

(@, Eq) if v = document-only,
(Ego™s E;f’zf ) =1 (Eq. @) if v = memory-only, 1)
(Rg» Eq —Rq) if o = integrated.

For the integrated case, Ry is a uniformly random subset of E, of
size |n/2]; if n is odd, the leftover item is assigned to memory or
to documents with equal probability. The stores presented to the
agent for (g, p,v) are then:

e Memory: (M, — s (ng’,f)) U sp(Egs™

e Documents: D — d(Eg;;™

3.8 Dataset Audit

To ensure the generated sessions contain the correct evidence, we
run an LLM-as-a-judge to evaluate the generated sessions against
the source evidence. GPT-0OSS-120B* is used for it’s high reasoning
capacity and open-source availability to mark the exact user turn
each piece of evidence from a given evidence item appears in. In
the case of missing a evidence piece (key information, source, title
or published-at), the LLM-as-a-judge is asked to mark the session
as incomplete and report the missing evidence piece. Eight ses-
sions were found to be incomplete missing the key information
from the evidence item. A downstream sensitivity check was con-
ducted confirming that the missing evidence pieces did not affect
the analysis.

4GPT-0SS-120B:https://huggingface.co/openai/gpt-oss-120b

Downstream results (§5) also suggest that the generated sessions
are usable as evidence: only 22 of the 198 answerable questions were
never answered correctly under the memory-only and integrated
variants.

The stochastic diversity attributes introduced during session
generation (scenario, turn range, evidence placement, topic drift,
evidence density) are randomly sampled per session to prevent
formulaic templates. However, this randomization could introduce
confounds if certain attribute combinations systematically affect
answer correctness.

To assess potential confounds introduced by the diversity-attributes
used for generation, we audit their impact of successful retrieval
hits (described further in §4.3 and analysed in §5.2). The findings
indicate that the topic-drift and possibly evidence-placement could
influence the observations,however these effects are comparatively
small and should not drive results. Further research is encouraged
to observe these effects in greater detail.

That audit concerns how sessions are packaged, not whether
the topic-match construct itself resembles real user memory. The
75% in-domain haystack is a controlled density, not an empirical
estimate of production profiles. Qualitative inspection of retrieved
chunks later suggests that same-domain sessions can be denser
than a typical user history (§5.6), so findings about topic match
should be read as effects under this construction rather than as a
claim of real-world systems.

4 Methodology

This section describes the agent architectures and experimental
design used to evaluate the effect of evidence distribution on an-
swer correctness. Sections 4.1 and 4.2 continue to address RQ2:
Section 4.1 details the four agent architectures, which differ in their
retrieval mechanisms and knowledge organization, and Section 4.2
presents the experimental design, including the three variants, the
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D-optimal blocked structure with persona crossing, and the evalua-
tion protocol. Section 4.3 then turns to RQ1, modeling the distribu-
tion effect and its RQ1a-RQIc extensions.

4.1 Agent Architectures

We evaluate four agent architectures, each representing a realistic
and widely adopted paradigm for memory and document grounded
question answering (§2.3). Rather than sampling arbitrary systems,
we select architectures that vary along orthogonal design axes while
sharing a common retrieval and generation backbone (§4.1.1): how
memory and documents are organized in the index (a single shared
store versus separate per-source stores), the mechanism used to re-
trieve from conversational memory (a general-purpose vector store
versus a specialized hierarchical memory system), and the retrieval
control flow (a single retrieval pass versus an agentic loop with
relevance grading and query rewriting). Holding the backbone fixed
while varying these axes lets us test whether evidence-distribution
effects generalize across architectural paradigms rather than reflect-
ing just the traits of any single design. The remainder of this section
describes the shared backbone (§4.1.1) and then each architecture in
turn: the Unified Store (§4.1.2), Separate Store (§4.1.3), MemPalace
(§4.1.4), and Corrective Agent (§4.1.5) °.

4.1.1  Shared Components. All four agents share core infrastruc-
ture to ensure controlled comparisons:

Language Model. All agents use Llama 3.3 70B (70 billion pa-
rameters) accessed via Groq’s inference APL® As discussed in §2.1,
open-weight models provide fixed, inspectable checkpoints that
ensure reproducibility, and the Llama 3 family has demonstrated
strong performance on reasoning-intensive QA tasks. Inference
uses greedy decoding (temperature=0.0, seed=42).

Embedding Model. All agents encode queries and chunks with
all-MiniLM-L6-v2,7 a 384-dimensional sentence transformer, ac-
cessed via ChromaDB’s® built-in ONNX runtime. As discussed
in §2.1, models in the MiniLM family offer a strong speed-and-
performance balance for semantic similarity tasks with local, API-
free inference. The shared embedding space ensures retrieval dif-
ferences reflect architectural choices rather than encoder variation.

Retrieval. Retrieval is performed by dense vector search, rank-
ing chunks by cosine similarity to the query embedding and re-
turning the top k per source. Although the underlying stores also
implement sparse (BM25) and hybrid retrieval, all experimental
runs use dense retrieval so that comparisons are not confounded
by the retrieval algorithm. Dense retrieval is chosen as it is a stan-
dard, simple baseline [1]. The sole exception is MemPalace, whose
specialized memory retrieval pipeline is the architectural variation
under study (§4.1.4); its document retrieval remains dense.

Context Assembly. Figure 3 illustrates the generation prompt
structure into which context is assembled. Retrieved passages are
placed into the model’s context identically across agents to ensure
that performance differences stem from what each architecture
retrieves rather than how retrieved evidence is presented.

5Code and dataset are made available at https://github.com/Todor-cmd/memdoc to
support reproduction of the dataset and experiments.

®https://groq.com

"https://huggingface.co/sentence-transformers/all- MiniLM-L6-v2
8https://www.trychroma.com
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System. You are a precise question-answering system with access to two
knowledge sources: conversation memory and a document corpus. You will be
given a question and retrieved passages from both sources. Answer using only
what is supported by the provided passages. If the passages are missing,
insufficient, or do not support a definite answer, respond with exactly: Insufficient
Information. Reason step-by-step, then give a short factual final answer (or that
exact phrase).

User. PASSAGES:
=== Retrieved from Conversation Memory ===
--- Memory Passage 1.k —-—-

[memory passages 1. . .k]
=== Retrieved from Document Corpus ===
--- Document Passage 1.k ---

[document passages 1. . .k]
QUESTION:

[user question]

Figure 3: Generation prompt. Retrieved chunks and ques-
tions are omitted. Section headers mark the two sources
and empty sections are omitted at inference time. Retrieved
chunks are collapsed for brevity.

Passages are grouped into two labeled sections, one for conver-
sation memory and one for the document corpus. Separating the
sources in the generator LLM’s context is motivated by the diffi-
culty presented in merging two heterogeneous sources into a single
ranking, discussed in §2.4. While a merged ranking would allow
for broader observations into effects on reasoning, out of caution
for interpretability of results and grounding in retrieval, this is left
for future work.

Structured Output. Agents return responses in a validated
schema with two fields: reasoning (chain-of-thought explanation)
and final_answer (the predicted answer string). Only normalized
final_answer is used for answer correctness; reasoning is logged
for qualitative analysis.

Chunking Strategy. Memory sessions are chunked at the pair
granularity: each chunk contains one user message and the fol-
lowing assistant response. This follows recent findings that sim-
ple conversation-pair units are performant for long-term memory
retrieval [36] (though shortcomings of this approach have been
found in light of a more sophisticated segment-level approach [22]
which falls beyond the scope of this study). Documents are chunked
into 256-token segments with 32-token overlap using tiktoken’s’
cl100k_base tokenizer. Each document chunk is prefixed with
metadata (title, source, publication time) to preserve context.

4.1.2  Unified Store. The Unified Store is the simplest baseline:
memory and documents share a single embedding index rather than
being partitioned by source. All chunks, both conversation pairs
and document segments, are indexed in one ChromaDB collection,
and retrieval draws the top-ranked chunks from this combined
pool. Passages are still labeled by origin in the assembled context
(§4.1.1), but the retrieval step itself is source-agnostic: memory
and documents compete directly for the same retrieval budget.
This architecture anchors the source-organization axis; comparing
it against the separate-store agents shows whether partitioning
memory and documents into dedicated indexes helps or hurts when
evidence must be located across sources.

“https://github.com/openai/tiktoken
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4.1.3 Separate Store. The Separate Store Agent is the standard
multi-source RAG baseline. It maintains two independent Chro-
maDB collections, one for conversational memory and one for doc-
uments, and in a single pass retrieves memory_k=10 chunks from
the memory index and document_k=1@ chunks from the document
index before generating one answer. Its only structural difference
from the Unified Store is that the two sources occupy separate
indexes and are retrieved independently, so a fixed retrieval budget
is guaranteed to each source rather than shared competitively. This
makes the Agent a reference point for the source-organization axis
and the base single-pass flow that MemPalace Agent and Corrective
Agent extend.

4.1.4 MemPalace. The MemPalace agent reuses the single-pass
flow of Separate Store but replaces the general-purpose memory
vector store with MemPalace,!° a retrieval system purpose-built for
long-term conversational memory. MemPalace organizes memory
hierarchically: a coarse “closet” layer holds session-level topic point-
ers, while fine-grained “drawers” store conversation-pair chunks.
Its memory retrieval departs from the shared dense backbone, com-
bining dense similarity over the shared MiniLM embeddings with
BM25 re-ranking, closet-based boosting of topically related ses-
sions, and drawer-level enrichment; document retrieval remains
the standard dense ChromaDB path. Because our MemPalace Agent
is otherwise identical to the Separate Store Agent, the comparison
between them isolates the memory-retrieval-mechanism axis, test-
ing whether a specialized memory retriever outperforms a general
vector store when evidence resides in conversational history.

4.1.5 Corrective Agent. Corrective Agent varies the retrieval control-
flow axis: in place of a single pass, it runs an agentic loop that grades
its own retrieval and retries when it falls short. Like the Separate
Store Agent, it keeps separate ChromaDB collections for memory
and documents. Each round retrieves from both stores and passes
the combined passages to an LLM grader that returns a single rele-
vance judgment for the question. If the evidence is judged relevant,
the agent generates its answer; otherwise it rewrites the question
to better express the underlying information need and retrieves
again. The loop allows up to two rewrite cycles, after which the
agent generates from whatever the final round retrieved. This ar-
chitecture tests whether self-assessment and query reformulation
can recover from an unproductive initial retrieval, which we expect
to matter most in the integrated variant, where evidence is split
across sources and a single query may under-serve one of them.

4.2 Experimental Design

The main effect under investigation is evidence distribution: the lo-
cation of a question’s golden evidence across knowledge sources. As
detailed in §3.7, each question has it’s evidence realized in three ev-
idence distribution variants (document-only, memory-only, and in-
tegrated) where the same evidence is relocated between the sources.
Agents always have access to both the memory store and document
corpus. The design crosses this three-level distribution factor with
agent architecture and evaluation persona, as described below.

Ohttps://www.mempalace.net

4.2.1 D-Optimal Blocked Design. The experiment uses a D-optimal
partial factorial design that maximizes statistical power for estimat-
ing the main effect (evidence distribution) and and the two-factor
interactions it has with persona and agent architecture, while re-
ducing the total number of experimental runs. This approach is
employed to allow for the principled observation of multiple factors
while accounting for between-question differences [18].

The design has two layers. Layer 1 selects a D-optimal sub-
set of the 12 possible (distribution x agent) combinations for each
question, choosing 4 combinations that maximize information for
estimating the distribution main effect, agent main effect, and their
interaction (enabling RQ1Ia). Layer 2 fully crosses each selected
combination with all three evaluation personas (Tech, Business-
Technology, Sports), enabling analysis of how persona-specific
memory composition moderates the primary effects (enabling RQ1b).

Each of the 198 answerable questions serves as a blocking factor
(random intercept in the statistical model), controlling for question-
specific difficulty while estimating within-question effects of dis-
tribution and agent. Layer 2 induces the three-level topic-match
covariate defined in §3.3: for a given evaluation persona, a ques-
tion is in-domain, partial, or out-of-domain according to how its
evidence-domain union overlaps that persona’s profile. Because
both stores are always available, the same (g, p) label applies under
all three distributions, so in-domain memory can compete as a dis-
tractor even when golden evidence lies entirely in documents. This
is the moderator through which we measure how topical density
in memory affects answer correctness (RQ1b).

The design yields 198 questions x 4 selected (distribution, agent)
cells x 3 personas = 2,376 experimental runs, with 594 runs per
agent. A third of the cost of the full factorial on this sample. Twelve
null queries were additionally administered under the same protocol
but since they contribute no distribution contrast, are reported in
Appendix B.

4.2.2  Evaluation Metrics and Protocol. We adopt Exact Match (EM)
as the primary answer-correctness metric and Recall as the retrieval
diagnostic. EM provides unambiguous, reproducible scoring across
architectures and is consistent with the source dataset’s design
[30]. For Recall, our goal is not to characterize retrieval quality in
isolation but to establish whether evidence retrieval, rather than in-
context reasoning alone, mediates differences in answer correctness;
§4.3 uses this comparison to answer RQIc.

We compute Recall over the combined pool of all retrieved ev-
idence items passed to the generator LLM. This measures what
fraction of the required evidence the agent actually had access to
when generating its answer, directly connecting retrieval outcomes
to the answer-correctness results.

4.3 Statistical Analysis

The blocked design yields repeated observations on the same ques-
tions, and questions differ substantially in difficulty. Aggregate
accuracy would treat those runs as independent and would con-
found experimental effects with which items happened to fall in
each cell.

This confounding is observed during exploratory analysis. Figure
4 shows clear variability introduced by the question type, with
inference queries from the question pool being meaningfully easier
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Figure 4: Raw EM accuracy by question type and hop count
for answerable questions.

to answer and not all combinations of hops and question type
present in the evaluation set. Figure 5 then shows that the impact
of all main effects of interest when accounting for question-level
variance is very modest. Together, these observations motivate our
statistical modeling.

We therefore model exact-match correctness with a logistic
mixed-effects model, using a random intercept for questions to
absorb item difficulty and allow for within-question contrasts as
previous works have done [21]. Models are fitted in R with 1Ime4!!.
Factors are sum-coded, so coefficients are read relative to the grand
mean.

The sample comprises 2,376 runs from the 198 answerable ques-
tions. The specification is pre-declared from the design and the
main model on this full sample is:

correct ~ persona + dist X agent + dist X topic_match

+ question_type + hop_count + (1 | question). @
Here, X denotes interaction + main effects of interaction terms.
The interaction with evidence distribution (dist) and agent ad-
dresses RQ1Ia. The interaction with topic match (§3.3) addresses
RQ1b: whether the distribution effect depends on how well the
question’s domains match the evaluation persona. Persona remains
as a main effect for leftover differences among the three memory
corpora that topic match does not capture. Question type and hop
count are included to account help model differences among ques-
tions.

Terms are tested for significance with Type IIl Wald y? tests.!2
Significant terms are then interpreted as estimated marginal means
on the probability scale, with Holm-adjusted pairwise contrasts
within each planned family. The full Type III tables, and the nested
likelihood-ratio test for recall, are reported in Appendix D.

Two planned follow-ups are reported with the results. For RQ1Ic,
recall is added to the primary specification on the full sample. A
nested likelihood-ratio test asks whether that addition improves fit.
We then observe the Type III table for the recall-augmented model
(full reported in Appendix D) contrasting with Model 2 only for
explorative inisight.

Diversity attributes (§3.5.1) and the evidence-session audit (§3.8)
are properties of individual memory sessions, not of experimental
1me4 is used with the bobyqa optimizer: https://cran.r-project.org/package=Ime4

2Type Il analysis of deviance implemented with car: : Anova: https://cran.r-project.
org/package=car.
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runs, so they are not entered as run-level covariates on answer
correctness. We instead restrict to the memory-only variant, where
every gold item is a session, and model whether that session was
retrieved under a strict evidence-hit rule. The audit model is

retrieval_hit ~ evidence_placement + topic_drift+

evidence_density + actual_turns+

®)

agent + persona + evidence_in_domain
+ (1 | question) + (1 | evidence).

evidence_in_domain is a binary variable at the session level. It is
1 if that gold item’s category lies in the evaluation persona’s topic
set Ty, 0 otherwise. Random intercepts for question and evidence
absorb shared query difficulty and the variability as a result of the
underlying fact being generated once per persona. Integrated and
document-only runs are omitted because part or all of the gold
evidence is not a generated session. This is designed to investigate
whether the generation procedure made some sessions system-
atically harder to retrieve and does not re-estimate the primary
distribution effects.

Incomplete sessions (flagged as missing key evidence) are ini-
tially included in Model 3. The same model is then refit after drop-
ping the incomplete sessions, to check whether they influence the
diversity-attribute results.

5 Results and Discussion

This section reports the analysis of the mixed effects modelling
discussed in (§4.3) and in doing so answers RQ1. We start off by
summarizing the general experimental statistics in §5.1. Afterwards,
we showcase and discuss the audit of the generation process con-
cluding the evaluation of our answer to RQ2. Then in §5.3, §5.4
and §5.5, we restate the main sub-questions and use our results to
answer them. §5.6 then examines selected runs qualitatively. Fol-
lowing this, §5.7 synthesizes the preceding sections to answer RQ1
and highlight the primary findings. These findings are then con-
strained to methodological shortcomings in §5.8 before suggestions
for future work are listed in §5.9.

5.1 Sample Overview

From the 2,376 runs, 43 had inference failures (34 of which oc-
curred with the corrective agent) during generation and failed to
produce any answer. These are treated as wrong answers, poten-
tially biasing the interpretation of the corrective agent’s perfor-
mance. Omitting them raises that agent’s raw Exact-Match from
0.57 to 0.60 and the other three agents move by at most 0.007. The
evidence-distribution shifts are modestly in the same direction at
0.013 (document-only), 0.008 (integrated), and 0.012 (memory-only).
Failures therefore lower the Corrective agent’s overall accuracy but
likely do not significantly affect the distribution pattern tested in
the proceeding chapters.

Across the 198 questions, Exact-Match is invariant in every ex-
perimental cell for 51 questions: 35 are always correct (ceiling) and
16 are always wrong (floor). The remaining 147 questions change
outcome in at least one cell and are therefore the items that can
inform the distribution contrasts.

Question type has the largest effect size in the primary model,
x2(2) = 25.68, p < .001 (Table 3). With estimated marginal means
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Figure 5: Raw mean EM (top) versus question-centered mean residuals (bottom) for persona, evidence distribution, agent
architecture, and topic match. Residuals are computed at the run level by subtracting each question’s mean EM across all of its
runs are reported with 95% confidence intervals. The gray band marks +2 percentage points.

P(correct) is found to be 0.91-0.94 for inference questions, 0.53-
0.62 for comparison questions, and 0.49-0.59 for temporal questions.
The specification does not include a distribution X question-type
interaction, so this term soaks up item difficulty together with
the question random intercept; it does not test whether placement
effects differ by question type.

A sensitivity test dropping the 43 failed generations from the
model leaves the ANOVA pattern unchanged.

5.2 Generation Audit

Among the generation attributes, only topic drift is significant as a
Type III term, y2(2) = 6.43, p = .040 (Table 6). Tight-drift sessions
are retrieved more often (P = 0.192) than moderate-drift sessions
(0.130). Placement is marginal, y2(2) = 5.47, p = .065 while density
(x2(1) = 0.16, p = .691) and session length (y*(1) = 1.50, p = .221)
are not.

Per-evidence in-domain status remains by far the largest term
(¥?(1) = 81.64, p < .001), ahead of persona and agent (Table 6).
Dropping the sessions with missing information (§3.8) yields the
same conclusion: topic drift remains significant, placement remains
marginal and per-evidence in-domain status remains the largest
term.

The audit therefore shows that synthetic packaging of gold mem-
ory is not fully retrieval-neutral, but the residual effect is compara-
tively modest next to topic-match.

5.3 RQ1la: Architecture

RQ1a asks to what extent the effect of evidence distribution on
answer correctness varies across agent architectures. The distribu-
tion X agent interaction is not significant, y?(6) = 4.50, p = .610
(Table 3). Architecture therefore does not significantly moderate the
distribution effect. Agent is itself a significant predictor of answer
correctness, y2(3) = 13.17, p = .004, so some systems are more

accurate overall. Trends associated with particular architectural
choices are examined in an exploratory fashion in Appendix E.

5.4 RQ1b: Topic Match

RQ1b asks to what extent persona-specific memory composition
moderates the effect of evidence distribution on answer correctness.
The distribution X topic-match interaction is significant, y*(4) =
16.72, p = .002 (Table 3). Topic match therefore significantly mod-
erates the distribution effect: where the golden evidence resides
matters more or less depending on how well the question’s domains
match the evaluation persona’s memory profile.

Figure 6 shows the corresponding estimated marginal means.
Document-only correctness is essentially flat across topic-match lev-
els. The memory-only estimates, by contrast, fall as topical fit wors-
ens. Integrated sits between the two, remaining close to memory-
only when the question is in-domain and closer to document-only
when it is out-of-domain. Holm-adjusted pairwise contrasts within
each facet isolate the drop: none of the in-domain or partial con-
trasts reach significance, whereas out-of-domain memory-only is
reliably worse than both document-only (odds ratio 2.33, p < .001)
and integrated (odds ratio 1.84, p =.007).

This pattern is counter-intuitive relative to the literature that
motivated the design. Because conversational memory concentrates
around recurring interests (§2.2), we expected in-domain questions
to face denser, more competitive distractors and therefore to suffer
when evidence was placed in memory [9, 10, 22]. Instead, memory-
only correctness is highest when the question is in-domain and
collapses only once the question falls outside the persona’s topics.
One reading, pursued qualitatively in §5.6, is that category-level
topic match is a poor proxy for the embedding neighbourhood the
retriever actually sees: out-of-domain runs still surface semanti-
cally similar chunks, while the in-domain cell places gold inside
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Figure 6: Estimated P(correct) by evidence distribution,
faceted by topic match. Intervals are 95% asymptotic con-
fidence intervals on the response scale.

a haystack that is 75% same-domain by construction (§3.6). Alter-
natively, if future work reaffirms a genuine mismatch penalty, it
would be concerning: errors would concentrate on topics outside
the user’s profile, where the user is least equipped to notice them
and most in need of reliable answers when learning something new.
Despite being misaligned with the research that inspired the design
it might sit in line with findings that model reasoning can create
filter bubbles, biasing outputs toward affiliations stated in context
[13].

5.5 RQ1c: Retrieval

RQIc asks to what extent differences in answer correctness across
evidence distributions are accounted for by retrieval success. Nested
comparison of the primary mixed-effects model against the same
specification with recall added improves fit(Table 5). Retrieval is
therefore a strong predictor of whether a run is answered correctly.

Once recall is in the model it dominates the Type Il table (y*(1) =
86.92, p < .001), while the distribution X topic-match interaction
falls from y?(4) = 16.72 in Model 2 to 5.68, p = .224 (Table 4). That
drop indicates that the topic-match moderation of placement may
be rooted in retrieval. The next subsection pursues this reading
qualitatively.

5.6 Qualitative Analysis

To inspect how retrieval produces the distribution X topic-match
pattern, we investigated a sample of nine (g, p, agent) units in which
Exact Match disagreed across the distributions assigned to that
agent (three units per distribution with 18 runs in total). From the
inspected units we observe the following patterns:

o The single run that retrieved every gold item was answered
correctly.

e Out-of-domain memory-only runs typically miss the la-
belled gold sessions (recall 0) and abstain with Insufficient
Information, while the document-only twin of the same
unit is often already correct on a single gold article (recall
0.33-0.50).

o Those misses are not empty retrieval. The returned memory
chunks are often semantically close to the question required
related entities, events, or neighbouring coverage.
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o Integrated placement can match document-only recall while
missing the memory share of a comparison, or miss both
shares and substitute a distractor entity.

e Residual generation errors under incomplete recall include
polarity errors on comparisons.

These observations sit in line with the quantitative result in
§5.5 that the distribution X topic-match effect is rooted in retrieval.
They also are indicative of the topic-match label not describing the
context the generator LLM sees. Despite the golden context being
out-of-domain, the context is filled with sessions of the golden
context’s domain.

Furthermore, the observed similarity in retrieved memory chunks
from the same domain hints that the in-domain sessions might be
more semantically dense than expected. This would result in a
construct that fails to capture real world memory profiles.

Additionally, the analysis hints at a larger contamination prob-
lem despite the sampling frame (§3.2): questions screened as re-
quiring retrieval can still be answered from non-gold passages that
recycle similar but not exactly the same information. The correct
news article metadata is often missing from those passages, but for
short Exact-Match answers that payload can be enough.

5.7 Takeaways: Evidence Distribution (RQ1)

ROQ1 asked how the distribution of evidence across a document
corpus and conversational memory affects an agent’s answer cor-
rectness. The answer is that it does, but not as a uniform penalty
for placing evidence in memory. Averaged over topic match, the
three distributions are initially found significant (y?(1) = 6.36,
p =.042) but not reliably distinguishable with (Holm-adjusted es-
timated marginal means. What is more reliable is the interaction
with topic match (§5.4): memory-only correctness is superior when
the question matches the persona’s topics and falls once it does
not, while document-only remains flat. Evidence distribution there-
fore matters through its dependence on persona-specific memory
composition, not as a main effect that appears in every cell.

The remaining sub-questions bound that claim. The pattern
does not vary detectably across the four architectures (§5.3), so the
result is not an artifact of a single retrieval design. Retrieval success
dominates the recall-augmented model and the distribution X topic-
match interaction shrinks once recall is included (§5.5), which is
why we read the pattern qualitatively in §5.6. Consequently, we
cannot claim that “memory is harder than documents”. Instead we
observed that relocating the same evidence into conversational
memory is costly primarily when that evidence sits outside the
user’s topical profile.

5.8 Limitations

The experiment evaluated one language-model checkpoint as the
generator. Different models may use retrieved context differently,
and the findings may not carry over to other languages, time periods,
or knowledge domains.

MultiHop-RAG being the single source dataset is potentially the
largest weakness of the study. Since questions are known to be a
large source of variance, using a dataset with only synthetically
generated questions targeted at the document retrieval setting has
potential to limit our findings. Biasing toward the document-only
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distribution and resulting in less likely user sessions due to the
nature of the evidence being embedded.

The controlled design also relies on synthetic conversational
histories. This made it possible to move the same evidence while
holding the question fixed, but generated sessions cannot reproduce
every ambiguity, dependency, or change in preference found in nat-
ural user histories. Synthetic memories haystacks, especially when
generated to embed evidence details native to documents likely fail
to capture the complexity and distribution of real memories.

The evaluation metrics also might limit findings. Recall reflects
the evidence available to each agent, but ignores rank and whether
the generator attends to a passage (faithfulness). Exact match is
convenient and reproducible, but limits answers to concise strings
that are rarely seen in agent outputs today. The qualitative sample
also shows that questions screened as requiring retrieval can still be
answered from non-gold, semantically close passages; short Exact-
Match strings can succeed without the labelled article metadata, so
gold recall is not a strict account of what the model used. Category
topic-match and the 75% in-domain haystack likewise may overstate
how well the construct matches real user profiles.

5.9 Future Work

Replication with other language models, source datasets and agent
architectures remains the direct next step. Adapting the evaluation
to natural longitudinal conversation histories would better test
whether the findings generalise to production settings.

Future work should also probe the topic-match construct more
tightly, measuring embedding neighbourhood, LLM-as-a-judge se-
mantic similarity and distractor density rather than category labels
alone. Harder correctness criteria (citations, article identity, or faith-
fulness) would reduce the chance that near-duplicate contamination
counts as success. Separating retrieval from generation effects on
answer correctness remains a priority.

6 Conclusion

As QA agents increasingly combine private conversational memory
with external documents, a basic design question becomes unavoid-
able: does it matter where the evidence for a query is stored? This
study takes a first controlled step toward answering that question.
By moving the same evidence across memory and documents while
keeping the questions fixed, we separate source placement from
question difficulty, evidence content, and source availability.

The results show that memory is not simply another document
store. Evidence placement was associated with answer correctness,
but not through a simple document-vs-memory ordering. Instead,
the effect is moderated by topic match, with correctness collapsing
when queries require retrieving off-topic evidence from conversa-
tional history. These results suggest that evidence distribution and
memory composition jointly dictate agent performance. Addition-
ally, they reveal a concerning vulnerability: personalized systems
are systematically less reliable when users attempt to explore do-
mains outside their dominant conversational profiles. This dynamic
could act as a soft algorithmic filter bubble, penalizing user curiosity
with lower accuracy and warranting deeper study to see if these
patterns persist in production environments.

7 Ethical Reflection

This study does not evaluate real user conversations. The memory
corpora are synthetic sessions generated from a public QA dataset,
and the personas are experimental constructs rather than profiles of
actual people. This limits the immediate risk to human participants,
but it does not remove the ethical importance of the setting. The
work is motivated by systems that retrieve from private conversa-
tional memory, where the relevant evidence may include personal
preferences, relationships, routines, or sensitive facts that users did
not expect to be reused in later tasks [8].

The main ethical issue is therefore not the experimental data
itself, but the design implications of personalized memory retrieval.
If answer quality depends on how evidence is distributed across
memory and documents, then memory is not a neutral storage
backend. Decisions about what to remember, how to chunk it, how
long to retain it, and when to retrieve it can shape both system per-
formance and user exposure. Deployed systems should make these
choices visible to users, support deletion and correction of stored
memories, and avoid treating retrieved memory as automatically
relevant or consented-to merely because it is available.

The study also has representational limits. The three personas
and topic domains are simplified, and the generated conversations
cannot capture the full social, linguistic, or cultural variation of
real long-term memory. The results should therefore be read as
evidence about controlled retrieval conditions, not as a claim that
one memory design is generally safer or fairer across user groups.

8 Use of Generative Al

I used generative Al as a tool to speed up work that I designed,
directed, and verified. The research questions, experimental design,
interpretation of results, and the arguments in this thesis are my
own. I checked all generated code, text, citations, and analysis
outputs before including them.

8.1 Generative Al in the Experimental Pipeline

GPT-5.4 was used to generate synthetic conversational sessions
and GPT-OSS-120B to check fact coverage in those sessions (§3.5).
Llama 3.3 70B was the language model for all QA agents and for
Corrective RAG relevance grading (§4.1). These uses are part of the
studied system and are described in the dataset and methodology
sections.

8.2 Generative Al in Project Development

Cursor was used for programming assistance: autocomplete, look-
ing up R syntax and packages, and occasional help with scaffolding,
debugging, and drafting experiment or analysis code. I specified the
design, reviewed every change, and retained the implementation
as my own work. Project plans were written by me first; Al was
used only to brainstorm alternatives, improving clarity of my plans
and to retrieve notes I had already recorded.

For the thesis text, Al was used to aid research, to suggest struc-
ture, and to edit grammar, conciseness, tone, and KTgX formatting.
Al-produced text improved drafts I had written to communicate my
intended meaning more clearly. It did not introduce arguments or



results I had not already formulated. When it attempted to do so be-
cause of surrounding context or hallucinations, I removed that mate-
rial. Editing was done in Cursor and in ArkOffice (arkoffice.com), a
platform I help build and test. Only my own notes and non-sensitive
project material were provided as context. The underlying models
included Composer 2, Gemma 4, Claude Sonnet 5, and, toward the
end, Grok 4.6.
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Table 2: Example of each MultiHop-RAG question type with its required evidence and gold answer.

Type Question Required evidence Gold answer
Comparison ~ Does the Sporting News article on the Marshall (1) Sporting News; Ian Valentino; “UTSA vs. Marshall odds, props, predictions: ~Yes
Thundering Herd indicate a change in starting Roadrunners lay big spread in Frisco Bowl”; 2023-12-18. Fact: “Instead,
quarterback similar to the quarterback Marshall will start freshman Cole Pennington, who is the son of former
replacement reported for the Seattle Seahawks by Marshall star QB Chad Pennington.”
Sporting News? (2) Sporting News; Gilbert McGregor; “Seahawks vs. Giants live score, updates,
highlights from NFL ‘Monday Night Football’ game”; 2023-10-02. Fact: “Geno
Smith’s night appears to be done as Drew Lock is back in for the Seahawks.”
Temporal Did TechCrunch report on DeepMind’s expected (1) TechCrunch; Kyle Wiggers; “One year later, ChatGPT is still alive and Yes
Gemini release before reporting that Google kicking”; 2023-11-30. Fact: “DeepMind, Google’s premier Al research lab, is
released only a “lite” Gemini Pro version? expected to debut a next-gen chatbot, Gemini, before the end of the year”
(2) TechCrunch; Kyle Wiggers; “Google fakes an Al demo, Grand Theft Auto VI
goes viral and Spotify cuts jobs”; 2023-12-09. Fact: “But it didn’t release the full
model, Gemini Ultra—only a ‘lite’ version called Gemini Pro.”
Inference Which quarterback, less effective under pressure (1) CBSSports.com; Dave Richard; “NFL Fantasy Football Week 6 Lineup Brock Purdy
(CBSSports.com), also holds a 5-0 starting record Decisions: Starts, Sits, Sleepers, Busts to know for every game”; 2023-10-12.
for 2023 (Sportskeeda)? Fact: “However, Purdy’s been at his worst when pressured (like most
quarterbacks), completing 50% of his throws for 6.7 yards per attempt with a
gaudy 15.9% off-target rate”
(2) Sportskeeda; Nick Igbokwe; “Why is Brock Purdy called Mr. Irrelevant?
Story behind 49ers QB’s nickname explained”; 2023-10-10. Fact: “So far, Purdy
has started the 2023 NFL season where he left off, opening the season with a
5-0 record.”
Null Considering Times of India and Hindustan Times None Insufficient information.

articles on Jaya Bachchan, which film character is
portrayed by an actor who also served in the
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A MultiHop-RAG Examples

Table 2 presents an example of each question type from MultiHop-
RAG Dataset. These examples were sampled to be short and have
fewer evidence items for conciseness.

From the table it can be felt that the questions are synthetically
generated. They often signal deep knowledge of the source news
articles required for the question, while the answers seem to be
more trivial.

B Null Query Results

Though Figure 7 appears to portray trends in agent architecture
performance. Particularly the corrective agent being the least per-
formant. These results should be interpreted with nuance as the

Null-query abstention by agent and persona
100%

80%

60% | \
(]

40%

EM Accuracy

Persona

—eo— Tech
Tech & Business
Sports

20% -

0% :
Unified Store

T T T
Separate Store MemPalace Corrective

Figure 7: Null-query exact-match rate by agent and persona

experiment was not designed around evaluating null queries and
so the comparison is done purely for exploratory purposes.

C Generation Prompts

Figure 8 is the non-temporal system prompt used at generation
time, with filled fields shown in italics. Temporal items additionally
insert a published-at line in EVIDENCE TO EMBED and mention
publication time in the evidence-origin and preservation rules. Off-
topic evidence appends a TOPIC CONTEXT block after SCENARIO.

An additional Off topic block is added in case the evidence does
not align with the domain(s) of the persona. This block is seen in
Figure 9.

D Full Statistical Results

Tables 3 to 6 report the Type III analysis-of-deviance tests described
in §4.3. Each term is tested given all other terms in the model.
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System.
You are generating a realistic past interaction between a user and their Al assistant. The assistant is a general-purpose tool for tasks and questions—work or everyday—not a
companion chatbot. Keep the exchange grounded in concrete outcomes.

USER PROFILE:
[persona character]

The user’s communication style varies naturally between sessions. They may be concise and task-driven in one conversation and more exploratory or conversational in
another. The assistant should match the user’s energy—brief when the user is brief, more detailed when the user is asking open-ended questions. Avoid a rigid or formulaic
tone; the exchange should read like a real person talking to their Al assistant.

EVIDENCE AND KNOWLEDGE:

The block below is news-article reporting. The assistant has no access to it or any knowledge of the article except what the user says in this conversation. Only the user may
introduce the title, source, and key facts listed—the assistant must not state or assume them first. General domain knowledge is fine; this specific reporting is not. After the
user has supplied those details, the assistant may answer, analyze, or help, but must not be the originator of that factual content.

Incorporate the following evidence as something the user discussed with the assistant in the past.

EVIDENCE TO EMBED:

- Topic: [title]

- Source: [source]

- Key information: [fact]

SCENARIO:

The scenario below describes the user’s situation and motivation. It should shape how the user sounds and what they need from the assistant—not be quoted or announced
explicitly unless a real person would naturally say it that way.

[sampled scenario]

CONVERSATION NATURALISM:
[rendered from sampled topic-drift: tight / moderate / wide]

STRUCTURAL GUIDELINES:

- Produce a conversation of [min] to [max] turns ([min/2] to [max/2] user messages, with an equal number of assistant responses).

- [sampled evidence-placement instruction]

- [sampled evidence-density instruction]

- The user initiates the conversation. The user must introduce the evidence (title, source, and key factual details) across their messages.

- The full factual content of the “Key information”, the article title, and the source name must appear in the USER’s messages. Do not omit, paraphrase away, or dilute critical
details (names, numbers, dates, comparisons).

User. [sampled trigger phrasing]

Figure 8: Session-generation prompt (non-temporal). Italic brackets are filled per request from the persona, gold evidence, and
sampled diversity attributes. All other wording is shared across sessions.

TOPIC CONTEXT:

This topic is outside the user’s primary domain. They are engaging with it as a general-interest reader—through curiosity, social context, or incidental exposure. If the
scenario is work-related, the connection to this topic should be indirect (e.g., a colleague mentioned it, it came up in passing, or they encountered it while looking for
something else). The user should not sound like a domain expert on this topic.

Figure 9: Off-topic topic-context block. Appended to the system prompt after SCENARIO when the evidence domains do not
overlap the target persona.

Table 3: Type III Wald tests for the primary mixed-effects Table 4: Type III Wald tests after adding recall (RQ1Ic).
model of Exact-Match correctness.
Term x: df P
Term Xz af ) persona 0.88 2 .644
persona 1.72 2 422 dist 5.28 2 072
dist 636 2 042 agent 9.95 3 019
agent 13.17 3 004 topic match 870 2 013
topic match 1907 2 <.001 question type 2275 2 <.001
question type 2568 2 <.001 hop count 13041 <.001
hop count 344 1 064 recall 8692 1 <.001
dist X agent 450 6 610 dist X agent 5196 520
dist X topic match ~ 16.72 4 .002 dist X topic match 5.68 4 224

Table 5: Nested likelihood-ratio test of the primary model
versus the same specification with recall (RQ1c).

Model npar AIC BIC logLik x> df P
Primary 24 24416 2580.1 —1196.8 - = -
Primary + recall 25 23540 24983 —1152.0 89.54 1 <.001

Table 4 is a residual check after adding recall, not a re-test of the
experimental factors. Table 5 reports the nested likelihood-ratio
test of whether adding recall improves fit.



The Effect of Evidence Distribution Across Conversational Memory and Documents on QA Agent Answer Correctness

Table 7: Estimated P(correct) by agent from the primary
model. Values are emmeans on the response scale, averaged
over the remaining factors; intervals are 95% asymptotic con-
fidence intervals.

Agent P 95% CI

Separate Store ~ 0.780  [0.701,0.843]

MemPalace 0.780  [0.700,0.843]

Corrective 0.713  [0.622,0.790]
[

Unified Store 0.687 0.593,0.767]

Table 6: Type III Wald tests for the memory-only generation
audit (evidence hit).

Term ¥? df P
evidence placement 5.47 2 .065
topic drift 6.43 2 .040
evidence density 0.16 1 691
session length 1.50 1 221
agent 14.98 3 .002
persona 37.09 2 <.001
evidence in-domain  81.64 1 < .001

100%
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75% 718% osho
50%
25%
0%

Separate Store MemPalace Corrective Unified Store
Agent

P(correct)

Figure 10: Estimated P(correct) by agent.

E A Discussion of the Agent’s Architectural
choices

Agent is a significant predictor of Exact-Match correctness, y(3) =
13.17, p = .004 (Table 3), while the planned distribution X agent
interaction is not (y2(6) = 4.50, p = .610). Architectures therefore
differ in overall accuracy, not in how evidence placement affects
accuracy. The estimates below are marginal means from the pri-
mary model, averaged over distribution, persona, topic match and
question type (Figure 10; Table 7).

Separate Store and MemPalace are tied at P = 0.78. Corrective is
lower (0.71) and Unified Store lowest (0.69). Holm-adjusted pairwise
contrasts isolate only the two comparisons against Unified Store:
both Separate Store and MemPalace outperform it (odds ratio 1.62,
p = .021 in each case). Corrective is not reliably different from
either the leading pair or Unified Store after Holm adjustment.

The Unified Store deficit is expected on architectural grounds:
memory and document chunks compete for a shared retrieval bud-
get. That the same system is the only one that differs reliably from
the two-index designs, while Corrective does not, also sits with
the sample overview (§5.1): failed generations concentrate on Cor-
rective and are scored as incorrect, which pulls its marginal mean
down without producing a significant pairwise contrast.

Because the interaction is non-significant, cell-wise slopes in
Figure 11 are exploratory. They remain non-significant after recall
is added (Table 4). The curves are comparatively flat across agents
on integrated; the largest visual drop-offs on memory-only are for
Corrective and Unified Store. Those rankings are readings of the
figure, not pairwise tests.
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Figure 11: Estimated P(correct) by evidence distribution, faceted by agent. Intervals are 95% asymptotic confidence intervals on
the response scale, averaged over topic match and question type. The distribution X agent interaction is not significant (Table 3).
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