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Abstract001

Long-horizon applications increasingly require002
large language models (LLMs) to answer003
queries when relevant evidence is sparse and004
dispersed across very long contexts. Existing005
memory systems largely follow two paradigms:006
explicit structured memories offer interpretabil-007
ity but often become brittle under long-context008
overload, while latent memory mechanisms009
are efficient and stable yet difficult to inspect.010
We propose LATENTGRAPHMEM, a memory011
framework that combines implicit graph mem-012
ory with explicit subgraph retrieval. LATENT-013
GRAPHMEM stores a graph-structured mem-014
ory in latent space for stability and efficiency,015
and exposes a task-specific subgraph retrieval016
interface that returns a compact symbolic sub-017
graph under a fixed budget for downstream rea-018
soning and human inspection. During train-019
ing, an explicit graph view is materialized to020
interface with a frozen reasoner for question-021
answering supervision. At inference time, re-022
trieval is performed in latent space and only023
the retrieved subgraph is externalized. Experi-024
ments on long-horizon benchmarks across mul-025
tiple model scales show that LATENTGRAPH-026
MEM consistently outperforms representative027
explicit-graph and latent-memory baselines,028
while enabling parameter-efficient adaptation029
and flexible scaling to larger reasoners without030
introducing large symbolic artifacts.031

1 Introduction032

Memory mechanisms have become a foundational033

component of modern large language model (LLM)034

systems (Hu et al., 2025). In applications such as035

long-chain reasoning and multi-agent settings, care-036

fully designed memory architectures enable LLMs037

to accumulate, organize, and reuse complex infor-038

mation beyond the constraints of a single prompt or039

fixed context window. Existing approaches can be040

broadly categorized into two dominant paradigms.041

The first paradigm consists of explicitly structured042

memory designs (Noohi et al., 2025), with par- 043

ticular emphasis on graph-structured representa- 044

tions (Huang et al., 2025; Chhikara et al., 2025; 045

Ong et al., 2025). The second paradigm encom- 046

passes implicit memory mechanisms, which store 047

and manipulate information directly within con- 048

tinuous latent representations (Zhang et al., 2025; 049

Wang et al., 2025b,a). Graph-based explicit mem- 050

ory mechanisms offer notable advantages in inter- 051

pretability, as they facilitate inspection, debugging, 052

and task-relevant memory graph retrieval (Ras- 053

mussen et al., 2025; Anokhin et al., 2025; Gutierrez 054

et al., 2024). In contrast, latent memory mecha- 055

nisms demonstrate high efficiency, requiring sub- 056

stantially lower storage and computational over- 057

head during memory usage. 058

In this work, we focus on the important long- 059

horizon memory scenarios(Bai et al., 2025; Moon 060

and Lim, 2025), where LLMs must operate over 061

multi-thousand-token contexts, in which task- 062

relevant evidence is sparsely scattered across dis- 063

tant segments of the memory. To compare the two 064

memory paradigms, we conduct preliminary experi- 065

ments on three representative long-horizon memory 066

benchmarks and evaluate five representative mem- 067

ory mechanisms, including MemGen(Zhang et al., 068

2025), A-Mem(Xu et al., 2025), PREMem(Kim 069

et al., 2025), THEANINE(Ong et al., 2025), and 070

Mem0(Chhikara et al., 2025). As illustrated in 071

Figure 1a, explicit structured memory approaches 072

frequently underperform even a vanilla baseline 073

memory system across multiple tasks. This insta- 074

bility is primarily caused by long-context overload: 075

(i) structure induction becomes unreliable when the 076

input is long and noisy, (ii) retrieval becomes in- 077

creasingly sensitive to query variations as the sym- 078

bolic space grows. In contrast, implicit memory 079

mechanisms yield more consistent improvements. 080

Nevertheless, their principal limitation lies in low 081

interpretability, as it remains challenging to inspect 082

the stored representations or to explain why spe- 083
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background_52207629_671.zip
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(2) Explicit Memory Space

(2) Implicit Memory Space
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memory
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Query: Which movie and entertainment 
conglomerate was behind Million Dollar Arm 
and Herbie Rides Again?

(Maria Roe Vincent, profession, Singer),
(Maria Roe Vincent, profession, 
Composer),
(Maria Roe Vincent, profession, Vocal 
Arranger),
…
(Josco Indian Voice, aired_on, Mazhavil 
Manorama),
(Josco Indian Voice, location, Kerala)
…

(Million Dollar Arm, produced_by, Walt 
Disney Pictures),
(Herbie Rides Again, produced_by, Walt 
Disney Productions),
…
(Walt Disney Productions, subsidiary_of, 
The Walt Disney Company)

❌

(b)

Figure 1: (a) Performance of existing memory paradigms under long-horizon QA. NoMem: reasoner-only; RAG:
retrieval-augmented generation; Explicit: explicit structured memory systems (A-Mem, PREMem, THEANINE,
Mem0); Implicit: latent memory (MemGen). (b) Explicit and implicit memory paradigms for long-horizon
reasoning. Existing explicit structured memory systems are interpretable but brittle under long and dispersed
evidence, while implicit memory is more stable but opaque. LATENTGRAPHMEM combines implicit graph memory
with explicit subgraph exposure.

cific pieces of evidence are retrieved during task084

execution.085

The above analysis highlights the limitations of086

relying exclusively on either fully explicit struc-087

tured memories or purely latent memory paradigms088

in long-horizon settings. Motivated by these obser-089

vations, we revisit a practical assumption in mem-090

ory design: while an explicit symbolic view is often091

needed to support interpretable evidence access for092

downstream reasoning, operating on explicit struc-093

tured alone can be brittle and inefficient under long094

and noisy contexts. We propose LATENTGRAPH-095

MEM, a simple yet effective memory framework096

that combines the complementary strengths of both097

paradigms: it learns a graph memory with latent098

representations for efficient retrieval and control,099

while enabling task-specific explicit subgraph expo-100

sure to support interpretability. Figure 1b illustrates101

the conceptual advantages of LATENTGRAPHMEM102

over previous approaches. LATENTGRAPHMEM103

consists of two core components. First, a graph104

memory builder is trained via parameter-efficient105

adaptation to construct a bounded symbolic graph106

view from long documents in a streaming manner,107

and to produce latent embeddings for the result-108

ing graph edges. Second, a subgraph memory109

retriever is adapted to select a compact evidence110

subgraph from these latent edge embeddings under111

a fixed retrieval budget, which is then externalized112

and fed to a frozen reasoner for answering. No-113

tably, LATENTGRAPHMEM performs retrieval in114

latent space after the builder is trained, and at infer-115

ence time it exposes only a compact, interpretable 116

evidence subgraph to the reasoner rather than the 117

full graph. 118

Extensive experiments on three long-horizon 119

QA benchmarks demonstrate that LATENTGRAPH- 120

MEM consistently outperforms state-of-the-art 121

graph-based and latent memory baselines across 122

frozen-reasoner scales ranging from 1.5B to 8B. 123

In particular, LATENTGRAPHMEM achieves the 124

best average accuracy at every scale, reaching 125

56.08%, 58.64%, and 63.34% under Qwen2.5- 126

1.5B, SmolLM3-3B, and Qwen3-8B, respectively, 127

surpassing the strongest competing memory sys- 128

tem. These results confirm that encoding graph- 129

structured memory implicitly while exposing com- 130

pact explicit subgraphs enables robust and scal- 131

able long-horizon reasoning. Overall, this paper 132

makes three primary contributions: (1) a systematic 133

empirical study of explicit and implicit memory 134

paradigms in long-horizon settings; (2) LATENT- 135

GRAPHMEM, a simple framework that unifies la- 136

tent graph storage with explicit subgraph retrieval; 137

and (3) consistent performance gains across model 138

scales while maintaining interpretability through 139

explicit retrieved evidence. 140

2 Related Work 141

2.1 Explicit Structured Memory and 142

Graph-Based Retrieval 143

A dominant line of agent memory research builds 144

an explicit external store (often text, key–value en- 145
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tries, or databases) and retrieves from it at test time.146

Representative systems include flat or database-147

style memories such as MemGPT (Packer et al.,148

2023), as well as structured memories that impose149

relational and temporal organization to support con-150

trolled retrieval and updates. Recent graph-oriented151

agent memories maintain entity- or chunk-level152

nodes with explicit links, including production-153

focused long-term memory systems with an op-154

tional graph variant (Mem0 / Mem0g) (Chhikara155

et al., 2025) and dynamic indexing/linking designs156

(A-Mem) (Xu et al., 2025) that build an explicit157

memory network for retrieval-time access (Xu158

et al., 2025). Beyond general graph stores, sev-159

eral works emphasize graph-based retrieval with160

higher-level structure: GraphRAG (Edge et al.,161

2024) constructs a multi-level graph index via162

community detection and recursive summariza-163

tion, and Zep (Rasmussen et al., 2025) models164

agent memory as a temporal knowledge graph with165

community partitioning. For long-term dialogue,166

THEANINE (Ong et al., 2025) organizes stored167

experiences along explicit temporal links and re-168

trieves coherent timelines rather than isolated top-k169

items. PREMem further strengthens explicit mem-170

ory construction by performing pre-storage reason-171

ing to form higher-quality structured memories for172

downstream retrieval and generation (Kim et al.,173

2025). These explicit-structure approaches are in-174

terpretable, but their end-to-end performance is175

highly sensitive to errors in extraction, indexing,176

and retrieval, and they require re-serializing struc-177

tured artifacts into the token space for reasoning.178

2.2 Latent and Implicit Memory in the179

Representation Space180

In parallel, a second family of approaches stores181

memory implicitly in the model’s internal represen-182

tations rather than human-readable tokens. A re-183

cent survey terms this latent memory, and organizes184

methods by how the latent state is formed and intro-185

duced, including Generate, Reuse, and Transform186

mechanisms (Hu et al., 2025). Representative Gen-187

erate methods compress long-horizons into learn-188

able soft representations, such as AutoCompres-189

sor (Chevalier et al., 2023) and MemoRAG (Qian190

et al., 2025), while MemoryLLM maintains persis-191

tent latent tokens for factual memory (Wang et al.,192

2024). More architecturally integrated designs ex-193

tend latent memory across layers (e.g., M+) or in-194

troduce structured latent slots (e.g., LM2) (Wang195

et al., 2025a; Kang et al., 2025). A different branch196

internalizes memory production into parameter dy- 197

namics, e.g., Titans (Behrouz et al., 2025). Closer 198

to our setting, MemGen dynamically generates 199

latent memory during decoding via lightweight 200

adaptation modules (Zhang et al., 2025). Com- 201

pared with explicit stores, latent memory can pre- 202

serve fine-grained information and avoid excessive 203

prompt expansion, but it remains largely opaque 204

and difficult to interpret. 205

3 Method 206

We propose LATENTGRAPHMEM, a three-stage 207

framework for long-context question answering 208

that leverages a learned graph memory to support 209

reasoning, corresponding to graph construction, 210

subgraph retrieval, and joint refinement. Given 211

a long document x and a question q, our goal is 212

to construct and utilize structured evidence that 213

enables a pretrained language model to generate 214

accurate answers. LATENTGRAPHMEM consists 215

of two trainable agents and a frozen reasoner. A 216

graph builder constructs a global graph representa- 217

tion from the document, while a subgraph retriever 218

selects question-relevant parts of this graph under 219

a fixed budget. The selected evidence is then pro- 220

vided to an LLM for answer generation. 221

Formally, the frozen reasoner F defines a con- 222

ditional distribution pF (· | ·). We use ⊕ to denote 223

string concatenation (i.e. prompt composition). 224

The builder Bϕ outputs an edge set E (triples) from 225

x, and the retriever Rψ selects a subgraph Sq ⊆ E 226

conditioned on q. Each training instance is (x, q, a), 227

where a = (a1, . . . , a|a|) denotes the gold answer 228

token sequence. 229

3.1 Stage I: Remote-Supervised Full-Graph 230

Construction 231

Streaming graph construction for long docu- 232

ments. Context in long-horizon scenario x is usu- 233

ally long, so we split it into overlapping chunks 234

{x(c)}Cc=1 with maximum length L tokens (overlap 235

O). The builder processes chunks sequentially and 236

maintains an evolving explicit graph state: 237

G(0) = ∅,
Y (c) = Extractϕ(x

(c)),

G̃(c) = Merge
(
G(c−1), Y (c)

)
,

G(c) = Cap
(
Filter

(
G̃(c)

))
.

(1) 238

Extractϕ emits a small set of candidate triples 239

from chunk x(c). We denote the edge set of G(c) 240
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Answer

Question: “Are Cochlospermum and 
Cosmos in the same family?”

Document 1: “Cosmos … in the 
sunflower family …”
Document 2: “Cochlospermum 
vitifolium … in the family Bixaceae 
…”
Document 4: “Cosmos … 
flowering plants in the sunflower 
family …”
Document 8: “Cosmos Holidays … 
tour operator …”

(Cosmos, in_family, 
Sunflower_family)

(Sunflower_family, synonym, 
Asteraceae) OR directly 
(Cosmos, in_family, Asteraceae)

(Cochlospermum, in_family, 
Bixaceae)

(Cochlospermum vitifolium, 
in_family, Bixaceae)

Stage III: joint fine-tuning
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Relation unit 𝒉, 𝒓, t
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(Cochlospermum, 
in_family, Bixaceae)

(Cosmos, in_family, 
Asteraceae)

Output: “No”

Evidence+
question

𝑈 ∈ ℝ ℰ ×0

Figure 2: Overview of LATENTGRAPHMEM. Given a long-horizon x and query q, LATENTGRAPHMEM builds
an implicit graph-structured memory from x, extracts a compact explicit subgraph as evidence conditioned on q,
and answers with a frozen LLM reasoner using only the question and the extracted subgraph. The context is used
only for memory construction, and the lower panel shows a single-sample walkthrough.

as E(c). After processing all chunks, we define241

the final graph as G = G(C) and its edge set as242

E = E(C). Merge canonicalizes and deduplicates243

entities/relations across chunks. Filter enforces244

quality constraints (e.g., schema validity, field-245

length limits, duplicate removal, and relation-type246

constraints). Cap enforces a hard capacity limit to247

prevent graph explosion. Concretely, Cap enforces248

|E(c)| ≤ M at every step c. For each chunk, the249

builder emits a constrained triple set:250

Y (c) = {(hj , rj , tj)}|Y
(c)|

j=1 , |Y (c)| ≤ mchunk, (2)251

where mchunk is a fixed per-chunk extraction cap.252

We additionally apply hard constraints: (i) max-253

imum token length for each field h, r, t, and (ii)254

a global edge cap M such that the final explicit255

graph G = G(C) = (V, E) satisfies |E| ≤M . Here256

V denotes the set of unique entities appearing in257

E . These controls ensure stable graph size and258

maintain a consistent evidence budget.259

Reasoner interface (explicit full graph) and QA-260

only SFT loss. Stage I trains the builder using261

only the downstream answer objective. We se-262

rialize the explicit full graph into a determinis-263

tic evidence string: Ĝ = Serialize(E), where264

Serialize formats edges using a fixed template (e.g.,265

Relevant Knowledge: [h|r|t] ...). Serializ-266

ing the full graph Ĝ is used only in Stage I to inter-267

face with the reasoner for supervision; at inference268

time, we serialize only the retrieved subgraph Sq.269

The frozen reasoner F defines an autoregressive270

conditional distribution pF (·) over answer tokens 271

conditioned on the serialized graph evidence and 272

the question. We optimize the builder parameters 273

ϕ by minimizing the cross-entropy loss: 274

LI(ϕ) = −
|a|∑
t=1

log pF

(
at | a<t, Ĝ⊕ q

)
, (3) 275

where a<t = (a1, . . . , at−1) denotes the prefix of 276

the gold answer under teacher forcing. 277

3.2 Stage II: Remote-Supervised Latent 278

Subgraph Retrieval 279

Implicit graph representation after Stage I. Al- 280

though Stage I materializes an explicit graph to 281

interface with the reasoner, after training we use 282

an implicit representation for downstream control. 283

Specifically, each retained edge ei = (hi, ri, ti) ∈ 284

E is mapped to a latent embedding: 285

ui = Embedϕ(hi, ri, ti) ∈ Rd, i = 1, . . . , |E|.
(4) 286

We store the edge embeddings as a matrix U ∈ 287

R|E|×d, where the i-th row corresponds to edge 288

ei and equals ui. Stage II and Stage III perform 289

selection in this latent space. 290

Training regime and inputs/outputs. Stage II 291

starts from the builder trained in Stage I and fixes 292

Bϕ. Given (q, U), the subgraph retriever Rψ se- 293

lects a compact subset of edges under a budget k, 294

operating only on the embeddings U . The output is 295

an index set Iq and the corresponding edge subset 296

Sq = {ei | i ∈ Iq}. 297
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Latent scoring and budgeted selection. We en-298

code the question and compute relevance scores for299

each edge embedding:300

v = Renc
ψ (q) ∈ Rd, si = v⊤Wui, W ∈ Rd×d.

(5)301

The bilinear weight W is a learnable parameter of302

the retriever and is included in ψ. We then select at303

most k edges:304

Iq = TopK({si}, k), Sq = {ei | i ∈ Iq}. (6)305

This provides explicit budget control and yields a306

compact subgraph.307

Differentiable training path (SFT, no RL).308

Since TopK is not differentiable, we use a straight-309

through estimator: the forward pass uses the hard310

top-k selection, while the backward pass routes311

gradients through a softmax relaxation with tem-312

perature τ :313

z = TopKMask({si}, k), αi =
exp(si/τ)∑
j exp(sj/τ)

.

(7)314

We form Sq from z in the forward pass and use α315

for gradient flow in the backward pass. This keeps316

training within standard backpropagation and does317

not require reinforcement learning.318

Reasoner interface (explicit retrieved subgraph)319

and QA-only SFT loss. We externalize only the320

retrieved subgraph for the reasoner:321

Ĝq = Serialize(Sq), (8)322

and train the retriever using the same QA-only323

cross-entropy loss:324

LII(ψ) = −
|a|∑
t=1

log pF

(
at | a<t, Ĝq ⊕ q

)
. (9)325

3.3 Stage III: Joint Fine-Tuning326

Training regime. Stage III starts from the builder327

obtained in Stage I and the retriever obtained in328

Stage II. We jointly fine-tune (ϕ, ψ) to maximize329

their coordination: the builder should produce330

edges/embeddings that are easy to retrieve and use-331

ful when externalized, and the retriever should best332

exploit the builder’s latent space. The reasoner F333

remains frozen.334

End-to-end dataflow and objective. The full 335

computation is: 336

x
Bϕ−−→ (E , U)

Rψ(q)−−−−→ Sq
Serialize−−−−−→ Ĝq

F−→ a, (10) 337

and we optimize the QA-only SFT objective: 338

LIII(ϕ, ψ) = −
|a|∑
t=1

log pF

(
at | a<t, Ĝq ⊕ q

)
.

(11) 339

In practice, we use stable alternating updates: 340

builder-only steps minimizing LI to preserve 341

Stage I construction quality, and joint steps min- 342

imizing LIII to improve coupling. Concretely, 343

builder-only steps use the full-graph interface Ĝ = 344

Serialize(E) as an auxiliary objective to preserve 345

extraction quality, whereas joint steps use the re- 346

trieved subgraph interface Ĝq = Serialize(Sq) to 347

improve builder–retriever coupling. 348

Inference. At test time, given (x, q), the builder 349

streams over chunks and maintains an internal 350

graph state, producing an edge set E and an embed- 351

ding matrix U ∈ R|E|×d without serializing the full 352

graph into the prompt. Only the retrieved subgraph 353

Sq is serialized and passed to the frozen reasoner. 354

The retriever selects a budgeted subgraph Sq ⊆ E 355

in latent space, which is then serialized as evidence 356

for the frozen reasoner: 357

â = argmax
a

pF (a | Serialize(Sq)⊕ q) . (12) 358

4 Experiments 359

4.1 Datasets 360

We construct a long-horizon QA training corpus 361

of 20,800 instances from three real-world sources 362

(TriviaQA (Joshi et al., 2017), QASPER (Dasigi 363

et al., 2021), and QuALITY (Pang et al., 2022)) and 364

evaluate on a fixed 2,600-instance mixture from 365

HotpotQA (Yang et al., 2018), NarrativeQA (Ko- 366

ciský et al., 2018), and WikiHop (Welbl et al., 367

2018). Table 3 reports dataset statistics computed 368

on our processed splits, including character counts 369

and tokenizer-specific token counts under each base 370

model for consistent measurement across config- 371

urations. Additional statistics and dataset charac- 372

teristics are provided in Appendix A.1. Training 373

datasets. TriviaQA provides open-domain ques- 374

tions with long, heterogeneous evidence collec- 375

tions, QASPER is grounded in full scientific pa- 376

pers with structured long contexts, and QuALITY 377
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Table 1: Main results on the merged QA test set (Acc/ROUGE-L, higher is better; shown in %). Avg is the
unweighted mean over the three datasets. We highlight best/second/worst for each column (bold/underline/gray).

Method HotpotQA NarrativeQA WikiHop Avg

Acc R-L Acc R-L Acc R-L Acc R-L

Backbone: Qwen2.5-1.5B-Instruct

Reasoner-only 80.20 52.20 41.50 28.13 34.63 23.57 52.11 34.63
MemGen 57.10 57.59 42.63 54.20 32.37 32.54 44.03 48.11
A-Mem 46.60 56.73 15.62 49.85 12.12 20.53 24.78 42.37
PREMem 49.70 48.78 10.37 11.64 10.13 10.78 23.40 23.73
THEANINE 19.40 8.19 2.25 3.84 10.25 6.64 10.63 6.22
Mem0 63.80 44.08 1.12 5.23 11.63 10.15 25.52 19.82
RAG 14.60 29.05 4.50 26.47 1.50 8.05 6.87 21.19
LATENTGRAPHMEM
(OURS)

86.60 58.54 45.50 32.25 36.13 25.03 56.08 38.61

Backbone: SmolLM3-3B

Reasoner-only 77.10 51.46 40.50 37.43 34.50 24.61 50.70 37.83
MemGen 58.00 53.64 49.38 47.37 41.35 42.59 49.58 47.87
A-Mem 51.30 61.18 19.88 55.99 17.13 28.45 29.44 48.54
PREMem 87.70 60.00 11.22 9.11 38.50 25.77 45.81 31.63
THEANINE 42.79 19.93 10.87 7.84 19.75 13.36 24.47 13.71
Mem0 44.90 29.30 0.25 3.04 2.50 2.26 15.88 11.53
RAG 15.30 52.22 6.12 40.12 2.25 16.52 7.89 36.29
LATENTGRAPHMEM
(OURS)

88.90 61.39 47.00 35.38 40.03 35.71 58.64 44.16

Backbone: Qwen3-8B

Reasoner-only 72.60 62.48 51.00 63.81 40.62 31.55 54.74 52.61
MemGen 72.30 71.03 50.88 63.94 40.50 40.30 54.56 58.42
A-Mem 31.40 55.10 15.88 46.04 9.38 17.89 18.89 39.68
PREMem 81.46 56.53 2.57 3.00 45.87 31.55 43.30 30.36
THEANINE 39.94 16.02 6.63 5.13 16.15 10.48 20.91 10.54
Mem0 48.60 29.43 0.50 3.12 4.13 3.46 17.74 12.00
RAG 29.30 63.88 14.87 47.29 5.12 20.04 16.43 43.74
LATENTGRAPHMEM
(OURS)

90.20 71.21 51.00 37.60 48.81 40.37 63.34 49.73

offers multiple-choice supervision over long arti-378

cles, together covering diverse long-horizon rea-379

soning patterns. Evaluation datasets. We evaluate380

only on HotpotQA, NarrativeQA, and WikiHop,381

where HotpotQA and WikiHop stress multi-hop382

reasoning across documents and entities and Narra-383

tiveQA probes long-form narrative understanding,384

and none of these evaluation datasets are included385

in training.386

4.2 Baselines387

We compare LATENTGRAPHMEM with seven base-388

lines. Reasoner-only (full context) answers directly389

from the full input (up to the context limit) without390

any external memory, while RAG retrieves top-391

k chunks from the input via embedding similar-392

ity and appends them as textual evidence to the 393

same frozen reasoner. In addition, we include five 394

representative memory-system baselines covering 395

both explicit structure and latent memory: THEA- 396

NINE (timeline-style graph memory management) 397

(Ong et al., 2025), PREMem (pre-storage reason- 398

ing for episodic memory) (Kim et al., 2025), Mem0 399

/ Mem0g (production-oriented long-term memory 400

with an optional graph variant) (Chhikara et al., 401

2025), A-Mem (agentic memory with dynamic in- 402

dexing and linking) (Xu et al., 2025), and MemGen 403

(generative latent memory tokens) (Zhang et al., 404

2025). 405

Implementation Details. For all experiments, 406

the graph builder and subgraph retriever are in- 407

stantiated as decoder-only LLMs with parameter- 408
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Figure 3: Memory Structure Ablation

efficient LoRA adaptation, while the reasoner is409

kept frozen throughout training and inference. In410

Stage I, long documents are processed in over-411

lapping chunks of 1,024 tokens with an overlap412

of 128 tokens. We cap extraction to 32 triples413

per chunk and limit the global graph capacity to414

M = 150 edges to control memory growth. In415

Stage II, the retriever selects a compact evidence416

subgraph under a fixed budget of k = 30 edges,417

which is serialized and provided to the frozen rea-418

soner for answer generation. We report answer419

accuracy (Acc) and ROUGE-L on all benchmarks.420

The graph builder and subgraph retriever are instan-421

tiated with Qwen2.5-1.5B-Instruct, and we evaluate422

with frozen reasoners at 1.5B, 3B, and 8B scales by423

directly reusing the same trained memory modules424

without additional training.425

4.3 Main Results426

We evaluate LATENTGRAPHMEM against seven427

baselines on three long-horizon QA benchmarks428

(HotpotQA, NarrativeQA, and WikiHop) under429

three frozen-reasoner backbones (Qwen2.5-1.5B,430

SmolLM3-3B, and Qwen3-8B), with results sum-431

marized in Table 1. Across all settings, LATENT-432

GRAPHMEM consistently achieves the strongest433

overall performance in terms of average accuracy.434

Specifically, (1) LATENTGRAPHMEM improves435

average accuracy over all baselines at every model436

scale, raising the average accuracy to 56.08% with437

Qwen2.5-1.5B and further to 63.34% with Qwen3-438

8B, demonstrating that the proposed memory mech-439

anism scales reliably with increasing reasoning440

capacity. (2) Fully explicit graph-based memory441

methods, including THEANINE, PREMem, and442

Mem0/Mem0g, exhibit severe performance degra-443

dation in long-horizon settings, particularly on Nar-444

rativeQA, where they often collapse to near-zero445

or single-digit accuracy, resulting in substantially446

lower averages than both the reasoner-only base-447

Table 2: Inference time (seconds) versus context length
(k tokens) for long-context samples (≥6k).

Context (k) Ours (s) MemGen (s) A-Mem (s)

6k 12.47 10.59 20.00
7k 13.42 11.15 17.48
8k 12.84 15.52 16.50
9k 13.43 10.86 44.65
10k 13.78 8.95 41.90

line and latent-memory approaches. (3) Compared 448

to purely latent memory, represented by MemGen, 449

LATENTGRAPHMEM achieves consistently higher 450

accuracy on multi-hop benchmarks such as Hot- 451

potQA across all backbones, despite MemGen oc- 452

casionally attaining higher ROUGE-L scores on 453

NarrativeQA. Notably, LATENTGRAPHMEM em- 454

ploys a single 1.5B graph builder that generalizes 455

directly to larger frozen reasoners, whereas Mem- 456

Gen requires the memory module and reasoner to 457

be trained at comparable scales to maintain latent 458

alignment. 459

4.4 Structural Ablation on Memory 460

Representation and Retrieval 461

To study the role of different memory structures 462

and retrieval strategies in LATENTGRAPHMEM, 463

we conduct a series of structural ablations sum- 464

marized in Figure 3. Specifically, we compare 465

our full model with variants that (i) remove sub- 466

graph retrieval and reason over the full graph di- 467

rectly, (ii) replace the learned subgraph retriever 468

with a heuristic BFS expansion, and (iii) rely en- 469

tirely on explicit graph construction and retrieval 470

without latent representations. The results show 471

that directly reasoning over the full graph degrades 472

performance, while heuristic retrieval introduces 473

substantial noise. Fully explicit designs perform 474

better than naive retrieval but remain inferior to 475

our approach, highlighting the necessity of com- 476

bining latent graph memory with learned, budgeted 477

subgraph retrieval. 478

4.5 Inference Time under Long Contexts 479

We evaluate the inference-time behavior of dif- 480

ferent memory systems under increasing context 481

lengths to assess their scalability in long-context 482

settings. Specifically, we measure average infer- 483

ence time on 100 test samples per context length 484

using 1.5B models trained for each method. As 485

shown in Table 2, A-Mem exhibits highly unsta- 486

ble inference time as the context grows, with la- 487
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tency increasing sharply to 44.65 seconds at 9k to-488

kens. In contrast, LATENTGRAPHMEM maintains489

stable inference time across all evaluated context490

lengths and closely matches the efficiency of Mem-491

Gen. This result indicates that, despite exposing492

explicit subgraph evidence for reasoning, the la-493

tent graph memory and fixed retrieval budget in494

LATENTGRAPHMEM prevent inference cost from495

scaling with the full context length, enabling pre-496

dictable and scalable inference under long-context497

workloads.498
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80
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Figure 4: Effect of graph capacity M on answer accu-
racy across three QA datasets.

4.6 Effect of Global Graph Capacity499

We analyze the impact of the global graph capac-500

ity M on model performance to understand the501

trade-off between memory coverage and noise. Fig-502

ure 4 reports results on a 1.5B backbone as we503

vary M around the default setting (M=150). We504

observe that increasing M consistently benefits505

WikiHop, while the gains on HotpotQA and Nar-506

rativeQA saturate or slightly decline beyond the507

default value. This behavior aligns with dataset508

characteristics: WikiHop requires aggregating evi-509

dence across a larger set of candidate entities and510

relations, making broader graph coverage advan-511

tageous. In contrast, HotpotQA and NarrativeQA512

typically involve fewer relevant entities but more513

localized or narrative-driven evidence, where larger514

graphs introduce additional noise that can hinder515

retrieval and reasoning.516

4.7 Case Study517

We conduct a qualitative case study to examine how518

different memory paradigms handle sparse and dis-519

persed evidence in long-horizon question answer-520

ing. The example considers a temporal compari-521

son between two similarly named documentaries,522

where the relevant release dates are distributed523

Question: “Which documentary was released first, Walking with Cavemen or Life in 
the Freezer??”
Gold Answer: "Life in the Freezer"

(A) A-Mem
(Explicit Memory Retrieval)

(B) MemGen
(Completion-based 

Reasoning)

(C) Ours
(Implicit Graph Memory

+Explicit Subgraph)
Step1 : Retrieved Memory Step1: Generation Output

 (Final Only)
Step1: Implicit Graph Memory

Walking with Cavemen

Step2: Decision Step2: Decision

Step2: Explicit Subgraph 
Retrieval

Step3: Decision

Inc
orr
ec
t

Inc
orr
ec
t

Co
rre
ctWalking with Cavemen Life in the Freezer

Walking with Cavemen is 
a four-part television 
documentary series...
      It was originally 
released in April 2003. (Life in the Freezer, 

released_in, 1993)
(Walking with Cavemen, 
released_in, 2003)

Only one related document 
retrieved

Only exposes the final
answer, 

without explicit 
intermediate 

reasoning or structured 
evidence.

Figure 5: Case Study: Both Explicit and Implicit Con-
struction Baselines Fail, While Our Method Succeeds

across a long and noisy context. As illustrated 524

in Figure 5, explicit memory retrieval (A-Mem) 525

retrieves evidence for only Walking with Cavemen 526

(2003) and fails to retrieve the corresponding date 527

for Life in the Freezer (1993), leading to an incor- 528

rect comparison. Completion-based latent memory 529

(MemGen) produces a final answer without expos- 530

ing intermediate evidence, making the underlying 531

temporal reasoning unverifiable and resulting in an 532

incorrect decision. In contrast, LATENTGRAPH- 533

MEM preserves both entities and their release years 534

in an implicit graph memory and retrieves a com- 535

pact explicit subgraph containing the relevant dates, 536

enabling a reliable comparison and the correct an- 537

swer. 538

5 Conclusion 539

We present LATENTGRAPHMEM, a memory 540

framework for long-horizon question answering 541

that integrates latent graph memory with explicit, 542

budgeted subgraph retrieval. By decoupling mem- 543

ory construction from reasoning, our approach 544

combines the stability and efficiency of latent rep- 545

resentations with the interpretability and control of 546

explicit evidence exposure. Extensive experiments 547

across multiple long-horizon benchmarks demon- 548

strate that LATENTGRAPHMEM achieves stronger 549

and more consistent performance than represen- 550

tative explicit and latent memory baselines while 551

maintaining stable inference time and supporting 552

flexible scaling to larger reasoners. These results 553

highlight the importance of structured yet implicit 554

memory representations for reliable reasoning un- 555

der long and dispersed contexts. 556

Limitations 557

While LATENTGRAPHMEM is designed for long- 558

horizon reasoning with sparse evidence, its perfor- 559
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mance depends on the quality of the learned graph560

construction and retrieval modules. Although we561

adopt fixed budgets and capacity constraints to en-562

sure stability and efficiency, the optimal configura-563

tion may vary across tasks with different evidence564

structures. In addition, our framework currently565

focuses on text-based inputs and question answer-566

ing settings, and extending the approach to other567

modalities or interactive reasoning scenarios re-568

mains an interesting direction for future work.569
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A Appendix 745

A.1 Dataset Statistics and Characteristics 746

This appendix reports detailed statistics and charac- 747

teristics of the datasets used in our experiments. Ta- 748

ble 3 lists the number of instances and the average 749

lengths of contexts and answers for each dataset. 750

All statistics are computed on our processed splits: 751

character counts are measured on the preprocessed 752

raw text, and token counts are computed using the 753

corresponding base-model tokenizer to ensure com- 754

parability across model configurations. 755

Training datasets. TriviaQA (Joshi et al., 2017) 756

contains open-domain questions paired with large 757

evidence collections, where contexts are typi- 758

cally long and heterogeneous after preprocess- 759

ing, making it suitable for training memory mech- 760

anisms that must aggregate dispersed evidence. 761

QASPER (Dasigi et al., 2021) is document- 762

grounded QA over full scientific papers, where 763

contexts exhibit structured regularities (e.g., sec- 764

tions and citations) and questions often require inte- 765

grating information across distant sections. QuAL- 766

ITY (Pang et al., 2022) provides multiple-choice 767

questions over long narrative or expository articles, 768

where correct options frequently depend on global 769

comprehension rather than local lexical matches, 770

complementing extractive or short-answer supervi- 771

sion. 772

Evaluation datasets. HotpotQA (Yang et al., 773

2018) and WikiHop (Welbl et al., 2018) are multi- 774

hop benchmarks requiring reasoning across multi- 775
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Dataset Split #Inst. Context avg. Answer avg.

Training corpora
TriviaQA (Joshi et al., 2017) Train 14,679 75,314 chars (18,828 tok)↑ 9.9 chars (2.1 tok)
QASPER (Dasigi et al., 2021) Train 3,598 24,608 chars (6,152 tok) 6.0 chars (1.0 tok)↓

QuALITY (Pang et al., 2022) Train 2,523 27,018 chars (6,754 tok) 49.4 chars (12.0 tok)↑

Evaluation corpora
HotpotQA (Yang et al., 2018) Test 1,000 5,240 chars (1,310 tok) 11.0 chars (2.7 tok)
NarrativeQA (Kociský et al., 2018) Test 800 3,860 chars (965 tok)↓ 26.0 chars (6.5 tok)
WikiHop (Welbl et al., 2018) Test 800 7,230 chars (1,807 tok) 12.3 chars (3.1 tok)

Total – 23,400 5,428 chars (1,356 tok)† 16.0 chars (4.0 tok)†

Table 3: Datasets used for training and evaluation. “tok” denotes token counts under the corresponding base-model
tokenizer. ↑ / ↓ mark unusually long/short averages within the table (Context or Answer). †For the total row, we
report the average over the test mixture (2,600 instances), consistent with our main evaluation protocol.

ple documents or entities, and NarrativeQA (Ko-776

ciský et al., 2018) focuses on long-form narrative777

understanding with evidence distributed across sto-778

ries. We use fixed test splits from these datasets779

and do not include them in training.780

Test mixture. Our aggregate evaluation follows781

a fixed 2,600-instance mixture consisting of 1,000782

HotpotQA, 800 NarrativeQA, and 800 WikiHop783

instances. The Total row in Table 3 reports length784

statistics averaged over this mixture, consistent785

with our main evaluation protocol.786

A.2 Supplementary Experiment Analysis787

Dataset-level trends. LATENTGRAPHMEM788

shows the largest accuracy gains on datasets789

requiring compositional reasoning over dispersed790

evidence. It consistently performs best on Hot-791

potQA across all backbones, and its advantage on792

WikiHop becomes more pronounced as the frozen793

reasoner scales. On NarrativeQA, where answers794

are longer and more abstractive, methods tend795

to differ more in ROUGE-L than in exact-match796

accuracy; nevertheless, LATENTGRAPHMEM797

remains competitive in accuracy while still798

exposing interpretable retrieved subgraphs.799

Failure modes of fully explicit graph-based800

memory. Across backbones, fully explicit graph-801

memory systems (e.g., THEANINE, PREMem,802

and Mem0/Mem0g) frequently collapse on Nar-803

rativeQA, producing near-zero or single-digit ac-804

curacy despite occasional competitiveness on Hot-805

potQA. This pattern suggests that under long hori-806

zons, errors introduced by symbolic extraction and807

retrieval can dominate the downstream reasoning808

signal, so scaling the frozen reasoner alone does not809

reliably recover performance. In contrast, latent-810

based approaches are more stable under long con- 811

texts, and LATENTGRAPHMEM further improves 812

robustness by combining latent storage with ex- 813

plicit subgraph exposure. 814
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