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Abstract001

Addressing the interpretability and scaling bot-002
tlenecks of modern LLMs, we introduce LO-003
GOS, a neuro-symbolic framework that re-004
places linear sequence modeling with a global005
Lemma-Merged Dependency Graph. By col-006
lapsing texts into a unified symbolic manifold,007
LOGOS encodes semantic relationships as ex-008
plicit topological edges rather than implicit009
probabilities. LOGOS features: (1) topological010
compression, which exploits graph connectivity011
to circumvent the quadratic cost of sequence-012
level attention; and (2) Stochastic Multi-Mask013
Supervision, a protocol that compels the recon-014
struction of multi-hop relational dependencies.015
Evaluations on PTB, WikiText-2, and WikiText-016
103 demonstrate that LOGOS achieves compet-017
itive intrinsic performance with significantly018
fewer parameters than autoregressive base-019
lines. Beyond efficiency, this explicit struc-020
tural grounding provides a verifiable substrate021
for future research into aligned, hallucination-022
resistant AI systems.023

1 Introduction024

The landscape of natural language processing has025

been fundamentally shaped by Masked Language026

Modeling (MLM), which provides a robust frame-027

work for learning contextualized representations028

through self-supervised objectives (Devlin et al.,029

2019; Liu et al., 2019). However, as the field has030

progressed into the era of Large Language Models031

(LLMs), the prevailing paradigm has shifted toward032

massive parameter scaling and dense, sub-symbolic033

architectures (Touvron et al., 2023; OpenAI et al.,034

2023; Li et al., 2025; Behrouz et al., 2025). De-035

spite their empirical success, these models face036

critical bottlenecks: the quadratic complexity of037

self-attention limits long-context reasoning (Gu038

and Dao, 2024; Peng et al., 2025), while the “black-039

box” nature of their representations complicates040

efforts in verifiable AI safety and factual grounding041

(Ji et al., 2023; Saparov et al., 2023).042

Dependency structures offer a rigorous means 043

of encoding syntactic and semantic relationships 044

(Gildea and Jurafsky, 2002; Levy and Goldberg, 045

2014; Tai et al., 2015; Marcheggiani and Titov, 046

2017). While tree-structured and graph-based mod- 047

els have excelled in isolated tasks such as semantic 048

role labeling and machine translation (Shen et al., 049

2019; Zhang et al., 2019; Chai et al., 2025), they 050

are predominantly limited to sentence-level pro- 051

cessing. Standard MLM objectives treat tokens as 052

discrete units within linear sequences, neglecting 053

the corpus-level symbolic connections and “small- 054

world” properties inherent in human languages. 055

In this work, we propose LOGOS (Neural 056

Language mOdeling via a Graph-based symbOlic 057

lexical knowledge baSe), a neuro-symbolic archi- 058

tecture that unifies Graph Neural Networks (GNN) 059

with a global Lemma-Merged Dependency Graph. 060

LOGOS represents the linguistic topology as a uni- 061

fied manifold where unique lemma-typed forms act 062

as singular nodes, with edges aggregating syntactic 063

relations across the entire training corpus. This 064

architectural shift enables topological compres- 065

sion, where long-range dependencies are resolved 066

through efficient graph-based message passing 067

rather than computationally expensive quadratic 068

attention. To train this symbolic manifold, we pro- 069

pose Stochastic Multi-Mask Supervision (SMMS), 070

a protocol that randomly masks subsets of nodes 071

to compel the model to reconstruct relational sub- 072

graphs. Our main contributions are: 073

1. Lemma-Merged Dependency Graph: We 074

introduce a global symbolic manifold that con- 075

solidates syntactic relations across sentence 076

boundaries, enabling the topological compres- 077

sion of linguistic context to overcome the long- 078

context bottleneck. 079

2. Stochastic Multi-Mask Supervision: We 080

propose a training protocol that utilizes ran- 081

dom word masking to supervise the recon- 082
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struction of multi-hop dependencies, forcing083

the model to represent the global graph topol-084

ogy.085

3. Parameter-Efficient Competitive Perfor-086

mance: We demonstrate that LOGOS087

achieves competitive intrinsic performance088

compared to larger transformer-based base-089

lines on PTB and WikiText benchmarks,090

achieving high data efficiency by decoupling091

lexical storage from parametric inference.092

4. Neuro-Symbolic Interpretability: LOGOS093

has potential to advance verifiable AI safety094

by grounding predictions in a transparent sym-095

bolic lexical knowledge base to enforce struc-096

tural constraints.097

2 Related Work098

Graph-Based and Dependency-Aware Represen-099

tations. Dependency structures have historically100

provided a rigorous framework for building compo-101

sitional sentence representations (Gildea and Juraf-102

sky, 2002; Socher et al., 2013; Zhao et al., 2021).103

Early neural approaches utilized tree-structured104

networks (Tai et al., 2015; Shen et al., 2019) and105

dependency-based graph encoders (Marcheggiani106

and Titov, 2017) to capture syntactic nuances that107

linear models often overlook. While recent work108

has expanded dependency information into global109

word-level networks (Levy and Goldberg, 2014;110

Vashishth et al., 2019; Peters et al., 2019), these ef-111

forts largely focus on word representation learning.112

In contrast, LOGOS leverages a global Lemma-113

Merged Dependency Graph to facilitate dynamic114

contextualized modeling, allowing syntactic roles115

to aggregate across disparate corpora to form a116

unified symbolic manifold for language modeling.117

Graph Neural Networks in Language Model-118

ing. Graph Neural Networks (GNNs) (Kipf and119

Welling, 2017; Veličković et al., 2018; Wu et al.,120

2021; Chai et al., 2025; Song et al., 2018; Qian121

et al., 2019) have been successfully applied in122

NLP tasks requiring explicit structural reasoning,123

such as semantic role labeling and machine trans-124

lation (Zhang et al., 2019; Li et al., 2020). While125

the standard MLM paradigm remains dominated126

by Transformer-based architectures (Devlin et al.,127

2019; Liu et al., 2019), recent research adopts128

graph-based masking to incorporate non-sequential129

context (Zhang et al., 2020). LOGOS diverges130

from these sentence-centric models by replacing131

the intra-sequence attention mechanism with global 132

message passing over a corpus-level lexical knowl- 133

edge base. This shift enables LOGOS to resolve 134

long-range dependencies through topological prox- 135

imity rather than temporal sequence processing. 136

Neuro-Symbolic Hybridization and Inter- 137

pretability. As LLMs scale to trillions of 138

parameters (Touvron et al., 2023; OpenAI 139

et al., 2023), their opaque, “black-box” nature 140

has sparked a resurgence in neuro-symbolic 141

AI (Saparov et al., 2023; Anonymous, 2025). 142

Unlike pure DNNs that rely solely on statistical 143

correlations, neuro-symbolic architectures aim to 144

ground neural learning in explicit logic or symbolic 145

structures. LOGOS contributes to this domain by 146

grounding lemma representations in a transparent 147

symbolic graph manifold. This transparency is 148

critical for AI safety, alignment, and hallucination 149

(Ji et al., 2023), providing an auditable structural 150

substrate that current DNNs lack. 151

Efficiency and Long-Context Bottleneck. Re- 152

cent advances in State Space Models seek to ad- 153

dress the quadratic O(N2) complexity of Trans- 154

formers (Gu and Dao, 2024). While models 155

like Mamba provide linear scaling with sequence 156

length, they remain fundamentally sequential in 157

their processing of context. LOGOS offers an al- 158

ternative solution via topological compression. By 159

merging identical lemmas into single nodes, the 160

graph acts as a small-world network where the ef- 161

fective diameter is significantly smaller than the 162

linear sequence length. This allows LOGOS to 163

achieve competitive performance while maintain- 164

ing a substantially reduced parameter and memory 165

footprint compared to current LLMs. 166

3 LMDG: A Graph-Based Symbolic 167

Lexical Knowledge Base 168

The LOGOS framework, illustrated in Figure 1, 169

represents a fundamental departure from linear se- 170

quence modeling by utilizing a Lemma-Merged 171

Dependency Graph (LMDG) to encode linguistic 172

information. This architecture jointly leverages: (i) 173

hierarchical dependency structures, (ii) graph con- 174

volutional representations over a globally merged 175

multi-sentence graph, and (iii) linguistic constraints 176

that restrict the hypothesis space to structurally 177

plausible predictions. The resulting model learns 178

to encode syntactic structure while respecting uni- 179

versal linguistic well-formedness. 180
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Figure 1: LOGOS framework overview

Algorithm 1 in Appendix A details the LMDG181

construction phase of LOGOS. Given a set of sen-182

tences {S1, S2, . . . , Sn}, we merge their depen-183

dency trees into a single directed graph G = (V,E).184

Each unique (lemma, POS) pair is instantiated as a185

discrete node, ensuring that structural overlap oc-186

curs only between syntactically compatible forms:187

V ={(l, p) | ∃w ∈
⋃
i

Si,

lemma(w) = l, pos(w) = p}
(1)188

E = {(u, v, r) | ∃ edge u
r−→ v in any Tree(Si)}

where r denotes the dependency relation type. This189

merged graph supports parameter sharing and struc-190

tural alignment across sentences, allowing LOGOS191

to perform cross-sentence syntactic generalization192

while maintaining the granular distinctions neces-193

sary for disambiguating polysemous lemmas.The194

neuro-symbolic nature of LMDG offers a robust195

substrate for addressing critical challenges in AI196

Safety and Alignment. Unlike modern LLMs197

that rely primarily on probabilistic alignment tech-198

niques (e.g., RLHF), which optimize for statistical199

likelihood rather than hard logical boundaries (Tou-200

vron et al., 2023), the LMDG provides an auditable201

symbolic structure and enables the enforcement202

of model safety through verifiable structural con-203

straints. We provide more details in Appendix E.204

3.1 Quantifying Data Utility and the LMDG205

Structural Saturation Principle206

Unlike standard scaling laws which suggest that207

model performance scales monotonically with data208

volume (OpenAI et al., 2023), LMDG allows for209

a quantitative assessment of the intrinsic utility of210

new data. We define the Marginal Information211

Gain (∆G) as the structural contribution of a new 212

text collection C to the existing LMDG Gt: 213

∆G(C) = |VC \ Vt|︸ ︷︷ ︸
New Lemmas

+α |EC \ Et|︸ ︷︷ ︸
New Edges

(2) 214

where VC and EC represent the sets of unique 215

lemmas and edges in the new incoming text. α 216

weighs the relative importance of syntactic diver- 217

sity (edges) against lexical expansion (nodes). As 218

the LMDG grows, the rate of discovering novel 219

structural triplets (h, d, r) inherently slows. We 220

characterize this progression via topological ve- 221

locity vtopo, measuring the rate of graph expansion 222

relative to the number of existing tokens (N ): 223

vtopo =
∂(|V |+ α|E|)

∂N
(3) 224

We define a LMDG structural saturation point 225

as the state where vtopo < ϵ. At this threshold, in- 226

coming text contributes negligible new information, 227

signaling that LMDG has captured the representa- 228

tive syntactic distribution of the domain. This pro- 229

vides a principled stopping criterion to avoid com- 230

putational waste of processing redundant data. As 231

Figure 2 shows, evaluations on BabyLM-100M in- 232

dicate that LMDG saturates at approximately 300M 233

words assuming no distribution change. More de- 234

tails are provided in Appendix F. 235

3.2 Topological Compression: Overcoming 236

the Long-Context Bottleneck 237

LOGOS mitigates the quadratic complexity of at- 238

tention (Vaswani et al., 2017) by shifting depen- 239

dency computation from linear sequence length N 240

to the graph’s effective diameter. We define op- 241

erational diameter as the maximum shortest path 242
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Figure 2: Structural saturation on BabyLM-100M.

between any two nodes in G. LOGOS leverages the243

small-world properties of linguistic graphs. High-244

frequency lemmas act as hub nodes, drastically245

reducing the steps required for global information246

flow. Mathematically, the graph topology ensures:247

Diam(G) ≤ kthreshold ≪ N (4)248

where kthreshold is the maximum hop count before249

feature homogenization (oversmoothing) occurs.250

This allows a shallow GCN to achieve global con-251

text coverage that would otherwise require O(N2)252

attention. This topological compression focuses253

computation on relational edges, mitigating infor-254

mation decay and lost-in-the-middle phenomenon255

(Liu et al., 2023).256

In summary, LMDG is a neuro-symbolic data257

structure designed to represent a corpus as a unified258

global manifold. By shifting from a linear token-259

based approach to a graph-based topological ap-260

proach, the LMDG preserves the structural nuances261

essential for rigorous linguistic research. It serves262

as a bridge between distributionalist methods and263

formal structuralism, allowing for mathematical264

analysis of language through graph-theoretic met-265

rics while maintaining the interpretability of tradi-266

tional linguistic categories.267

4 A GCN-Based Masked Language Model268

LOGOS decouples knowledge storage from model269

parameterization: linguistic structure is preserved270

in a fixed symbolic memory LMDG discussed in271

Section 3, while parametric learning is conducted272

with GCN as shown in Algorithm 2 in Appendix A.273

Now we will discuss four major components in the274

LOGOS framework: (1) stochastic multi-mask su- 275

pervision, (2) graph-based encoding and semantic 276

weighting and fusion, (3) adaptive sampling and 277

contrastive InfoNCE, and (4) constrained/closed- 278

world or unconstrained/open-world prediction. 279

4.1 Stochastic Multi-Mask Supervision 280

LOGOS introduces a masking and learning pro- 281

tocol called Stochastic Multi-Mask Supervision 282

(SMMS). This paradigm is specifically designed 283

to account for the structural density of the Lemma- 284

Merged Dependency Graph (LMDG). In our frame- 285

work, we employ a configurable but uniform mask- 286

ing density where a fixed number of nodes are ran- 287

domly sampled for occlusion from every sentence. 288

SMMS ensures that the objective function ac- 289

counts for consistent relational entropy across the 290

manifold. Mathematically, for a graph with node 291

set V , we define the mask setM ⊂ V such that 292

|M| = k. The training objective is to maximize 293

the pseudo-likelihood of the masked nodes given 294

the observed graph topology and edge labels: 295

LSMMS = EM⊂V,|M|=k[∑
v∈M

− logP (v | G \M, θ)

]
(5) 296

We hypothesize that employing variable subsets 297

of nodes—where k is sampled from a dynamic 298

distribution (e.g., k ∼ Poisson(λ))—could further 299

enhance the model’s ability to generalize across 300

varying levels of syntactic sparsity. This explo- 301

ration of variable-cardinality masking as a curricu- 302

lum learning strategy is reserved for future work. 303

4.2 Graph Encoder and Message Passing 304

LOGOS encodes LMDG using a K-layer Graph 305

Convolutional Network (GCN) (Kipf and Welling, 306

2017), which prioritizes structural efficiency and 307

provides understanding how topological connec- 308

tivity facilitates lexical reconstruction. Let Z ∈ 309

R|V |×Demb represent the lemma embeddings initial- 310

ized as h(0)
i = Zi, and these word embeddings can 311

be initialized with a word representation learning 312

method such as Word2Vec (Mikolov et al., 2013). 313

For each layer k ∈ {0, . . . ,K − 1}, the node 314

representation is updated via a neighborhood ag- 315
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gregation rule (Gilmer et al., 2017):316

h
(k+1)
i =σ

(
W

(k)
selfh

(k)
i +∑

j∈N (i)

1

ci,j
W (k)h

(k)
j + b(k)

) (6)317

whereN (i) denotes the set of immediate neighbors318

of node i in the LMDG, and W (k) is a learnable319

weight matrix shared across all edges in layer k.320

The term ci,j is a normalization constant, typically321

defined as
√

didj , where di is the degree of node i.322

This GCN architecture allows LOGOS to capture323

isotropic structural influence, where the semantic324

representation of a lemma is refined by the aggre-325

gate context of its topological neighbors.326

While the current architecture treats all edges as327

structurally homogeneous, future iterations will im-328

plement a Relational GCN by introducing relation-329

specific weight matrices, so LOGOS can explicitly330

distinguish between functional roles like nsubj and331

obj, providing a granular resolution of predicate-332

argument structures. Furthermore, the topologi-333

cal properties of the LMDG—such as edge fre-334

quency—offer promising avenues for automated335

noise reduction and domain-specific pruning in336

downstream applications.337

4.3 Semantic Weighting and Fusion338

To ground the GCN’s contextualized output in a339

stable lexical space, we apply Semantic Weighting340

(LSEM). The final GCN state h
(K)
m for a masked341

node is projected back into the embedding dimen-342

sion Demb via a projection matrix Wproj:343

z̃′m = h(K)
m Wproj + bproj (7)344

The loss is defined as the Mean Squared Er-345

ror (MSE) between the predicted vector and the346

ground-truth lemma embedding Zym :347

LSEM =
1

|M|
∑
m∈M

∥z̃′m − Zym∥22 (8)348

To further refine the representation, we utilize Se-349

mantic Fusion to integrate global context. A tree350

embedding htree is computed via mean-pooling351

across all nodes Vs in the sentence: htree =352
1

|Vs|
∑

i∈Vs
h
(K)
i . The final prediction vector h′

m is353

a non-linear fusion of local and global features:354

h′
m = ReLU

([
h
(K)
m

htree

]
Wfuse + bfuse

)
(9)355

This fusion ensures that LOGOS captures both 356

topological neighborhood of the masked node and 357

broader “thematic gist” of the syntactic tree. 358

4.4 Adaptive Sampling and InfoNCE 359

As the LMDG grows, standard softmax over the 360

full vocabulary |V | becomes a computational bot- 361

tleneck. We alleviate this by implementing adap- 362

tive sampling for the output layer (Shi et al., 363

2025). The symbolic manifold is partitioned into 364

frequency-based clusters, where gradient updates 365

are focused on high-frequency “hub” lemmas while 366

the long-tail lexical periphery is sampled sparsely. 367

To prevent representation collapse, we supple- 368

ment the primary objective with a contrastive In- 369

foNCE loss (Oord et al., 2018): 370

LInfoNCE = −E
[
log

exp(h′m · zym/τ)
exp(h′m · zym/τ) +

∑
j∈N exp(h′m · zj/τ)

]
(10) 371

Negative samples N are selected via an adaptive 372

topological strategy that prioritizes lemmas with 373

similar syntactic roles or adjacent neighborhoods in 374

the global LMDG. This contrastive pressure forces 375

the model to learn fine-grained semantic discrimi- 376

nators between nodes that are topologically similar 377

but semantically distinct. 378

Overall, LOGOS is optimized via a unified multi- 379

task objective that balances structural, semantic, 380

and contrastive supervisions: 381

LTotal = LCE + λNCELInfoNCE + λsemLSEM (11) 382

4.5 Open-world vs. Closed-world Prediction 383

During inference LOGOS allows both Open- 384

world (unconstrained probabilistic) and Closed- 385

world (symbolically constrained) prediction modes. 386

While open-world prediction follows standard max- 387

imum likelihood estimation across the entire vo- 388

cabulary V , closed-world mode leverages the 389

neuro-symbolic property of LMDG to enforce task- 390

specific structural and semantic constraints. 391

In the closed-world approach for language mod- 392

eling, we define a composite constraint C(h, d, r) 393

(h: head, d : dependent, r : relation) derived from 394

Universal Dependency guidelines (Nivre et al., 395

2016). This constraint ensures that any candi- 396

date lemma i is linguistically compatible with the 397

masked position m based on its Part-of-Speech, 398

dependency label, and underlying graph topology. 399
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The candidate set Cm is restricted to include only400

those lemmas that can functionally replicate the ex-401

act neighborhood of the masked node. Specifically,402

a candidate lemma i is considered valid only if it403

shares the same set of parent nodes (heads) and404

children nodes (dependents) as the masked word405

within the dependency parse tree. Let P(m) and406

D(m) represent the sets of parents and dependents407

of the masked node, respectively. The set of per-408

missible candidates Cm is defined as:409

Cm =

i ∈ V

∣∣∣∣∣∣∣∣
Norm(z̃′m) · Norm(Zi)

⊤ ≥ ξ,
C(h, i, r) = 1,
∀p ∈ P(m) : (p, i) ∈ E,
∀d ∈ D(m) : (i, d) ∈ E


(12)410

where z̃′m is the predicted embedding and Zi is the411

embedding of a candidate lemma i. This filtering412

mechanism ensures that LOGOS does not merely413

predict a semantically similar word, but one that414

is structurally interchangeable within the specific415

syntactic configuration of the sentence.416

By pruning the generation space to lemmas that417

“fit” the LMDG structure, LOGOS reduces the pos-418

sibility of predicting linguistically incoherent or419

syntactically impossible candidates—a common420

failure mode in purely probabilistic models.421

For AI safety and alignment, this closed-world422

constraint mechanism represents a shift from soft423

alignment (probabilistic preference) to hard align-424

ment (verifiable rules). Depending on the specific425

task—ranging from creative generation to formal426

logic verification—constraint set C can readily in-427

corporate specific requirements. This allows pre-428

cise fine-grained control to prevent LOGOS from429

deviating into states that violate predefined logi-430

cal or linguistic constraints, ensuring that model431

behavior remains symbolically verifiable.432

5 Experiments433

Benchmarks and standard splits. We evaluate434

our model on three standard language modeling435

benchmarks: Penn Treebank (PTB), WikiText-2436

(WT2), and WikiText-103 (WT103) using Pseudo-437

Perplexity(PPPL), Top-1 accuracy, and Top-5 ac-438

curacy. Details are provided in Appendix D.439

Baselines and Evaluation Metrics Our evalua-440

tion aims to isolate intrinsic modeling capability of441

LOGOS using Pseudo-Perplexity (PPPL), a stan-442

dard intrinsic metric for Masked Language Mod-443

els (MLMs) (Salazar et al., 2020). A significant444

challenge in benchmarking MLMs is the scarcity445

of reported intrinsic metrics; architectures such as 446

RoBERTa or ALBERT are almost exclusively eval- 447

uated on downstream transfer tasks (e.g., GLUE), 448

obscuring their fundamental modeling efficiency. 449

To provide a rigorous comparative analysis, we 450

benchmark against well-documented autoregres- 451

sive baselines where intrinsic Perplexity (PPL) is 452

the established gold standard. 453

We compare LOGOS against Variational 454

LSTM (Inan et al., 2016), AWD-LSTM (Mer- 455

ity et al., 2018), AWD-LSTM-MoS (Yang et al., 456

2018), AWD-LSTM-MoS + PDR (Brahma, 2019), 457

Transformer-XL (Dai et al., 2019), Segatron-XL 458

(Bai et al., 2021), and zero-shot GPT-2 (Radford 459

et al., 2019). We acknowledge the theoretical dis- 460

tinction between metrics: autoregressive PPL ap- 461

proximates P (S) via the chain rule
∏

P (wt|w<t), 462

whereas PPPL estimates the pseudo-likelihood via 463∏
P (wt|w\t).1 By benchmarking against these 464

autoregressive standards, we prioritize a granular, 465

from-scratch evaluation that validates the core LO- 466

GOS architecture without the confounding vari- 467

ables of massive-scale pre-training. 468

LMDG statistics. Table 1 shows statis- 469

tics of three benchmarks and their LMDGs. 470

To evaluate the sensitivity of LOGOS to pars- 471

ing quality, we tried two architectural vari- 472

ants of the spaCy pipeline: efficiency-oriented 473

en_core_web_sm (CNN-based) and accuracy- 474

oriented en_core_web_trf (RoBERTa-based). Our 475

empirical results indicate that the performance 476

delta between them is small 2, suggesting that 477

LMDG is robust to minor parsing noise. This justi- 478

fies the use of high-throughput, lightweight parsers 479

for large-scale LMDG construction, as the global 480

topological properties of the corpus-level manifold 481

effectively mitigate local dependency errors. The 482

parsing time reported in Table 1 corresponds to a 483

single-threaded execution environment, which rep- 484

resents a one-time overhead decoupled from infer- 485

ence phase. Furthermore, since parsing is a highly 486

parallel task and every sentence can be parsed in- 487

dependently, this computational cost is highly scal- 488

able. By deploying a distributed MapReduce-style 489

framework across m nodes, the total wall-clock 490

1While mathematically distinct, Wang and Cho (2019)
demonstrate that PPPL and PPL are strongly correlated metrics
of generative capability (r > 0.9 in controlled settings), as
both quantify the Kullback-Leibler divergence between the
model’s distribution and the empirical data distribution.

2With WT2, parser en_core_web_sm’s results are top1
0.4466, top5 0.6182, ppl 30.82, parser en_core_web_trf’s
results are top1 0.4472, top5 0.6208, ppl 28.66
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Corpus Number of Number of Number of Number of Parsing time Graph
sentences total words nodes edges (hh:mm:ss) size(MB)

em: 00:01:49
PTB 44,134 1,170,998 12,083 286,518 trf: 00:16:05 11.80

em: 00:05:18
WT2 93,529 2,611,565 32,449 644,568 trf: 00:56:32 31.69

em: 03:17:03
WT103 3,750,432 100,704,070 322,918 12,369,192 trf: 29:02:06 315.35

Table 1: Details of benchmarks and their LMDGs. Two parsers are sm: en_core_web_sm and trf: en_core_web_trf

Table 2: Results with PTB, WT2, and WT103

Corpus Model #Params PPL/
PPPL

PTB

Variational LSTM 24M 73.2
AWD-LSTM 24M 57.3
AWD-LSTM + cache 24M 52.8
AWD-LSTM + PDR 24.2M 55.6
AWD-LSTM-MoS 22M 53.8
GPT-2 small 117M 65.85
GPT-2 medium 345M 47.33
GPT-2 large 762M 40.31
GPT-2 XL 1,542M 35.76
LOGOS-OpenWorld 10M 20.30
LOGOS-ClosedWorld 10M 1.48

WT-2

Variational LSTM 24M 87.0
AWD-LSTM 33M 65.8
AWD-LSTM + cache 33M 52.0
AWD-LSTM + PDR 33.6M 63.5
AWD-LSTM-MoS 35M 60.5
GPT-2 small 117M 29.41
GPT-2 medium 345M 22.76
GPT-2 large 762M 19.93
GPT-2 XL 1,542M 18.34
LOGOS-OpenWorld 20M 28.66
LOGOS-ClosedWorld 20M 1.67

WT-103

GPT-2 small 117M 37.50
GPT-2 medium 345M 26.37
GPT-2 large 762M 22.05
GPT-2 XL 1,542M 17.48
Transformer XL 151M 24.0
Transformer XL(large) 257M 18.3
Segatron-XL (base) 151M 22.5
Segatron-XL (large) 257M 17.1
LOGOS-OpenWorld 104M 24.19
LOGOS-ClosedWorld 104M 1.96

time can be reduced to approximately 1/m.491

Main Results. Table 2 shows that in Logos-492

OpenWorld setting, the model achieves competitive493

PPPL scores while utilizing substantially fewer494

parameters than the autoregressive baselines. This495

empirical evidence suggests that the graph-based496

symbolic lexical memory acts as a potent inductive497

bias, effectively guiding masked word prediction498

even without candidate space restriction.499

In contrast, Logos-ClosedWorld setting yields500

significantly reduced perplexity values. Consis-501

tent with our methodological framing, we interpret502

these results not as immediate deployment capa- 503

bilities, but as a diagnostic upper bound. These 504

values isolate the contribution of symbolic mem- 505

ory, demonstrating that when structural constraints 506

are satisfied, the required parametric capacity to 507

recover target tokens is minimal. This diagnostic 508

gap implies that future iterations may progressively 509

relax these constraints by leveraging natural lan- 510

guage redundancy to compensate for the absence 511

of syntactic information. 512

Parameter Efficiency and Scaling Laws As 513

the evaluation scales from PTB to WT-103, the to- 514

tal parameter count increases from 10M to 104M. 515

However, as detailed in Table 3, this growth is dom- 516

inated by the embedding layer E ∈ R|V |×d, which 517

scales linearly with the vocabulary size |V |, rather 518

than the GCN model parameters. This architectural 519

decoupling confirms our central claim: the Graph 520

Convolutional component maintains a relatively 521

static footprint, as symbolic LMDG assumes the 522

burden of storing lexical and relational context. 523

Detailed results for LOGOS model in Table 3. 524

While PTB and WT-2 permit exhaustive sampling, 525

we observe that restricting masked samples per sen- 526

tence in WT-103 still yields competitive PPPL. 527

This suggests that LOGOS performs efficiently at 528

scale by delegating lexical storage to the explicit 529

graph G, while the parametric GNN (ΘGCN ) fo- 530

cuses exclusively on relational inference. 531

Across all corpora, the LOGOS-CLOSEDWORLD 532

setting achieves high Top-k accuracy. As LMDG 533

size increases, the structural density of G asymp- 534

totically approaches the true linguistic population. 535

In the initial stages of LMDG construction, G is 536

sparse, with frequent emergence of unseen lemmata 537

and novel dependency relations. As G accumulates 538

a near-exhaustive inventory of (lemma,POS) pairs 539

and head-dependent arc types, the representational 540

space becomes more stable, allowing LOGOS to 541

optimize over a saturated symbolic memory. 542
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Corpus Setting Samples Seconds GCN Embedding PPPL Top-1 Top-5
/sentence /epoch parameters parameters Acc Acc

PTB
open-world max 28.8 7,040,418 3,093,248 20.30 0.4879 0.6599

closed-world max 31.7 7,044,514 3,093,248 1.48 0.8815 0.9959

WT2
open-world max 58.1 11,923,130 8,306,944 28.66 0.4472 0.6208

closed-world max 68.7 11,927,226 8,306,944 1.67 0.8568 0.9922

WT103
open-world 10 1523.1 21,641,811 82,667,008 24.19 0.4544 0.6504

closed-world 2 270.1 21,641,811 82,667,008 1.96 0.8288 0.9943

Table 3: Detailed results for LOGOS. “max” means that max/sentence length number of samples are generated for
each sentence. The longer epoch time in open-world WT-103 is due to more samples generated from each sentence.

Impact of Masking Rate. Table 4 illustrates543

the performance sensitivity to the masking rate544

µ ∈ {1, 2, 3} words per sentence. Given an av-545

erage sentence length L̄ ≈ 20, a rate of µ = 3 ap-546

proximates the industry standard of 15% typically547

utilized in MLM pre-training (Devlin et al., 2019).548

While an increased µ intuitively elevates the diffi-549

culty of the reconstruction task by reducing local550

context, the difficulty can be partially compensated551

by generating more samples from each sentence.552

Our results indicate that the benefit of higher sam-553

ple throughput outweighs the increased predictive554

entropy. Additional relational constraints activated555

in LMDG during multi-word masking provide a556

richer gradient for GCN encoder. LOGOS is robust557

to standard masking densities and benefits from the558

combinatorial diversity of larger masking sets.

Masking Samples/ PPPL Top-1 Top-5
rate sentence accu. accu.
2 100 35.84 42.06 60.31
2 180 34.27 42.54 61.05
3 100 42.45 39.55 58.53
3 160 37.67 40.08 59.57

Table 4: Impact of masking rate using WikiText-2

559

Ablation study. Table 5 validates LOGOS’ com-560

ponents. Removing Adaptive Sampling causes561

the sharpest performance drop (PPPL +2.65, Top-562

1 -3.37%). Omitting Semantic Constraints or In-563

foNCE Loss also degrades results, confirming that564

both are essential for optimal performance. Full565

configuration consistently achieves the best metrics.566

567

Model robustness and training stability. As568

Figure 3 shows, LOGOS training is quite stable and569

robust, and usually converges at around 60 epochs.570

571

Setting PPPL Top1 acc. Top5 acc.
Original 20.30 48.79 65.99

No InfoNCE 21.92 48.20 65.84
No Semantic 21.66 47.49 65.51
No Ad. Sam. 22.95 45.42 64.74

Table 5: Ablation study using PTB

Figure 3: Training stability and convergence

6 Conclusion 572

This work introduced LOGOS, a neuro-symbolic 573

framework that re-architects language model- 574

ing by replacing global quadratic attention with 575

a Lemma-Merged Dependency Graph (LMDG) 576

and a GNN-based encoder. By grounding neu- 577

ral representations in a shared symbolic mani- 578

fold, LOGOS achieves structural generalization 579

with high parameter efficiency, effectively decou- 580

pling lexical storage from parametric inference. 581

Our results demonstrate that topological compres- 582

sion—leveraging the small-world properties of lin- 583

guistic graphs—successfully mitigates the long- 584

context bottleneck without the instability of deep 585

GCNs or the overhead of traditional scaling laws. 586

Beyond architectural efficiency, symbolic nature of 587

LOGOS offers a path toward verifiable AI safety, 588

which we will explore in future work. 589

8



7 Limitations590

Despite the performance, efficiency, and inter-591

pretability gains offered by LOGOS, several limi-592

tations must be acknowledged.593

7.1 Dependency Parsing Overhead and Noise594

The primary structural requirement of our frame-595

work is the use of an external dependency parser596

to construct the LMDG. Current state-of-the-art597

parsers are not 100% accurate; consequently, pars-598

ing errors—such as misidentified heads or incorrect599

relation labels—can introduce noise into the sym-600

bolic manifold.601

7.2 Vocabulary Scalability and602

Interpretability Trade-offs603

Unlike traditional Transformers that utilize sub-604

word tokenization (e.g., BPE) to manage vocab-605

ulary size, LOGOS operates on a per-lemma ba-606

sis. This results in a significantly larger vocabu-607

lary; however, this is a deliberate design choice in-608

tended to preserve the one-to-one mapping between609

nodes and symbolic lemmas, ensuring maximum610

interpretability. While a large vocabulary typically611

presents a scaling challenge, our experiments on612

WikiText-103 demonstrate that the architecture re-613

mains robust even with a vocabulary of more than614

260,000 unique lemmas. This scalability is facil-615

itated by the effective adaptive sampling strategy.616

Given that the number of unique lemmas in natural617

language is naturally bounded, the “large vocabu-618

lary” problem remains functionally manageable.619

7.3 Syntactic Sparsity620

Finally, the model’s reliance on syntactic struc-621

ture may result in performance degradation when622

processing highly informal or ungrammatical text623

where a dependency tree cannot be reliably formed.624
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Appendix 882

A LOGOS Algorithm 883

A.1 LMDG Construction: From Linear 884

Sequences to Symbolic Manifolds 885

Algorithm 1 LOGOS Phase I: Construct Lemma-
Merged Dependency Graph (LMDG)

1: Input: Parsed corpus D
2: Output: LMDG Θ
3: Initialize symbolic graph G = (V,E)
4: for each sentence s ∈ Dtrain do
5: for each token (ℓ, u) in s do
6: if u ̸= PUNCT then
7: Add or retrieve lemma node ℓ_u ∈ V
8: end if
9: end for

10: for each dependency (h→ d, r) in s do
11: Add labeled edge (h, d, r) to E
12: end for
13: end for

The construction of the Lemma-Merged De- 886

pendency Graph (LMDG) represents the foun- 887

dational architectural shift in LOGOS, moving from 888
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linear, sequence-based processing to a global, topo-889

logical representation. This phase transforms the890

training corpus into a unified symbolic manifold891

where lexical units are anchored by their functional892

syntactic roles.893

A.1.1 Structural Logic and Procedural894

Walkthrough895

As detailed in Algorithm 1, the construction pro-896

cess distills a parsed corpus into two distinct stages897

of symbolic unification:898

1. Lemma-POS Node Fusion (Lines 4–8): Un-899

like subword tokenization schemes (e.g., BPE)900

which fragment semantic meaning, LOGOS uti-901

lizes lemmatization combined with Part-of-902

Speech (POS) anchoring.903

• Morphological Collapse: Variations904

such as eating, ate, and eats are mapped905

to a single semantic root (eat).906

• Functional Disambiguation: By ap-907

pending the POS tag u to the lemma908

ℓ, the algorithm creates distinct nodes909

for homonyms with different syntac-910

tic profiles (e.g., bank_NOUN vs.911

bank_VERB).912

2. Global Dependency Merging (Lines 10–12):913

The core structural innovation lies in the914

global merging of local sentence trees. If dis-915

parate sentences share a syntactic relationship916

(h
r−→ d), they update a single, persistent edge917

in the global manifold. This turns the LMDG918

into a multi-relational graph where edges are919

explicitly typed by their Universal Depen-920

dency (UD) relations.921

A.1.2 Discussion: Topological Advantages for922

Language Modeling923

The LMDG serves as a form of topological com-924

pression. While traditional Transformers must re-925

derive the relationship between words at every oc-926

currence via self-attention, the LMDG explicitly927

stores these relationships within a shared geometry.928

• Small-World Connectivity: The merging of929

common lemmas creates high-degree “hub930

nodes” (e.g., auxiliary verbs and common931

nouns). This significantly reduces the average932

path length across the lexical manifold, allow-933

ing a Graph Convolutional Network (GCN)934

to aggregate global contextual information935

through a limited number of message-passing 936

steps. 937

• Syntactic Inductive Bias: By restricting mes- 938

sage passing to explicit dependency edges, the 939

LMDG acts as a hard attention mechanism. 940

This filters out the spurious correlations of- 941

ten found in the O(N2) quadratic attention of 942

Transformers, focusing the model’s energy on 943

linguistically grounded relational dependen- 944

cies. 945

• Linguistic Interpretability: Because every 946

node and edge corresponds to a formal cate- 947

gory (Lemma and UD Relation), the internal 948

representations of the model are directly ma- 949

pable to human grammar, providing a trans- 950

parent substrate for analyzing how the model 951

learns syntax. 952

A.2 Phase II: Representation Learning and 953

Masked Words Prediction 954

While Phase I establishes the LMDG manifold, 955

Phase II (Algorithm 2) defines the neural learning 956

process. This stage utilizes a Graph Convolutional 957

Network (GCN) to propagate information across 958

the global topology, supervised by a novel multi- 959

masking protocol. 960

A.2.1 Stochastic Multi-Mask Supervision 961

(SMMS) 962

Unlike standard Masked Language Modeling 963

(MLM) which masks single tokens in a linear string, 964

the SMMS protocol (Lines 7–12) operates on the 965

sentence-level dependency subgraph Gs. 966

• Structural Erasure: By sampling a mask set 967

Ms of size k and removing these nodes from 968

the graph, the model is forced to reconstruct 969

the missing lemma using only the remaining 970

topological context. 971

• Multi-Hop Dependency: Since nodes in the 972

LMDG are connected by syntactic relations 973

rather than proximity, the GCN must learn to 974

aggregate information across multiple “hops” 975

to resolve the identity of a masked node, ef- 976

fectively learning the underlying logic of the 977

Universal Dependency rules. 978

A.2.2 The Hybrid Loss Objective 979

To ensure the learned embeddings are both syn- 980

tactically accurate and semantically rich, LOGOS 981

employs a tripartite loss function (Lines 18–21): 982
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Algorithm 2 LOGOS Phase II: Train GCN over
LMDG

1: Initialize GCN parameters Θ
2: Initialize embeddings Z with Word2Vec
3: for each training epoch do
4: for each minibatch B ⊂ D do
5: Initialize masked example setM← ∅
6: for each sentence graph Gs ∈ B do
7: Sample mask set Ms ⊂ Vs with

|Ms| = k
8: for each masked node m ∈Ms do
9: Remove m from Gs

10: Add masked graph toM
11: end for
12: end for
13: EncodeM using K-layer GCN over G
14: Obtain contextual node representations

h(K)

15: Compute local masked-node embeddings
and global tree embeddings

16: Fuse symbolic context with parametric
representations

17: Compute cross-entropy loss LCE
18: Compute semantic alignment loss LSEM
19: Compute contrastive InfoNCE loss LNCE
20: L ← LCE + λsemLSEM + λNCELNCE
21: Update Θ via backpropagation
22: end for
23: end for
24: /* Inference: open-world vs. closed-world

decoding */
25: Prediction with either (i) open-world uncon-

strained softmax over V , or (ii) closed-world
decoding constrained by symbolic rules

1. Cross-Entropy Loss (LCE): The primary ob-983

jective for lemma prediction, measuring the984

model’s ability to recover the exact identity of985

the masked node m from the vocabulary V .986

2. Semantic Alignment Loss (LSEM): This987

term regularizes the contextual representa-988

tions h(K) against the Word2Vec-initialized989

embeddings Z. It ensures that the GCN’s dy-990

namic outputs do not drift too far from the991

established semantic manifold.992

3. Contrastive InfoNCE Loss (LNCE): To993

sharpen the discriminative power of the model,994

we use Noise-Contrastive Estimation. This995

forces the model to maximize the similarity996

between the masked representation and the997

ground-truth lemma, while minimizing simi- 998

larity with negative samples (distractor lem- 999

mas), effectively pushing unrelated concepts 1000

apart in the embedding space. 1001

A.2.3 Inference: Neuro-Symbolic Decoding 1002

The algorithm concludes with a flexible inference 1003

strategy. In Open-world mode, the model func- 1004

tions as a traditional probabilistic predictor. How- 1005

ever, in Closed-world mode, the symbolic con- 1006

straints C(h, d, r) (h: head, d : dependent, r : re- 1007

lation) derived from the LMDG act as a decoder 1008

filter. This ensures that the predicted lemma is not 1009

only semantically plausible but also structurally 1010

valid within the target dependency tree, effectively 1011

reducing ungrammatical hallucinations. 1012

B Hardware and software environments 1013

Component Specification

CPU 2× Intel Xeon Gold 6326 @ 2.90GHz
GPU 4× NVIDIA L40S

OS Linux (x86_64)
Python 3.10.19
Framework PyTorch 2.4.1 (CUDA 12.4)

Parser
PTB: spaCy en_core_web_sm

WikiText-2/103: spaCy en_core_web_trf

Table 6: Hardware, software, and parser environments.

C Training and hyperparameter setting 1014

We evaluate our model on the Penn Treebank 1015

(PTB), WikiText-2, and WikiText-103 datasets un- 1016

der both Closed-world and Open-world settings. 1017

Across all experiments, we maintain a consistent 1018

Graph Convolutional Network (GCN) architecture 1019

with 4 layers and a hidden dimension of 512. Op- 1020

timization is performed using a learning rate of 1021

1× 10−3, a dropout rate of 0.1. We use 4 NVIDIA 1022

L40S GPUs to run each model. We utilize an adap- 1023

tive softmax mechanism to handle large vocabular- 1024

ies efficiently. The comprehensive dataset-specific 1025

hyperparameters and model statistics are detailed 1026

in Table 7. 1027

Each node is represented by a learnable em- 1028

bedding. A 4-layer GCN propagates information 1029

across the lexical graph. Dropout of 0.1 is applied 1030

to node embeddings to prevent overfitting. We 1031

set the patience equal to the maximum number of 1032

epochs (100) for PTB and WikiText-2 to ensure 1033
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Table 7: Detailed hyperparameter settings for PTB, WikiText-2, and WikiText-103 under Closed and Open world
settings. Common parameters across single masked models include: GCN Hidden Dim = 512, Num GCN Layers =
4, Dropout = 0.1, Learning Rate = 0.001, Eval Temperature = 1.0, Eval Top-k = 0, Eval Top-p = 0.0.

Parameter PTB WikiText-2 WikiText-103
Closed Open Closed Open Closed Open

Train Masks / Sent (N ) 1000 1000 1000 1000 2 10
Eval Masks / Sent 1 1 1 1 1 1
Train Batch Size 1024 1024 1024 1024 4096 5000
Val Batch Size 64 64 64 64 32 64
Test Batch Size 64 64 64 64 32 64
Weight Decay 8× 10−5 8× 10−5 8× 10−5 1× 10−4 8× 10−5 1× 10−5

Max Epochs 100 100 100 100 100 500
Adapt. SM Cutoffs [8k, 9k] [8k, 9k] [15k, 25k] [15k, 25k] [20k, 40k, 200k] [20k, 40k, 200k]

Total Params 10,137,762 10,133,666 20,234,170 20,230,074 104,308,819 104,308,819
Graph Mem (MB) 11.80 11.80 31.69 31.69 315.35 315.35

the full training trajectory. For WikiText-103, we1034

increase the training epochs to 500 to handle the1035

large-scale dataset.1036

D Benchmarks, standard splits, and1037

evaluation metrics1038

Benchmarks and standard splits. We evaluate1039

our model on three standard language modeling1040

benchmarks: Penn Treebank (PTB), WikiText-21041

(WT2), and WikiText-103 (WT103). The PTB1042

dataset (Marcus et al., 1993), in its widely used1043

pre-processed form (Mikolov et al., 2010), con-1044

sists of approximately 1.0M tokens (929k train,1045

73k validation, 82k test) with a vocabulary lim-1046

ited to the 10k most frequent words. WikiText-21047

and WikiText-103 (Merity et al., 2016) are sourced1048

from verified "Good" and "Featured" Wikipedia1049

articles, preserving casing, punctuation, and num-1050

bers. WT2 is a mid-sized corpus containing 2.1M1051

train, 217k validation, and 245k test tokens with1052

a vocabulary of 33k. WT103 is a significantly1053

larger long-term dependency benchmark compris-1054

ing 103M training tokens across 28k articles, with1055

a vocabulary of 267k and standard splits of 217k1056

validation and 245k test tokens. We preprocess1057

these corpora using the spaCy dependency parser1058

(Table 6), utilizing the en_core_web_sm model for1059

PTB and the transformer-based en_core_web_trf1060

model for WikiText-2 and WikiText-103 to ensure1061

high-fidelity structural graphs.1062

Evaluation Metrics. We evaluate LOGOS with1063

the following metrics:1064

• Pseudo-Perplexity(PPPL): Standard lan-1065

guage modeling metric over unmasked tokens: 1066

PPPL(W ) =

|W |∑
i=1

logP (wi|W\i) (13) 1067

• Top-k Masked Accuracy: Measures whether 1068

the gold token appears among the top-k pre- 1069

dictions: 1070

Top-k Accuracy =
1

N

N∑
i=1

1{wi ∈ top-k(ŵi)}

(14) 1071

We use k = 1 and k = 5. 1072

Prediction is made and pseudo-perplexity is com- 1073

puted on lemma-typed forms, not on surface to- 1074

kens. 1075

E Potential for Verifiable AI Safety, 1076

Alignment, Hallucination Mitigation 1077

Modern LLMs rely primarily on probabilistic align- 1078

ment techniques (e.g., RLHF), which optimize for 1079

statistical likelihood rather than hard logical bound- 1080

aries (Touvron et al., 2023). While this paper fo- 1081

cuses on language modeling, the LMDG architec- 1082

ture inherently provides a symbolic substrate for 1083

alignment and hallucination research. By manipu- 1084

lating the graph topology, LMDG can provide some 1085

new options for enforcing model safety. Specifi- 1086

cally in LMDG message passing is explicitly gov- 1087

erned by the edge set E. This provides a mecha- 1088

nism for Semantic Isolation: hypothetical pruning 1089

of subgraphs Gunsafe ⊂ G representing hazardous 1090

or non-aligned conceptual pathways. By enforcing 1091
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a zero-weight constraint on edges between sensi-1092

tive lemma clusters, one could theoretically ensure1093

that a hidden representation hi cannot aggregate1094

information from prohibited regions of the mani-1095

fold. Although these symbolic "firewalls" offer a1096

promising path toward verifiable AI, they remain1097

architectural concepts. Further research is required1098

to evaluate the trade-off between strict constraint1099

adherence and the fluidity of linguistic generation.1100

To address compositional hallucinations (Ji et al.,1101

2023)—where the model incorrectly assembles1102

valid but unrelated entities—we propose anchoring1103

predictions to the global edge set Eglobal. Rather1104

than validating components in isolation, we define1105

a Support Function S(h, r, t) that treats the triplet1106

(h, r, t) as an indivisible atomic unit:1107

S(h, r, t) =

{
1 if (h, r, t) ∈ Eglobal

0 otherwise
(15)1108

During inference, a factuality penalty Lfact is1109

applied to suppress “stochastic stitching,” ensuring1110

the model only generates relations witnessed within1111

the symbolic manifold:1112

Lfact = γ ·max(0, σ − S(h, r, t)) (16)1113

where σ is a threshold and γ is a scaling factor.1114

This mechanism ensures internal consistency by1115

requiring that the specific head-tail connection via1116

relation r exists in the global structural consensus,1117

preventing the formation of spurious edges from1118

high-probability but disconnected nodes.1119

F Study of LMDG structural saturation1120

with BabyLM-100M1121

In the analysis of Language Modeling via Lemma-1122

Merged Dependency Graphs (LMDG) structural1123

saturation using the BabyLM corpus, the method-1124

ology rests upon two foundational assumptions:1125

1. Information Incrementality via Discrete1126

Syntactic Units: Currently LMDG quanti-1127

fies “novel information” strictly through the1128

lens of unseen lemmata and novel dependency1129

arcs (head-dependent pairs). This excludes1130

surface-level morphological variations, repet-1131

itive n-gram patterns, lemma frequency, or1132

dependency arc frequency information, focus-1133

ing instead on the expansion of the lexico-1134

semantic frontier and the syntactic manifold.1135

2. Stationarity in Textual Distribution: When 1136

extrapolating structural growth from actual 1137

BabyLM to larger corpus, it is assumed 1138

that the underlying generative distribution 1139

P (the “textual manifold”) remains invari- 1140

ant. This implies that the statistical properties 1141

of syntax—such as the power-law distribu- 1142

tion of dependency and vocabulary growth 1143

rates—persist as the sample size N increases: 1144

P(syntax | NBabyLM) ≈ P(syntax | N∞) 1145

The BabyLM Challenge 1146

(https:babylm.github.io) is a benchmark fo- 1147

cused on sample-efficient language acquisition, so 1148

it fits our goal of analyzing LMDG structural satu- 1149

ration point. While mainstream Large Language 1150

Models (LLMs) are trained on trillions of tokens, 1151

BabyLM restricts models to a “human-scale” 1152

dataset of approximately 108 words—comparable 1153

to the linguistic input a child receives by age 13. 1154

The corpus includes transcribed speech, children’s 1155

stories, and educational materials to simulate 1156

naturalistic human input rather than generic web 1157

scrapes. LMDG maps text to a dependency graph. 1158

In this context, structural saturation in LMDG 1159

refers to the convergence point where LMDG 1160

has mapped the exhaustive set of lemmata and 1161

dependency relations possible within a natural 1162

language. 1163

Here is the process of our LMDG structural sat- 1164

uration study. The BabyLM-100M corpus is parti- 1165

tioned into ten disjoint subsets, denoted as chunks 1166

{c1, c2, . . . , c10}, where each chunk |ci| ≈ 107 1167

words. To analyze the growth of syntactic struc- 1168

tures, we employ an accumulated sampling ap- 1169

proach. Let Dk be the accumulated corpus at step 1170

k, such that: 1171

Dk =
k⋃

i=1

ci, for k ∈ {1, . . . , 10} 1172

For each Dk, we compute the set of unique lem- 1173

mata L(Dk) and the set of unique dependency rela- 1174

tionsR(Dk). The total count of unique structural 1175

units Uk is defined as the cardinality of their union: 1176

Uk = |L(Dk) ∪R(Dk)| 1177

Empirical observation of the sequence 1178

{U1, . . . , U10} indicates that the structural satu- 1179

ration point (where Uk ≈ Uk−1) is not reached 1180
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within the BabyLM-100M. Consequently, we1181

apply the Distributional Stationarity assumption to1182

model the growth curve.1183

We extrapolate the trajectory of U using a non-1184

linear growth function to estimate the structural1185

diversity up to a corpus size of N = 300M words:1186

Û(N) = γNβ, for 100M < N ≤ 300M1187

where γ and β are parameters estimated from1188

the observed BabyLM-100M distribution, where1189

γ = 1.23 and β = 0.56. The result is shown in1190

Figure 2. At the corpus size of 300M words, based1191

on the definition of vtopo in Equation (4), assume1192

α = 1.0 and ϵ = 0.025. Since vtopo = 0.023 and1193

is less than ϵ, LMDG reaches structural saturation1194

point at the corpus size of N = 300M words.1195

G AI Assistants In Research Or Writing1196

We used LLMs to help with coding, literature re-1197

view, and polishing writing.1198
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