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Abstract001

Long-horizon conversational assistants must002
answer questions grounded in multi-session di-003
alogue, yet external memory faces two key004
challenges: (1) retrieval mismatch—queries005
often lack cues to surface relevant memories,006
and (2) conflict resolution—retrieved evidence007
contains fragmented information, negations, or008
overrides that similarity- and rule-based meth-009
ods cannot reliably handle. We propose ROXY,010
a retrieval-oriented memory framework that in-011
tegrates Generative Indexing and Conflict-012
Aware Reranking to address both challenges.013
For retrieval, ROXY performs Generative In-014
dexing (GI): an LLM generates anticipatory015
cue questions for each memory chunk and in-016
dexes them alongside the original content. For017
conflicts, a conflict-aware LLM judge rea-018
sons over high-recall candidates conditioned019
on the query, selecting logically coherent ev-020
idence without hand-crafted rules—whereas021
similarity-based methods fail to distinguish022
semantically similar but contradictory mem-023
ories. On the LoCoMo benchmark under a024
MemInsight-aligned evaluation protocol with025
the same embedding and answer-generation026
backbone, ROXY achieves 89.3 Recall@5 and027
41.2 F1, outperforming MemInsight by +28.8028
and +11.1 points respectively, with strong gains029
on single-hop, temporal, multi-hop, and ad-030
versarial questions. These results show that031
anticipatory indexing combined with adaptive032
conflict reasoning offers a scalable solution for033
memory-grounded conversational agents. Code034
and prompts will be publicly available.035

1 Introduction036

Long-horizon conversational assistants are increas-037

ingly expected to operate over weeks of interac-038

tion: users return to past decisions, revisit earlier039

plans, and ask questions whose answers are scat-040

tered across many sessions. Yet even strong LLMs041

remain bounded by a fixed context window, and042

performance degrades when required evidence lies043

Without cue questions, the

system only hits surface

matches (E1), missing the
latent reasoning bridge (E2)

required for the full answer.USER

MULTI-HOP QUERY

"When did Caroline go to the

support group in her old

country?"

Partial Alignment

Direct Evidence (E1)

"Caroline attended LGBTQ group

on 7 May 2023."

HIT

Latent Bridge (E2)

"Caroline moved here from

Sweden 4 years ago."

MISS

Evidence Chain Completion:

Generating targeted cue

questions allows ROXY to

discover both direct and
latent evidence nodes

simultaneously.
USER

MULTI-HOP QUERY

"When did Caroline go to the

support group in her old

country?"

Full Evidence Discovery

Cue 1: Target E1

"When were the support group

sessions held?"

Cue 2: Target E2

"What is Caroline's original

country?"

TRADITIONAL Q-to-Memory

ROXY Q-to-Question (OURS)

Figure 1: Overview of Generative Indexing. The model
generates anticipatory queries for memory chunks to
bridge the gap between retrieval cues and stored content.

far outside the prompt. This challenge is made ex- 044

plicit by LoCoMo, a benchmark of very long-term, 045

multi-session conversations where questions de- 046

mand single-hop recall, multi-hop reasoning across 047

sessions, temporal grounding, open-domain con- 048

textual understanding, and robustness to adversar- 049

ial/unanswerable queries (Maharana et al., 2024). 050

In such settings, improving retrieval from con- 051

versational memory is often the decisive factor: 052

when the right experiences are not surfaced, an- 053

swer generation becomes unreliable regardless of 054

the generator’s strength. A common approach 055

attaches an external memory store and performs 056

retrieval-augmented generation (RAG) at inference 057

time (Lewis et al., 2020). Recent systems explore 058

long-term memory management and compression 059

(e.g., MemoryBank, MemGPT) (Zhong et al., 2024; 060

Packer et al., 2023), as well as reading agents that 061

maintain gist-like representations for extremely 062

long contexts (Lee et al., 2024). Despite mean- 063

ingful progress, many memory pipelines still de- 064

pend on matching a runtime query to statement-like 065

stored memories (turns, summaries, or metadata), 066

leading to a persistent cue mismatch: users typi- 067

cally pose questions with new wording, intent, and 068

perspective, while memories were stored as past 069

utterances. As a result, relevant information can be 070
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1. High-Recall Coarse Stage:

Multi-Cue generation ensures high recall.

However, semantic similarity (sim score)

alone cannot distinguish between current and

historical facts.

2. Logic-Aware Arbitration:

Instead of rigid deletion rules (Memory

Evolution), we use LLM reasoning to resolve

temporal and situational conflicts in retrieved

segments.

3. Correct Context Selection:

Leveraging Latent Reasoning to output a

globally consistent context, preventing

Hallucinations caused by outdated or

conflicting evidence.

CANDIDATES

⚠ Logical Conflict: Multiple Occupations

Mem_402: Caroline Info

"Caroline is now pursuing Software

Engineering."

sim: 0.95

Mem_108: Caroline Info

"Caroline worked as a **Nurse**

previously..."

sim: 0.93

LLM CONSISTENCY CHECK

Evidence Arbitration:

"Evidence Mem_402 contains the

temporal indicator 'now', which

overrides the 'previously' status in

Mem_108."

✔ Temporal Logic Verified

CONSISTENT EVIDENCE

Final evidence for accurate generation.

Primary Context

"Caroline is pursuing Software

Engineering."

COARSE RETRIEVAL (Recall)
LLM RERANKING (JUDGE)

REFINED CONTEXT

Figure 2: Overview of Conflict-Aware Reranking. A set-
conditioned LLM judge evaluates retrieved candidates
to resolve contradictions and select consistent evidence.

present in the memory bank but remain effectively071

unreachable under future query forms.072

Motivated by the Encoding Specificity Principle073

(Tulving and Thomson, 1973; Morris et al., 1977),074

ROXY addresses this mismatch by proactively in-075

jecting future-oriented retrieval cues at indexing076

time (Figure 1). For each memory chunk, an LLM077

generates plausible questions that users might ask,078

incorporating these cues into the index—akin to079

document expansion (Nogueira et al., 2019a) but080

specialized to conversational memory.081

Long-horizon conversational memory introduces082

a second difficulty that is often underemphasized:083

retrieval is not only about semantic similarity,084

but also about selecting logically compatible ev-085

idence across distributed sessions, partially match-086

ing contexts, and logical overrides. In multi-087

session conversations, multiple retrieved memories088

may be individually relevant yet mutually contra-089

dictory, which can break multi-hop reasoning or090

produce inconsistent answers. Prior work com-091

monly addresses this by designing explicit memory092

augmentation, prioritization, or evolution mech-093

anisms. In particular, our primary comparison094

target MemInsight proposes autonomous memory095

augmentation and includes a Priority strategy tai-096

lored to better handle multi-hop reasoning (Salama097

et al., 2025). While rule-based strategies can han-098

dle specific conflict patterns, enumerating them for099

open-ended conversation is infeasible. By contrast,100

utilizing an LLM-based judge leverages general-101

ized semantic reasoning to arbitrate conflicts dy-102

namically, adapting to nuanced contradictions that103

rigid rules cannot capture. ROXY adopts this ev-104

idence selection approach: specifically, it uses a105

set-conditioned conflict-aware judge to rerank can-106

didates (Figure 2), explicitly avoiding hand-crafted107

evolution heuristics.108

We evaluate ROXY on LoCoMo under an exper-109

imental protocol aligned with MemInsight (Salama110

et al., 2025; Maharana et al., 2024). To isolate the111

effect of Generative Indexing and conflict-aware ev- 112

idence selection, we keep the embedding and gen- 113

eration configuration identical to MemInsight and 114

reuse the same category-aware generation prompt- 115

ing. Under this controlled setting, ROXY achieves 116

89.3 Recall@5 and 41.2 overall F1 on LoCoMo, 117

improving over MemInsight’s best reported results 118

by +28.8 Recall@5 and +11.1 F1, with particularly 119

strong gains on single-hop, temporal, and adversar- 120

ial questions. 121

Contributions. 122

• We propose ROXY, a retrieval-oriented con- 123

versational memory framework that combines 124

Generative Indexing and Conflict-Aware 125

Reranking to bridge cue mismatch and re- 126

solve contradictions. 127

• We instantiate Generative Indexing (GI) 128

with two complementary strategies—cue fu- 129

sion (concatenation) and cue separation 130

(multi-vector)—both targeting the core cue- 131

mismatch problem by integrating anticipated 132

cue questions into the retrieval index. 133

• We introduce a set-conditioned, conflict- 134

aware reranking mechanism that resolves 135

contradictions among retrieved candidates at 136

retrieval time, avoiding hand-crafted memory 137

evolution rules. 138

2 Related Work 139

2.1 Long-Horizon Conversational Memory 140

and Evaluation 141

LLM agents operating over weeks of interaction 142

require memory systems that persist beyond fixed 143

context windows (Packer et al., 2023; Zhong et al., 144

2024). Generative agents demonstrate how such 145

memory streams support believable simulacra of 146

human behavior (Park et al., 2023). To evaluate 147

these capabilities, benchmarks like LongBench 148

(Bai et al., 2023) and LongMemEval (Wu et al., 149

2024) assess long-context understanding, while No- 150

LiMa (Modarressi, 2025) targets non-literal con- 151

sistency. Most relevant to our work is LoCoMo 152

(Maharana et al., 2024), which specifically targets 153

very long-term, multi-session QA. We adopt Lo- 154

CoMo’s protocol and compare against strong base- 155

lines including ReadAgent (Lee et al., 2024) and 156

MemInsight (Salama et al., 2025). 157
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2.2 Addressing Retrieval Mismatch via158

Generative Indexing159

A fundamental challenge in memory retrieval is160

retrieval mismatch: future queries often differ161

linguistically from stored past utterances. Tra-162

ditional dense retrieval (Karpukhin et al., 2020;163

Izacard et al., 2021) and sparse methods (BM25,164

SPLADE) (Robertson and Zaragoza, 2009; Formal165

et al., 2021) rely on direct semantic modulation,166

which can be brittle under diverse query forms.167

Conversational search attempts to bridge this gap168

by rewriting queries at runtime (Anantha et al.,169

2020; Voskarides et al., 2020; Yu et al., 2021),170

but this adds latency and propagates errors. An171

alternative from IR is document expansion (e.g.,172

Doc2Query, InPars), which synthesizes potential173

queries at indexing time (Nogueira et al., 2019b;174

Bonifacio et al., 2022; Dai et al., 2022; Wang et al.,175

2023). ROXY adapts this strategy to conversational176

memory via Generative Indexing: by generating177

anticipatory cue questions for each memory chunk,178

we enable robust query-to-query matching without179

runtime rewriting.180

2.3 Conflict Resolution and Evidence181

Selection182

Long-term memory inevitably accumulates contra-183

dictions due to temporal updates or user corrections.184

While Model Editing approaches like ROME and185

MEMIT edit weights directly to resolve conflicts186

(Meng et al., 2022a,b; De Cao et al., 2021), they187

are risky for user-specific data. Retrieval-based188

systems often rely on hand-crafted rules or heuris-189

tics, such as MemInsight’s priority scoring (Salama190

et al., 2025). ROXY instead treats conflict resolu-191

tion as a dynamic evidence selection problem. In-192

spired by “LLM-as-a-Judge” and self-consistency193

frameworks (Zheng et al., 2023; Wang et al., 2022),194

we employ a conflict-aware reranker to arbitrate195

among retrieved candidates, filtering invalid or con-196

tradictory evidence based on the specific query con-197

text.198

3 Methodology199

ROXY consists of two main stages: offline genera-200

tive indexing to bridge cue mismatch, and online201

conflict-aware reranking to resolve contradictions.202

3.1 Memory Bank203

We flatten a multi-session conversation into a mem-204

ory bank B = {b1, . . . , bN}. Each memory chunk205

stores the utterance content xi and auxiliary meta- 206

dataMi: 207

bi = (xi,Mi). (1) 208

In ROXY, indexing and retrieval are performed 209

on xi only. Metadata Mi (e.g., timestamps) is 210

preserved for downstream answer generation, es- 211

pecially for temporal questions, but is not used to 212

build the retrieval index. 213

Memory chunk definition. Each memory chunk 214

xi corresponds to a single dialog turn, maintaining 215

one-to-one alignment with LoCoMo’s turn-level 216

evidence annotations (e.g., “D1:3” = Session 1, 217

Turn 3). 218

speaker said, “text” 219

For example: “Caroline said, ‘I went to the LGBTQ 220

support group.’” This design has three key proper- 221

ties: (i) no overlap between chunks—each turn is 222

atomic; (ii) no multi-turn aggregation—preserving 223

LoCoMo’s granularity and ensuring Recall@k met- 224

rics are directly comparable with gold evidence; 225

(iii) timestamps are recorded inMi and provided 226

only during answer generation for temporal reason- 227

ing. 228

3.2 Offline Generative Indexing with Cue 229

Questions 230

To bridge cue mismatch, ROXY generates cue ques- 231

tions for each memory chunk at indexing time. 232

Cue question generation. For each memory 233

chunk bi, we generate nq questions that a user 234

might ask such that xi provides the answer: 235

Qi = {qi1, . . . , qinq} ← LLMidx(xi;nq). (2) 236

Here, nq is a hyperparameter controlling the num- 237

ber of cue questions per memory. When nq = 0, 238

ROXY reduces to standard dense retrieval with- 239

out generative indexing. All prompt templates are 240

reported in Appendix A.5. 241

Indexing strategies. We incorporate cue ques- 242

tions into the index using one of two strategies. 243

Concat indexing. We concatenate xi with its cue 244

questions into a single augmented text and embed 245

once, storing one vector per memory chunk: 246

x̃i = xi ⊕ Join(Qi), vcat
i = ϕ(x̃i). (3) 247

Multi-vector indexing. We embed the original 248

memory and each cue question separately, creating 249

3



memory
Example memories:

E1 “Caroline attended LGBTQ group on 7 May 2023.”

E2 “Caroline moved here from Sweden 4 years ago.”

Rewrite Engine

Generate cue questions (ROXY)

E1

E2

Online Encoder

Primary Encoder

Answer Generator
“Caroline went to the support group
in Sweden on 7 May 2023.”

User Query
“When did Caroline go to the support
group in her old country?”

Evidence Pool

✓ E2 (Latent Bridge): “Caroline moved
here from Sweden 4 years ago.”

✓ E1 (Hit): “Caroline attended LGBTQ
group on 7 May 2023.”

Top-k Retrieval Matching

 E2 ⇒ old country = Sweden
 E1 ⇒ date = 7 May 2023

LoCoMo: resolve conflicts via temporal logic

LLM Judge

Similarity Measurement

  line’s original country?”

CUE1 CUE2 CUE3

Example:

“What is Caro

 Cue Questions

Vector mem

Vector query

Concat indexing

Multi-Vector Indexing

“When were the support group
sessions held?”

Example:  Cue Questions

CUE1

Offline Indexing

CUE2

Unified Index Hub

CUE3

Online Retrieval

Figure 3: Overview of the ROXY pipeline. (Left) Offline Generative Indexing: Each memory chunk bi is
processed to generate nq anticipatory cue questions Qi, enabling query-to-query matching. These cues are encoded
via Concat Indexing (single fused vector) or Multi-Vector Indexing (separate entry points). (Center) Unified Vector
Index: Encoded cue vectors are stored for similarity-based retrieval. (Right) Online Retrieval & Generation:
Dense retrieval returns candidates B(0)q ; a conflict-aware LLM Judge produces B(1)q ; the Answer Generator outputs
a memory-grounded response.

multiple entry points that map to the same memory250

id:251

vi0 = ϕ(xi), vij = ϕ(qij) (j = 1, . . . , nq).
(4)252

At retrieval time, all vectors {vi0,vi1, . . . ,vinq}253

vote for the same memory chunk bi.254

Notation for retrieval parameters. We use kret255

to denote the number of candidates retrieved in256

the dense stage (Top-kret), and kctx to denote the257

number of memories finally provided to the answer258

generator.259

3.3 Online Dense Retrieval260

At inference time, ROXY encodes the user query261

as u = ϕ(q) and retrieves candidates by cosine262

similarity.263

Concat retrieval. Each memory has one indexed264

vector vcat
i ; we retrieve the top-kret by similarity.265

Multi-vector retrieval. Each memory has mul-266

tiple vectors {vi0, . . . ,vinq} serving as alternative267

access points. The relevance score is the maximum268

similarity:269

Si(q) = max
j∈{0,...,nq}

u⊤vij . (5)270

We select the top-kret memories by Si(q) for rerank-271

ing.272

3.4 Conflict-Aware Reranking and 273

Memory-Grounded Answering 274

Dense retrieval provides an efficient candidate set 275

but may surface memories that are semantically 276

similar yet logically incompatible (e.g., fragmented 277

vs. complete statements, mutually contradictory ev- 278

idence, or broken reasoning chains). Instead of 279

injecting hand-crafted evolution rules into the mem- 280

ory store, ROXY resolves such conflicts at retrieval 281

time by reranking candidates with an LLM-based 282

judge. 283

Reranking score. Let B(0)q denote the top-kret 284

candidates from dense retrieval. An LLM-based 285

reranker assigns each candidate bi an evidence util- 286

ity score: 287

ri = gLLM

(
q, bi | B(0)q

)
∈ [0, 1]. (6) 288

The conditioning “| B(0)q ” allows the reranker to 289

consider all candidates when scoring, enabling sup- 290

pression of contradictory or irrelevant evidence. 291

Set-conditioned implementation. All kret can- 292

didates are presented to the LLM simultaneously, 293

with instructions to reason about relevance, multi- 294

hop connectivity, and logical consistency. The 295

LLM assigns each candidate an integer score (0– 296

10) normalized to [0, 1], suppressing redundant or 297
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contradictory evidence in a single pass. Although298

the output format provides a score per item, the299

scoring process is performed jointly over all can-300

didates within the same context, making it a set-301

conditioned listwise approach. Prompt templates302

are in Appendix A.5.303

Evidence selection and answer generation. We304

select the top-kctx memories by ri:305

B(1)q = TopK
(
{(bi, ri)}bi∈B(0)

q
, kctx

)
. (7)306

The answer generator then produces â ←307

LLMgen(q,B(1)q ).308

4 Experiment309

4.1 Benchmark and metrics310

Benchmark We evaluate ROXY on the LoCoMo311

benchmark, which targets very long-term conversa-312

tional memory over multi-session dialogues span-313

ning extended periods (Maharana et al., 2024).314

LoCoMo provides a memory-grounded QA set-315

ting where the agent must answer questions by316

locating and using evidence from a long conver-317

sation history. The questions are grouped into318

five categories—single-hop, multi-hop, temporal,319

open-domain, and adversarial—covering direct re-320

call, compositional reasoning across multiple turns,321

time-aware reasoning, context-dependent conversa-322

tional understanding, and robustness to unanswer-323

able or misleading queries (Maharana et al., 2024).324

Metrics. Following the LoCoMo protocol and325

the evaluation setup adopted by MemInsight326

(Salama et al., 2025), we report two complemen-327

tary metrics. (1) Retrieval quality is measured328

by Recall@5 accuracy. Recall@5 is computed as329

the proportion of gold evidence IDs (session-level330

following MemInsight, turn-level in ablations) that331

appear in the top-5 retrieved items. (2) Answer332

quality is measured by token-level F1 between the333

generated answer and the reference answer. We334

report results by question category and overall,335

matching the table format in MemInsight for di-336

rect comparison.337

4.2 Baselines and Evaluation Protocol338

Experimental Setup and Alignment. To ensure339

a fair, controlled comparison with MemInsight340

(Salama et al., 2025), we keep the embedding341

model and answer generation model identical.342

Furthermore, we adopt MemInsight’s session-level343

evidence matching criterion for Recall@5: a pre- 344

diction is correct if the retrieved memories cover 345

the required session IDs. This alignment allows us 346

to isolate the impact of ROXY’s Generative Index- 347

ing and conflict-aware reranking. 348

Baselines. We compare against representative 349

LoCoMo-memory methods reported in prior work, 350

including the LoCoMo baseline system (Maharana 351

et al., 2024), long-context reading agents such as 352

ReadAgent (Lee et al., 2024), and long-term mem- 353

ory frameworks such as MemoryBank (Zhong et al., 354

2024). For embedding-based retrieval, we include 355

the DPR-style RAG baseline (Karpukhin et al., 356

2020) as a standard dense-retrieval reference point, 357

and we use MemInsight’s published LoCoMo re- 358

sults as the main comparison target (Salama et al., 359

2025). 360

System configuration. We follow a hybrid de- 361

ployment consistent with the MemInsight-style 362

evaluation pipeline: (1) embeddings are produced 363

by Amazon Titan Embed Text v2 via AWS Bedrock 364

(Amazon Web Services, 2025); (2) indexing-time 365

question generation and online reranking are per- 366

formed by a lightweight local LLM served with 367

vLLM (Kwon et al., 2023), instantiated as Qwen3- 368

4B-Instruct-2507 (Qwen Team, 2025); and (3) final 369

answer generation is produced by Claude 3 Son- 370

net via AWS Bedrock (Anthropic, 2024). Exact 371

prompts and implementation details are deferred to 372

Appendix A. 373

4.3 Empirical Results 374

Retrieval analysis (Recall@5). Table 1 com- 375

pares retrieval performance across embedding- 376

based methods. Under the concatenation- 377

based indexing strategy, ROXY with Qwen3-4B- 378

Instruct achieves the best overall retrieval accu- 379

racy (89.3 Recall@5), substantially improving over 380

MemInsight’s best reported result (60.5). The 381

multi-vector-based variant also performs competi- 382

tively at 87.8 overall. ROXY sets new state-of-the- 383

art results in single-hop (94.7), temporal (94.1), 384

and adversarial (89.9) categories. In particular, 385

the large lift in temporal Recall@5 (94.1 for con- 386

cat) suggests that GI substantially strengthens time- 387

related retrievability (e.g., “when”-style questions), 388

even without modifying the embedding or genera- 389

tor backbones. 390

Relevance reranker vs. conflict-aware judge. 391

Interestingly, replacing the Qwen3-4B-Instruct 392
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Model Single Multi Temp. Open Adv. Overall Avg Rank↓

Embedding-Based Retrieval
RAG Baseline (DPR) 15.7 31.4 15.4 15.4 34.9 26.5 7.8
MemInsight (Llama v3Pri.) 31.3 63.6 23.8 53.4 28.7 44.9 6.2
MemInsight (Mistral v1Pri.) 31.4 63.9 26.9 58.1 36.7 48.9 4.5
MemInsight (C3-SonnetBasic) 33.2 67.1 29.5 56.2 35.7 48.8 4.5
MemInsight (C3-SonnetPri.) 39.7 75.1 32.6 70.9 49.7 60.5 2.5

Cue-Augmented Retrieval (Ours)
Concatenation-based

ROXYconcat (Qwen3-4B-Instruct) 94.7 74.7 94.1 64.6 89.9 89.3 1.5
ROXYconcat (Qwen3-4B-Reranker) 93.0 66.2 89.4 62.5 89.7 86.5 3.2

Multi-vector-based
ROXYmultivec (Qwen3-4B-Instruct) 94.0 72.4 93.4 67.3 85.9 87.8 2.0

Table 1: Retrieval accuracy (session-level Recall@5) on LoCoMo for embedding-based retrieval. Columns:
Single-hop, Multi-hop, Temporal, Open-domain, Adversarial question categories. Rank↓: average rank across
categories (lower is better). Non-ROXY rows are from MemInsight (Salama et al., 2025). ROXY results use kret=40
and nq=3 generated cue questions.

Model Single Multi Temp. Open Adv. Overall Avg Rank↓

Baseline (Claude-3-Sonnet) 15.0 10.0 3.3 26.0 45.3 26.1 7.0
LoCoMo (Mistral v1) 10.2 12.8 16.1 19.5 17.0 13.9 6.0
ReadAgent (GPT-4o) 9.1 12.6 5.3 9.6 9.8 8.5 9.4
MemoryBank (GPT-4o) 5.0 9.6 5.5 6.6 7.3 6.2 10.4

Attribute-based Retrieval
MemInsight (Claude-3-Sonnet) 18.0 10.3 7.5 27.0 58.3 29.1 4.2

Embedding-Based Retrieval
RAG Baseline (DPR) 11.9 9.0 6.3 12.0 89.9 28.7 6.8
MemInsight (Llama v3Pri.) 14.3 13.4 6.0 15.8 82.7 29.7 5.4
MemInsight (Mistral v1Pri.) 16.1 14.1 6.1 16.7 81.2 30.0 4.2
MemInsight (C3-SonnetBasic) 14.7 13.8 5.8 15.6 82.1 29.6 5.6
MemInsight (C3-SonnetPri.) 15.8 15.8 6.7 19.7 75.3 30.1 3.8

Cue-Augmented Retrieval (Ours)
ROXYconcat (Claude-3-Sonnet) 37.9 27.6 17.0 14.4 79.2 41.2 2.8

Table 2: Answer generation accuracy (F1 %) on LoCoMo with kctx=5 retrieved memories. Columns: Single-hop,
Multi-hop, Temporal, Open-domain, Adversarial question categories. Rank↓: average rank across categories (lower
is better). Non-ROXY rows are from MemInsight (Salama et al., 2025).

judge with a dedicated Qwen3-4B-Reranker393

model—which is explicitly trained for relevance394

scoring—leads to lower retrieval performance395

(86.5 vs. 89.3 overall Recall@5). The performance396

drop is most pronounced in multi-hop (66.2 vs.397

74.7). This result aligns with our design intuition:398

while a pure relevance reranker excels at query–399

document matching, it does not inherently han-400

dle conflict resolution, temporal updates, or evi-401

dence set composition—capabilities that are criti-402

cal for LoCoMo’s multi-session dialogue setting403

where memories may contradict or supersede each404

other. This finding further motivates ROXY’s use405

of a conflict-aware judge rather than a standard406

relevance-based reranker for final evidence selec-407

tion.408

Performance analysis (F1). For answer gener-409

ation evaluation (Table 2), we adopt ROXYconcat410

with Qwen3-4B-Instruct as the retrieval configura-411

tion, since it achieves the highest overall Recall@5 412

(89.3) and thus provides the most comprehensive 413

evidence for the downstream generator. ROXY 414

achieves the best overall answer accuracy (41.2 F1), 415

substantially surpassing the strongest MemInsight 416

setting (30.1). The gains are most pronounced 417

in single-hop (37.9) and multi-hop (27.6), which 418

are precisely the categories where user queries fre- 419

quently deviate from the original utterance surface 420

form. This pattern is consistent with ROXY’s core 421

mechanism: indexing-time cue questions increase 422

the probability that a future query matches at least 423

one stored cue, making relevant evidence more ac- 424

cessible for generation. (See Appendix A.7 for 425

diverse qualitative examples.) 426

4.4 Ablation Study 427

Since final answer generation directly depends on 428

retrieving the exact evidence turns, we report turn- 429

6



Method Single Multi Temp. Open Adv. Overall

w/o GI & Rerank 33.5 70.3 27.5 64.8 47.7 55.6
w/o GI 49.0 82.2 41.2 80.9 63.7 70.9
w/o Rerank 39.2 76.0 34.0 70.5 47.3 60.0
ROXY (Full) 51.9 82.5 44.4 81.9 63.6 71.9

Table 3: Ablation study on the contribution of each component. GI = Generative Indexing (cue question generation).
Rerank = LLM-based conflict-aware reranking. All experiments use concat indexing with kret=40. Turn-level
Recall@5 (%) reported.
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Figure 4: Left: Effect of Generative Indexing (GI) on retrieval performance. GI improves Recall@5 by transforming
memory representations from statement semantics to query semantics. Right: Effect of Conflict-Aware Reranking
on retrieval performance. Reranking substantially improves Recall@5 by filtering noisy candidates and resolving
contradictory evidence. The coarse candidate set (Recall@40) serves as an upper bound for the final evidence
selection (Recall@5).

level Recall@5 in this section—a prediction is cor-430

rect only if the retrieved turns exactly match the431

annotated gold evidence. This turn-level metric bet-432

ter reflects each component’s contribution to down-433

stream answer quality, as partial or approximate434

matches do not guarantee sufficient context for ac-435

curate generation. We ablate Generative Indexing436

(GI) and Conflict-Aware Reranking separately (Ta-437

ble 3).438

Effect of Reranking. Reranking is the dominant439

contributor. Removing it (“w/o Rerank”) drops440

overall Recall@5 from 71.9 to 60.0 (–11.9 points).441

The degradation is most severe for adversarial (–442

16.3) and single-hop (–12.7) categories, where sup-443

pressing misleading or outdated evidence is critical.444

This confirms that dense retrieval alone retrieves445

a noisy candidate set; the LLM-based judge is es-446

sential for selecting coherent, non-contradictory447

evidence.448

Effect of Generative Indexing. When applied449

alone (without reranking), GI improves overall450

Recall@5 from 55.6 to 60.0 (+4.4 points), with451

the largest gains in temporal (+6.5) and single-452

hop/open-domain (+5.7). This improvement453

stems from the core design of GI: by generating454

cue questions at indexing time, we transform mem-455

ory representations from statement semantics to456

query semantics, enabling query-to-query match-457

ing rather than query-to-memory matching. Since 458

user queries are naturally phrased as questions, 459

matching against pre-generated questions of sim- 460

ilar intent yields stronger semantic overlap than 461

matching against raw conversational utterances. 462

Component synergy. When combined with 463

reranking, GI still contributes an additional +1.0 464

point (from 70.9 to 71.9), demonstrating that the 465

two mechanisms are complementary rather than 466

redundant. GI expands retrieval coverage by in- 467

jecting future-oriented cues at indexing time, while 468

reranking refines the candidate set by resolving 469

conflicts at retrieval time—together delivering the 470

best overall performance. 471

Dense retrieval vs. reranked evidence. With 472

dense retrieval depth kret=40, ROXY reaches Re- 473

call@40 of 83.0 overall (Multi-hop 72.9, Temporal 474

90.4, Single-hop 61.6, Open-domain 91.0, Adver- 475

sarial 73.3), and reranking selects the final top-5 476

evidence achieving Recall@5 of 71.9. This gap 477

indicates that most gold evidence is present in the 478

coarse candidate pool. When Recall@40 is high 479

but Recall@5 remains low, the failure is not due to 480

retrieval coverage, but due to the inability to dis- 481

tinguish logically invalid yet semantically similar 482

memories, necessitating conflict-aware evidence 483

selection under a tight context budget. 484
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Figure 5: Left: Effect of retrieval kret on turn-level Recall@5. Right: Effect of the number of cue questions (nq) on
turn-level Recall@5. All experiments use reranking. Concat indexing outperforms Multi-Vector across settings.

4.5 Hyperparameter Analysis485

We analyze two key hyperparameters: the retrieval486

depth kret and the number of generated cue ques-487

tions nq (Figure 5).488

Effect of retrieval kret. We vary the coarse re-489

trieval depth kret ∈ {30, 40, 50} while keeping490

nq=3 fixed. Concat indexing peaks at kret=40491

(71.9% Recall@5), while Multi-Vector continues492

to improve with larger kret (70.6% at kret=50), sug-493

gesting that its sparser matching pattern benefits494

from a larger candidate pool. Although Multi-495

Vector’s upward trend implies further gains at496

kret > 50, we limit our experiments to kret ≤ 50497

due to the memory constraints of the LLM-based498

reranker: the KV cache grows linearly with the499

number of candidates, and larger kret significantly500

increases GPU memory consumption. In princi-501

ple, one could rerank the entire memory bank, but502

in practice this introduces a trade-off between re-503

trieval quality and computational cost.504

Effect of cue question count (nq). We vary505

the number of generated cue questions nq ∈506

{1, 3, 5, 7} with kret=40. For concat indexing, per-507

formance peaks at nq=3 (71.9%) and remains sta-508

ble at nq=5, then declines at nq=7 (71.3%). Multi-509

Vector shows a similar pattern but with sharper510

degradation at higher nq. Excessive questions intro-511

duce noise that dilutes the core memory semantics,512

particularly for multi-vector indexing where each513

question creates an independent retrieval anchor.514

Based on these results, we adopt kret=40 and nq=3515

as the default configuration.516

5 Conclusion517

We presented ROXY, a long-horizon conversa-518

tional memory framework based on Generative519

Indexing and Conflict-Aware Reranking. Moti-520

vated by the Encoding Specificity Principle (Tulv- 521

ing and Thomson, 1973) (and transfer-appropriate 522

processing (Morris et al., 1977)), ROXY performs 523

Generative Indexing: it injects future-oriented re- 524

trieval cues at indexing time by generating question- 525

style access points for each memory chunk, in- 526

stantiated with both cue-fusion (Concat) and cue- 527

separation (Multi-Vector) indexing. At retrieval 528

time, ROXY further uses a set-conditioned LLM 529

judge to select a coherent evidence subset, explic- 530

itly addressing the practical reality that long-term 531

conversational memories contain updates and con- 532

tradictions. Evaluated on LoCoMo (Maharana 533

et al., 2024) under the same embedding and gener- 534

ation configuration as MemInsight (Salama et al., 535

2025), ROXY achieves new best results on both 536

retrieval (Recall@5) and end-to-end answer accu- 537

racy (F1), demonstrating that strong gains can be 538

obtained without injecting hand-crafted memory 539

evolution rules into storage. More broadly, ROXY 540

suggests a shift in how we build long-term mem- 541

ory for LLM agents: instead of hard-coding brittle 542

evolution heuristics, we return conflict resolution 543

to the LLM—treating contradictions as an evidence 544

selection problem and letting the model’s own rea- 545

soning capacity arbitrate among competing candi- 546

date memories. 547

Limitations 548

ROXY’s reliance on an LLM-based reranker intro- 549

duces additional latency, which future work could 550

mitigate through efficiency optimizations of distil- 551

lation. System inherits the limitations of underly- 552

ing LLMs; hallucinations in generated cues may 553

negatively impact retrieval precision. Finally, our 554

evaluation is limited to the LoCoMo benchmark; 555

validating generality across broader dialogue distri- 556

butions and implementing robust privacy controls 557

remain important directions for future deployment. 558
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Ethics Statement559

This work involves the development of long-term560

conversational memory systems, which inherently561

raises privacy and security concerns. Storing and562

retrieving user dialogues over extended periods ne-563

cessitates strict data governance, including encryp-564

tion, access controls, and mechanisms for users to565

inspect or delete stored memories (“right to be for-566

gotten”). While our experiments use the public Lo-567

CoMo benchmark, real-world deployment requires568

careful consideration of PII (Personally Identifiable569

Information) protection. Furthermore, the gener-570

ative components (cue generation and reranking)571

rely on LLMs that may exhibit biases; future work572

must evaluate whether such biases are amplified573

by the memory selection process. We do not fore-574

see direct misuse potential beyond standard LLM575

risks, but enhanced long-term persuasion capabil-576

ities warrant monitoring to prevent manipulative577

behaviors.578
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A Additional Experimental Details731

This appendix provides comprehensive implemen-732

tation details for the ROXY memory retrieval and733

QA pipeline, including baseline configurations,734

metric definitions, hyperparameter settings, prompt735

templates, and reproducibility instructions.736

A.1 Baseline Details737

We compare our approach against the following738

baselines. All baselines use the same embedding739

model (Amazon Titan Embed Text v2 (Amazon740

Web Services, 2025)) and evaluation metrics for741

fair comparison with Salama et al. (2025).742

A.1.1 Model Configuration743

A.2 Additional Metrics744

A.2.1 Primary Metrics745

F1 Score (LoCoMo Official) Following the Lo-746

CoMo benchmark (Maharana et al., 2024):747

• Definition: Token-level F1 with Porter stem-748

ming and text normalization.749

• Normalization Steps:750

1. Remove commas751

2. Remove articles (a, an, the, and)752

3. Fix whitespace753

4. Remove punctuation754

5. Convert to lowercase755

• Implementation:756

def f1_score_locomo(prediction, ground_truth):757
prediction_tokens = [ps.stem(w) for w in758
normalize_answer(prediction).split()]759
ground_truth_tokens = [ps.stem(w) for w in760
normalize_answer(ground_truth).split()]761
common = Counter(prediction_tokens) &762
Counter(ground_truth_tokens)763
num_same = sum(common.values())764
precision = num_same / len(prediction_tokens765
)766
recall = num_same / len(ground_truth_tokens)767
f1 = (2 * precision * recall) / (precision +768
recall)769

return f1770

Category-Specific F1 Logic771

• Category 5 (Adversarial): If prediction con-772

tains “no information available” or “not men-773

tioned”, returns 1.0.774

• Category 1 (Multi-hop): Splits by comma,775

computes partial F1 across all sub-answers.776

• Categories 2, 3, 4: Standard token F1.777

A.2.2 Secondary Metrics 778

Recall@K (Proportional) 779

• Definition: Proportion of ground truth evi- 780

dence IDs found in top-K retrieved results. 781

• Formula: Recall@K = |Retrieved∩Evidence|
|Evidence| 782

• Implementation: 783

def compute_recall_k(retrieved_ids, relevant_ids, 784
k): 785

evidence_set = set(relevant_ids) 786
retrieved_at_k = set(retrieved_ids[:k]) 787
hits = len(evidence_set.intersection( 788
retrieved_at_k)) 789
return hits / len(evidence_set) 790

A.2.3 Normalization 791

• All text is normalized using the LoCoMo of- 792

ficial normalize_answer() function before 793

metric computation. 794

• Porter Stemmer is applied to all tokens. 795

A.3 Extended Results 796

A.3.1 Question Category Distribution 797

(LoCoMo-10) 798

A.4 Hyperparameter Settings 799

A.4.1 Core Pipeline Parameters 800

Model: amazon.titan-embed-text-v2:0 801
Dimensions: 1024 802
Normalize: True 803
Max Input Length: 8000 characters 804

805

Model: Qwen/Qwen3-4B-Instruct-2507 806
Batch Size: 50 documents per LLM call 807
Temperature: 0.1 (low for deterministic scoring) 808
Max Tokens: 1024 809
Score Range: 0.0 - 1.0 810

811

Model: anthropic.claude-3-sonnet-20240229-v1:0 812
Temperature: 0.5 813
Max Tokens: 256 814
Context Size: Top 5 reranked memories 815

816

A.4.2 Experimental Grid (Batch 817

Experiments) 818

A.5 Prompt Templates and Structured 819

Outputs 820
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Baseline Description Retrieval Budget Key Implementation Notes

Raw Embedding (0q) Direct embedding-based retrieval with-
out query rewriting

Top-K = kret (default 40; swept in {30,40,50}) Uses original dialogue text only
for indexing

Concat Mode Appends generated questions to original
text before embedding

Top-K = kret (default 40; swept in {30,40,50}) Format: “{original_text} [Po-
tential questions: Q1 | Q2 | ...]”

Multivec Mode Maintains separate embedding vectors
for original text and each generated ques-
tion

Top-K = kret (default 40; swept in {30,40,50}) Index size expands with ques-
tion count

No Rerank Retrieval-only pipeline, skipping the
LLM-based reranking stage

Top-K = kret (default 40; swept in {30,40,50}) Computes Recall directly on re-
trieval results

No Rewrite Skips generative indexing, uses raw em-
beddings only

Top-K = kret (default 40; swept in {30,40,50}) Ablation mode: no_rewrite

Full Pipeline Complete pipeline with Rewrite + Con-
cat + Rerank

Top-K = kret (default 40; swept in {30,40,50}), Final Top-5 Uses Qwen3-4B (Qwen Team,
2025) for reranking

Table 4: Baseline comparisons and implementation details.

Stage Model Backend Notes

Embed titan-embed-v2 Bedrock 1024-dim norm.
Rewrite Qwen3-4B-Instr vLLM Generative IDX
Retr. FAISS Local Dense retrieval
Rerank Qwen3-4B-Instr vLLM Listwise (set-

conditioned) scoring
with JSON output

Gen. Claude-3-Sonnet Bedrock QA Gen.

Table 5: Model configuration for each stage of the
pipeline.

Category ID Category Name Count

4 Single-hop 841
1 Multi-hop 282
2 Temporal 321
3 Open-domain 96
5 Adversarial 446

Total - 1986

Table 6: Distribution of question categories in LoCoMo-
10 (Maharana et al., 2024).

A.5.1 Cue Question Generation (Rewrite)821

Prompt822

Generate exactly {num_questions} question(s)823
that users might ask,824

where this memory would be the answer.825
826

Memory: {memory_text}827
828

Rules:829
- Each question should capture a DIFFERENT830

aspect831
- Include both direct facts and logical832

inferences833
- Output ONLY the questions, one per line834

835
Questions:836

Example Input:837

Memory: [dia_1_2] Alice: I just got back from my838
trip to Japan last week.839

Example Output:840

1. When did Alice return from Japan?841

Parameter Values

Num Questions 0, 1, 3, 5, 7
Index Method concat, multivec
Retrieval Top-K 30, 40, 50

Table 7: Hyperparameters for ablation study.

2. Where did Alice travel to recently? 842
3. How long ago was Alice’s Japan trip? 843

844

A.5.2 Retrieval Reranking Prompt 845

Score relevance (0.0-1.0) for each candidate. 846
847

Question: {query} 848
849

Candidates: 850
[0] {document_0} 851
[1] {document_1} 852
... 853
[kret-1] {document_last} 854

855
Output JSON: {"scores": [{"id": 0, "score": 0.8}, 856

...]} 857

Note: Documents are truncated to 1000 characters. 858

Batch size is 50 documents per call. We emphasize 859

that this score is primarily used for conflict-aware 860

judging and selection, rather than merely for sort- 861

ing candidates. 862

863

A.5.3 Answer Generation Prompts 864

Based on the above context, write an answer in 865
the form of a short phrase for the following 866
question. Answer with exact words from the 867
context whenever possible. 868

Context: 869
[Memory 1]: {memory_1} 870
[Memory 2]: {memory_2} 871
... 872

873
Question: {query} 874
Short answer: 875

876

12



Based on the above context, write an answer in877
the form of a short phrase for the following878
question. Answer with exact words from the879

context whenever possible.880
Context:881
[Memory 1]: DATE: {session_date} - {memory_1}882
...883

884
Question: {query} Use DATE of CONVERSATION to885

answer with an approximate date.886
Short answer:887

888

Based on the above context, answer the following889
question.890

Context:891
[Memory 1]: {memory_1}892
...893

894
Question: {query} Select the correct answer:895
(a) Not mentioned in the conversation (b) {896

ground_truth_answer}.897
Short answer:898

899

A.5.4 JSON Schema for Reranking Output900

{901
"$schema": "http://json-schema.org/draft-07/902

schema#",903
"type": "object",904
"properties": {905

"scores": {906
"type": "array",907
"items": {908

"type": "object",909
"properties": {910

"id": {911
"type": "integer",912
"description": "Index of the913

candidate document (0-indexed)"914
},915
"score": {916
"type": "number",917
"minimum": 0.0,918
"maximum": 1.0,919
"description": "Relevance score"920
}921

},922
"required": ["id", "score"]923

}924
}925

},926
"required": ["scores"]927

}928

929

A.6 Reproducibility Checklist930

A.6.1 Environment Setup931

# Clone repository932
git clone <repository_url>933
cd ROXY934

935
# Create environment936
conda create -n roxy python=3.10937

conda activate roxy 938
939

# Install dependencies 940
pip install -r requirements.txt 941

requirements.txt: 942

boto3>=1.26.0 943
numpy>=1.21.0 944
tqdm>=4.62.0 945
loguru>=0.6.0 946
python-dotenv>=1.0.0 947
anthropic>=0.18.0 948
nltk>=3.8.0 949
regex>=2023.0.0 950
faiss-cpu>=1.7.0 951
pyyaml>=6.0 952

953

A.6.2 AWS Credentials Configuration 954

PowerShell (Windows) 955

$env:AWS_ACCESS_KEY_ID="your_access_key" 956
$env:AWS_SECRET_ACCESS_KEY="your_secret_key" 957
$env:AWS_DEFAULT_REGION="us-east-1" 958

Bash (Linux/macOS) 959

export AWS_ACCESS_KEY_ID="your_access_key" 960
export AWS_SECRET_ACCESS_KEY="your_secret_key" 961
export AWS_DEFAULT_REGION="us-east-1" 962

963

A.6.3 vLLM Server Setup 964

# Start vLLM via Docker Compose 965
docker-compose up -d vllm-server 966

967
# Verify server is running 968
curl http://localhost:8000/v1/models 969

A.6.4 Dataset Preprocessing 970

• Dataset: LoCoMo-10 (locomo10.json) 971

• Location: ../locomo-main/data/locomo10.json 972

• No additional preprocessing required. 973

974

A.6.5 Running the Full Pipeline 975

# Step 1: Embedding (one-time) 976
python scripts/run_pipeline.py --phase embed 977

978
# Step 2: Rewrite (Generative Indexing) 979
python scripts/run_pipeline.py --phase rewrite 980

--num_questions 3 981
982

# Step 3: Retrieval 983
python scripts/run_pipeline.py --phase retrieve 984

\ 985
--index_method concat --num_questions 3 -- 986
top_k 40 987

988
# Step 4: Reranking 989
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Type Query & Generated Cues Retrieved Context (Top-3 w/ Rerank) Answer

Single-Hop Q: Does Calvin want to expand his
brand?
Generated Cues:
1. What is Calvin’s current plan for
expanding his brand?
2. What specific steps is Calvin tak-
ing to grow his global fanbase?

[D12:11] Calvin: My plan for now is to expand my brand worldwide and
grow my fanbase. I want my music to reach more people...
[D6:11] Calvin: ...Super excited for my upcoming performance in Tokyo...
expand my following!

Pred: Yes, “expand my
brand worldwide”...
Gold: Yes

Multi-Hop Q: When did Dave host a card-
playing night with his friends?
Generated Cues:
1. What happened during Dave’s
card-night with his friends last Fri-
day?

[D15:1] Dave: Hey Calvin! ... Last Friday I had a card-night with my
friends...
[D10:3] Dave: ...Just been hanging out with friends at parks lately...

Pred: 22 August, 2023
Gold: on the Friday be-
fore 22 August, 2023

Temporal Q: Does Calvin love music tours?
Generated Cues:
1. What are Calvin’s plans after the
tour?
2. What does Calvin expect to
achieve...

[D3:9] Calvin: ...I’m dreaming of touring the world...
[D30:20] Calvin: ...accepted an invitation to perform...
[D7:1] Calvin: ...Touring with Frank Ocean last week was wild.

Pred: Yes, “an absolute
high!”
Gold: yes

Open-
Dom.

Q: According to John, who is his
favorite character from Lord of the
Rings?
Generated Cues:
1. What is John’s favorite charac-
ter...
2. How has Aragorn’s character de-
velopment...

[D27:24] John: ...My favorite character is Aragorn, he grows so much...
[D27:30] John: Aragorn’s brave, selfless, down-to-earth attitude is what
inspired me...

Pred: Aragorn
Gold: Aragorn

Adversarial Q: According to John, who is his
least favorite character from Lord of
the Rings?
Generated Cues:
1. What is John’s favorite charac-
ter...

[D27:30] ...Aragorn’s brave...
[D27:24] ...My favorite character is Aragorn...
[D1:27] John: ...Unfortunately, I can’t share my love for him with you...

Pred: (a) Not mentioned
Gold: (Empty/Not men-
tioned)

Table 8: Qualitative case studies from LoCoMo illustrating ROXY’s performance across different question types.
The Generated Cues column shows exemplary questions generated by the Rewrite module that bridge the gap
between the user query and the memory content. The Retrieved Context shows the most relevant memories
surfaced by the system.

python scripts/run_pipeline.py --phase rerank \990
--index_method concat --num_questions 3 --991
top_k 40992

993
# Step 5: Generation994
python scripts/run_pipeline.py --phase generate995

\996
--index_method concat --num_questions 3 --997
top_k 40998

999
# Step 6: Evaluation1000
python scripts/run_pipeline.py --phase evaluate1001

\1002
--index_method concat --num_questions 3 --1003
top_k 401004

1005

A.6.6 Batch Experiments1006

# Run all ablation experiments (Num Questions x1007
Index Method x Top-K)1008

python scripts/run_batch_experiments.py1009

This will iterate over:1010

• Num Questions: 0, 1, 3, 5, 71011

• Index Method: concat, multivec1012

• Top-K: 30, 40, 50 1013

Results are saved to 1014

ablation_results_bedrock.csv. 1015

1016

A.6.7 Evaluation Scripts 1017

# Calculate Generation F1 (per-category 1018
breakdown) 1019

python scripts/calc_generation_f1.py 1020
1021

# Calculate Recall by Category 1022
python scripts/eval_recall_by_category.py 1023

1024
# Calculate Session-level Recall (aligned with 1025

MemInsight) 1026
python scripts/calc_session_recall.py 1027

1028

A.6.8 Cache and Output Structure 1029

output/ 1030
cache/ 1031

embeddings.json # All memory 1032
embeddings 1033
rewrite_3q.json # Rewritten 1034
questions 1035

14



retrieval_top40_3q_concat.json1036
rerank_top40_3q_concat.json1037
generation_top40_3q_concat.json1038

eval_results_3q_concat_top40.json1039
ablation_results_bedrock.csv1040

1041

A.6.9 Hardware Requirements1042

• GPU: NVIDIA GPU with ≥16GB VRAM1043

(for vLLM with Qwen3-4B (Qwen Team,1044

2025))1045

• RAM: ≥32GB recommended for large batch1046

experiments1047

• Storage: ∼5GB for cache files and embed-1048

dings1049

1050

A.7 Qualitative Analysis1051

We provide qualitative examples from the LoCoMo1052

dataset to illustrate how ROXY’s Generative Index-1053

ing and Conflict-Aware Reranking operate across1054

different question categories. Table 8 shows de-1055

tailed traces for Single-hop, Multi-hop, Temporal,1056

Open-domain, and Adversarial queries. In partic-1057

ular, note how Generative Indexing creates spe-1058

cific questions (e.g., “When did Alice return from1059

Japan?”) that bridge the lexical gap between the1060

user query and the declarative memory text. For1061

the Adversarial case (Category 5), the retrieval1062

correctly surfaces related but non-answerable con-1063

text (e.g., favorite character is Aragorn), and the1064

Conflict-Aware Judge correctly determines that the1065

specific query (least favorite character) is not men-1066

tioned.1067

1068
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