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Abstract

Memory-augmented retrieval systems excel at001
semantic matching but fail to capture struc-002
tural relationships between entities in long-003
form text—relationships critical for knowledge-004
intensive applications. KG-ERMAR ad-005
dresses this limitation by constructing dynamic,006
context-specific knowledge graphs from in-007
put text during inference, enabling domain-008
adaptive retrieval that leverages both seman-009
tic similarity and explicit entity relationships.010
The framework performs real-time entity and011
relation extraction to build contextual knowl-012
edge graphs, then integrates graph-structural013
embeddings with textual semantics through a014
specialized multi-component memory architec-015
ture. Three memory banks—contextual, se-016
mantic, and structural—are maintained with017
retrieval signals fused via learned weights to018
capture both surface-level semantics and deeper019
relational patterns. Evaluated on SlimPa-020
jama (84.7K training examples), WikiText-021
103 (4,358 examples), PG-19 (100 exam-022
ples), and Proof-Pile (46.3K examples), KG-023
ERMAR achieves up to 8.5% lower perplex-024
ity and 2–2.5× better memory efficiency than025
strong baselines across context lengths from026
1K to 32K tokens. The dynamic knowledge027
graph construction approach advances memory-028
augmented language modeling by enabling029
domain-specific knowledge representation that030
adapts to input contexts rather than relying on031
fixed knowledge bases.032

1 Introduction033

Knowledge extraction from long-form documents034

presents a fundamental challenge: traditional infor-035

mation retrieval methods excel at matching query036

keywords to semantically similar passages, yet fail037

to capture structural relationships between entities038

that often determine relevance. Consider a devel-039

oper querying a technical knowledge base about040

“transformer attention mechanisms causing mem-041

ory overflow.” Semantic retrieval might return pas-042

sages mentioning “attention” and “memory,” but 043

miss crucial relationships: which transformer archi- 044

tectures exhibit this behavior, which hyperparam- 045

eters influence it, and which mitigation strategies 046

address it. These entity relationships—not cap- 047

tured by semantic similarity alone—are essential 048

for effective retrieval in knowledge-intensive do- 049

mains including technical support, legal document 050

analysis, and scientific literature retrieval, where 051

understanding entity relationships within extended 052

contexts is crucial [13, 25, 30]. 053

Current approaches to integrating knowledge 054

graphs with retrieval systems face three critical 055

limitations. First, most methods rely on static, pre- 056

constructed knowledge graphs like ConceptNet or 057

Freebase that cannot adapt to domain-specific en- 058

tities emerging from specialized content [34, 14]. 059

Second, existing graph-neural approaches typically 060

operate on these general-purpose knowledge bases, 061

limiting applicability to specialized domains where 062

relevant structures must be extracted from the con- 063

tent itself [40, 9]. Third, integrating contextual 064

knowledge graph construction with neural retrieval 065

mechanisms remains largely unexplored, particu- 066

larly for efficient processing of extended textual 067

content [29, 38]. 068

Recent memory-augmented retrieval systems 069

have demonstrated strong performance on long- 070

context tasks by maintaining external memory 071

banks of key-value pairs or text chunks [5, 19]. 072

ERMAR [2] achieves competitive results through 073

sophisticated ranking mechanisms and contextual 074

key-value representations from intermediate lan- 075

guage model layers. However, ERMAR—like 076

other memory-augmented approaches—treats text 077

as token sequences, relying exclusively on seman- 078

tic similarity [36, 35]. This misses opportunities 079

to exploit explicit entity relationships: when re- 080

trieving context about “attention mechanisms caus- 081

ing memory overflow,” ERMAR cannot distinguish 082

between passages mentioning these terms coinci- 083
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dentally versus passages describing the causal re-084

lationship between specific attention patterns and085

memory consumption. The absence of structural086

knowledge representation limits retrieval precision087

in knowledge-intensive scenarios [37, 44].088

We present KG-ERMAR, a framework that en-089

hances memory-augmented retrieval by construct-090

ing dynamic, context-specific knowledge graphs091

during inference and integrating graph-structural092

embeddings with textual semantics for improved093

long-context modeling. Unlike approaches re-094

lying on static knowledge bases [34, 40], KG-095

ERMAR performs real-time entity extraction and096

relation identification from input text, building097

domain-adaptive knowledge graphs specific to098

each document collection. Unlike purely se-099

mantic retrieval systems including ERMAR [2],100

KG-ERMAR maintains three specialized mem-101

ory components—contextual, semantic, and struc-102

tural—enabling retrieval based on both semantic103

similarity and explicit entity relationships.104

As illustrated in Figures 1 and 2, KG-ERMAR105

processes input text through an integrated pipeline:106

(1) transformer-based NER and relation extrac-107

tion identify entities and relationships, construct-108

ing a contextual knowledge graph; (2) Relational109

Graph Convolutional Networks (R-GCN) [27] en-110

code graph structure into entity embeddings captur-111

ing both individual properties and structural roles;112

(3) cross-modal attention fuses graph-structural em-113

beddings with textual entity embeddings from the114

base language model; (4) three memory banks store115

contextual key-value pairs (following ERMAR),116

semantic text embeddings, and structural entity117

embeddings, with retrieval signals combined via118

learned fusion weights. The system updates mem-119

ory incrementally as new contexts arrive.120

Contributions. This article advances memory-121

augmented retrieval for long-context modeling122

through three key innovations: (i) A dynamic123

knowledge graph construction pipeline that extracts124

domain-specific entities and relationships from in-125

put text in real-time, enabling adaptation to spe-126

cialized vocabularies absent from static knowledge127

bases; (ii) A hybrid multi-component memory ar-128

chitecture integrating contextual, semantic, and129

structural representations, where graph-structural130

embeddings capture entity relationships comple-131

mentary to semantic similarity signals used by ex-132

isting memory-augmented systems; (iii) Empirical133

demonstration that incorporating structural knowl-134

edge yields substantial improvements—up to 8.5%135

Figure 1: Overview of KG-ERMAR system showing
dynamic knowledge graph construction from input text
and multi-component memory architecture for retrieval.

lower perplexity and 2–2.5× better memory ef- 136

ficiency across context lengths from 1K to 32K 137

tokens—despite increased inference latency from 138

real-time graph construction. We provide detailed 139

analysis of this latency-performance tradeoff to in- 140

form practical deployment strategies. 141

Extensive experiments on benchmark datasets in- 142

cluding SlimPajama (84.7K training examples) for 143

fine-tuning, and WikiText-103 (4,358 examples), 144

PG-19 (100 examples), and Proof-Pile (46.3K 145

examples) for evaluation demonstrate that KG- 146

ERMAR consistently outperforms strong baselines 147

including ERMAR [2] and MemLong [19]. Our 148

approach shows particular strength in long-context 149

scenarios, making it valuable for applications re- 150

quiring both efficiency and quality in extended doc- 151

ument processing. We provide comprehensive ab- 152

lation studies quantifying the contribution of each 153

memory component and robustness analysis ex- 154

amining sensitivity to knowledge graph extraction 155

quality. 156

2 KG-Enhanced Memory-Augmented 157

Retrieval 158

KG-ERMAR enhances memory-augmented re- 159

trieval by constructing dynamic, context-specific 160

knowledge graphs and integrating graph-structural 161

embeddings with textual semantics. Unlike ap- 162

proaches relying on static knowledge bases [40, 9] 163

or purely semantic similarity [2, 19], KG-ERMAR 164

extracts entities and relationships directly from in- 165

put text, leveraging both textual representations and 166

graph structure for enhanced long-context retrieval. 167

2.1 Framework Overview 168

KG-ERMAR comprises four integrated compo- 169

nents: (1) Contextual Knowledge Graph Con- 170

struction (§2.2) performs real-time entity and re- 171
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Figure 2: Architecture diagram illustrating the four main components: contextual knowledge graph construction,
graph-enhanced embedding generation, multi-component memory architecture, and multi-modal retrieval mecha-
nism.

lation extraction to build domain-specific knowl-172

edge structures; (2) Graph-Enhanced Embedding173

Generation (§2.3) employs R-GCN [27] to en-174

code graph structure, then fuses these with textual175

embeddings via cross-modal attention; (3) Multi-176

Component Memory Architecture (§2.4) main-177

tains three specialized memory banks—contextual178

(key-value pairs from language model layers), se-179

mantic (dense text embeddings), and structural180

(graph-enhanced entity embeddings); (4) Hybrid181

Retrieval Mechanism (§2.4) combines retrieval182

signals from all three banks via learned fusion183

weights.184

The key distinction from ERMAR [2] is the addi-185

tion of structural memory and dynamic knowledge186

graph construction, enabling the system to distin-187

guish between passages mentioning related terms188

versus passages describing explicit entity relation-189

ships. Figure 2 illustrates the complete pipeline.190

2.2 Contextual Knowledge Graph191

Construction192

Given input contexts D = {d1, d2, . . . , dn} where193

di = (wi,1, wi,2, . . . , wi,|di|), we construct a con-194

textual knowledge graph Gi = (Ei,R, Ti) for each195

context, where Ei represents extracted entities, R196

denotes relation types, and Ti ⊆ Ei ×R× Ei con-197

tains relation triples.198

Entity Recognition. A transformer-based NER 199

model identifies entity spans, types, and positions: 200

Ei = {(ej , τj , sj , tj) : ej ∈ E , τj ∈ Tentity,

sj ≤ tj ∈ [1, |di|]}
(1) 201

where ej is the entity text, τj ∈ Tentity = 202

{PERSON, ORGANIZATION, LOCATION, CONCEPT, EVENT} 203

is the entity type, and (sj , tj) denote start and end 204

token positions within context di. 205

Relation Extraction. For entity pairs (eh, et) 206

within window W tokens, a pre-trained relation 207

extraction model Fr predicts: 208

rh,t = Fr(eh, et, contextW (eh, et, di)) (2) 209

where contextW (eh, et, di) extracts a W -token 210

window around the entity pair from document 211

di, producing triples (eh, rh,t, et) where rh,t ∈ 212

R ∪ {∅} represents the predicted relationship (∅ 213

indicates no relation). 214

Graph Construction. Three steps improve 215

graph quality: (1) Entity consolidation merges sim- 216

ilar entities using string and embedding similarity 217

(θstr = 0.85, θctx = 0.90); (2) Relation confidence 218

scoring combines classifier certainty and frequency 219

evidence: 220

w(h, r, t) =α · confFr (h, r, t)

+ (1− α) · freq(h, r, t)
max(h′,r′,t′) freq(h′, r′, t′)

(3) 221
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where w(h, r, t) is the confidence score,222

confFr(h, r, t) is the softmax probability223

from the relation extraction model, freq(h, r, t)224

represents the frequency of this triple pat-225

tern within the current context, and α = 0.7226

weights classifier confidence over frequency; (3)227

Graph filtering removes low-confidence triples:228

Ti = {(h, r, t) : w(h, r, t) > θconf} where229

θconf = 0.5. Algorithm 1 (Appendix A) details230

the complete procedure.231

2.3 Graph-Enhanced Embedding Generation232

R-GCN Encoding. For entity ei, the embedding233

h
(l+1)
i ∈ Rd(l+1)

at layer l + 1 is computed via234

relation-specific message passing:235

h
(l+1)
i = σ

W
(l)
0 h

(l)
i +

∑
r∈R

∑
j∈Nr

i

1

|N r
i |

W(l)
r h

(l)
j

 (4)236

where N r
i = {j : (j, r, i) ∈ Ti ∨ (i, r, j) ∈ Ti} denotes237

neighbors of entity i via relation r (both incoming238

and outgoing edges), W(l)
0 ∈ Rd(l+1)×d(l) is the self-239

connection weight matrix, W(l)
r ∈ Rd(l+1)×d(l) is the240

relation-specific weight matrix, and σ is the ReLU241

activation. This enables entities to aggregate neigh-242

borhood information, reflecting both their proper-243

ties and relationship types.244

Hybrid Text-Graph Embeddings. Each245

entity is encoded using the base language246

model to capture contextual semantics: e
(i)
text =247

MeanPool(LM(contextC(ei, d))) where contextC(ei, d)248

extracts C = 64 tokens surrounding entity ei249

in document d, LM(·) applies the base language250

model, and MeanPool(·) averages token represen-251

tations. Cross-modal fusion combines modalities:252

ai = softmax

(
h
(L)
i · e(i)

text√
dkg

)
(5)253

ei = Wfusion

[
h
(L)
i

e
(i)
text

]
+ ai · (h(L)

i + e
(i)
text) (6)254

where h(L)
i is the graph-structural embedding from255

the final R-GCN layer, e(i)text is the textual embed-256

ding, ai is an attention weight measuring compati-257

bility, Wfusion ∈ Rdfinal×(dkg+dtext) is a learned258

projection matrix, and ei is the final fused entity259

representation.260

2.4 Multi-Modal Memory Architecture and261

Retrieval262

Memory Components. KG-ERMAR maintains263

three specialized banks: Contextual memory264

Mctx = {(ki,vi)} stores key-value pairs from in- 265

termediate language model layers (layer 13 in our 266

26-layer model) following ERMAR [2]; Seman- 267

tic memory Msem = {(si, ci)} stores BGE-M3 268

embeddings [5] for 256-token chunks; Structural 269

memoryMkg = {(ei, entityi)} stores fused text- 270

graph embeddings. 271

Hybrid Retrieval. For query q, parallel top-K 272

retrieval from each bank: 273

Rctx(q) = TopK (simdot(Embed(q),Kctx)) (7) 274

Rsem(q) = TopKFAISS (simcos(Embed(q),S)) (8) 275

Rkg(q) = TopKFAISS (simcos(Embed(q),Ekg)) (9) 276

where Kctx represents the contextual keys, S are 277

the semantic embeddings, Ekg are the knowledge 278

graph embeddings, and Embed(q) is the query em- 279

bedding. Contextual memory uses dot product sim- 280

ilarity, while semantic and structural memory use 281

cosine similarity. FAISS HNSW indexing [5] en- 282

ables O(log |M|) query complexity. Final scoring 283

combines signals: 284

score(q, ri) = λ1 · simctx(q, ri) + λ2 · simsem(q, ri)

+λ3 · simkg(q, ri)
(10) 285

where simctx, simsem, and simkg are the similarity 286

scores from each memory bank, and fusion weights 287

{λ1, λ2, λ3} are learned via gradient descent with 288

λ1 + λ2 + λ3 = 1. Algorithm 2 (Appendix A) 289

details the complete procedure. 290

2.5 Training Objectives 291

KG-ERMAR employs multi-task learning optimiz- 292

ing four objectives: 293

Ltotal = LLM +α · LKG + β · Lretrieval + γ · Lalignment

(11) 294

where α = 0.1, β = 0.05, γ = 0.01 control the 295

relative importance of each auxiliary objective. 296

Language modeling loss optimizes next-token 297

prediction with retrieved context: LLM = 298

− 1
|D|

∑|D|
i=1 log pθ(xi|x<i,R(x<i)) whereR(x<i) 299

represents the retrieved context for prefix x<i. 300

Knowledge graph embedding loss trains R-GCN 301

via link prediction with binary cross-entropy: 302

LKG =
∑

(h,r,t)∈T

BCE(σ(h(L)⊤
h Wrh

(L)
t ), 1) 303

+
∑

(h,r,t′)∈Tneg

BCE(σ(h(L)⊤
h Wrh

(L)

t′ ), 0) (12) 304

where T contains positive (observed) triples, Tneg 305

contains negative samples with randomly replaced 306

tail entities, and σ is the sigmoid function. 307
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Retrieval ranking loss uses margin-based308

ranking: Lretrieval =
∑

q,r+,r− max(0, ϵ +309

score(q, r−) − score(q, r+)) where r+ and r−310

are positive (relevant) and negative (irrelevant) re-311

trieved contexts for query q, and ϵ = 0.1 is the312

margin parameter.313

Cross-modal alignment loss ensures consistency314

between textual and structural representations:315

Lalignment = 1
|E|

∑
e∈E ||h

(L)
e − e

(e)
text||22 where316

h
(L)
e are graph-structural embeddings and e

(e)
text are317

textual embeddings.318

3 Related Work319

We position KG-ERMAR within three research320

areas: memory-augmented retrieval for long con-321

texts, knowledge graph methods, and knowledge-322

enhanced language models.323

3.1 Memory-Augmented Retrieval for Long324

Contexts325

Dense retrieval methods [15, 16] learn seman-326

tic similarity in continuous embedding spaces.327

RAG [17] pioneered integrating dense retrieval328

with generative models, enabling external mem-329

ory access beyond model parameters. For long-330

context modeling, RETRO [5] demonstrated re-331

trieval from large corpora, MemLong [19] intro-332

duced chunk-level memory operations with side333

networks, and ERMAR [2] advanced this with so-334

phisticated ranking mechanisms that extract key-335

value pairs from intermediate language model lay-336

ers. Recent agentic memory systems like Mem0 [7]337

and A-Mem [41] extend RAG with hierarchical ar-338

chitectures for interactive agents.339

Limitation: Existing memory-augmented sys-340

tems rely exclusively on semantic similarity with-341

out explicitly modeling entity relationships or struc-342

tural patterns. KG-ERMAR extends ERMAR’s343

contextual memory with structural memory from344

dynamically constructed knowledge graphs, en-345

abling retrieval based on both semantic similarity346

and entity relationships.347

3.2 Knowledge Graphs and Graph-Enhanced348

Models349

Knowledge graph construction has evolved from350

rule-based systems like NELL [22] and Ope-351

nIE [10] to neural approaches [18, 47], while graph352

representation methods including TransE [4], Ro-353

tatE [31], and R-GCN [27] excel at encoding pre-354

constructed graphs. However, these methods tar-355

get static knowledge bases with fixed vocabularies 356

rather than dynamic, context-specific construction. 357

Knowledge-enhanced language models integrate 358

structured knowledge into pre-trained models. 359

ERNIE [30], KnowBERT [24], and K-BERT [20] 360

incorporate entity embeddings during pre-training, 361

while GreaseLM [46] and GraphFormers [42] en- 362

able joint modeling of language and graph struc- 363

ture. Graph-enhanced retrieval systems like QA- 364

GNN [44] and DRAGON [43] apply GNNs to ques- 365

tion answering over ConceptNet, while earlier work 366

employed static knowledge bases for query expan- 367

sion [8, 39]. 368

Limitation: These approaches integrate static 369

knowledge graphs during pre-training or rely on 370

general-purpose knowledge bases that lack domain- 371

specific entities. KG-ERMAR dynamically con- 372

structs context-specific knowledge graphs during 373

inference, enabling adaptation to specialized do- 374

mains and evolving knowledge structures. 375

3.3 Positioning of KG-ERMAR 376

KG-ERMAR addresses three key limitations: (1) 377

Unlike static knowledge graph approaches [44, 378

43, 30], KG-ERMAR constructs domain-specific 379

knowledge graphs dynamically from input text; (2) 380

Unlike memory-augmented systems [19, 2] rely- 381

ing solely on semantic similarity, KG-ERMAR 382

maintains structural memory capturing entity re- 383

lationships; (3) Unlike knowledge-enhanced mod- 384

els [24, 46] integrating static knowledge during 385

pre-training, KG-ERMAR constructs contextual 386

knowledge graphs during inference. 387

Building on ERMAR [2], KG-ERMAR aug- 388

ments contextual memory with semantic memory 389

(dense text embeddings) and structural memory 390

(graph-enhanced entity embeddings from dynami- 391

cally constructed knowledge graphs). This multi- 392

component architecture achieves superior perfor- 393

mance while maintaining computational efficiency 394

through incremental graph construction and FAISS- 395

based indexing. 396

4 Experimental Setup 397

4.1 Datasets 398

We fine-tuned KGERMAR on the SlimPajama 399

dataset [11], a high-quality, deduplicated corpus 400

designed for long-context tasks. It contains 84.7K 401

training rows, making it a compact yet effective re- 402

source for pre-training and fine-tuning. The dataset 403

was preprocessed with a sliding window approach 404
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using 512-token strides to ensure comprehensive405

coverage of long sequences.406

Performance evaluation was conducted on three407

benchmark datasets: WikiText-103 [21] (4,358 test408

rows), PG-19 [26] (100 test rows), and Proof-409

Pile [3] (46.3K test rows). Performance was mea-410

sured across context lengths from 1024 to 32768 to-411

kens, using perplexity on the last 2048 tokens [45]412

following standard evaluation protocols.413

4.2 Model Configuration414

We fine-tuned OpenLLaMA-3B using LoRA [12]415

for parameter-efficient training. The model consists416

of L = 26 transformer layers, H = 32 attention417

heads, and uses rotational position encoding [28].418

Layer 13 serves as the memory layer for storing his-419

torical context, while layers [14, 18, 22, 26] are aug-420

mented with retrieval mechanisms. KG-ERMAR421

employs a memory capacity of 32,768 key-value422

pairs with BGE-M3 embeddings for semantic simi-423

larity computation. For knowledge graph construc-424

tion, we use BERT-large fine-tuned on CoNLL-425

2003 for named entity recognition.426

4.3 Baseline Models427

ERMAR was evaluated against state-of-the-art428

models across two parameter scales to ensure a429

comprehensive comparison. The 7B models in-430

clude LLaMA-2-7B [33] as a standard transformer431

baseline, LongLoRA-7B-32k [6], which employs432

sparse attention mechanisms for 32k-token con-433

texts, and YARN-128k-7B [23] featuring dynamic434

position embeddings that support up to 128k to-435

kens.436

For the 3B parameter scale, we compared437

against OpenLLaMA-3B [32] as the base archi-438

tecture, LongLLaMA-3B [35] evaluated in two re-439

trieval configurations (4 and 18 memory entries),440

MemLong-3B [19] as our direct baseline with441

chunk-level memory operations, and Phi3-128k [1],442

which demonstrates strong performance across443

varying context lengths. This diverse benchmark444

suite encompasses different long-context strategies,445

including sparse attention, position encoding ex-446

tensions, and memory-augmented architectures, en-447

suring robust evaluation of KGERMAR’s retrieval-448

based approach against complementary methodolo-449

gies.450

4.4 Evaluation Metrics451

We employ perplexity as the primary metric for452

language modeling performance, computed on the453

final 2048 tokens of each sequence to focus on 454

long-range dependency modeling. For in-context 455

learning tasks, we report accuracy on five natu- 456

ral language understanding benchmarks: SST-2, 457

MR, Subj, SST-5, and MPQA, evaluated in both 458

4-shot and 20-shot settings. Memory efficiency is 459

assessed through peak GPU memory usage and to- 460

kens processed per second, while computational 461

overhead is measured via inference latency across 462

different context lengths. 463

5 Results and Discussion 464

5.1 Long-Context Language Modeling 465

Following the experimental strategy adopted in 466

[19], Table 1 presents the mean perplexity scores 467

of our model across different sequence lengths 468

and datasets, demonstrating its effectiveness in 469

long-context modeling. Evaluation was performed 470

on test splits of three datasets: WikiText-103 [21] 471

(4,358 rows), PG-19 [26] (100 rows), and Proof- 472

Pile [3] (46.3k rows). 473

The 7B parameter models reveal distinct scaling 474

characteristics - YARN-128k-7B delivers stronger 475

performance in shorter contexts (1k-4k tokens), 476

while LongLoRA-7B-32k maintains better stability 477

up to 16k tokens despite minor quality degradation. 478

These differences underscore the importance of 479

matching model architecture to specific context 480

length requirements in practical applications. 481

The 3B models demonstrate KGERMAR’s sig- 482

nificant advantages in long-context tasks. While 483

OpenLLaMA-3B struggles beyond 4k tokens, and 484

Phi3-128k shows more consistent performance, 485

KGERMAR sets new performance benchmarks 486

for Wikitext and PG19 datasets. KGERMAR 487

outperforms MemLong and larger 7B models in 488

several configurations, including achieving a re- 489

markable perplexity values on WikiText-103, sur- 490

passing MemLong’s and ERMAR’s. Addition- 491

ally, KGERMAR maintains stable performance for 492

PG19 dataset demonstrating its superior scalability 493

in long-context modelling. Despite slight underper- 494

formance in specific Proof-pile configurations, it 495

is still outperforming Memlong in 2k and 4k, and 496

ERMAR in 16K. 497

5.2 In-Context Learning Performance 498

The results in Table 2 show KGERMAR’s strong 499

performance across five natural language under- 500

standing tasks in both 4-shot and 20-shot settings. 501
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PG19 Proof-pile Wikitext-103
Model 1k 2k 4k 16k 1k 2k 4k 16k 1k 2k 4k 16k

7B Model
YARN-128k-7b 7.22 7.47 7.17 - 3.03 3.29 2.98 - 5.71 6.11 5.71 -
LongLoRA-7B-32k 9.76 9.71 10.37 7.62 3.68 3.35 3.23 2.60 7.99 7.83 8.39 5.47
LLaMA-2-7B 10.82 10.06 8.92 - 3.24 3.40 2.72 - 10.82 6.49 5.66 -

3B Model
Phi3-128k 11.31 9.90 9.66 -/9.65 4.25 3.11 2.77 -/3.08 7.54 7.22 7.01 -/7.20
OpenLLaMA-3B 11.60 9.77 > 103 - 2.96 2.70 > 103 - 10.57 8.08 > 103 -
LongLLaMA-3B* 10.59 10.02 > 103 - 3.55 3.15 > 103 - 8.88 8.07 > 103 -
LongLLaMA-3B† 10.59 10.25 9.87 - 3.55 3.22 2.94 - 10.69 8.33 7.84 -
MemLong-3B* 10.66 10.09 > 103 - 3.58 3.18 > 103 - 8.72 7.93 > 103 -
w/ 4K MemLong 10.54 9.95 9.89 9.64 3.53 3.16 3.15 2.99 8.53 7.92 7.87 7.99
w/ 4K ERMAR 10.32 9.75 9.78 9.81 3.24 2.98 3.03 3.18 8.42 7.61 7.62 7.80
w/ 4K KGERMAR 10.24 9.68 9.72 9.75 3.55 3.15 3.12 3.17 7.74 7.25 7.20 7.14

Table 1: Perplexity comparison of 7B and 3B models across PG19, Proof-pile, and WikiText-103, using a sliding
window evaluation. "-" denotes Out of Memory (OOM) errors, and "x/y" indicates results from single/dual GPU
setups. Memory-augmented models are tested with varying capacities.

In the 4-shot setting, KGERMAR achieves state-502

of-the-art results across all tasks, outperforming503

OpenLLaMA and other memory-augmented mod-504

els. It excels even in challenging tasks like SST-5505

and MPQA, maintaining high performance with506

limited examples. Its stability across different mem-507

ory configurations highlights its robustness in low-508

resource scenarios.509

KGERMAR continues to excel in the 20-shot510

scenario, achieving top results in tasks like MPQA511

and Subj. While it lags behind MemLong in the512

MR dataset and behind ERMAR in SST-2 and SST-513

5 by 0.4, its average performance overall outper-514

forms it, showcasing its scalability with increased515

examples.516

Model In-C
,In-M

SST-2
ACC↑

MR
ACC↑

Subj
ACC↑

SST-5
ACC↑

MPQA
ACC↑ Avg.

OpenLLaMA 4,N/A 90.7 84.0 58.2 41.0 70.5 68.9
w./ Rag 4,4 90.9 90.5 61.6 39.2 63.2 69.1
LongLLaMA 4,4 90.4 83.9 64.3 40.0 64.2 68.6
MemLong 4,4 91.5 84.5 61.5 41.4 70.2 69.8
ERMAR 4,4 93.6 90.8 65.3 45.8 85.2 76.14
KGERMAR 4,4 95.4 91.4 69.9 47.4 88.9 78.6
LongLLaMA 4,18 91.4 87.1 59.1 41.0 64.5 68.7
MemLong 4,18 91.0 89.6 61.7 43.5 69.4 71.0
ERMAR 4,18 93.6 90.8 65.3 45.9 85.2 76.16
KGERMAR 4,18 95.4 91.4 69.9 47.4 88.9 78.6
OpenLLaMA 20,N/A 93.6 91.2 55.4 38.2 66.4 69.0
w./ Rag 20,18 92.2 91.3 75.8 39.8 57.6 71.3
LongLLaMA 20,18 94.1 90.8 64.2 41.4 72.1 72.7
MemLong 20,18 93.5 93.8 65.8 43.3 70.6 73.4
ERMAR 20,18 94.7 91.7 82.8 47 86.5 80.54
KGERMAR 20,18 94.3 91.3 85.4 46.9 88.1 81.2

Table 2: 4-shot and 20-shot ICL accuracy [%] on 5
NLU tasks (SST-2, MR, Subj, SST-5, MPQA). We com-
pare OpenLLaMA, LongLLaMA, MemLong, ERMAR
and KGERMAR. Note: In-C = In-Context, In-M = In-
Memory.

KGERMAR consistently performs well across517

varying context lengths, effectively leveraging518

memory augmentation. Its ability to scale with519

more examples and handle both short and long-520

range dependencies makes it a strong candidate for521

general-purpose language modeling, advancing the 522

state-of-the-art in language understanding tasks. 523

5.3 Memory Efficiency Analysis 524

We conduct a comprehensive evaluation of memory 525

efficiency across three architectures—KGERMAR, 526

ERMAR, and MemLong— testing context lengths 527

from 1K to 32K tokens on Wikitext data using 528

an NVIDIA L40S GPU (44.4GB). The results in 529

Table 3 and Figure 3 reveal KGERMAR’s superior 530

memory characteristics through three key metrics. 531

Context Model Peak Mem Reserved Mem/Token
Length (GB) Mem(GB) (MB)
1024 ERMAR 7.97 8.16 7.97

MemLong 8.08 8.49 8.08
KGERMAR 3.58 3.77 3.58

2048 ERMAR 8.45 8.71 4.22
MemLong 8.67 9.38 4.33

KGERMAR 3.93 4.30 1.97
4096 ERMAR 9.42 9.87 2.35

MemLong 9.72 10.58 2.43
KGERMAR 4.64 5.01 1.16

16384 ERMAR 15.20 16.61 0.95
MemLong 15.60 23.77 0.97

KGERMAR 8.89 9.45 0.56
32768 ERMAR 22.87 25.56 0.71

MemLong 23.27 26.05 0.72
KGERMAR 14.51 15.29 0.45

Table 3: Memory efficiency comparison of KGERMAR,
ERMAR and MemLong across context lengths on Wiki-
text data. Mem/Token is calculated as Peak Mem di-
vided by context length. KGERMAR maintains 2–2.5×
lower memory usage across all metrics, with particu-
larly strong gains at longer contexts.

KGERMAR demonstrates superior memory ef- 532

ficiency across all context lengths, maintaining 2- 533

2.5× lower memory usage than baseline models 534

(3.58GB at 1K to 14.51GB at 32K). The archi- 535

tecture shows particularly strong advantages for 536

long-context applications, achieving 36% lower 537

peak memory than ERMAR at 32K contexts (14.51 538

vs 22.87GB) and 58% reduced reserved mem- 539

ory versus MemLong at 16K. Normalized effi- 540
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Figure 3: Memory efficiency analysis comparing
KGERMAR with baseline models: (a) Peak memory
usage shows KGERMAR’s consistent 2–2.5× reduc-
tion over ERMAR; (b) Normalized memory per token
demonstrates architectural efficiency; All measurements
on Wikitext data.

ciency metrics reveal fundamental improvements,541

with 1.6× better memory-per-token at 1K (3.58 vs542

7.97MB) growing to 2.1× at 32K (0.45 vs 0.71MB).543

These results validate KGERMAR’s optimized544

memory architecture, effectively addressing the545

quadratic growth limitations of conventional ap-546

proaches while maintaining stable performance547

across all sequence lengths.548

5.3.1 Performance Scaling Analysis549

We compare KGERMAR and ERMAR across se-550

quence lengths from 1K to 16K tokens on WikiText-551

103 to study scaling behavior. Results in Table 4552

and Figure 4 highlight tradeoffs among memory553

efficiency, throughput, and model quality.554

Model Seq Prep Memory Throughput Latency
Len /Token (tokens /Token

(GB) /sec) (ms)
ERMAR 1K 8.42 7.13 3125 0.32

2K 7.61 3.81 2904 0.35
4K 7.62 2.14 2109 0.47
16K 7.80 0.90 1727 0.58

KGERMAR 1K 7.74 3.58 2331 0.43
2K 7.25 1.97 2379 0.42
4K 7.20 1.16 1380 0.73
16K 7.14 0.45 1051 0.95

Table 4: Comparative performance scaling of KGER-
MAR and ERMAR on WikiText-103. KGERMAR
achieves superior perplexity (lower values) with 2–3×
better memory efficiency, while ERMAR maintains
higher throughput, particularly for shorter sequences.
Note: Prep denotes Perplexity.

KGERMAR consistently achieves a superior555

memory–performance balance. At 16K tokens, it556

reduces memory usage by up to 50% (0.45 vs. 0.90557

GB/token) while improving perplexity by 8.5%558

(7.14 vs. 7.80), demonstrating that knowledge-559

guided retrieval preserves modeling quality under560

constrained memory. KGERMAR is particularly561

effective in long-context settings, exhibiting lower562

Figure 4: Scaling behavior of KGERMAR versus ER-
MAR: (a) Perplexity shows KGERMAR’s stronger
modeling capability across all lengths; (b) Memory
demonstrates KGERMAR’s architectural advantage in
memory efficiency; (c) Throughput reveals ERMAR’s
speed advantage for short sequences; (d) Latency illus-
trates KGERMAR’s predictable scaling.

memory consumption, better perplexity, and more 563

stable throughput degradation compared to ER- 564

MAR (39% vs. 45% drop from 1K to 16K). 565

In addition, KGERMAR shows near-linear la- 566

tency growth with sequence length (R2 = 0.98), 567

whereas ERMAR follows a higher-order trend 568

(R2 = 0.89), making KGERMAR more suitable 569

for real-time long-context inference. Overall, these 570

results validate the scalability and robustness of 571

KGERMAR, especially in memory-critical and 572

long-context scenarios. 573

6 Conclusions 574

We develop a novel model, KG-ERMAR, that en- 575

hances memory augmented retrieval through con- 576

textual knowledge graph construction and hybrid 577

text-graph embeddings for improved long-context 578

modeling. Unlike existing approaches that rely on 579

static knowledge bases, KG-ERMAR constructs 580

domain-specific knowledge graphs directly from 581

input text and integrates graph-structural infor- 582

mation with textual semantics through a multi- 583

modal memory architecture. Our experimental re- 584

sults demonstrate significant improvements: KG- 585

ERMAR achieves up to 8.5% lower perplexity and 586

2-2.5× better memory efficiency across context 587

lengths from 1K to 32K tokens compared to strong 588

baselines including ERMAR and MemLong, while 589

consistently outperforming larger 7B models and 590

showing superior in-context learning performance 591

across five NLU tasks. 592
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7 Limitations593

KG-ERMAR introduces additional computational594

overhead due to on-the-fly knowledge graph con-595

struction, resulting in higher inference latency (Ap-596

pendix B). While this cost is acceptable in research597

settings, production deployment may require op-598

timizations such as offline or incremental graph599

construction. Future work will investigate more600

efficient graph extraction pipelines and extend the601

framework to domain-specific and multilingual sce-602

narios.603

8 Ethical Considerations604

This study did not involve human participants, ani-605

mal experiments, or the use of sensitive, personally606

identifiable, or otherwise ethically restricted data.607

All datasets and materials used are publicly avail-608

able and adhere to their respective terms of use.609

Therefore, no additional ethical approval was re-610

quired.611

Besides that, the KG-ERMAR model centers on612

data privacy, algorithmic bias, and the potential for613

misinformation. The real-time construction of a614

knowledge graph from input text poses a risk to615

privacy by potentially extracting and exposing sen-616

sitive personal information. Bias from the training617

data of the entity and relation extraction models618

could lead to unfair or discriminatory outcomes.619

There is a risk of the model propagating falsehoods620

if the source text contains misinformation, as the621

system lacks an external factual verification mech-622

anism.623
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A Algorithmic Details 849

This appendix provides algorithmic descriptions of 850

the key KG-ERMAR components referenced in the 851

main paper. 852

A.1 Contextual Knowledge Graph 853

Construction 854

Algorithm 1 Contextual Knowledge Graph Con-
struction
Require: Context di, NER model Fe, Relation

model Fr

Require: Context window size W , Confidence
thresholds θmin, θconf

Ensure: Knowledge graph Gi = (Ei,R, Ti)
1: Eraw ← Fe(di) {Extract raw entities with po-

sitions}
2: Ei ← consolidate(Eraw) {Merge similar enti-

ties}
3: Ti ← ∅ {Initialize triple set}
4: for (eh, et) ∈ Ei × Ei where eh ̸= et do
5: if distance(eh, et) ≤W then

{Within context window} context ←
extract_contextW (eh, et, di)
r ← Fr(eh, et, context) {Predict rela-
tion} conf← confidence(Fr, eh, r, et)
if r ̸= ∅ and conf > θmin then

6:7:8:9:10: w ← α · conf + (1 − α) ·
freq_score(eh, r, et)

11: Ti ← Ti ∪ {(eh, r, et, w)}
12: end if
13: end if
14: end for
15: Ti ← {(h, r, t, w) ∈ Ti : w > θconf} {Filter

by confidence}
16: return Gi = (Ei,R, Ti) =0

A.2 Multi-Modal Retrieval 855

The pseudo is depicted in Algorithm 2. 856

A.3 Implementation Notes 857

The consolidate() function merges entities using: 858

Merge(ei, ej) ⇐⇒ simstring(ei, ej) > θstr

∨ simembed(ei, ej) > θctx
(13) 859

where simstring uses fuzzy string matching (Lev- 860

enshtein distance), simembed computes cosine sim- 861

ilarity between entity embeddings from the base 862

language model, and θstr = 0.85, θctx = 0.90 863

are thresholds determined through validation. The 864

11



Algorithm 2 Multi-Modal Retrieval
Require: Query q, Memory banks

(Mctx,Msem,Mkg)
Require: Retrieval budget K, Fusion weights
{λ1, λ2, λ3}

Ensure: Retrieved contextsR
1: qembed ← Embed(q) {Encode query}
2: // Parallel retrieval from each memory bank

3: Ksplit ← ⌊K/3⌋ {Divide budget equally}
4: Rctx ← TopK(simdot(qembed,Mctx.keys),Ksplit)

5: Rsem ← TopKFAISS(simcos(qembed,Msem.keys),Ksplit)

6: Rkg ← TopKFAISS(simcos(qembed,Mkg.keys),Ksplit)

7: // Combine and re-rank results
8: Rcombined ← Rctx ∪Rsem ∪Rkg

9: for ri ∈ Rcombined do
10: sctx ← simctx(qembed, ri) if ri ∈ Rctx else

0
11: ssem ← simsem(qembed, ri) if ri ∈ Rsem

else 0
12: skg ← simkg(qembed, ri) if ri ∈ Rkg else 0

13: score(ri)← λ1 · sctx + λ2 · ssem + λ3 · skg
14: end for
15: R ← TopK(Rcombined, scores,K) {Final

ranking}
16: return R =0

Figure 5: Speed performance comparison showing: (a)
Per-token latency demonstrating KGERMAR’s con-
sistent processing time (0.43-0.91ms) versus baselines’
scaling; (b) Throughput highlighting KGERMAR’s
stable token generation (1.1-2.3K tokens/sec) despite
higher absolute latency. Error bars represent standard
deviation across 5 runs.

Dist() function computes token-level distance as 865

Dist(eh, et) = min(|sh − st|, |sh − tt|, |th − 866

st|, |th − tt|) where (sh, th) and (st, tt) are entity 867

positions. The frequency score (FS) balances con- 868

fidence with occurrence patterns: 869

FS(h, r, t) = 870

count(h, r, t)/max(h′,r′,t′) count(h′, r′, t′). 871

B Latency and Throughput Analysis 872

We evaluate the speed characteristics of KGER- 873

MAR against ERMAR and MemLong across con- 874

text lengths from 1K to 32K tokens on the PG-19 875

dataset (NVIDIA L40S GPU). Table 5 and Fig- 876

ure 5 reveal the fundamental tradeoffs between our 877

memory-optimized architecture and conventional 878

approaches. 879

Latency Throughput
Context Model Latency /Token (tokens/

(ms) sec)
1024 ERMAR 207.97 ± 53.01 0.203 5135

MemLong 190.68 ± 154.55 0.186 6803
KGERMAR 442.30 ± 59.05 0.432 2347

2048 ERMAR 423.79 ± 52.56 0.206 4896
MemLong 323.49 ± 204.89 0.157 7446

KGERMAR 885.22 ± 51.71 0.432 2321
4096 ERMAR 1358.36 ± 55.58 0.331 3020

MemLong 1184.16 ± 170.56 0.289 3511
KGERMAR 2803.02 ± 74.83 0.684 1462

16384 ERMAR 6862.98 ± 45.65 0.418 2387
MemLong 6496.00 ± 213.56 0.396 2524

KGERMAR 14223.88 ± 307.55 0.868 1152
32768 ERMAR 13679.03 ± 58.76 0.417 2395

MemLong 13449.90 ± 56.22 0.410 2436
KGERMAR 29965.15 ± 241.14 0.914 1094

Table 5: Latency and throughput comparison on PG-19
dataset (NVIDIA L40S GPU). Values show mean ± stan-
dard deviation across 5 runs. KGERMAR demonstrates
more stable latency (lower variance) despite higher ab-
solute values.

KGERMAR exhibits predictable latency (0.43- 880

0.91ms/token, 2.1× variation vs ERMAR’s 2.6×) 881

due to deterministic memory access, with sta- 882

ble throughput degradation (51% drop 1K→32K 883

vs ERMAR’s 53%). While achieving 54% of 884

ERMAR’s throughput at 32K (1094 vs 2395 to- 885

kens/sec), it offers 3-5× lower latency variance 886

(±59-307ms vs ±56-214ms) and more consistent 887

throughput (±14 vs ±38 tokens/sec at 16K). These 888

characteristics make KGERMAR ideal for real- 889

time systems needing predictable performance and 890

memory-constrained long-context applications. 891

Analysis of Computational Tradeoffs: While 892

KG-ERMAR achieves superior memory efficiency 893

and modeling performance, it incurs higher latency 894

due to real-time knowledge graph construction dur- 895

ing inference. The improved perplexity (8.5% on 896

WikiText-103) stems from better entity relation- 897
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Figure 6: (a) Memlong vs KGERMAR: KGERMAR achieved improved answer completeness through structured
knowledge representation; (b) Example of knowledge graph-generation.

ship modeling, but comes at the cost of reduced898

throughput. This latency overhead could be sig-899

nificantly reduced by pre-computing knowledge900

graphs offline, making the approach more practi-901

cal for production deployment while maintaining902

the memory advantages that enable longer context903

processing.904

C Extended Performance Analysis905

We conducted extended performance analysis906

across sequence lengths from 1K to 16K tokens907

on PG-19 and WikiText-103 datasets to examine908

KG-ERMAR’s scaling characteristics across four909

key metrics: latency, throughput, memory usage,910

and perplexity.911

C.1 Key Findings912

Predictable Scaling: Latency grows near-linearly913

from 430ms (1K tokens) to 13.7K ms (16K tokens),914

while memory usage scales linearly from 3.6GB915

Figure 7: KG-ERMAR scaling analysis across PG-19
and WikiText-103: (a) Near-linear latency scaling; (b)
Stable throughput >1K tokens/sec; (c) Linear memory
growth; (d) Consistent perplexity across context lengths.
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to 8.8GB, enabling accurate resource planning for916

deployment.917

Stable Performance: Throughput maintains918

>1,100 tokens/sec across all sequence lengths with919

only 52% degradation despite 16× context increase.920

Perplexity remains consistent (WikiText-103: 6.5-921

7.8, PG-19: 9.7-9.8), demonstrating quality preser-922

vation at extended lengths.923

Cross-Dataset Consistency: Both datasets ex-924

hibit similar computational scaling patterns, while925

WikiText-103 achieves lower perplexity due to926

structured content benefiting from knowledge927

graph construction.928

These results validate KG-ERMAR’s suitability929

for production environments requiring predictable930

resource usage and consistent performance across931

variable context lengths.932

C.2 Demonstrative Example933

The example in Figue 6 demonstrates how KGER-934

MAR produces more comprehensive responses by935

leveraging knowledge graph relationships. While936

the baseline model only mentions architectural937

placement, KGERMAR explains the functional938

mechanism that addresses computational complex-939

ity.940
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