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Abstract001

The prevailing view holds that deeper layers of002
large language models (LLMs) naturally yield003
more abstract representations. We revisit this004
assumption by analyzing the latent geometry of005
LLaMA-2-7B across three semantic tasks: lex-006
ical modeling (ML), sentence inference (MI),007
and abstractive summarization (MG). Using008
two probe-free diagnostics—effective dimen-009
sionality (deff) and a discrete curvature proxy010
(κ)—we trace how representations evolve with011
depth. Our results show that abstraction is012
not universal but task-driven: MG exhibits an013
expand–compress trajectory in deff with sharp014
curvature bursts in upper layers, while MI re-015
mains nearly flat and ML shows gradual re-016
finement. Quantitatively, MG’s peak curvature017
exceeds MI’s by over 30×, highlighting nonlin-018
ear folding as a hallmark of generative abstrac-019
tion. These findings challenge depth-centric020
assumptions, introduce reproducible geomet-021
ric tools for analyzing LLM representations,022
and suggest new geometry-aware objectives for023
controlling abstraction.024

1 Introduction025

Large Language Models (LLMs) have achieved026

remarkable success across diverse NLP tasks, yet027

how their internal representations evolve remains028

only partially understood. A prevailing intuition029

is that deeper layers encode increasingly abstract030

semantics. However, most supporting evidence031

comes from probing classifiers or similarity met-032

rics. While informative, these approaches suffer033

from limitations: probes may overfit to downstream034

labels, and similarity scores often miss nonlinear035

transformations in latent spaces. As a result, they036

do not directly capture the geometry of internal037

representations.038

In this paper, we ask a sharper question: Are ab-039

straction effects a universal by-product of depth,040

or are they induced by task objectives? To disen-041

tangle architectural effects from task-specific pres-042

sures, we conduct a controlled comparison using 043

a single pretrained backbone, LLaMA-2-7B, and 044

analyze layer-wise geometry under three represen- 045

tative semantic demands: (i) ML (lexical modeling, 046

PTB) — predicting the next word; (ii) MI (sen- 047

tence inference, SNLI) — discriminative seman- 048

tic reasoning; (iii) MG (abstractive summarization, 049

XSum) — compressing and reorganizing high-level 050

content. 051

Unlike prior work that relies on external probes, 052

we employ two intrinsic and computation-friendly 053

diagnostics: effective dimensionality (deff), which 054

quantifies expansion or compression of represen- 055

tation space, and a discrete curvature proxy (κ), 056

which captures local manifold bending as a signa- 057

ture of nonlinear reorganization. These measures 058

enable us to trace latent geometry in a unified, re- 059

producible way across tasks. 060

Our study reveals striking differences: ML ex- 061

hibits a gradual refinement trajectory, MI remains 062

nearly flat in curvature with mild expansion, while 063

MG shows a distinctive “expand–then–compress” 064

pattern in deff and sharp curvature bursts in upper 065

layers. These results challenge the common be- 066

lief that abstraction automatically arises with depth. 067

Instead, they suggest that In this work, we define 068

semantic abstraction as the process of transforming 069

detailed, high-dimensional input representations 070

into compact, low-dimensional manifolds that cap- 071

ture high-level conceptual information, a process 072

geometrically characterized by both dimensional 073

compression and nonlinear reorganizationsemantic 074

abstraction emerges from task-induced pres- 075

sures rather than depth alone. 076

Contributions. We propose a simple, probe-free 077

framework for auditing task-dependent geometry 078

in LLMs, provide stable empirical evidence that ab- 079

straction is task-specific—only MG shows both di- 080

mensional compression and curvature growth—and 081

highlight geometry-aware objectives (e.g., com- 082

1



pression or curvature regularization) as new levers083

for controlling abstraction.084

2 Related Work085

Understanding how LLMs organize semantic in-086

formation across layers remains central to inter-087

pretability research. Traditional probing classifiers088

reveal that lower layers encode syntax while higher089

layers capture semantics (Stańczak et al., 2025),090

yet such methods may overfit or introduce artifacts.091

This motivates intrinsic geometric analysis—using092

metrics like effective dimensionality and curvature093

to characterize latent structure without auxiliary094

learners (Viswanathan et al., 2025).095

Manifold Hypothesis and Geometric Founda-096

tions. At the theoretical core lies the manifold097

hypothesis: high-dimensional data occupy low-098

dimensional submanifolds (Kiani et al., 2024). Em-099

pirical validation spans vision (Konz et al., 2022;100

Brown et al., 2023) and warns of manifold overfit-101

ting, where models capture geometry but not dis-102

tributions (Loaiza-Ganem et al., 2022). Numeri-103

cal instability in high dimensions (Loaiza-Ganem104

et al., 2024) justifies robust proxies, while tools105

like DeepAtlas validate manifold assumptions via106

local mapping (Hughes et al., 2025).107

Geometric Analysis in Deep Learning. Beyond108

dimensionality, recent work explores richer struc-109

tures. The Convergent Fusion Paradigm links di-110

mensional expansion with qualitative transforma-111

tion (Kim and Shim, 2025). In vision, Manifold-112

GCN leverages neighborhood structure for classi-113

fication (Valem et al., 2023). In NLP, HELM uses114

hyperbolic geometry to align latent spaces with lin-115

guistic hierarchies (He et al., 2025), while Wang116

and Zimmer (2024) observe expand-compress tra-117

jectories in summarization, directly paralleling our118

MG findings. Cross-domain work shows geomet-119

ric alignment enhances comprehension (Lee et al.,120

2024).121

Hierarchical and Structured Modeling. Effec-122

tive abstraction often requires hierarchical decom-123

position. Multi-agent systems (Hou et al., 2025;124

Xu et al., 2024), multimodal architectures (Lu et al.,125

2025; Kim and Kim, 2025), and document under-126

standing systems (Prasad et al., 2024) all employ127

staged refinement. Architectures like HRM and Hy-128

pLLMs demonstrate that abstraction benefits from129

both structural hierarchy and geometric bias (Wang130

et al., 2025; Patil et al., 2025).131

Our work systematically compares geometric 132

evolution across three semantic levels—ML, MI, 133

and MG—revealing how task objectives shape the 134

dimensionality, curvature, and structural integrity 135

of latent manifolds. 136

3 Analysis Framework and Geometric 137

Diagnostic Metrics 138

We introduce a framework for analyzing the in- 139

ternal representation geometry of large language 140

models (LLMs). Our central question is: Do differ- 141

ent semantic tasks induce distinct geometric evolu- 142

tion pathways inside the same model? To answer 143

this, we define two intrinsic, learner-free metrics 144

and propose task-driven hypotheses testable across 145

multiple objectives. 146

3.1 Representation Manifolds 147

For a depth-L model f = fL ◦ · · · ◦ f1, the hidden 148

state at layer l for input x is hl(x) ∈ Rd. The set of 149

hidden states across a dataset forms a point cloud 150

embedded in Rd, which we treat as a representa- 151

tion manifold Ml. Training can be interpreted as 152

sequentially reshaping {Ml} under task loss Ltask, 153

such that the manifold geometry aligns with com- 154

putational requirements of the task. 155

3.2 Geometric Diagnostics 156

We employ two complementary metrics to charac- 157

terize the geometry of Ml. 158

Effective Dimensionality (deff). deff captures 159

how many latent directions are effectively utilized. 160

It is computed from the participation ratio of singu- 161

lar values σ(l)
i of the centered representation matrix 162

Hl ∈ Rn×d: 163

d
(l)
eff =

(∑k
i=1 σ

(l)
i

)2

∑k
i=1

(
σ
(l)
i

)2 , (1) 164

where k truncates small components for robust- 165

ness. Higher deff indicates more dispersed, less 166

redundant representations, while lower deff sug- 167

gests compression. This aligns with the Informa- 168

tion Bottleneck principle: effective dimensionality 169

reflects how much information is retained or dis- 170

carded across layers. 171

Discrete Curvature Proxy (κ). To approximate 172

local nonlinear reorganization, we define a curva- 173
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Figure 1: A conceptual overview of our multi-level geometric analysis. We apply the same LLM and analysis
pipeline across three semantic tasks—ML, MI, and MG—and compare how effective dimensionality (deff) and
curvature (curv) evolve across layers.

ture proxy measuring k-NN neighborhood distor-174

tion:175

κ(l) =
1

n

n∑
i=1

∣∣∣d(l)i − d̄
(l)
nbr

∣∣∣, (2)176

where d
(l)
i is the mean distance of point i to its k177

nearest neighbors, and d̄
(l)
nbr is the global average.178

Large κ indicates uneven neighborhoods (stretch-179

ing/folding), while values near zero suggest near-180

isometric mapping. We emphasize that κ is a com-181

putational proxy rather than a true Riemannian cur-182

vature, but it provides a stable and efficient signal183

in high dimensions.184

Task-Driven Hypotheses. We formulate185

geometry-based hypotheses for three tasks based186

on effective dimensionality (deff) and curvature (κ):187

(i) Generative Compression Hypothesis (GCH)188

for MG tasks predicts an inverted-U deff curve189

(initial expansion, later compression) and sharp κ190

increase in upper layers, reflecting many-to-one191

abstract mapping; (ii) Discriminative Separation192

Hypothesis (DSH) for MI tasks expects mono-193

tonic deff increase with flat κ, capturing linear194

disentanglement without nonlinear folding; (iii)195

Progressive Refinement Hypothesis (PRH) for196

ML tasks posits steady deff growth and mild κ197

increase, indicating gradual syntactic-semantic198

integration.199

4 Experiments and Results200

To validate the task-driven geometric hypotheses in201

Section 3, we conduct controlled comparisons on202

a single backbone and trace layer-wise geometry203

across three tasks at different semantic levels.204

4.1 Experimental Setup 205

We use LLaMA-2-7B as our single experimental 206

backbone to analyze its geometry across three tasks: 207

ML (PTB next-word prediction), MI (SNLI natu- 208

ral language inference), and MG (XSum abstrac- 209

tive summarization). This controlled setup isolates 210

task-induced effects. Full implementation details, 211

including model parameters and hyperparameters, 212

are provided in Appendix A. 213

4.2 Geometric Evolution 214

Figure 2 visualizes the layer-wise geometric tra- 215

jectories across tasks, and Table ?? summarizes 216

the key metrics. ML shows progressive refine- 217

ment: deff increases smoothly and κ grows mildly, 218

suggesting gradual integration of syntax and local 219

semantics under near-flat geometry. MI exhibits 220

flat geometry: deff rises modestly while κ remains 221

close to zero, consistent with shallow alignment 222

and linear separability. MG displays a distinct 223

compression and folding pattern: early expansion 224

followed by late compression in deff, together with 225

pronounced curvature spikes in upper layers. Quan- 226

titatively, MG attains the highest deff peak (∼1.95 227

at L2) yet compresses toward the top layers (∼1.49 228

at L30); its curvature peak (∼0.0080 at L20) is 229

7.9× that of ML and 34.7× that of MI. These cur- 230

vature gaps far exceed dimensionality gaps, under- 231

scoring nonlinear folding as the dominant cross- 232

task discriminator. All observations align with our 233

hypothesized patterns: GCH for MG, DSH for MI, 234

and PRH for ML.We summarize full geometric 235

statistics for each task in Appendix ??. 236
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Figure 2: Task-dependent geometric evolution across 32 layers. Solid lines show effective dimensionality deff
(left axis); dashed lines show curvature κ (right axis). MG exhibits inverted-U deff and sharp upper-layer κ bursts;
MI shows near-zero κ; ML displays intermediate patterns.

Interpreting Layer-Specific Patterns. The early237

peak of deff in MG (L2) suggests rapid semantic238

expansion immediately after input encoding, likely239

decorrelating document-level features. The sub-240

sequent compression (L2→L30) aligns with the241

bottleneck required for summary generation. In242

contrast, the delayed curvature burst (L18-20) may243

reflect the transition from distributed semantic fea-244

tures to compact output representations. MI’s flat245

curvature across all layers suggests that entailment246

decisions rely on shallow feature alignment rather247

than deep geometric transformation—consistent248

with findings that SNLI can be partially solved by249

lexical heuristics250

4.3 Summary251

(i) Geometric evolution is task-specific, not a uni-252

versal effect of depth; (ii) only MG exhibits dual ab-253

straction signatures—expansion–compression and254

upper-layer curvature bursts; (iii) curvature gaps255

(> 7×) provide strong quantitative separation.256

These findings challenge the blanket claim that257

“deeper layers are always more abstract,” and in-258

stead indicate that abstraction arises from objective-259

induced pressures.260

5 Discussion261

Our findings demonstrate that abstraction is task-262

dependent rather than a universal property of depth.263

We highlight three key insights: (1) dual geometric264

signatures—only MG (summarization) exhibits the265

combined dimensional compression and curvature266

growth characteristic of true semantic abstraction;267

(2) objective-driven geometry—the 34× curvature268

gap between MG and MI (inference) suggests that269

task signals outweigh architectural priors; and (3)270

diagnostic utility—geometric metrics reveal struc- 271

tural divergences, such as nonlinear folding, that 272

standard performance metrics like ROUGE or ac- 273

curacy fail to capture. While our efficient curva- 274

ture proxy provides clear task separation, future 275

research should explore more formal metrics (e.g., 276

Ricci curvature) and investigate whether these geo- 277

metric signatures remain invariant across different 278

model scales and architectures. 279

6 Limitation 280

One significant limitation of this study is that it 281

relies on a discrete neighborhood-based proxy for 282

curvature rather than a formal Riemannian met- 283

ric, which may oversimplify finer topological cues 284

in high-dimensional manifolds. Additionally, the 285

analysis is restricted to a single model backbone 286

(LLaMA-2-7B) and a decoder-only architecture, 287

leaving it unclear whether these task-dependent ge- 288

ometric signatures—such as the sharp curvature 289

bursts in abstractive tasks—generalize to encoder- 290

decoder models or scale invariantly across much 291

larger parameter regimes. 292

7 Ethical Considerations 293

This work presents a geometric analysis of pre- 294

trained model representations and does not involve 295

the collection of new human subject data or the 296

deployment of live systems. We utilized publicly 297

available datasets (PTB, SNLI, and XSum) in accor- 298

dance with their respective licenses. While our find- 299

ings offer new tools for interpreting LLM internal 300

states, we acknowledge that geometric diagnostics 301

could potentially be misused to reverse-engineer 302

proprietary models or bypass safety filters by iden- 303

tifying layers where abstraction occurs. However, 304
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we believe the benefits of increased transparency305

and the potential for more robust, geometry-aware306

alignment techniques outweigh these risks. Our307

use of LLMs was strictly limited to language pol-308

ishing, and all core scientific claims and analyses309

were produced by the authors.310
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• MI (Natural Language Inference): Stanford405

Natural Language Inference Corpus (SNLI)406

• MG (Abstractive Summarization): XSum407

(Extreme Summarization)408

Input Processing and Sampling. All input se-409

quences are truncated or padded to a fixed length410

of 512 tokens. To ensure statistical reliability, we411

randomly sample 10,000 examples from each task412

dataset for analysis.413

Representation Extraction. We extract the hid-414

den state of the first non-padding token at each415

layer. For LLaMA-2’s decoder architecture, this to-416

ken (typically [BOS]) aggregates global sequence417

information through causal self-attention across418

all subsequent tokens. Importantly, this choice:419

(i) avoids pooling-induced bias (mean pooling420

may dilute salient features; max pooling may am-421

plify outliers); (ii) provides a consistent extrac-422

tion point across variable-length sequences; (iii)423

aligns with common practice in decoder-only mod-424

els for sequence-level tasks. We verify robustness425

to this choice in Appendix B.1, where mean pool-426

ing yields qualitatively similar patterns.427

Hyperparameters for Geometric Metrics.428

• Effective Dimension (deff): We retain the top429

k singular values from the SVD decomposi-430

tion such that they explain 99% of the cumu-431

lative variance of the representation matrix.432

• Discrete Curvature (κ): For curvature es-433

timation, we use k = 10 nearest neighbors.434

Sensitivity to k is analyzed in Appendix B.1.435

• Centering: Before computing any geomet-436

ric metric, the n× d representation matrix is437

centered by subtracting the mean across the438

feature dimension.439

Computational Efficiency. To manage memory440

usage, we adopt a layer-wise streaming strategy:441

instead of loading all 32 layers of activations for442

10,000 examples at once (which would require ap-443

proximately 5.2GB memory: 32×10000×4096×4444

bytes), we load one layer at a time, compute its geo-445

metric metrics, and release memory before proceed-446

ing to the next layer. This enables the evaluation447

of large-scale hidden state geometry on modest448

hardware.449

B Appendix: Additional Experimental 450

Results 451

B.1 Robustness to Pooling Method Choice 452

To verify that our findings are not artifacts of 453

the representation extraction strategy, we compare 454

three pooling methods: first token (default), mean 455

pooling, and last token. Figure 3 shows that all 456

three methods yield qualitatively consistent pat- 457

terns across tasks. 458

For ML (PTB), all pooling methods show mono- 459

tonic growth in deff and mild curvature increase. 460

For MI (SNLI), curvature remains near-zero across 461

layers regardless of pooling strategy, with a minor 462

spike at layer 22 visible only in the last-token con- 463

dition. For MG (XSum), the inverted-U trajectory 464

in deff and sharp curvature bursts in upper layers 465

(L18-20) are robust across all methods. Quantita- 466

tively, the peak curvature ratio between MG and MI 467

ranges from 7.3× to 8.1× depending on pooling, 468

confirming that task-dependent geometric signa- 469

tures are not extraction artifacts. 470

B.2 Robustness to Hyperparameter Choices 471

We assess sensitivity to key hyperparameters: k- 472

NN size for curvature, SVD variance threshold for 473

deff, sample size, and random sampling. Figure 4 474

demonstrates stability across variations. 475

(a) k-NN size impact on κ: At layer 20, curva- 476

ture remains stable across k ∈ {5, 10, 20, 50}. MG 477

consistently shows values around 0.008, while ML 478

and MI remain below 0.001, preserving the 7.5× 479

gap. 480

(b) SVD threshold impact on deff: Varying the 481

variance retention threshold from 80% to 99.9% 482

changes deff by less than 0.08 at layer 20. The 483

inverted-U pattern in MG persists across all thresh- 484

olds. 485

(c) Sample size impact: Both deff (solid) and κ 486

(dashed) stabilize with 1k samples. At 20k samples, 487

metrics differ by < 3% from 10k values, confirm- 488

ing sufficient sampling. 489

(d) Random sampling stability: Error bands 490

computed from 10 random 10k subsamples show 491

standard deviations below 8% of mean values for 492

deff and below 5% for κ in MG’s high-curvature 493

layers, demonstrating low variance and high repro- 494

ducibility. 495

These robustness checks confirm that our find- 496

ings are not sensitive to methodological choices, 497

strengthening the validity of the task-driven geo- 498

metric evolution framework. 499
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Figure 3: Ablation study across pooling strategies. We compare three representation extraction methods—first
non-padding token (solid), mean pooling (dashed), and last token (dotted)—across three tasks and two geometric
metrics. Key patterns remain stable: ML shows steady growth in both metrics; MI exhibits flat curvature (κ ≈ 0)
regardless of pooling; MG displays distinctive expand-then-compress (deff trajectory peaks ∼1.95 at L2) and sharp
upper-layer curvature bursts (peak ∼0.008 at L18-20). Crucially, the 7.3× curvature gap between MG and MI
persists across all pooling methods, confirming that observed task-dependent geometric signatures are intrinsic
to the representation manifold rather than artifacts of extraction strategy. Minor absolute shifts (< 0.05 for deff,
< 0.0005 for κ) do not affect relative orderings or key conclusions.
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Figure 4: Sensitivity analysis across hyperparameter variations. (a) Curvature at layer 20 remains stable across
k-NN sizes k ∈ {5, 10, 20, 50}, with MG consistently showing 7.5× higher values than ML and 30× higher than
MI. (b) Effective dimensionality deff at layer 20 varies by < 0.08 across SVD truncation thresholds (80%, 86%,
99%, 99.9% variance retained), preserving the expand-compress pattern in MG. (c) Both metrics stabilize with
1k samples; the 7.3× curvature gap persists at 1k samples. (d) Error bands (mean ± std over 10 random 10k
subsamples) show low variance: std < 8% for deff and < 5% for κ in MG’s high-curvature layers. These results
confirm that observed task-dependent geometric signatures are robust to hyperparameter choices and sampling
variability, ruling out artifacts as alternative explanations.

Figure 5: Task-dependent geometric trajectories. (a) Effective dimensionality (deff): MG shows an inverted-U
pattern with late compression, MI increases mildly, and ML grows steadily. (b) Discrete curvature (κ): MG exhibits
sharp curvature growth in upper layers, while MI remains flat and ML shows only mild increase. Together, these
metrics highlight distinct geometric signatures across tasks.
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