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Abstract001

Scope ambiguity arises when a sentence ad-002
mits multiple interpretations depending on how003
logical operators (e.g., negation and indefi-004
nites) interact. In contrast to prior work (Ka-005
math et al., 2024), which adopts an ambiguity-006
first, evidence-following diagnostic and fo-007
cuses primarily on surface-level behavioral008
sensitivity without directly examining internal009
mechanisms, we introduce an evidence-first,010
ambiguity-following diagnostic that allows the011
hidden representations of a scope-ambiguous012
sentence to be adaptively shaped by preced-013
ing contextual evidence. To support this analy-014
sis, we present SCOPEX, an extension of the015
dataset of (Kamath et al., 2024), constructed by016
semi-automatically generating preamble con-017
text sentences corresponding to different scope018
readings and by introducing passivized sen-019
tences as syntactically less ambiguous controls.020
Using SCOPEX, we find evidence that trans-021
former language models (LMs) (i) exhibit sys-022
tematic sensitivity to scope ambiguity as a func-023
tion of preceding contextual evidence, and (ii)024
encode scope interpretations in their internal025
representations in ways that support reliable dis-026
crimination between inverse and surface scope027
readings.028

1 Introduction029

Scope ambiguity is a pervasive phenomenon in nat-030

ural language, whereby a sentence admits multiple031

interpretations depending on how scope-bearing032

items(SBIs)—such as indefinites (a/an), negation033

(not), quantifiers (some, every), numerals, and oth-034

ers—interact (Barwise and Cooper, 1981; May,035

1985). As illustrated in Figure 2 and Table 6, con-036

sider the sentence “I didn’t feed a dog” with two037

interpretations:038

• Specific: “there exists a particular dog that039

was not fed.”040

(inverse reading: ∃x(DOG(x) ∧ ¬FEED(I, x)) )041

Evidence-first diagnosis of scope in LLMs

Evidence-first diagnostic
for scope ambiguity (SCOPEX)

CONTEXT Target Sentence
Cspec : “She asked me to

feed her dog.”

Cnon : ‘The dog section
was closed.”

1 S : “I didn’t feed a dog.”

2 Slex : “I starved a dog.”

3 Spass : “A dog wasn’t fed
by me”

Surprisal Analysis
- Localized effect on SBIs

- Symmetric processing
of ambiguity

Representation Analysis
- Where: mid-to-late layer divergence

- Causal: asymmetric activation patching

- What: specificity encoded as marked

Figure 1: a high-level overview of our evidence-first
diagnostic approach, summarizing the SCOPEX design
and the roles of Experiments 1 and 2.

• Non-specific: ‘‘no dogs were fed.” 042

(surface reading: ¬∃x(DOG(x) ∧ FEED(I, x))) 043

Scope ambiguity is resolved when additional 044

context is provided. In this example, an inverse 045

reading is favored in a context such as “she asked 046

me to feed her dog,” whereas a surface reading is 047

favored in a context such as “the dog section was 048

closed.” In this paper, we examine how modern 049

transformer-based LMs resolve scope ambiguity 050

in context. 051

Regarding this question, (Kamath et al., 2024) 052

explore an ambiguity-first, evidence-following diag- 053

nostic. In this setup, a scope-ambiguous or scope- 054

unambiguous preamble sentence is presented first, 055

and the LM’s sensitivity is assessed by compar- 056

ing the probabilities assigned to alternative follow- 057

up continuation sentences. However, given the 058

unidirectional attention architecture of most au- 059

toregressive language models, this ambiguity-first 060

diagnostic setup conditions on the original scope- 061

ambiguous preamble sentence and evaluates only 062

the plausibility of subsequent continuations. As 063
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Biasing Context Sentence Factorial Case Pairs Acceptable? Surprisal

Specific Context (Cspec)
My neighbor was
worried about her pets
while she was away,
and she specifically
asked me to feed her
dog. Unfortunately,

Non-specific Context (Cnon)
During my volunteer
shift at the animal
shelter, I spent most of
my time with the cats
since the dog section
was cloased. So,

S

I didn’t feed
a dog

Slex

I starved
a dog

Spass

A dog wasn’t
fed by me

(S | Cspec) :
. . . She asked me to feed her dog. Unfortunately, I didn’t feed a dog

(S | Cnon) :
. . . The dog section was closed. So, I didn’t feed a dog

(Slex | Cspec) :
. . . She asked me to feed her dog. Unfortunately, I starved a dog

(Slex | Cnon) :
. . . The dog section was closed. So, I starved a dog.

(Spass | Cspec) :
. . . She asked me to feed her dog. Unfortunately, a dog wasn’t fed by me

(Spass | Cnon) :
. . . The dog section was closed. So, a dog wasn’t fed by me

Figure 2: Overview of the SCOPEX dataset and Experiment 1. The figure illustrates the 2×3 factorial design,
crossing contextual bias (specific vs. non-specific) with sentence type variations (ambiguous, lexical-semantically
unambiguous, syntactically less ambiguous conditions).

a result, the sentence-level probabilities and inter-064

nal hidden states associated with the target scope-065

ambiguous sentence are already fixed at the time066

ambiguity sensitivity is assessed, which limits the067

ability of this setup to directly analyze how scope068

ambiguity is resolved internally within language069

models.070

To investigate scope ambiguity from both be-071

havioral and internal perspectives, we adopt an072

evidence-first, ambiguity-following diagnostic,073

which we refer to as evidence-first continuation.074

In this setup, a preamble evidence sentence is075

presented first, followed by a scope ambiguous076

continuation sentence. Because the hidden states077

and sentence-level probabilities associated with the078

scope-ambiguous sentence are contextually and079

adaptively determined as a function of the preced-080

ing evidence, this evidence-first continuation setup081

allows us to more directly examine how LMs inter-082

pret and resolve scope ambiguity under preceding083

evidential context (See Table 8 in Appendix).084

To support the evidence-first continuation set-085

ting, we construct a novel dataset, termed086

SCOPEX (SCOPe–Expression Cross-factor Eval-087

uation), by extending the dataset of (Kamath et al.,088

2024) in two important ways: First, we intro-089

duce evidence sentences that precede the target090

sentence. Second, in addition to the original scope-091

ambiguous and lexically unambiguous sentence092

types, we introduce a third sentence type that is less093

scope-ambiguous due to syntactic structure, namely094

passivized sentences, such as “A dog wasn’t fed by095

me.” (See Section 3.1). Building on this SCOPEX,096

we conduct a series of analyses to examine how 097

LMs resolve scope ambiguity, substantially extend- 098

ing the analysis of (Kamath et al., 2024). We pro- 099

vide convergent evidence from surprisal analysis, 100

representational similarity measures (centered ker- 101

nel alignment(CKA) and Procrustes), activation 102

patching, and probing. 103

• Surprisal-based analysis. We measure how 104

model behavior varies as a function of contex- 105

tual bias toward different readings. We find 106

that LMs exhibit gradient sensitivity to scope- 107

based semantic congruence. Sentences re- 108

ceive significantly lower surprisal in contexts 109

that license their intended reading (Wilcoxon 110

p < .01), with SBIs showing disproportion- 111

ately larger effects than non-SBIs. 112

• Representational similarity analysis. We ex- 113

amine which layers contribute most to scope 114

ambiguity resolution. We identify mid lay- 115

ers (L8–L16) and late layers (L30–L32) in 116

LLaMA3-8B as critical for scope resolution. 117

• Activation patching for steering reading 118

type. We perform activation patching to test 119

whether and how model behavior on scope- 120

ambiguous sentences can be steered by inter- 121

vening on contextual representations, replac- 122

ing them with representations associated with 123

alternative readings. We find that interpre- 124

tations corresponding to inverse-scope read- 125

ings are more resistant to change, whereas 126

surface-scope readings exhibit greater repre- 127

sentational heterogeneity and thus constitute 128
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the unmarked default.129

• Probing analysis for scopal specificity. We130

train probing classifiers to distinguish between131

specific and non-specific interpretations of an132

NP. The results show that LMs encode the se-133

mantic property of scopal specificity: probing134

classifiers reliably distinguish inverse scope135

(specific) from surface scope (non-specific)136

SBIs, with performance varying systemati-137

cally across sentence types that provide dif-138

ferent degrees of disambiguation (syntactic >139

lexical > contextual).140

Taken together, our findings indicate that LMs141

construct internally structured representations that142

differentiate scope readings, in addition to exhibit-143

ing behavioral sensitivity to ambiguity.144

2 Previous Research.145

LMs and Ambiguity Recent work has examined146

whether large language models (LLMs) exhibit sim-147

ilar sensitivity to ambiguity. Liu et al. (2023) find148

that even state-of-the-art models struggle to recog-149

nize or enumerate multiple readings across diverse150

ambiguity types. Stengel-Eskin et al. (2024) like-151

wise show that pretrained models fail to capture152

the distribution of possible interpretations unless153

ambiguity is explicitly presented in the input. In154

contrast, Kamath et al. (2024) report that LLMs’155

forced-choice preferences over scope readings of-156

ten align with human judgments, though the under-157

lying mechanisms remain unclear. These mixed158

results suggest that LLMs may partially approxi-159

mate human scope preferences but do not reliably160

manage ambiguity.161

Geography of linguistic knowledge within LMs162

Prior work has investigated where linguistic infor-163

mation is localized within transformer-based LMs.164

Early analyses showed that transformers exhibit165

layer-wise specialization reminiscent of a classical166

NLP pipeline, with surface-level features encoded167

in lower layers and more abstract representations168

emerging in higher layers (Peters et al., 2018; Ten-169

ney et al., 2019; Liu et al., 2019; Jawahar et al.,170

2019).171

3 Materials and Methods172

3.1 Dataset Construction173

SCOPEX Dataset To support the evidence-first174

continuation diagnostic for scope ambiguity, we175

construct SCOPEX, a controlled benchmark de- 176

signed to test whether LMs encode linguistic 177

factors known to influence scope interpretation. 178

SCOPEX extends the scope-ambiguity dataset of 179

Kamath et al. (2024) by introducing preceding 180

contextual manipulation and a broader set of 181

sentence-level controls. Specifically, the dataset 182

adopts a 2 × 3 factorial design that crosses two 183

discourse contexts with three sentence types, yield- 184

ing six systematically related conditions (N = 139 185

items per condition; 834 total) (Figure 2, Table 6). 186

Notation and Sentence Types We use the no- 187

tation (S | C) to indicate that a target sentence 188

S is processed following a preceding context C. 189

Contexts are denoted as Cspec and Cnon, which bias 190

interpretation toward inverse-scope (specific) and 191

surface-scope (non-specific) readings, respectively. 192

Target sentences appear in three conditions: an 193

ambiguous condition (S), in which both scope- 194

bearing items (SBIs) occur in their canonical po- 195

sitions; a lexically unambiguous condition (Slex), 196

where one SBI is replaced by a non-SBI (e.g., n’t 197

feed → starved), eliminating ambiguity while pre- 198

serving propositional content; and a passivized 199

condition (Spass), in which the second SBI (e.g., a 200

dog) is promoted to subject position, introducing a 201

syntactic cue that systematically biases interpreta- 202

tion without lexical substitution. 203

Contextual Manipulation and Interpretational 204

Logic Within each sentence type, pairing with 205

Cspec or Cnon yields either a congruent condi- 206

tion—where contextual and sentence-level cues 207

jointly support the same interpretation—or an in- 208

congruent condition—where they conflict. This 209

design cleanly isolates pragmatic (contextual), 210

lexical-semantic, and syntactic contributions to 211

scope interpretation, enabling precise tests of how 212

LMs integrate these sources of information under 213

controlled variation. All contextual and passivized 214

variants are generated using the OpenAI GPT-4o 215

model (OpenAI, 2024) and are subsequently manu- 216

ally verified for semantic consistency. 217

3.2 Models 218

We evaluate three transformer-based auto- 219

regressive LMs: LLaMA-3 (Dubey et al., 2024) 220

(8B, Base), Mistral (Jiang et al., 2023) (7B, v0.3), 221

and Qwen2.5 (Qwen Team: Yang et al., 2024) (7B). 222

Due to space limitations, we present main results 223

using LLaMA-3-8B. Full results for all models 224

appear in the Appendix as ablation studies. 225
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4 Experiment 1. Surprisal-Based226

Disambiguation227

A central question in ambiguity research is whether228

LMs internally distinguish between alternative in-229

terpretations of structurally ambiguous sentences.230

To address this, we adopt surprisal as an incre-231

mental processing measure. (Shannon, 1948; Hale,232

2001; Levy, 2008; Smith and Levy, 2013).233

4.1 Method234

We perform two complementary surprisal-based235

analyses to assess processing costs at the sentence236

level and at the level of local spans.237

Suppose that C = c1 · · · cm is a given pream-238

ble context and S = s1 · · · sn is a target sentence,239

where ci denotes the i-th context token and sj de-240

notes the j-th target token. We define the token-241

level surprisal of the j-th token in the target sen-242

tence S as the negative log-likelihood of that token243

given the preceding context C:244

Gj(S | C) = − log p
(
sj | C, sj−1

1

)
, (1)245

where sj−1
1 denotes the subsequence consisting of246

the first j − 1 tokens of the target sentence S.247

The in-situ surprisal of the target sentence S248

given the preceding context C is then defined as249

the average token-level surprisal over the sentence:250

G(S | C) =
1

n

n∑
j=1

Gj(S | C). (2)251

Isolated surprisal for the target sentence S is252

defined as the non-conditional surprisal obtained253

by presenting S without any preceding context and254

averaging the negative log-likelihood over all to-255

kens in the sentence. We denote this quantity as256

G(S).257

Given a preceding context C, we define the con-258

textual facilitation effect as the difference between259

the in-situ and isolated surprisal values:260

∆G = G(S | C)− G(S). (3)261

Negative values of ∆G indicate reduced processing262

difficulty when contextual information is available.263

Token-level scope sensitivity To localize where264

interpretive differences arise, we compare token-265

level surprisal between paired evidence contexts266

Cspec and Cnon, corresponding to inverse- and267

Mean Surprisal (bits)

Case In-situ Isolated Diff.

(S | Cspec) 4.748 6.784 −2.035
(S | Cnon) 4.812 6.785 −1.973

(Slex | Cspec) 6.499 7.524 −1.026
(Slex | Cnon) 6.712 7.534 −0.822

(Spass | Cspec) 5.603 6.933 −1.330
(Spass | Cnon) 5.817 6.944 −1.127

Pairwise Statistical Comparisons

Pair Mean∆ p dz

(S | Cspec)–(S | Cnon) −0.062 .256 −0.10
(Slex | Cspec)–(Slex | Cnon) −0.204 .001∗∗ −0.29
(Spass | Cspec)–(Spass | Cnon) −0.203 .001∗∗ −0.28

Table 1: Mean surprisal values and pairwise compar-
isons. Diff. = In-situ − Isolated (contextual facilitation).
Mean∆ = difference in contextual effects between cases.
Paired Wilcoxon signed-rank tests. green = favorable
(largest effects/significance), red = highest difficulty, or-
ange = largest pair difference. ∗∗p < .01.

Pair Non-scope Scope Diff. Ratio

(S | Cspec)–(S | Cnon) 0.843 0.790 −0.053 0.94×
(Slex | Cspec)–(Slex | Cnon) 1.162 1.395 +0.233 1.20×
(Spass | Cspec)–(Spass | Cnon) 1.020 1.399 +0.379 1.37×

Table 2: Sensitivity of SBIs. Mean |∆| (bits) for SBIs vs.
non-SBIs. Ratio = Scope/Non-scope effect magnitude.

surface-scope readings, within the same item. For 268

each token position j, we compute 269

∆j = Gj(S | Cspec)− Gj(S | Cnon) (4) 270

and use its absolute magnitude |∆j | as a measure 271

of interpretive sensitivity. 272

Tokens are categorized using a predefined scope 273

lexicon (e.g., quantifiers, numerals, negation) into 274

scopal and non-scopal items using SPACY. We 275

then compute the mean of |∆j | separately for each 276

group. Larger values indicate greater sensitivity 277

to scope interpretation at the corresponding token 278

position. 279

Taken together, these analyses quantify both the 280

global processing cost associated with contextual 281

disambiguation and the local contribution of SBIs 282

to interpretive divergence. 283

4.2 Results and Discussion 284

Context-driven interpretive preference Table 1 285

reports mean surprisal values for in-situ and iso- 286

lated conditions of LLaMa3-8B. The ambiguous 287

pair ((S | Cspec) and (S | Cnon)) exhibits mini- 288

mal contextual asymmetry, consistent with both 289
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readings remaining viable. By contrast, the unam-290

biguous ((Slex | Cspec), (Slex | Cnon)) and the pas-291

sive ((Spass | Cspec), (Spass | Cnon)) pair show ro-292

bust surprisal differences, with significantly higher293

surprisal in the mismatching-context conditions294

(Wilcoxon signed-rank tests, p < .01).295

Contextual facilitation Contextual facilitation—296

defined as the reduction in surprisal when a bias-297

ing context is provided—is largest in Case (S |298

Cspec)(−2.04 bits), where contextual bias resolves299

a genuinely ambiguous structure. The other two300

pairs (unambiguous and passive) show smaller fa-301

cilitation effects, consistent with their lexical or302

syntactic cues already constraining interpretation.303

Sensitivity of SBIs Table 2 shows that in the304

unambiguous ((Slex | Cspec), (Slex | Cnon)) and305

passive ((Spass | Cspec), (Spass | Cnon)) pairs, SBIs306

exhibit substantially larger mean |∆j | than non-307

SBIs (1.20× and 1.37×, respectively). In contrast,308

the ambiguous ((S | Cspec), (S | Cnon)) pair shows309

no such selective modulation, indicating that both310

readings are equally supported. Results for other311

models, Mistral-7B-v0.3 and Qwen2.5-7B, are re-312

ported in Appendix A, demonstrating convergent313

patterns with LLaMa3 but with attenuated magni-314

tudes.315

Together, these diagnostics recapitulate the struc-316

tural distinctions encoded in our stimulus design.317

The observed pattern aligns with our linguistic hy-318

pothesis: for sentences whose scope readings re-319

main legitimately underspecified, either interpreta-320

tion can be pragmatically supported once an appro-321

priate context is provided.322

5 Experiment 2. Layerwise323

representations: where and what is324

differentiated?325

Experiment 2 examines how contextual evidence326

shapes the internal representations of scope-327

ambiguous sentences, tracing a progression from328

geometric divergence, through causal readout, to329

the linear accessibility of a theoretically grounded330

semantic distinction. We address a single func-331

tional question from three complementary perspec-332

tives: (i) Do alternative scope interpretations di-333

verge in representation space beyond surface-level334

variation? (ii) Are these representational differ-335

ences behaviorally consequential? (iii) Which se-336

mantic distinction is encoded in these layers?337

5.1 Experiment 2A: Layerwise 338

Representation Similarity 339

In this subsection, we ask where in the model al- 340

ternative scope interpretations begin to diverge. 341

Specifically, we examine whether such divergence 342

emerges in internal representations, at which layers 343

it arises, and how its magnitude compares to that 344

observed for sentence pairs that differ in surface 345

form but converge on similar interpretations. 346

5.1.1 Method 347

To quantify how internal representations diverge 348

across layers, we compare sentence-level repre- 349

sentations using three complementary similarity 350

measures. Let X,Y ∈ Rn×d denote matri- 351

ces of sentence representations extracted from a 352

given layer, where n is the number of tokens 353

and d is the hidden dimension. We consider 354

three measures sim(X,Y ): cosine similarity, 355

CKA(Kornblith et al., 2019), and Procrustes simi- 356

larity (Schönemann, 1966). Details are presented 357

in Appendix B.2. These metrics allow us to as- 358

sess representational divergence from complemen- 359

tary perspectives: local vector alignment (cosine), 360

global second-order geometry (CKA), and explicit 361

geometric correspondence under optimal alignment 362

(Procrustes). 363

5.1.2 Results and Discussion 364

Figure 3 reports the representational similarity re- 365

sult. Across all conditions, the model exhibits a 366

characteristic high–low–high trajectory, consistent 367

with a progression from lexical encoding, through 368

semantic abstraction, to output-oriented represen- 369

tations (Tenney et al., 2019; Liu et al., 2019; Pe- 370

ters et al., 2018; Jawahar et al., 2019). Crucially, 371

however, the shape of this trajectory differs sys- 372

tematically across pairs, revealing how the model 373

differentiates surface-level variation from interpre- 374

tive contrasts. 375

As is well established in Tenney et al. (2019); 376

Liu et al. (2019) that early layers primarily encode 377

lexical information and shallow syntactic structure, 378

the surface-varying pairs, (((S | Cspec), (Slex | 379

Cspec)) and ((S | Cspec), (Spass | Cspec))), ex- 380

hibit substantially lower similarity than the surface- 381

identical, ((S | Cspec), (S | Cnon)). 382

A critical distinction arises from the middle lay- 383

ers onward. From roughly L10 through the final 384

layers (L30–L32), the three pairs exhibit markedly 385

different recovery dynamics. In CKA, while the 386

surface-identical pair (((S | Cspec), (S | Cnon))) 387
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Figure 3: Layer-wise comparison of (1) Cosine Similarity, (2) CKA, and (3) Procrustes in LLaMa3-8B.

Figure 4: Layer-wise hidden-state patching effects for
the (S | Cspec) and (S | Cnon) pair in LLaMA3-8B.

shows only a very gradual increase in similar-388

ity, the two surface-varying pairs display a much389

steeper rise, reflecting rapid semantic convergence390

once event-level meaning has been abstracted. This391

contrast—most clearly visible in CKA, though less392

pronounced in cosine similarity—suggests that lex-393

ical and syntactic differences are progressively neu-394

tralized in later layers, whereas interpretive differ-395

ences remain partially separated.396

Notably, from approximately L10 onward, the397

surface-identical pair (((S | Cspec), (S | Cnon))) ex-398

hibits consistently lower similarity than the surface-399

varying pairs in Procrustes, demonstrating geomet-400

rical separation from surface-level variation; in401

CKA and cosine similarity it occupies an interme-402

diate position through most layers, diverging most403

clearly only in the final layers (L30+). For cross-404

model comparison, analogous trends are reported405

in Figure 5 and Figure 6 in Appendix B.1.406

5.2 Experiment 2B: Activation Patching407

Experiment 2B examines whether representa-408

tional differences identified in Experiment 2A409

become behaviorally consequential for model410

predictions. Using activation patching as a411

coarse-grained causal intervention, we test whether412

context-conditioned hidden states at a given layer413

affect sentence-level surprisal when transferred414

across scope interpretations, without isolating spe-415

cific neurons, heads, or circuits as in (Vig et al.,416

2020; Meng et al., 2022). This approach therefore 417

provides a conservative causal probe of when lay- 418

erwise representations are functionally utilized by 419

the model. 420

5.2.1 Method 421

Intervention setup Given a source example Esrc 422

and a target example Etgt, we replace the hidden 423

states corresponding to the target sentence span at 424

layer ℓ with those from the source example, while 425

keeping the preceding context fixed. The sentence 426

span is defined as a contiguous token interval [s, e]. 427

Patching operation Patching is implemented as 428

a position-wise replacement of all token-level hid- 429

den states within the sentence span at the output 430

of transformer block ℓ (i.e., the return value of 431

model.model.layers[ℓ]). 432

Evaluation protocol We perform symmetric 433

patching in both directions (e.g., (S | Cspec) → 434

(S | Cnon) and (S | Cnon) → (S | Cspec) ). Let 435

G∗
ϕ(S | C) denote the sentence-level surprisal after 436

applying an activation patching intervention ϕ (e.g., 437

ϕ corresponds to patching from (S | Cspec)→ (S | 438

Cnon) or (S | Cnon) → (S | Cspec) ). We quan- 439

tify the effect of the intervention by the resulting 440

change in sentence-level surprisal: 441

∆G(ℓ) = G∗
ϕ(S | C)− G(S | C). (5) 442

Effects are interpreted comparatively across layers 443

rather than in absolute terms. 444

Scope of inference It is designed to probe when 445

context-conditioned representations become behav- 446

iorally consequential for model predictions, rather 447

than to isolate the precise mechanisms by which 448

they are constructed. 449

5.2.2 Results and Discussion 450

Directional Asymmetry Figure 4 reports sur- 451

prisal differences induced by swapping hidden 452

states across contexts. First, up to approximately 453
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Layers 12, patching produces only mild and sym-454

metric effects, suggesting that while interpretive455

differences may already be present in earlier layers,456

they are not yet expressed in a form that directly457

constrains the model’s final predictions, as subse-458

quent computation can still reinterpret or override459

these representations. Beyond this mid-layer re-460

gion, however, the two patching directions diverge461

sharply. Injecting (S | Cnon) hidden states into462

(S | Cspec) contexts yields increasingly positive463

surprisal differences, indicating a growing contex-464

tual mismatch, while injecting (S | Cspec) into465

(S | Cnon) yields only modest and relatively stable466

negative shifts. Viewed through the lens of rep-467

resentational readout rather than representational468

formation, this asymmetry indicates that context-469

conditioned representations become behaviorally470

consequential only once they reach layers whose471

outputs are directly readable by the final language472

modeling head.473

This directional asymmetry suggests that the two474

scope readings are not geometrically symmetric in475

the model’s representational space. (S | Cnon) be-476

haves as a less marked and more general represen-477

tational pathway whose activations tolerate substi-478

tution with minimal disruption, whereas (S | Cspec)479

appears to require a more constrained configuration480

that is less easily overridden. This finding aligns481

with the context-free preference for (S | Cnon)482

reported in Kamath et al. (2024), and reveals a483

mechanistic correlate of this bias: (S | Cnon)-based484

representations exert weaker constraints on down-485

stream computation and therefore dominate as the486

default representational trajectory.487

5.3 Experiment 2C: Probing for Scopal488

Specificity489

Experiment 2C addresses the question of what se-490

mantic distinction is encoded in the layerwise491

representations identified in Experiments 2A492

and 2B. In formal semantics, specificity dis-493

tinguishes noun phrases that refer to a particu-494

lar entity from those that do not (Abusch, 1993;495

Von Heusinger, 2019). Crucially, specificity is496

tightly linked to scope: a SBI taking wide scope497

over other operators is interpreted as specific, while498

one taking narrow scope remains non-specific. We499

now ask where within the model this theoretically500

grounded semantic distinction is made explicit and501

accessible. This motivates our use of both scalar-502

mixing edge probing (to infer global layer impor-503

tance through learned mixing weights) and layer-504

Case Condition Type Accuracy

(S | Cspec) Spec Ctx + Ambiguous 0.676
(S | Cnon) Non-spec Ctx + Ambiguous 0.583
(Slex | Cspec) Spec Ctx + Lexical Specific 0.791
(Slex | Cnon) Non-spec Ctx + Lexical Specific 0.439
(Spass | Cspec) Spec Ctx + Passive Specific 0.878
(Spass | Cnon) Non-spec Ctx + Passive Specific 0.353

Table 3: Single-case edge probing accuracy in LLaMA-
3-8B. Higher accuracy indicates stronger linear separa-
bility of specificity.

wise logistic regression (to assess linear separabil- 505

ity at each individual layer). 506

5.3.1 Method 507

Dataset construction. We construct a dedicated 508

SPECIFICITY dataset for probing. Using GPT-4o, 509

we generate 2,000 context–sentence pairs (1,000 510

per class) that induce specific vs. non-specific in- 511

terpretations independently of scope manipulation 512

(see Table 13 in Appendix C). 513

Edge probing with scalar mixing Our primary 514

analysis adopts a scalar-mixing edge probing frame- 515

work (Tenney et al., 2019). We stack layerwise 516

hidden representations of the target noun phrase 517

span into a tensor X ∈ RN×L×d and train a scalar- 518

mixing MLP that learns a softmax-weighted com- 519

bination of layers(details in Appendix E). 520

Span selection and evaluation. Probes are ap- 521

plied to hidden representations of the target span, 522

defined as the second SBI in surface order (e.g., a 523

dog) in our SCOPEX dataset, extracted using span- 524

mean pooling. Decision thresholds are selected per 525

model by maximizing F1 on a held-out validation 526

split. To assess probe selectivity, we follow Hewitt 527

and Liang (2019), and compare performance on 528

SCOPEX against matched control dataset. 529

Auxiliary probe. As an auxiliary analysis, we 530

additionally train independent layerwise logistic re- 531

gression probes (Alain and Bengio, 2018) to verify 532

that the observed layerwise trends are not specific 533

to the scalar-mixing architecture; full details and 534

results are reported in the Appendix F. 535

. 536

5.3.2 Results and Discussion 537

Asymmetry between specificity and non- 538

specificity Table 3 reveals a systematic asymme- 539

try between the two readings. Specific interpre- 540

tations yield reliably high accuracy ((S | Cspec): 541
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Pair PR-AUCROC-AUC Acc. F1

Baseline (Random) 0.4785 0.4684 0.5 0.6213

(S | Cspec) vs. (S | Cnon) 0.6549 0.6773 0.6295 0.6460
(Slex | Cspec) vs. (S | Cnon) 0.7347 0.7521 0.6871 0.7166
(Spass | Cspec) vs. (S | Cnon) 0.7999 0.8276 0.7302 0.7649
(S | Cspec) vs. (Slex | Cnon) 0.5519 0.5931 0.5576 0.6045

Table 4: Pairwise edge probing performance in LLaMA-
3-8B. Each row trains a binary classifier on span repre-
sentations for the two cases in the pair.

Category Mean (%) vs. Expected

Layer groups
Early (L0–L10) 2.862 −5.6%
Middle (L11–L21) 3.003 −0.9%
Late (L22–L32) 3.292 +8.7%

Expected (uniform) 3.030 —

Top-5 layers
1. Layer 32 (Late) 3.300 +8.9%
2. Layer 25 (Late) 3.298 +8.8%
3. Layer 30 (Late) 3.294 +8.7%
4. Layer 31 (Late) 3.294 +8.7%
5. Layer 27 (Late) 3.291 +8.6%

Range 0.443% —
Non-uniform? ✓ Yes (>1.0% threshold)

Table 5: Scalar mixing weights over LLaMA-3-8B lay-
ers learned by the edge probe.

0.68; (Slex | Cspec): 0.79; (Spass | Cspec): 0.88),542

indicating that the model forms a coherent543

and linearly separable representation whenever544

lexical or syntactic cues unambiguously support545

specificity. By contrast, the non-specific cases546

show uniformly low accuracy, but for distinct547

linguistic reasons. For the (S | Cnon) case548

(0.58), the reduced accuracy does not reflect549

noise but rather the fact that non-specificity does550

not constitute a single semantic category, as551

argued in Degano and Aloni (2025). The probe’s552

difficulty in isolating a single non-specific class is553

therefore not a model limitation but an expected554

consequence of the theoretical semantics. In555

contrast, the (Slex | Cnon) case (0.44) and the556

(Spass | Cnon) case (0.35) are low primarily due to557

cue conflict: while context biases a non-specific558

interpretation, the sentence-internal cues (lexical559

or syntactic) strongly bias specificity. The resulting560

representational tension prevents the model from561

stabilizing a consistent encoding.562

Graded hierarchy: syntactic > lexical > con-563

textual Table 4 evaluates the discriminability564

between readings. The pairwise probes reveal a 565

graded hierarchy: when cues align (e.g. the 566

pair of (Spass | Cspec) and (S | Cnon)), separa- 567

bility is high (PR-AUC: 0.88), but purely prag- 568

matic contrasts (the pair of (S | Cspec) and 569

(S | Cnon)) achieve only moderate separability 570

(0.67). Crucially, when contextual cues oppose 571

sentence-internal cues (the pair of ((S | Cspec) 572

and (Slex | Cnon)), performance barely exceeds 573

baseline (0.55), confirming that specificity encod- 574

ing becomes robust only when multiple linguistic 575

signals converge. 576

Layerwise distribution Scalar-mixing weights 577

(Table 5) further indicate that while specificity in- 578

formation is distributed across layers, it becomes in- 579

creasingly accessible toward the top of the network, 580

with late layers receiving +8–9% greater weight 581

than expected under uniformity. Layerwise prob- 582

ing yields a consistent pattern (see Appendix F). 583

Together, Experiments 2B and 2C provide con- 584

verging evidence for Degano and Aloni (2025)’s 585

claim that specificity is encoded as a marked seman- 586

tic category, whereas non-specificity corresponds to 587

a heterogeneous, non-categorical representational 588

space. 589

6 Conclusion 590

This work investigated whether transformer lan- 591

guage models encode implicit logical meaning, 592

focusing on scope ambiguity as a diagnostic do- 593

main requiring compositional integration of lexi- 594

cal, structural, and contextual cues. Across three 595

complementary experiments, we found convergent 596

evidence that LLaMA3-8B (and to a lesser extent 597

other models) constructs internally structured rep- 598

resentations that distinguish alternative scope read- 599

ings. 600

The convergence of behavioral, representational, 601

and causal diagnostics suggests that scope ambi- 602

guity provides a promising window into how mod- 603

els internalize abstract semantic operations beyond 604

surface-level distribution. 605

Overall, this work demonstrates that transformer 606

LMs develop structured internal representations 607

that reflect the logical organization posited in for- 608

mal semantics. Clarifying how these representa- 609

tions arise, generalize, and support reasoning re- 610

mains a central challenge for future research. 611
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7 Limitations612

Despite these encouraging findings, several limita-613

tions remain. (1) Weak purely contextual dis-614

ambiguation. Models show relatively shallow615

sensitivity to context-only contrasts (the pair of616

((S | Cspec) and (S | Cnon)), whereas human617

comprehenders resolve such cases efficiently. This618

gap highlights continuing limitations in discourse-619

level integration. (2) Causal underdetermina-620

tion. Activation patching identifies layers carrying621

interpretation-relevant information, but does not by622

itself specify the mechanisms that compute scope623

or specificity. Stronger causal modeling (e.g., me-624

diation analysis, neuron-level circuit discovery) is625

needed. (3) Model variability. Qwen2.5 and Mis-626

tral exhibited weaker and less stable effects, sug-627

gesting that architectural differences (e.g., grouped-628

query attention) may influence the encoding of fine-629

grained semantic distinctions, though further con-630

trolled studies are required.631
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Case Context Sentence Type Target Sentence Cong.

(S | Cspec) My neighbor was worried about her pets
while she was away, and she specifically
asked me to feed her dog. Unfortunately,

Ambiguous I didn’t feed a dog
∃x(DOG(x) ∧ ¬FEED(I, x))

✓

(S | Cnon) During my volunteer shift at the animal
shelter, I spent most of my time with the
cats since the dog section was closed. So,

Ambiguous I didn’t feed a dog
¬∃x(DOG(x) ∧ FEED(I, x))

✓

(Slex | Cspec) (My neighbor...)
Same as (S | Cspec)

Lexical
Unambiguous I starved a dog

∃x(DOG(x) ∧ STARV E(I, x))

✓

(Slex | Cnon) (During my volunteer shift...)
Same as (S | Cnon)

Lexical
Unambiguous I starved a dog

∃x(DOG(x) ∧ STARV E(I, x))

✗

(Spass | Cspec) (My neighbor...)
Same as (S | Cspec)

Passivized A dog wasn’t fed by me
∃x(DOG(x) ∧ ¬FEED(I, x))

✓

(Spass | Cnon) (During my volunteer shift...)
Same as (S | Cnon)

Passivized A dog wasn’t fed by me
∃x(DOG(x) ∧ ¬FEED(I, x))

✗

Table 6: Complete dataset design (2× 3 factorial, N = 139 items per cell; 834 total). Congruency (✓/✗) indicates
whether contextual cues support the same interpretation as the lexical or syntactic cues of the target sentence.
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Table 7: Complete SCOPEx examples for four items (IDs 8, 13, 27, 112), each showing all six cases in the 2× 3
factorial design.

ID 8 — SBI1: “ocationally”, SBI2: “two dentists”
(S | Cspec) Whenever I have a dental issue, I usually check with

my regular dentist, Dr. Smith, and sometimes for a
second opinion, I consult my sister, who is also a
dentist.

I occasionally consult two dentists.

(S | Cnon) Living in a small town, there aren’t many dental
professionals around. So when I need advice, if
there happen to be that many available,

I occasionally consult two dentists.

(Slex | Cspec) (Whenever I have a dental issue,...) Same as Cspec. I consulted two dentists.
(Slex | Cnon) (Living in a small town,...) Same as Cnon. I consulted two dentists.
(Spass | Cspec) (Whenever I have a dental issue,...) Same as Cspec. Two dentists are occasionally consulted.
(Spass | Cnon) (Living in a small town,...) Same as Cnon. Two dentists areoccasionally consulted.

ID 13 — SBI1: “n’t”, SBI2: “an error”
(S | Cspec) My colleague pointed out that there was an issue

in the Python script I submitted yesterday. Surpris-
ingly,

I didn’t notice an error in my code

(S | Cnon) I ran my program several times, and everything
seemed to be working perfectly without any hic-
cups.

I didn’t notice an error in my code

(Slex | Cspec) (My colleague...) Same as Cspec. I overlooked an error in my code
(Slex | Cnon) (I ran my program...) Same as Cnon. I overlooked an error in my code
(Spass | Cspec) (My colleague...) Same as Cspec. An error in my code wasn’t noticed.
(Spass | Cnon) (I ran my program...) Same as Cnon. An error in my code wasn’t noticed.

ID 27 — SBI1: “all”, SBI2: “a few boxes of pizza”
(S | Cspec) At the end of the conference, the organizers ordered

several boxes of pizza for the urban planners attend-
ing the event.

All urban planners eat a few boxes of pizza.

(S | Cnon) When discussing the late-night work culture in their
field, the students joked about how common it was
to order pizza.

All urban planners eat a few boxes of pizza.

(Slex | Cspec) (At the end of the conference...) Same as Cspec. All urban planners eat just these few boxes of pizza.
(Slex | Cnon) (When discussing the late-night work culture...)

Same as Cnon.
All urban planners eat just these few boxes of pizza.

(Spass | Cspec) (At the end of the conference...) Same as Cspec. a few boxes of pizza are eaten by all urban plan-
ners.

(Spass | Cnon) (When discussing the late-night work culture...)
Same as Cnon.

a few boxes of pizza are eaten by all urban plan-
ners.

ID 112 — SBI1: “frequently”, SBI2: “a few books”
(S | Cspec) I have a favorite set of novels that I borrow from the

library every few months.
I frequently read a few books from the library.

(S | Cnon) Whenever I visit the library, I aim to explore differ-
ent genres and authors.

I frequently read a few books from the library.

(Slex | Cspec) (I have a favorite set...) Same as Cspec. I frequently read these few books from the library
(Slex | Cnon) (Whenever I visit the library...) Same as Cnon. I frequently read these few books from the library
(Spass | Cspec) (I have a favorite set...) Same as Cspec. A few books from the library are frequently read

by me.
(Spass | Cnon) (Whenever I visit a library...) Same as Cnon. A few books from the library are frequently read

by me.
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A Model Variability in Experiment 1:751

Mistral-7B-ver0.3 and Qwen2.5-7B752

While LLaMA-3-8B exhibited the predicted753

context-sensitive surprisal pattern, the two other754

7B-scale models—Qwen2.5-7B and Mistral-755

7B—showed quantitative variations while preserv-756

ing core qualitative patterns. We applied the same757

statistical significance threshold (p < .01) for com-758

parability across models.759

A.1 Mistral-7B: Convergent Patterns with760

Attenuated Magnitudes761

Mistral-7B replicates LLaMA-3-8B’s core find-762

ings despite weaker effect sizes (Table 9). Like763

LLaMA-3-8B, Mistral-7B shows significant scope-764

driven modulation in the unambiguous pair (the765

pair of (Slex | Cspec) and (Slex | Cnon)) (Mean∆ =766

−0.279 bits, p < .001, r = +0.349)) and local-767

izes surprisal effects to SBIs (1.24× ratio; Table 10),768

mirroring LLaMA-3-8B’s 1.20× ratio.769

The passive condition also exhibits scope-770

element sensitivity (1.05× ratio), consistent with771

LLaMA-3-8B (1.37× ratio), though Mistral-7B772

shows weaker overall facilitation. The ambigu-773

ous condition shows no significant difference (p =774

.549), similar to LLaMA-3-8B (p = .256).775

These results demonstrate that scope-sensitivity776

mechanisms generalize across architectures: both777

models concentrate contextual effects at SBIs in778

conditions requiring inverse scope (the pair of779

(Slex | Cspec) and (Slex | Cnon) and the pair of780

(Spass | Cspec) and (Spass | Cnon)), while showing781

symmetry in genuinely ambiguous cases (the pair782

of (S | Cspec) and (S | Cnon) ).783

13



Table 8: Comparison between SCOPEX and Kamath et al. (2024)

Aspect ScopeX (This work) Kamath et al. (2024)

Dataset design

• 2×3 factorial design

• Ambiguous / lexically controlled / syntactically
biased sentences

• Preceding context disambiguating inverse vs. sur-
face scope

• 2×2 design

• Ambiguous vs. unambiguous sentences

• Continuations favoring inverse vs. surface scope

Presentation De-
sign to models

• evidence-first, ambiguity-following: Context +
Sentence

• ambiguity-first, evidence-following: Sentence +
Continuation

Experimental
methodology

• Surprisal-based analysis

• Layerwise representation similarity (Cosine Sim-
ilarity/ CKA / Procrustes)

• Causal intervention (activation patching)

• Probing for scopal specificity

• Human–LM alignment analysis

• Probability comparison of continuations

Research ques-
tion

• When disambiguating context precedes the sen-
tence, are scope-sensitive interpretations reflected
in the internal representations of language mod-
els?

• If so, are these representations localized to partic-
ular layers or distributed across models?

• Do these encodings causally affect the model be-
havior?

• Can LLMs detect and respond to scope ambigu-
ity?

• Do LLMs show human-like default preferences?
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Mean Surprisal (bits)

Case In-situ Isolated Diff.

(S | Cspec) 4.230 6.336 −2.106
(S | Cnon) 4.166 6.303 −2.137

(Slex | Cspec) 4.843 7.100 −2.257
(Slex | Cnon) 5.050 7.028 −1.978

(Spass | Cspec) 4.975 6.650 −1.676
(Spass | Cnon) 5.023 6.675 −1.652

Pairwise Statistical Comparisons

Pair Mean∆ p r

(S | Cspec)–(S | Cnon) +0.031 .549 +0.059
(Slex | Cspec)–(Slex | Cnon) −0.279 < .001∗∗∗ +0.349
(Spass | Cspec)–(Spass | Cnon) −0.024 .861 +0.017

Table 9: Mean surprisal values and pairwise compar-
isons for Mistral-7B. Diff. = In-situ − Isolated (con-
textual facilitation). Mean∆ = difference in contextual
effects between cases. Paired Wilcoxon signed-rank
tests. Colored values indicate column-wise extrema:
green = favorable (strongest facilitation or significance),
red = highest difficulty (weakest facilitation), orange =
largest pairwise difference. ∗∗∗p < .001.

Pair Non-scope Scope Diff. Ratio

(S | Cspec)–(S | Cnon) 1.592 1.477 −0.115 0.93×
(Slex | Cspec)–(Slex | Cnon) 1.754 2.174 +0.420 1.24×
(Spass | Cspec)–(Spass | Cnon) 1.511 1.593 +0.082 1.05×

Table 10: Sensitivity of SBIs for Mistral-7B. Mean |∆|
(bits) for SBIs vs. non-SBIs. Ratio = Scope/Non-scope
effect magnitude
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A.2 Qwen2.5-7B: Scope-Element Sensitivity784

Without Statistical Significance785

Qwen2.5-7B demonstrates the same SBI sensitivity786

pattern observed in both LLaMA-3-8B and Mistral-787

7B (Table 12), with SBIs showing enhanced con-788

textual effects in unambiguous (1.21× ratio) and789

passive (1.19× ratio) conditions—nearly identical790

to LLaMA-3-8B’s 1.20× and Mistral-7B’s 1.24×.791

The ambiguous condition exhibits symmetric pro-792

cessing (1.00× ratio), mirroring the other models.793

However, unlike LLaMA-3-8B and Mistral-7B,794

none of Qwen2.5-7B’s pairwise comparisons reach795

statistical significance under the p < .01 threshold796

(Table 11): the unambiguous pair (the pair of (Slex |797

Cspec) and (Slex | Cnon)) shows p = .680, and798

the passive pair (the pair of (Spass | Cspec) and799

(Spass | Cnon)) shows p = .592.800

Despite this lack of statistical reliability, the qual-801

itative pattern remains consistent: SBIs concentrate802

larger surprisal differences in conditions requir-803

ing scope computation (the pair of (Slex | Cspec)804

and (Slex | Cnon) and the pair of (Spass | Cspec)805

and (Spass | Cnon)) while showing uniform pro-806

cessing in genuinely ambiguous cases (the pair of807

(S | Cspec) and (S | Cnon)). This suggests that808

Qwen2.5-7B encodes scope-sensitive representa-809

tions with reduced magnitude.810

The convergence in scope-element ratios811

(1.20×–1.24× across all three models for the pair of812

(Slex | Cspec) and (Slex | Cnon) indicates that the813

core localization mechanism generalizes across814

architectures, though statistical detectability815

varies with model-specific factors.816

B Model Variability in Experiment 2A:817

Mistral-7B-ver0.3 and Qwen2.5-7B818

B.1 Cross-Model Comparison of819

Representation Similarity with Fast820

Procrustes821

Figures 5–6 present layerwise representation sim-822

ilarity for Mistral-7B and Qwen2.5-7B. For Pro-823

crustes analysis, we employ a fast approximation824

(see below), which we validated against the full Pro-825

crustes computation on LLaMA-3-8B in Figure 3826

and found to yield qualitatively identical layerwise827

trends in Figure 7.828

Across models, all exhibit the characteristic829

high–low–high trajectory also observed in the830

main text (Section 5.1), reflecting a common pro-831

gression from lexical encoding through intermedi-832

ate abstraction to output-oriented representations.833

Mean Surprisal (bits)

Case In-situ Isolated Diff.

(S | Cspec) 4.651 6.575 −1.924
(S | Cnon) 4.481 6.570 −2.089

(Slex | Cspec) 5.413 7.450 −2.037
(Slex | Cnon) 5.502 7.469 −1.967

(Spass | Cspec) 5.324 6.800 −1.476
(Spass | Cnon) 4.891 6.758 −1.868

Pairwise Statistical Comparisons

Pair Mean∆ p r

(S | Cspec)–(S | Cnon) +0.165 .072 +0.176
(Slex | Cspec)–(Slex | Cnon) −0.070 .680 +0.040
(Spass | Cspec)–(Spass | Cnon) −0.087 .592 +0.052

Table 11: Mean surprisal values and pairwise compar-
isons for Qwen2.5-7B. Diff. = In-situ − Isolated (con-
textual facilitation). Mean∆ = difference in contextual
effects between cases. Paired Wilcoxon signed-rank
tests. Colored values indicate column-wise extrema:
green = favorable (strongest facilitation), red = highest
difficulty (weakest facilitation), orange = largest pair-
wise difference.

Pair Non-scope Scope Diff. Ratio

(S | Cspec)–(S | Cnon) 1.848 1.843 −0.006 1.00×
(Slex | Cspec)–(Slex | Cnon) 2.051 2.482 +0.430 1.21×
(Spass | Cspec)–(Spass | Cnon) 1.770 2.114 +0.344 1.19×

Table 12: Sensitivity of SBIs for Qwen2.5-7B. Mean
|∆| (bits) for SBIs vs. non-SBIs. Ratio = Scope/Non-
scope effect magnitude

Crucially, however, the models differ in how inter- 834

pretive contrasts are geometrically separated from 835

surface-level variation across layers. 836

Mistral-7B. Mistral-7B exhibits clear representa- 837

tional separability beginning in the mid-to-late lay- 838

ers. Across both cosine similarity and Procrustes 839

alignment, all sentence pairs show a marked diver- 840

gence starting around layers L8–L9 and persisting 841

through the final layer. Linear CKA reveals a sim- 842

ilar overall trajectory, although the separation for 843

the pair of (S | Cspec) and (Spass | Cnon) is more 844

pronounced. Notably, the pair of (S | Cspec) and 845

(S | Cnon) reaches a comparable degree of separa- 846

bility to the pair of (S | Cspec) and (Spass | Cnon) 847

from approximately layer L20 onward. Aside from 848

this difference in relative magnitude, the layer- 849

wise trends are internally consistent across metrics 850

within Mistral-7B and closely mirror the patterns 851

observed for Llama3. 852
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Figure 5: Representaion Similarity of Mistral-7B Model

Figure 6: Representation Similarity of Qwen2.5-7B

Figure 7: Representaion Similarity of LLaMa3-8B Model with Fast Procrustes
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Qwen2.5-7B. Qwen2.5-7B largely follows the853

representational trajectory observed for Llama3854

and Mistral. The pair of (S | Cspec) and (S | Cnon)855

remains more convergent than other pairs through856

approximately layers L13–L14, after which it di-857

verges steadily toward the final layer. A distinc-858

tive characteristic of Qwen2.5, however, is the pro-859

nounced non-monotonic behavior at the extremes860

of the network. Specifically, we observe a sharp861

increase in the representational similarity between862

layers L0 and L1 in Cosine Similarity, followed by863

a comparably sharp drop at the final layers (L27–864

L28) in CKA. These early and late discontinuities865

are substantially more abrupt than in the other mod-866

els, suggesting heightened sensitivity at the embed-867

ding interface and at the output-oriented layers.868

Overall, these representational patterns bear a869

tentative resemblance to the behavioral trends ob-870

served in Experiment 1. In particular, LLaMA-3’s871

sustained mid-to-late divergence coincides with872

stronger scope sensitivity, while Mistral’s more873

compressed geometry co-occurs with attenuated874

effects. For Qwen2.5, the instability observed at875

the final layers may be consistent with its lack of876

statistical significance, although this interpretation877

remains speculative. Importantly, we do not claim878

a direct causal link between representational geom-879

etry and behavioral outcomes, but note this align-880

ment as a suggestive pattern warranting further in-881

vestigation.882

B.2 Similarity Metrics for Hidden883

Representations884

Let X,Y ∈ Rn×d denote matrices of sentence rep-885

resentations extracted from a given layer, where n886

is the number of items and d the hidden dimension.887

• Cosine similarity measures the average an-888

gular alignment between corresponding repre-889

sentations:890

CosSim(X,Y ) =
1

n

n∑
i=1

Xi · Yi
∥Xi∥ ∥Yi∥

. (6)891

This metric is sensitive to surface-level dif-892

ferences and serves as a baseline measure of893

representational overlap.894

• Centered Kernel Alignment (CKA) pro-895

vides an orthogonally invariant measure896

of representational similarity that compares897

second-order statistics rather than individual898

vectors (Kornblith et al., 2019). Let K =899

XX⊤ and L = Y Y ⊤ be Gram matrices, and 900

let H = I − 1
n11

⊤ be the centering matrix. 901

Linear CKA is defined as 902

CKA(X,Y ) =
tr(HKHHLH)√

tr((HKH)2) tr((HLH)2)
.

(7) 903

CKA captures similarity in representational 904

geometry independent of orthogonal transfor- 905

mations. 906

• Procrustes similarity measures the geometric 907

alignment between two representation spaces 908

by optimally rotating one space to match the 909

other, while abstracting away from absolute 910

coordinate orientation (Schönemann, 1966). 911

Formally, Procrustes similarity is defined as 912

Procrustes(X,Y ) = 1− ∥XR∗ − Y ∥F√
2

,

(8) 913

where R∗ is the optimal orthogonal transfor- 914

mation minimizing the Frobenius distance be- 915

tween the aligned representations. 916

Fast vs. Full Procrustes Analysis. Due to com- 917

putational constraints, for Mistral-7B and Qwen2.5- 918

7B we used a computationally efficient variant. We 919

verified on LLaMA-3-8B that the fast Procrustes 920

variant yields qualitatively identical layer-wise sim- 921

ilarity patterns to the full version (Figure X in Ap- 922

pendix), confirming that our conclusions are robust 923

to this computational approximation. The fast ver- 924

sion of Procrustes is computed as follows: 925

After centering and normalizing as before, instead 926

of computing the full SVD of X̃⊤Ỹ ∈ Rd×d, we 927

exploit the property that for unit-norm matrices, 928

∥X̃R∗−Ỹ ∥2F = 2−2 tr(R∗Ỹ ⊤X̃) = 2−2

min(n,d)∑
i=1

σi,

(9) 929

where σi are the singular values of the smaller ma- 930

trix Ỹ X̃⊤ ∈ Rn×n. When n ≪ d (e.g., n ≈ 100 931

sentences vs. d = 4096 dimensions), this reduces 932

computational cost from O(d3) to O(n2d). 933

C SPECIFICITY Dataset for Probing 934

Classifier Training 935

18



ID full_text target_NP specific label

"0_0_2" "I grew up in that town before moving to the city.
There is a small town where I spent my childhood
summers."

"a small town" SPECIFIC

"0_1_1" "Many people enjoy the charm and close-knit com-
munity of a small town. If you live in a small town,
you might know everyone."

"a small town" NON-SPECIFIC

"1_0_18"" "At the jewelry store downtown, there was an expen-
sive watch in the display case. The thief’s attention
was immediately caught by an expensive watch."

"an expensive watch" SPECIFIC

"1_1_19" "Many families pass down valuable items, like an ex-
pensive watch, through generations. He might inherit
an expensive watch from his grandfather."

"an expensive watch" NON-SPECIFIC

"7_0_37"" "While I was gardening, I noticed two stray cats ex-
ploring the flower beds. I saw two cats that wandered
into our garden yesterday and have made themselves
at home."

"two cats" SPECIFIC

"7_1_38" "She has always wanted to have some pets, especially
two cats, in her new place. She hopes to adopt two
cats when she moves to her new apartment."

"two cats" NON-SPECIFIC

"100_0_2" "I met some people at the event last night. I found it
really fun to talk to two friends I met."

"two friends" SPECIFIC

"100_1_1" "It would be nice to have two friends who share my
love for adventure and exploration. I wish I had two
friends to travel with."

"two friends" NON-SPECIFIC

"102_0_1" "During the camping trip last weekend, we looked up
at the sky. I spotted seven stars that were unusually
bright."

"seven stars" SPECIFIC

"102_1_2" "On a clear night, you can often see seven stars shin-
ing brightly in the sky. If you count seven stars, you
might find a constellation."

"seven stars" NON-SPECIFIC

"124_0_5" "I ordered seven roses for my anniversary, and they ar-
rived just in time. The room was filled with fragrance
by seven roses that were delivered this morning."

"seven roses" SPECIFIC

"124_1_1" "For special occasions, many people often choose to
give a bouquet of roses as a thoughtful gesture. He
plans to buy seven roses for their anniversary."

"seven roses" NON-SPECIFIC

Table 13: Representative examples from the synthetic specificity probing dataset (one per label). The table shows
the item identifier, full input text, the target NP span, and the gold specificity label.
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D Details of Edge Probing in936

Experiment 2C937

We distinguish between two input distributions.938

The probing classifier is trained on a labeled speci-939

ficity dataset SPECIFICITY, here denoted as940

Dspec, while inference is performed on the original941

scope-ambiguity dataset SCOPEX, here denoted942

as Dscope which is unlabeled with respect to speci-943

ficity. Each training instance from SPECIFICITY944

is a tuple (x
spec
i , ai, bi, yi) ∼ D945

Edge-probing module (inputs/outpus and neurel946

form). Let a transformer encoder M with lay-947

ers ℓ ∈ {0, . . . , L} map an input sequence x =948

(x1, . . . , xT ) to hidden states H(ℓ) ∈ RT×d. The949

probing module is shared across two input distribu-950

tions: (i) a labeled specificity dataset Dspec used for951

training, an (ii) the scope-ambiguity dataset Dscope952

used only at inference. Each training instance i ∼953

Dspec consists of (xspec
i , ai, bi, yi), where [ai, bi] is954

the (inclusive) token span of the target expression955

an yi ∈ {0, 1} is the specificity label. At inference956

time, inputs (xscope
j , aj , bj) ∼ Dscope are unlabeled957

with respect to specificity.958

Span representation (Span-Mean). For a given959

input sequence x with target span [a, b] and for960

each layer ℓ, we compute a span representation by961

mean pooling over the span tokens:962

h(ℓ) =
1

b− a+ 1

b∑
t=a

H
(ℓ)
t (x) ∈ Rd. (10)963

Stacking representations across layers yields964

H =
[
h(0), . . . ,h(L)

]
∈ R(L+1)×d. (11)965

Learnable scalar mixing. We learn layer-966

importance parameters α ∈ RL+1 and obtain nor-967

malized mixing weights π = softmax(α), where968 ∑
ℓ πℓ = 1. The mixed span representation is969

s =
L∑

ℓ=0

πℓh
(ℓ) ∈ Rd. (12)970

Probe classifier (2-layer MLP). The probing971

head is a binary classifier parameterized by972

W1,b1,W2, b2:973

u = ReLU(W1s+ b1),

ũ = Dropout(u),

z = W2ũ+ b2,

(13)974

Case Condition Type Accuracy

(S | Cspec) Spec Ctx + Ambiguous 0.741
(S | Cnon) Non-spec Ctx + Ambiguous 0.540
(Slex | Cspec) Spec Ctx + Lexical Specific 0.907
(Slex | Cnon) Non-spec Ctx + Lexical Specific 0.180
(Spass | Cspec) Spec Ctx + Passive Specific 0.928
(Spass | Cnon) Non-spec Ctx + Passive Specific 0.295

Table 14: Single-case edge probing accuracy in Mistral-
7B. Higher accuracy indicates stronger linear separabil-
ity of specificity.

Pair PR-AUCROC-AUC Acc. F1

Baseline (Random) 0.5012 0.5059 0.5108 0.6421

(S | Cspec) vs. (S | Cnon) 0.6677 0.6935 0.6403 0.6732
(Slex | Cspec) vs. (S | Cnon) 0.8503 0.8479 0.7230 0.7660
(Spass | Cspec) vs. (S | Cnon) 0.8758 0.8778 0.7338 0.7771
(S | Cspec) vs. (Slex | Cnon) 0.5519 0.5931 0.5576 0.6045

Table 15: Pairwise edge probing performance in Mistral-
7B. Each row trains a binary classifier on span represen-
tations for the two cases in the pair.

where z is the logit and 975

p̂ = σ(z) (14) 976

is the predicted probability of specificity. 977

Training objective. The probe parameters θ and 978

the mixing parameters α are jointly optimized by 979

minimizing the binary cross-entropy loss over the 980

specificity dataset: 981

Lspec = E(x,y)∼Dspec

[
−y log p̂−(1−y) log(1−p̂)

]
.

(15) 982

Threshold selection and inference. A decision 983

threshold τ ∈ (0, 1) is selected on a development 984

split of Dspec by maximizing the F1 score. At in- 985

ference time, the trained probe is applied to inputs 986

from Dscope without further optimization, and p̂ is 987

used as a continuous specificity score rather than a 988

discrete classification decision. The learned mix- 989

ing weights π = softmax(α) are reported as the 990

layerwise importance distribution. 991

E Model Variability in Experiment 2C: 992

Mistral-7B-ver0.3 and Qwen2.5-7B 993

Comparison to LLaMA-3 (Main). Across all 994

three models, edge probing achieves near-ceiling 995

overall performance (ROC-AUC/PR-AUC ≈ 1.0), 996

and the scalar-mixing analysis consistently assigns 997

larger weights to late layers, indicating that scopal 998

specificity is most salient toward the top of the 999
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Category Mean (%) vs. Expected

Layer groups
Early (L0–L10) 2.948 −2.7%
Middle (L11–L21) 2.961 −2.3%
Late (L22–L32) 3.169 +4.6%

Expected (uniform) 3.030 —

Top-5 layers
1. Layer 32 (Late) 3.286 +8.4%
2. Layer 31 (Late) 3.284 +8.3%
3. Layer 30 (Late) 3.282 +8.3%
4. Layer 29 (Late) 3.275 +8.1%
5. Layer 28 (Late) 3.256 +7.5%

Range 0.191% —
Non-uniform? ✓ Yes (>1.0% threshold)

Table 16: Scalar mixing weights over Mistral-7B layers
learned by the edge probe. As in LLaMA-3, the probe
assigns the largest weights to late layers, indicating that
specificity-related information is most strongly encoded
toward the top of the network.

Case Condition Type Accuracy

(S | Cspec) Spec Ctx + Ambiguous 0.489
(S | Cnon) Non-spec Ctx + Ambiguous 0.770
(Slex | Cspec) Spec Ctx + Lexical Specific 0.784
(Slex | Cnon) Non-spec Ct + Lexical Specific 0.381
(Spass | Cspec) Spec Ctx + Passive Specific 0.813
(Spass | Cnon) Non-spec Ctx + Passive Specific 0.547

Table 17: Single-case edge probing accuracy in
Qwen2.5-7B. Higher accuracy indicates stronger lin-
ear separability of specificity.

network (Tables 16 and 19; cf. main-text LLaMA1000

results).1001

Key differences. Mistral-7B most closely1002

matches LLaMA-3 in exhibiting a clear late-layer1003

skew with a non-uniform mixing profile (“Non-1004

uniform?” ✓), whereas Qwen2.5-7B shows a1005

noticeably flatter distribution (“Non-uniform?” ×),1006

suggesting a more distributed (less top-heavy)1007

encoding of specificity across layers. In addition,1008

both models reproduce the same qualitative pattern1009

in pairwise separability: the pair of (Spass | Cspec)1010

and (S | Cnon) is the strongest contrast, while the1011

pair of (S | Cspec) and (Slex | Cnon) is consistently1012

the weakest (Tables 15 and 18).1013

Pair PR-AUC ROC-AUC Acc. F1

Baseline (Random) 0.4684 0.4386 0.4640 0.4016

(S | Cspec) vs. (S | Cnon) 0.7176 0.7205 0.6295 0.5690
(Slex | Cspec) vs. (S | Cnon) 0.8850 0.8816 0.7770 0.7786
(Spass | Cspec) vs. (S | Cnon) 0.8861 0.8871 0.7914 0.7958
(S | Cspec) vs. (Slex | Cnon) 0.4559 0.4237 0.4353 0.4642

Table 18: Pairwise edge probing performance in
Qwen2.5-7B. Each row trains a binary classifier on span
representations for the two cases in the pair.

Category Mean (%) vs. Expected

Layer groups
Early (L0–L9) 3.334 −3.3%
Middle (L10–L18) 3.443 −0.1%
Late (L19–L28) 3.578 +3.8%

Expected (uniform) 3.448 —

Top-5 layers
1. Layer 23 (Late) 3.627 +5.2%
2. Layer 24 (Late) 3.625 +5.1%
3. Layer 22 (Late) 3.617 +4.9%
4. Layer 21 (Late) 3.612 +4.8%
5. Layer 20 (Late) 3.592 +4.2%

Range 0.301% —
Non-uniform? × No (<1.0% threshold)

Table 19: Scalar mixing weights over Qwen2.5-7B lay-
ers learned by the edge probe. While late layers still
receive higher weights on average, the overall distri-
bution is comparatively flatter than in LLaMA-3 and
Mistral, indicating a more diffuse encoding of speci-
ficity across layers.

F Layerwise Logistic Regression Probing 1014

as an auxiliary probing of Edge 1015

Probing in Experiment 2C 1016

F.1 Details of Layerwise Logistic Regression 1017

Probing 1018

As an auxiliary analysis, we perform layerwise 1019

logistic regression probing to assess how strongly 1020

specificity is linearly decodable at each layer. The 1021

probes are trained on the labeled specificity dataset 1022

Dspec and applied independently at each layer. 1023

Inputs. For each input sequence Xx with target 1024

span [a, b] and for each layer ℓ ∈ L, we use the 1025

same span-mean representation h(ℓ) defined in the 1026

edge-probing module above. 1027

Outputs. For each layer ℓ, a logistic regression 1028

probe produces a probability p̂(ℓ) indicating the 1029

likelihood that the span is specific. A decision 1030

threshold τ (ℓ) is selected on a development split of 1031

Dspec by maximizing the F1 score. At inference 1032

21



Figure 8: Layerwise Comparison Logistic Regression
PR-AUC of LLaMA3-8B

Figure 9: Layerwise Comparison Logistic Regression
PR-AUC of Mistral-7B

time, the probes are applied to inputs from DScope1033

without further optimization, and p̂(ell) is used as a1034

continuous specificity score.1035

F.2 Results of Layerwise Logistic Regression1036

Across LLAMA3, MISTRAL-7B, and QWEN2.5,1037

the layerwise logistic-regression results closely mir-1038

ror the trends observed in the Edge Probing anal-1039

ysis reported in the main section, Section 5.3. For1040

the Random control, PR-AUC remains near chance1041

level (approximately 0.5) across early, mid, and1042

late layer regions for all models. This confirms1043

the Edge Probing finding that, in the absence of1044

meaningful interpretive structure, the probing clas-1045

sifiers fail to extract any reliable signal. By contrast,1046

all designed sentence pairs achieve substantially1047

Figure 10: Layerwise Comparison Logistic Regression
PR-AUC of Qwen2.5

higher PR-AUC values, indicating that the learned 1048

representations support effective linear separation 1049

when the contrast aligns with theoretically moti- 1050

vated distinctions. 1051

Consistent with the Edge Probing results, the 1052

pragmatics-only contrast pair((S | Cspec) and 1053

(S | Cnon)) yields the weakest performance among 1054

the designed pairs, yet still clearly outperforms 1055

the Random baseline. This pattern suggests that 1056

specificity differences driven purely by contextual 1057

inference are encoded more diffusely and are there- 1058

fore harder to recover than contrasts involving 1059

stronger sentence-internal cues, such as the pair 1060

of (S | Cspec) and (Slex | Cspec) and the pair of 1061

(S | Cspec) and (Spass | Cspec). The fact that this 1062

contrast remains distinguishable across all mod- 1063

els reinforces the Edge Probing conclusion that 1064

pragmatic specificity is nevertheless systematically 1065

represented. 1066

Finally, the layerwise distribution of PR-AUC 1067

closely aligns with the depth-wise trends observed 1068

in Edge Probing. Specificity-related information 1069

is not localized to a narrow set of layers but is dis- 1070

tributed throughout the network. At the same time, 1071

performance consistently improves from early to 1072

mid layers and remains strong into late layers, with 1073

mid-layer representations often yielding the high- 1074

est PR-AUC. This mid-to-late concentration echoes 1075

the Edge Probing finding that specificity becomes 1076

increasingly explicit and linearly accessible as rep- 1077

resentations transition from lexical encoding to- 1078

ward higher-level semantic abstraction. 1079
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