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Abstract
Scope ambiguity arises when a single surface
string admits multiple logical interpretations
depending on how operators such as negation
and indefinites interact. Prior work (Kamath
et al., 2024) primarily evaluates scope sensitiv-
ity through output-level behavior, leaving open
whether alternative interpretations are inter-
nally represented or merely reflected in shifted
token probabilities. We introduce an evidence-
first, ambiguity-following diagnostic that asks a
more specific question: when the surface string
is held constant and only contextual evidence
biases interpretation, do transformer language
models form distinct internal representations
corresponding to alternative logical readings?

To investigate this, we present SCOPEX, ex-
tending the dataset of (Kamath et al., 2024) by
systematically manipulating preceding context
while keeping the ambiguous sentence identi-
cal. We further introduce passivized variants
as syntactically less ambiguous controls. Us-
ing SCOPEX, we show that transformer LMs
(i) exhibit systematic scope-sensitive behavior
conditioned on context, and (ii) form separa-
ble hidden-state representations for alternative
scope readings of the same surface string. This
divergence emerges in later layers and causally
influences downstream predictions.

1 Introduction

Scope ambiguity is a pervasive phenomenon in
natural language, whereby a sentence admits
multiple interpretations depending on how sco-
pal items—such as indefinites (a/an), negation
(not), quantifiers (some, every), numerals, and oth-
ers—interact (Barwise and Cooper, 1981; May,
1985). As illustrated in Figure 2 and Table 7, con-
sider the sentence “I didn’t feed a dog” with two
interpretations:

*Code, datasets, and experimental materials are pub-
licly available at https://github.com/Jieun-NLP/
Scopex-Scope-Ambiguity.git.

†Corresponding author.

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 sco-
pal items
- Symmetric processing
of ambiguity

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

- Causal: patching affects prediction

- What: specificity is recoverable

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

• Specific: “there exists a particular dog that
was not fed.”
(inverse reading: ∃x(DOG(x) ∧ ¬FEED(I, x)) )

• Non-specific: ‘‘no dogs were fed.”
(surface reading: ¬∃x(DOG(x) ∧ FEED(I, x)))

Scope ambiguity is resolved when additional
context is provided. In this example, an inverse
reading is favored in a context such as “she asked
me to feed her dog,” whereas a surface reading
is favored in a context such as “the dog section
was closed.” In this paper, we ask how modern
transformer-based language models (LMs) re-
solve such ambiguity under contextual bias.

Prior work (Kamath et al., 2024) adopts an
ambiguity-first, evidence-following diagnostic: an
ambiguous preamble is presented first, and sensi-
tivity is measured via continuation probabilities.
However, because autoregressive models condition
on preceding tokens, this setup evaluates plausibil-
ity of continuations rather than directly examining
how the internal representations of the ambiguous
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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 closed. 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).

sentence itself are shaped by context. We there-
fore adopt an evidence-first, ambiguity-following
diagnostic. In this setup, contextual evidence pre-
cedes the scope-ambiguous sentence. As a result,
the hidden states associated with the ambiguous
sentence are adaptively determined by the preced-
ing context, enabling direct analysis of internal
processing under contextual bias. (see Table 10 in
Appendix for a detailed comparison)

Operationalizing a theoretical question. In the-
oretical and psycholinguistics, a long-standing
question concerns whether alternative logical in-
terpretations are internally distinguished during
comprehension (Altmann and Steedman, 1988;
Tunstall, 1998). We adapt this question to trans-
former LMs in operational terms: when the surface
string is held constant and only contextual evidence
biases interpretation, do models exhibit system-
atic and causally relevant internal differentiation
aligned with alternative logical readings?

To investigate this question, we construct
SCOPEX (SCOPe–Expression Cross-factor Eval-
uation), extending Kamath et al. (2024) in two key
ways. First, we introduce contextual evidence sen-
tences preceding the ambiguous target. Second,
we include syntactically less ambiguous passive
variants alongside ambiguous and lexically disam-
biguated controls. This results in a 2× 3 factorial
design crossing contextual bias and sentence type
(see Section 3.1 and Table 7 in Appendix).

Beyond trivial output adjustments. From an en-
gineering perspective, one might argue that differ-

ences in output probabilities necessarily imply dif-
ferences in hidden states at the final layer, rendering
representational divergence unsurprising. Indeed,
if scope resolution were implemented merely as
a conditional language modeling adjustment, con-
textual variation could induce small vector shifts
at the final layer, leading to logit changes without
requiring structured internal differentiation.

However, our findings go beyond such mini-
mal output-level effects. We observe (i) system-
atic divergence emerging in mid-to-late layers,
(ii) localization of representational differences
to scopal items, (iii) causal influence of scope-
conditioned representations on downstream pre-
diction, and (iv) probing-based evidence that the
theoretically diagnostic property of specificity is in-
ternally represented. These convergent results indi-
cate that alternative scope readings are tracked dur-
ing forward computation rather than arising solely
as final-layer probability adjustments.

2 Previous Research.

LMs and Ambiguity Recent work has exam-
ined whether large language models (LLMs) ex-
hibit human-like sensitivity to ambiguity. Liu et al.
(2023) find that even state-of-the-art models strug-
gle to recognize or enumerate multiple readings
across diverse ambiguity types. Stengel-Eskin et al.
(2024) likewise show that pretrained models fail to
capture the distribution of possible interpretations
unless ambiguity is explicitly presented in the input.
In contrast, Kamath et al. (2024) report that LLMs’
forced-choice preferences over scope readings of-
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ten align with human judgments, though the under-
lying mechanisms remain unclear. These mixed
results suggest that LLMs may partially approxi-
mate human scope preferences but do not reliably
manage ambiguity.

Geography of linguistic knowledge within LMs
Prior work has investigated where linguistic infor-
mation is localized within transformer-based LMs.
Early analyses showed that transformers exhibit
layer-wise specialization reminiscent of a classical
NLP pipeline, with surface-level features encoded
in lower layers and more abstract representations
emerging in higher layers (Peters et al., 2018; Ten-
ney et al., 2019; Liu et al., 2019; Jawahar et al.,
2019).

3 Materials and Methods

3.1 Dataset Construction

SCOPEX Dataset Overview. To support
the evidence-first continuation diagnostic for
scope ambiguity, we construct SCOPEX
(SCOPe–Expression Cross-factor Evaluation), a
controlled diagnostic dataset designed to probe
whether LMs encode linguistically grounded scope
distinctions in their representations. SCOPEX

extends the dataset of Kamath et al. (2024) by
introducing (i) explicit contextual bias manipula-
tion and (ii) additional sentence-level structural
controls. The dataset adopts a 2 × 3 factorial
design, crossing two discourse contexts with three
sentence types, yielding six systematically related
conditions (N = 139 items per condition; 834 total)
(See Table 7 and Table 8 in Appendix).

Notation. We use the notation (S | C) to denote
that a target sentence S is processed following a
preceding context C. Contexts are written as Cspec
and Cnon, which bias interpretation toward inverse-
scope (specific) and surface-scope (non-specific)
readings, respectively. Target sentence variants are
denoted as S (ambiguous), Slex (lexically disam-
biguated), and Spass (passivized).

Scope Operators and Lexical Coverage. We
began with ambiguous sentences adapted from Ka-
math et al. (2024), but modified certain operators to
ensure clearer scope interactions for probing. Ex-
ample sentences and operator substitutions were
constructed by a linguist. Importantly, the roles of
scopal items are structurally balanced. Sentence-
initial scopal items (SI1) predominantly host sen-

Operator Type Count % SI1 SI2

Existential (a, some, several) 131 47.1 12 119
Frequency (always, often) 51 18.3 51 0
Negation (not, never) 41 14.7 41 0
Universal (every, all) 21 7.6 21 0
Proportional (most) 14 5.0 13 1
Numeral (one–twelve) 20 7.2 1 19

Table 1: Scope operator distribution in SCOPEX (278
scopal items per condition).

tential operators (e.g., negation), whereas the sec-
ond scopal items (SI2) are primarily nominal op-
erators (e.g., existential determiners). To support
the specificity probing analysis, SI2 was systemat-
ically instantiated with existential-type operators,
ensuring controlled variation in nominal scope in-
terpretation. The resulting operator proportions
are summarized in Table 1 (Also, see table 9 in
Appendix).

Sentence Types and Structural Controls. Tar-
get sentences appear in three conditions:

• Ambiguous (S): canonical placement of two
scopal items, permitting both surface and in-
verse scope readings.

• Lexically disambiguated (Slex): one scopal
item is replaced by a non-scopal item (e.g.,
didn’t feed → starved), removing ambiguity
while preserving propositional content.

• Passivized (Spass): syntactic reordering (e.g.,
object-to-subject promotion) introduces struc-
tural bias without lexical substitution.

This design isolates pragmatic, lexical-semantic,
and syntactic contributions to scope interpretation.

Contextual Bias Generation. Preceding con-
texts (Cspec, Cnon) were generated using GPT-4o
via a controlled few-shot prompting procedure with
a fixed prompt template conditioned on example
pairs provided by a linguist (Figure 5). All gen-
erated contexts were manually verified and edited
by the linguist to ensure that each pair clearly sup-
ported the intended wide- vs. narrow-scope inter-
pretations and satisfied formatting constraints re-
quired for surprisal measurement. Further details
of dataset construction and manual validation are
provided in Appendix A.

3.2 Models
We evaluate three transformer-based auto-
regressive LMs: LLaMA-3 (Grattafiori et al.,
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2024) (8B, Base), Mistral (Jiang et al., 2023) (7B,
v0.3), and Qwen2.5 (Qwen et al., 2025) (7B). Due
to space limitations, we present main results using
LLaMA-3-8B. Full results for all models appear
in the Appendix.

4 Experiment 1. Surprisal-Based
Disambiguation

A central question in ambiguity research is whether
LMs internally distinguish between alternative in-
terpretations of structurally ambiguous sentences.
To address this, we adopt surprisal as an incre-
mental processing measure. (Shannon, 1948; Hale,
2001; Levy, 2008; Smith and Levy, 2013).

4.1 Method
We perform two complementary surprisal-based
analyses to assess processing costs at the sentence
level and at the level of local spans.

Suppose that C = c1 · · · cm is a given pream-
ble context and S = s1 · · · sn is a target sentence,
where ci denotes the i-th context token and sj de-
notes the j-th target token. We define the token-
level surprisal of the j-th token in the target sen-
tence S as the negative log-likelihood of that token
given the preceding context C:

Gj(S | C) = − log p
(
sj | C, sj−1

1

)
, (1)

where sj−1
1 denotes the subsequence consisting of

the first j − 1 tokens of the target sentence S.
The in-situ surprisal of the target sentence S

given the preceding context C is then defined as
the average token-level surprisal over the sentence:

G(S | C) =
1

n

n∑

j=1

Gj(S | C). (2)

Isolated surprisal for the target sentence S is
defined as the non-conditional surprisal obtained
by presenting S without any preceding context and
averaging the negative log-likelihood over all to-
kens in the sentence. We denote this quantity as
G(S).

Given a preceding context C, we define the con-
textual facilitation effect as the difference between
the in-situ and isolated surprisal values:

∆G = G(S | C)− G(S). (3)

Negative values of ∆G indicate reduced processing
difficulty when contextual information is available.

Mean Surprisal (bits)

Case In-situ Isolated Diff.

(S | Cspec) 4.748 6.784 −2.036
(S | Cnon) 4.812 6.785 −1.973

(Slex | Cspec) 6.496 7.524 −1.028
(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 .277 −0.10
(Slex | Cspec)–(Slex | Cnon) −0.204 .001∗∗ −0.29
(Spass | Cspec)–(Spass | Cnon) −0.203 .001∗∗ −0.28

Table 2: Mean surprisal values and pairwise compar-
isons. Diff. = In-situ − Isolated (contextual facilita-
tion). Mean∆ = difference in contextual effects between
cases. dz = paired-samples Cohen’s d, computed from
itemwise differences. Paired Wilcoxon signed-rank
tests. green = favorable (largest effects/significance),
red = highest difficulty, orange = 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 3: Sensitivity of scopal items. Mean |∆| (bits) for
scopal items vs. non-scopal items. Ratio = Scope/Non-
scope effect magnitude.

Token-level scope sensitivity To localize where
interpretive differences arise, we compare token-
level surprisal between paired evidence contexts
Cspec and Cnon, corresponding to inverse- and
surface-scope readings, within the same item. For
each token position j, we compute

∆j = Gj(S | Cspec)− Gj(S | Cnon) (4)

and use its absolute magnitude |∆j | as a measure
of interpretive sensitivity. Tokens are categorized
using a predefined scope lexicon (e.g., quantifiers,
numerals, negation) into scopal and non-scopal
items using SPACY. We then compute the mean
of |∆j | separately for each group. Larger values in-
dicate greater sensitivity to scope interpretation at
the corresponding token position. These analyses
quantify both the global processing cost associated
with contextual disambiguation and the local con-
tribution of scopal items to interpretive divergence.
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4.2 Results and Discussion

Context-driven interpretive preference Table 2
reports mean surprisal values for in-situ and iso-
lated conditions of LLaMA-3-8B. The ambiguous
pair ((S | Cspec) and (S | Cnon)) exhibits mini-
mal contextual asymmetry, consistent with both
readings remaining viable. By contrast, the unam-
biguous ((Slex | Cspec), (Slex | Cnon)) and the pas-
sive ((Spass | Cspec), (Spass | Cnon)) pair show ro-
bust surprisal differences, with significantly higher
surprisal in the mismatching-context conditions
(Wilcoxon signed-rank tests, p < .01).

Contextual facilitation Contextual facilitation—
defined as the reduction in surprisal when a bias-
ing context is provided—is largest in Case (S |
Cspec)(−2.04 bits), where contextual bias resolves
a genuinely ambiguous structure. The other two
pairs (unambiguous and passive) show smaller fa-
cilitation effects, consistent with their lexical or
syntactic cues already constraining interpretation.

Sensitivity of scopal items Table 3 shows that
in the unambiguous ((Slex | Cspec), (Slex | Cnon))
and passive ((Spass | Cspec), (Spass | Cnon)) pairs,
scopal items exhibit substantially larger mean |∆j |
than non-scopal items (1.20× and 1.37×, respec-
tively). In contrast, the ambiguous ((S | Cspec),
(S | Cnon)) pair shows no such selective modu-
lation, indicating that both readings are equally
supported.

These diagnostics recapitulate the structural dis-
tinctions encoded in our stimulus design. The ob-
served pattern aligns with our linguistic hypoth-
esis: for sentences whose scope readings remain
legitimately underspecified, either interpretation
can be pragmatically supported once an appropri-
ate context is provided. Results for other models,
Mistral-7B-v0.3 and Qwen2.5-7B, are reported in
Appendix B, showing partial qualitative conver-
gence, particularly in the localization of contextual
effects to scopal items, but with model-dependent
differences in sentence-level effect magnitude and
statistical reliability.

5 Experiment 2. Layerwise
representations: where and what is
differentiated?

Experiment 2 examines how contextual evidence
shapes the internal representations of scope-
ambiguous sentences. We investigate this question
from three complementary perspectives: (i) Do

alternative scope interpretations diverge in repre-
sentation space beyond surface-level variation? (ii)
Are these representational differences behaviorally
consequential? (iii) Which semantic distinction is
encoded in these representations?

5.1 Experiment 2A: Layerwise
Representation Similarity

In this subsection, we ask whether internal sentence
representations are organized primarily by surface
realization or by contextual interpretation. We com-
pare a surface-identical but interpretation-different
pair with two surface-varying but interpretation-
matched pairs, asking which source of variation
induces greater representational divergence across
layers.

5.1.1 Method
To quantify representational divergence across lay-
ers, we compare sentence-level representations us-
ing two complementary similarity measures. Let
X,Y ∈ Rn×d denote matrices of sentence rep-
resentations extracted from a given layer, where
n is the number of tokens and d is the hidden di-
mension. We consider two measures sim(X,Y ):
cosine similarity and CKA(Kornblith et al., 2019).
For comparison, we additionally construct a ran-
dom baseline by pairing each (S | Cspec) sentence
with a randomly sampled (S | Cspec) sentence
from a different item and computing the same sim-
ilarity measures. Implementation details are pro-
vided in Appendix C.2.

5.1.2 Results and Discussion
Figure 3 reports representational similarity across
all three models. Sentence representations ex-
hibit the characteristic high–low–high trajectory
observed in previous studies (Tenney et al., 2019;
Liu et al., 2019; Peters et al., 2018; Jawahar et al.,
2019). The random-sentence baseline (gray) re-
mains well separated from all target pairs through-
out, confirming that the analysis captures fine-
grained representational differences among seman-
tically related sentences.

In the early layers, the surface-identical pair,
(S | Cspec) versus (S | Cnon) (red), is consistently
more similar than the two surface-varying pairs,
indicating that sentence representations are initially
organized primarily by lexical identity and shallow
syntactic structure. Beginning in the middle layers,
however, this ordering reverses consistently across
models: the similarity of the surface-identical pair
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Figure 3: Layer-wise comparison of (1) Cosine Similarity and (2) CKA.

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

falls below that of the lexical-variation pair (blue),
despite differing only in preceding contextual inter-
pretation. Thus, changing contextual interpretation
while keeping the surface realization unchanged
induces greater representational divergence than
changing surface lexical or syntactic realization
while preserving the intended interpretation. This
pattern persists through the final layers, although
the transition occurs somewhat later in LLaMA-3
than in Mistral and Qwen. The same qualitative
ordering is observed across all three architectures,
while model-specific behavior of the passive-voice
pair (green) is discussed in Appendix C.1.

5.2 Experiment 2B: Activation Patching

Experiment 2B examines whether the representa-
tional differences identified in Experiment 2A be-
come behaviorally consequential for model predic-
tions. Using activation patching as a coarse-grained
causal intervention, we test whether context-
conditioned representations encoded in the post-
MLP residual stream at a given layer causally in-
fluence sentence-level surprisal when transferred
across scope interpretations. Unlike fine-grained
causal tracing approaches that intervene on individ-

ual neurons, attention heads, or circuits (Vig et al.,
2020; Meng et al., 2022), our intervention replaces
the entire layer output and therefore provides a con-
servative test of when layerwise representations
begin to contribute to downstream prediction.

5.2.1 Method
Intervention setup Given a source example Esrc
and a target example Etgt, we replace the post-MLP
residual-stream representations corresponding to
the target sentence span at layer ℓ with those from
the source example, while keeping the preceding
context fixed. The sentence span is defined as a
contiguous token interval [s, e]. As a baseline, we
additionally perform span-mean replacement, re-
placing all token-level representations in the same
sentence span with the span-wise mean representa-
tion, h̄(ℓ) = 1

e−s+1

∑e
j=s h

(ℓ)
j .

Evaluation protocol We perform symmetric
patching in both directions (e.g., (S | Cspec) →
(S | Cnon) and (S | Cnon) → (S | Cspec) ). Let
G∗
ϕ(S | C) denote the sentence-level surprisal af-

ter applying an activation patching intervention ϕ.
We quantify the effect of the intervention by the
resulting change in sentence-level surprisal:

∆G(ℓ) = G∗
ϕ(S | C)− G(S | C). (5)

Effects are interpreted comparatively across layers
rather than in absolute terms.

5.2.2 Results and Discussion
Figure 4 reports layerwise surprisal changes in-
duced by activation patching together with the
span-mean replacement baseline. Across layers,
the baseline exhibits a qualitatively distinct profile,
indicating that the observed effects cannot be re-
duced to non-specific perturbation of the residual
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stream. Instead, transferring representations be-
tween the two contextual conditions systematically
changes surprisal, providing causal evidence that
the representations identified in Experiment 2A are
functionally utilized to prediction. Patching effects
remain modest through approximately Layer 12
and more pronounced in later layers, suggesting
that their influence strengthens toward the model’s
final predictions.

Notably, LLaMA-3 exhibits a directional asym-
metry between the two patching directions. In-
jecting (S | Cnon) representations into (S |
Cspec) contexts yields increasingly positive sur-
prisal changes, whereas the reverse intervention
produces comparatively modest negative effects.
As this asymmetry is not consistently observed
across models, it appears to reflect a model-specific
feature of LLaMA-3, motivating Experiment 2C,
which investigates whether it is associated with
differential encoding of semantic specificity. Cross-
model comparisons with Mistral and Qwen are
provided in Appendix D.

5.3 Experiment 2C: Probing for Scopal
Specificity

Experiment 2C asks what semantic distinction
is recoverable from the layerwise representa-
tions examined in Experiments 2A and 2B. In
formal semantics, specificity distinguishes noun
phrases interpreted as referring to particular enti-
ties from those receiving non-specific interpreta-
tions (Abusch, 1993; Von Heusinger, 2019). Speci-
ficity is closely related to scope: wide-scope ex-
istential expressions generally receive specific in-
terpretations, whereas narrow-scope expressions
tend to receive non-specific interpretations. We
therefore test whether the hidden representations
distinguish these two interpretive classes. Scalar-
mixing edge probing estimates their global lay-
erwise distribution, while independent layerwise
logistic-regression probes measure their linear re-
coverability at individual layers.

5.3.1 Method
Dataset construction. We construct a dedicated
SPECIFICITY dataset consisting of 1,998 context–
sentence items, comprising 997 specific and 1,001
non-specific instances. The dataset was constructed
around specific–non-specific contrasts, with cor-
responding items sharing the same target NP but
differing in whether the context–sentence combi-
nation licenses a specific or non-specific interpre-

Case Condition Type Accuracy

(S | Cspec) Spec Ctx + Ambiguous 0.734
(S | Cnon) Non-spec Ctx + Ambiguous 0.554
(Slex | Cspec) Spec Ctx + Lexical Specific 0.899
(Slex | Cnon) Non-spec Ctx + Lexical Specific 0.201
(Spass | Cspec) Spec Ctx + Passive Specific 0.957
(Spass | Cnon) Non-spec Ctx + Passive Specific 0.273

Table 4: Single-case specificity-probe accuracy in
LLaMA-3-8B. Accuracy indicates how reliably each
condition is classified according to its expected specific
or non-specific interpretation.

tation. Each item includes a discourse context, a
sentence, a marked target NP span, and a binary
specificity label. For example, During the camping
trip last weekend, we looked up at the sky. I spotted
seven stars that were unusually bright licenses a
specific interpretation of seven stars, whereas On a
clear night, you can often see stars shining brightly
in the sky. If you count seven stars, you might find
a constellation licenses a non-specific interpreta-
tion. A linguist manually validated a random 20%
sample (400 items), assessing whether the target-
span specificity label was correct and whether the
context–sentence pair was discourse-coherent. Fur-
ther examples are provided in Appendix E.

Edge probing with scalar mixing Our primary
analysis adopts a scalar-mixing edge probing frame-
work (Tenney et al., 2019). A probe is trained
on the labeled SPECIFICITY dataset and then ap-
plied to hidden representations extracted from the
original SCOPEX dataset, allowing us to measure
whether the semantic property of specificity is re-
coverable from the scope representations analyzed
in Experiments 2A and 2B. The probe operates on
span-mean representations of the target span, de-
fined as the second scopal item (e.g., a dog) in our
SCOPEX dataset, stacking layerwise span repre-
sentations into a tensor X ∈ RN×L×d and learning
a softmax-weighted combination of layers. Deci-
sion thresholds are selected per model by maximiz-
ing F1 on a held-out 20% validation split of SPECI-
FICITY dataset and are then applied to SCOPEX

without further optimization. To assess probe selec-
tivity, we follow Hewitt and Liang (2019), and com-
pare performance on SCOPEX against matched
control dataset (details in Appendix F).

Auxiliary probe. As an auxiliary analysis, we
additionally train independent layerwise logistic re-
gression probes (Alain and Bengio, 2018) to verify
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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) 0.6697 0.6952 0.6439 0.6733
(Slex | Cspec) vs. (S | Cnon) 0.8461 0.8481 0.7266 0.7669
(Spass | Cspec) vs. (S | Cnon) 0.8947 0.9008 0.7554 0.7964
(S | Cspec) vs. (Slex | Cnon) 0.4300 0.3928 0.4676 0.5795

Table 5: Pairwise edge probing performance in LLaMA-
3-8B.

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

that the observed layerwise trends are not specific
to the scalar-mixing architecture; full details and
results are reported in the Appendix H.

5.3.2 Results and Discussion
Asymmetry between specificity and non-
specificity In LLaMA-3, Table 4 reveals an
asymmetry between the two readings. Specific
interpretations yield reliably high accuracy
((S | Cspec): 0.73; (Slex | Cspec): 0.90;
(Spass | Cspec): 0.96), indicating that specificity
is more reliably recoverable from the model’s
representations when lexical or syntactic cues
unambiguously support the specific interpretation.
By contrast, the non-specific cases show lower
accuracy, but for distinct linguistic reasons. For
the (S | Cnon) case (0.55), the probe’s difficulty
in isolating a single non-specific class may partly
reflect the semantic heterogeneity of non-specific
interpretations, as expected from their theoretical
semantics consistent with Degano and Aloni
(2025), rather than representational noise alone.
This interpretation, however, remains a hypothesis
to be tested directly in the future work. In
contrast, the (Slex | Cnon) case (0.20) and the

(Spass | Cnon) case (0.27) are low primarily due to
cue conflict: while context biases a non-specific
interpretation, the sentence-internal cues (lexical
or syntactic) strongly bias specificity. The resulting
representational tension appears to make it difficult
for the model to stabilize a consistent encoding.

Graded hierarchy: syntactic > lexical > con-
textual Table 5 evaluates the discriminability
between readings using pairwise comparisons of
the frozen specificity-probe scores. These compar-
isons reveal a graded hierarchy: when cues align
(e.g. the pair of (Spass | Cspec) and (S | Cnon)),
separability is high (PR-AUC: 0.89), but purely
pragmatic contrasts (the pair of (S | Cspec) and
(S | Cnon)) achieve only moderate separability
(0.67). Crucially, when contextual cues oppose
sentence-internal cues (the pair of ((S | Cspec)
and (Slex | Cnon)), performance falls below the
baseline (PR-AUC: 0.43), consistent with the view
that specificity encoding becomes robust when mul-
tiple linguistic signals converge. This relative hier-
archy is also observed in Mistral-7B and Qwen2.5-
7B, despite important model-specific differences in
the single-condition asymmetry (Appendix G).

Layerwise distribution Scalar-mixing weights
(Table 6) further indicate that while specificity in-
formation is distributed across layers, it becomes in-
creasingly accessible toward the top of the network,
with late layers receiving +8–9% greater weight
than expected under uniformity. Layerwise prob-
ing yields a consistent pattern (see Appendix H).

Experiments 2B and 2C in LLaMA-3 pro-
vide converging evidence for Degano and Aloni
(2025)’s claim that specificity is encoded as a
marked semantic category, whereas non-specificity
corresponds to a heterogeneous, non-categorical
representational space.

6 Conclusion

This work investigated how language models han-
dle scope ambiguity. The combination of behav-
ioral measurements, representational analyses, and
probing results suggests that scope ambiguity pro-
vides a useful diagnostic setting for studying how
language models organize information relevant to
semantic interpretation. In particular, probing re-
veals that specificity—a property closely tied to
scope in linguistic theories of implicit logical struc-
ture—is recoverable from model representations.
This indicates that models encode signals associ-
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ated with distinct scope-induced structures, includ-
ing semantic properties that are not overtly marked
in the surface form.

Overall, our findings show that transformer LMs
exhibit consistent and interpretation-sensitive inter-
nal differentiation aligned with alternative scope
readings. Understanding how such representations
arise, how they vary across model architectures,
and how they contribute to downstream reasoning
remains an important direction for future work.

Limitations

Despite these encouraging findings, several limita-
tions remain. (1) Weak purely contextual disam-
biguation. Models show relatively modest sensitiv-
ity to context-only contrasts (the pair of ((S | Cspec)
and (S | Cnon)), whereas human comprehenders
resolve such cases efficiently. This gap highlights
continuing limitations in discourse-level integra-
tion. (2) Causal underdetermination. Activation
patching identifies layers carrying interpretation-
relevant information, but does not by itself specify
the mechanisms that compute scope or specificity.
Stronger causal modeling (e.g., mediation analy-
sis, neuron-level circuit discovery) is needed. (3)
Model variability. The precise organization of
scope-related representations varies across models.
In particular, the asymmetric pattern observed in
LLaMA-3-8B–where specificity emerges as a com-
paratively marked semantic category– is not consis-
tently reproduced in Mistral-7B and Qwen2.5-7B.
Interestingly, however, this cross-model variabil-
ity is itself consistent across Experiments 2B and
2C: the LLaMA-3-specific asymmetry observed
under activation patching is accompanied by a cor-
responding asymmetry in probing, whereas Mistral
and Qwen do not exhibit the same pattern in either
analysis. Thus, rather than treating cross-model
differences simply as a weaker or less stable se-
mantic encoding, the within-model convergence
across two distinct diagnostics raises the possibility
that model families organize the same semantic dis-
tinction differently. Detailed cross-model results
are provided in Appendix G. Future work should
investigate what architectural, training, or represen-
tational factors give rise to these alternative organi-
zations.
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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 7: 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 8: Complete SCOPEX examples for four items (IDs 8, 13, 27, 112), each showing all six cases in the 2× 3
factorial design.

ID 8 — scopal item1: “ocationally”, scopal item2: “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 are occasionally consulted.

ID 13 — scopal item1: “n’t”, scopal item2: “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 — scopal item1: “all”, scopal item2: “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 — scopal item1: “frequently”, scopal item2: “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 Dataset Construction Details

The SCOPEX dataset was constructed through a
combination of LLM-assisted generation and man-
ual linguistic validation.

Base Sentences and Operator Design. We be-
gan with ambiguous sentences adapted from the
dataset of Kamath et al. (2024). However, their
examples were not always suitable for the probing
setup used in our experiments, which requires a
controlled interaction between two scope-bearing
items (scopal items). In particular, the second oper-
ator position (scopal item2) needed to consistently
instantiate operators that participate in existential
or numeral scope relations.

To achieve this, some universal quantifiers (e.g.,
every, all) appearing in the original dataset were
replaced with existential determiners or numerals.
These substitutions were performed by a linguist
with over 20 years of experience in linguistic re-
search, ensuring that the resulting sentences re-
mained natural and semantically coherent while
preserving the intended scope ambiguity.

Context Generation with GPT-4o. Preceding
contexts were generated using GPT-4o with a fixed
prompt template (Figure 5). The model was given
example pairs consisting of an ambiguous sen-
tence and two short contexts illustrating the spe-
cific (wide-scope) and non-specific (narrow-scope)
readings. Conditioned on these examples, GPT-4o
generated context pairs for new target sentences.

Manual Validation and Editing. All generated
contexts were manually reviewed by the linguist.
This step was necessary because a substantial por-
tion of the raw generations did not reliably produce
clear disambiguation between the two readings. In
some cases, both contexts inadvertently supported
the same interpretation, or the generated text in-
cluded unintended continuations despite explicit
instructions to provide only preceding context.

The validation process therefore involved verify-
ing that each context pair unambiguously supported
the intended scope reading, removing unintended
continuations, and correcting formatting issues.

Additionally, because surprisal measurements
were computed only over the target ambiguous
sentence, the formatting of the context– sentence
boundary had to be carefully controlled. For ex-
ample, target sentences were lowercased when ap-
pearing as continuations within a sentence, and

capitalized when starting a new sentence after a
period.

Through this combination of LLM-assisted gen-
eration and systematic manual verification, we ob-
tained the final SCOPEX dataset consisting of 139
base items with six experimental conditions each
(834 total sentence instances).
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Operator Type Count % Lexical Items Description

Existential 131 47.1 a, an, some, a few, several,
someone, something, somebody

Existential / indefinite
determiners

Frequency 51 18.3 always, usually, often, frequently,
sometimes, occasionally, generally,
mostly

Frequency adverbs

NEG 41 14.7 not, n’t Sentential negation
Universal 21 7.6 every, each, all Universal quantifiers
Proportional 14 5.0 most, most questions Proportional quantifier
Num 20 7.2 one–twelve (digit and word form) Cardinal numerals

Table 9: Distribution and taxonomy of scope operators in the dataset. Percentages are computed over 278 total
scopal items (Case0 condition).

Prompt for Context Generation
System:
You are a writer who identifies the possible interpretations
of an ambiguous sentence and creates natural and logically
coherent contexts to disambiguate it.

User:
Here is an ambiguous sentence. It can be interpreted in two
ways — one assuming a specific reference and another indicating
a general, existential meaning or even non-existence.

Your task is to write two distinct contexts that naturally and
coherently support each respective reading of the sentence.

Please make each context short and concise (1–2 sentences).
Provide only the preceding context (to the left).
Do not include any continuation.

Label the two contexts exactly as:

[Context 1: specific/wide-scope reading]
...

[Context 2: non-specific/narrow-scope reading]
...

Sentence:
I didn’t feed a dog.

{Example Outputs}

Sentence: I didn’t feed a dog.

[Context 1: specific/wide-scope reading]
My uncle asked me to take care of his dog while he was traveling.
However, I didn’t feed a dog.

[Context 2: non-specific/narrow-scope reading]
When I visited the new animal shelter, there were no dogs there.
So, I didn’t feed a dog.

Figure 5: Prompt template and example outputs used for generating preceding contexts.

B Model Variability in Experiment 1:
Mistral-7B-ver0.3 and Qwen2.5-7B

While LLaMA-3-8B exhibited the predicted
context-sensitive surprisal pattern, the two other
7B-scale models—Qwen2.5-7B and Mistral-
7B—showed quantitative variations while preserv-

ing core qualitative patterns. We applied the same
statistical significance threshold (p < .01) for com-
parability across models.

18785



Table 10: 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.
surface scope

• 2×2 design

• Ambiguous vs. unambiguous sentences

• Continuations favoring inverse vs. surface scope

Presentation Design
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)

• Causal intervention (activation patching)

• Probing for scopal specificity

• Human–LM alignment analysis

• Probability comparison of continuations

Research question

• When disambiguating context precedes the sen-
tence, are scope-sensitive interpretations re-
flected in the internal representations of lan-
guage models?

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

• Do these encodings causally affect the model
behavior?

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

• Do LLMs show human-like default preferences?

B.1 Mistral-7B: Convergent Patterns with
Attenuated Magnitudes

Mistral-7B broadly replicates LLaMA-3-8B’s core
pattern, although the magnitude and statistical re-
liability of the effects vary across conditions (Ta-
ble 11). Most clearly, Mistral-7B shows signifi-
cant scope-driven modulation in the lexically un-
ambiguous pair (the pair of (Slex | Cspec) and
(Slex | Cnon)) (Mean∆ = −0.279 bits, p < .001,
dz = −0.30) and localizes larger surprisal effects
to scopal items (1.24× ratio; Table 12), closely
paralleling LLaMA-3-8B’s 1.20× ratio.

The passive condition also shows a modest con-
centration of contextual effects at scopal items
(1.05× ratio), although its overall pairwise dif-
ference is small and not statistically significant
(Mean∆ = −0.024 bits, p = .860, dz = −0.03).
The ambiguous condition likewise shows no reli-

able pairwise difference (Mean∆ = +0.031 bits,
p = .543, dz = +0.03), consistent with the rel-
atively weak context-only contrast observed in
LLaMA-3-8B.

Mistral-7B provides the clearest convergence
with LLaMA-3-8B in the lexically disambiguated
condition, where contextual effects are both statis-
tically reliable and concentrated at scopal items.
The weaker passive and ambiguous contrasts indi-
cate that the strength of this sensitivity depends on
the form of disambiguating information rather than
generalizing uniformly across conditions.
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Mean Surprisal (bits)

Case In-situ Isolated Diff.

(S | Cspec) 4.230 6.336 −2.106
(S | Cnon) 4.166 6.304 −2.137

(Slex | Cspec) 4.843 7.100 −2.256
(Slex | Cnon) 5.050 7.027 −1.977

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

Pairwise Statistical Comparisons

Pair Mean∆ p dz

(S | Cspec)–(S | Cnon) +0.031 .543 +0.03
(Slex | Cspec)–(Slex | Cnon) −0.279 < .001∗∗∗ −0.30
(Spass | Cspec)–(Spass | Cnon) −0.024 .860 −0.03

Table 11: Mean surprisal values and pairwise compar-
isons for Mistral-7B. Diff. = In-situ − Isolated (con-
textual facilitation). Mean∆ = difference in contextual
effects between cases. dz = paired-samples Cohen’s d,
computed from itemwise differences. Paired Wilcoxon
signed-rank tests. Colored values indicate column-wise
extrema: green = favorable (strongest facilitation or sig-
nificance), 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 12: Sensitivity of scopal items for Mistral-7B.
Mean |∆| (bits) for scopal items vs. non-scopal items.
Ratio = Scope/Non-scope effect magnitude

B.2 Qwen2.5-7B: Scope-Element Sensitivity
Without Statistical Significance

Qwen2.5-7B shows evidence of scopal-item sensi-
tivity in the localization analysis (Table 14). Sco-
pal items exhibit enhanced contextual effects in the
lexically unambiguous (1.21× ratio) and passive
(1.19× ratio) conditions, whereas the ambiguous
condition shows an approximately uniform distri-
bution (1.00× ratio). This localization pattern is
qualitatively similar to that observed in LLaMA-3-
8B and Mistral-7B.

In contrast, the aggregate pairwise surprisal com-
parisons are substantially weaker in Qwen2.5-7B
(Table 13). None of the three contrasts reaches
statistical significance under the p < .01 thresh-
old. The ambiguous pair shows the largest numer-
ical difference (Mean∆ = +0.165 bits, p = .070,
dz = +0.16), whereas the lexically unambiguous
pair (Mean∆ = −0.070 bits, p = .674, dz =
−0.06) and the passive pair (Mean∆ = −0.087

Mean Surprisal (bits)

Case In-situ Isolated Diff.

(S | Cspec) 4.650 6.574 −1.923
(S | Cnon) 4.481 6.569 −2.089

(Slex | Cspec) 5.412 7.449 −2.037
(Slex | Cnon) 5.502 7.469 −1.967

(Spass | Cspec) 5.324 6.801 −1.477
(Spass | Cnon) 5.434 6.824 −1.390

Pairwise Statistical Comparisons

Pair Mean∆ p dz

(S | Cspec)–(S | Cnon) +0.165 .070 +0.16
(Slex | Cspec)–(Slex | Cnon) −0.070 .674 −0.06
(Spass | Cspec)–(Spass | Cnon) −0.087 .593 −0.10

Table 13: 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. dz = paired-samples Cohen’s d,
computed from itemwise differences. Paired Wilcoxon
signed-rank tests. Colored values indicate column-wise
extrema: green = favorable (strongest facilitation), red =
highest difficulty (weakest facilitation), orange = largest
pairwise 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 14: Sensitivity of scopal items for Qwen2.5-7B.
Mean |∆| (bits) for scopal items vs. non-scopal items.
Ratio = Scope/Non-scope effect magnitude

bits, p = .593, dz = −0.10) show only small pair-
wise effects.

Thus, Qwen2.5-7B presents a more differenti-
ated picture than a simple attenuated replication
of the other models. The localization analysis in-
dicates that contextual effects are preferentially
concentrated at scopal items in the lexically and
syntactically disambiguated conditions, but this lo-
calization does not translate into reliable condition-
level differences in overall contextual facilitation.
This dissociation suggests that sensitivity to where
scope-relevant effects occur can be present even
when their aggregate magnitude is weak or variable
across conditions.

Across models, the relatively similar scope-
element ratios in the lexically disambiguated con-
dition (approximately 1.20×–1.24×) provide the
clearest cross-model convergence in Experiment 1.
At the same time, the differences in pairwise sta-
tistical reliability caution against treating scope
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sensitivity as quantitatively uniform across model
architectures.

C Model Variability in Experiment 2A:
Mistral-7B-v0.3 and Qwen2.5-7B

C.1 Cross-Model Comparison of
Representation Similarity

Figures 6 and 7 present the corresponding repre-
sentation similarity analyses for Mistral-7B-v0.3
and Qwen2.5-7B.

Both models exhibit the same qualitative pattern
reported in the main text. Representations follow
the characteristic high–low–high trajectory, while
the random baseline remains well separated from
all target pairs across layers. Most importantly, the
relative ordering of the sentence pairs reverses from
the middle layers onward: although the surface-
identical pair ((S | Cspec), (S | Cnon); red) is
initially the most similar, it becomes less similar
than the lexical-variation pair (blue), indicating
that contextual interpretation ultimately induces
greater representational divergence than surface
lexical variation.

Mistral-7B-v0.3. Mistral exhibits an earlier tran-
sition than LLaMA-3, with the ordering reversal
emerging around Layers 6–9 under both cosine
similarity and CKA. Following this transition, the
representations stabilize quickly, maintaining a rel-
atively constant separation through the remaining
layers. The passive-voice pair (green) shows a tra-
jectory broadly similar to the red pair and remains
comparable to, or slightly above, it through much
of the middle and late layers.

Qwen2.5-7B. Qwen2.5 also exhibits the same
qualitative reversal, beginning approximately
around Layers 9–12. Unlike LLaMA-3, the
contextual-interpretation pair (red) remains the
least similar of the three throughout most of
the middle and late layers, indicating particu-
larly persistent separation associated with context-
dependent interpretation. Qwen additionally shows
sharper changes at the network boundaries, includ-
ing a rapid increase during the first layer in cosine
similarity and an abrupt decrease in the final CKA
layer, suggesting greater representational instabil-
ity near the embedding and output interfaces.

Overall, despite differences in the exact transi-
tion layer and late-layer dynamics, all three archi-
tectures exhibit the same qualitative organization:
sentence representations are initially dominated by

surface form but become increasingly differenti-
ated by contextual interpretation in the middle and
late layers

C.2 Similarity Metrics for Hidden
Representations

Let X,Y ∈ Rn×d denote matrices of sentence rep-
resentations extracted from a given layer, where n
is the number of tokens and d is the hidden dimen-
sion.

• Cosine similarity measures the average an-
gular alignment between corresponding token
representations:

CosSim(X,Y ) =
1

n

n∑

i=1

Xi · Yi
∥Xi∥ ∥Yi∥

. (6)

This metric captures local representational
alignment.

• Centered Kernel Alignment (CKA) pro-
vides an orthogonally invariant measure
of representational similarity by comparing
second-order statistics rather than individual
vectors (Kornblith et al., 2019).

Let

K = XX⊤, L = Y Y ⊤, H = I− 1

n
11⊤

and let

Kc = HKH, Lc = HLH.

Linear CKA is then defined as

CKA(X,Y ) =
tr(KcLc)√
tr(K2

c ) tr(L
2
c)

(7)

CKA captures similarity in representational
geometry independent of orthogonal transfor-
mations.

D Supplementary Cross-model Analysis
for Experiment 2B

The directional asymmetry reported for LLaMA-3
naturally raises the question of whether the same
intervention pattern generalizes across other trans-
former language models. To address this question,
we apply the identical activation- patching proto-
col to Mistral-7B-v0.3 and Qwen2.5-7B, allowing
a direct comparison of the layerwise intervention
effects.
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Figure 6: Representation Similarity of Mistral-7B Model

Figure 7: Representation Similarity of Qwen2.5-7B
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Figure 8: Layer-wise activation-patching effects for
Mistral-7B-v0.3.

Figure 9: Layer-wise activation-patching effects for
Qwen2.5-7B.

Figures 8 and 9 show that both models exhibit
intervention profiles that remain clearly separated
from the span-mean replacement baseline, indi-
cating that the transferred representations produce
structured effects beyond non-specific perturba-
tion. However, unlike LLaMA-3, neither model
reproduces the pronounced directional asymmetry
observed in the main text. Mistral shows largely
symmetric intervention effects across the two di-
rections, whereas Qwen displays a different inter-
vention profile without reproducing the LLaMA-3
pattern. Thus, while activation patching consis-
tently reveals the functional importance of scope-
conditioned representations, the representational
geometry underlying these effects appears to differ
across models.

The present experiments do not determine why
these representational organizations differ. The
observed variation may reflect differences in archi-
tectural design, training data, optimization dynam-
ics, or alternative internal strategies for implement-
ing comparable linguistic computations. Distin-
guishing among these possibilities requires finer-
grained causal analyses, such as component-level
or feature-level interventions, which can identify
the computational pathways responsible for these
representational differences.

Accordingly, we interpret the directional asym-
metry reported in the main text as a model-specific
observation rather than a universal property of
scope representations. More broadly, the cross-
model comparison suggests that while behaviorally
consequential scope-conditioned representations
emerge robustly across contemporary transformer
language models, the internal organization of those
representations remains model dependent.

E Supplementary Details of the
SPECIFICITY Dataset

The SPECIFICITY dataset contains 1,998 context–
sentence items: 997 specific and 1,001 non-specific
instances. Each item is represented as a tuple
(xi, ai, bi, yi), where xi is the full context–sentence
sequence, [ai, bi] identifies the target NP span, and
yi ∈ {0, 1} is its specificity label. The items were
generated using GPT-4o. Linguists manually re-
viewed a random 20% sample (400 items), evalu-
ating the correctness of the target-span specificity
labels and the discourse coherence of the context–
sentence pairs.
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ID Full input text Target NP 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 commu-
nity 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 stars shining
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 15: Representative items from the synthetic SPECIFICITY dataset. Each item contains a full context–sentence
input, a marked target NP, and its gold specificity label.
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F Details of Edge Probing in
Experiment 2C

This appendix specifies the scalar-mixing edge-
probing architecture used in Experiment 2C. The
probing classifier is trained on a labeled speci-
ficity dataset SPECIFICITY, here denoted as
Dspec, while inference is performed on the original
scope-ambiguity dataset SCOPEX, here denoted
as Dscope which is unlabeled with respect to speci-
ficity. Each training instance from SPECIFICITY
is a tuple (x

spec
i , ai, bi, yi) ∼ D

Edge-probing module (inputs/outputs and neu-
ral form). Let a transformer encoder M with
layers ℓ ∈ {0, . . . , L} map an input sequence
x = (x1, . . . , xT ) to hidden states H(ℓ) ∈ RT×d.
The probing module is shared across two input dis-
tributions: (i) a labeled specificity dataset Dspec
used for training, and (ii) the scope-ambiguity
dataset Dscope used only at inference. Each train-
ing instance i ∼ Dspec consists of (xspec

i , ai, bi, yi),
where [ai, bi] is the (inclusive) token span of the
target expression and yi ∈ {0, 1} is the specificity
label. At inference time, inputs (xscope

j , aj , bj) ∼
Dscope are unlabeled with respect to specificity.
Span representation (Span-Mean). For a given
input sequence x with target span [a, b] and for
each layer ℓ, we compute a span representation by
mean pooling over the span tokens:

h(ℓ) =
1

b− a+ 1

b∑

t=a

H
(ℓ)
t (x) ∈ Rd. (8)

Stacking representations across layers yields

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

]
∈ R(L+1)×d. (9)

Learnable scalar mixing. We learn layer-
importance parameters α ∈ RL+1 and obtain nor-
malized mixing weights π = softmax(α), where∑

ℓ πℓ = 1. The mixed span representation is

s =
L∑

ℓ=0

πℓh
(ℓ) ∈ Rd. (10)

Probe classifier (2-layer MLP). The probing
head is a binary classifier parameterized by
W1,b1,W2, b2:

u = ReLU(W1s+ b1),

ũ = Dropout(u),

z = W2ũ+ b2,

(11)

Case Condition Type Accuracy

(S | Cspec) Spec Ctx + Ambiguous 0.5180
(S | Cnon) Non-spec Ctx + Ambiguous 0.7698
(Slex | Cspec) Spec Ctx + Lexical Specific 0.7914
(Slex | Cnon) Non-spec Ctx + Lexical Specific 0.3741
(Spass | Cspec) Spec Ctx + Passive Specific 0.8561
(Spass | Cnon) Non-spec Ctx + Passive Specific 0.4604

Table 16: Single-case edge probing accuracy in Mistral-
7B. Accuracy indicates how reliably the probe recovers
the expected specificity label for each condition.

Pair PR-AUCROC-AUC Acc. F1

Baseline (Random) 0.5012 0.5059 0.5108 0.6421

(S | Cspec) vs. (S | Cnon) 0.6830 0.7100 0.6439 0.5926
(Slex | Cspec) vs. (S | Cnon) 0.8620 0.8565 0.7806 0.7829
(Spass | Cspec) vs. (S | Cnon) 0.8897 0.8876 0.8129 0.8207
(S | Cspec) vs. (Slex | Cnon) 0.4292 0.4070 0.4460 0.4832

Table 17: Pairwise edge probing performance of the
frozen specificity probe in Mistral-7B. Each row eval-
uates the probe, trained on SPECIFICITY, on the corre-
sponding pair of SCOPEX conditions.

where z is the logit and

p̂ = σ(z) (12)

is the predicted probability of specificity.

Training objective. The probe parameters θ and
the mixing parameters α are jointly optimized by
minimizing the binary cross-entropy loss over the
specificity dataset:

Lspec = E(x,y)∼Dspec

[
−y log p̂−(1−y) log(1−p̂)

]
.

(13)

Threshold selection and inference. A decision
threshold τ ∈ (0, 1) is selected on a development
split of Dspec by maximizing the F1 score. At in-
ference time, the trained probe is applied to inputs
from Dscope without further optimization, and p̂ is
used as a continuous specificity score rather than a
discrete classification decision. The learned mix-
ing weights π = softmax(α) are reported as the
layerwise importance distribution.

G Model Variability in Experiment 2C:
Mistral-7B-ver0.3 and Qwen2.5-7B

Model-specific asymmetry in specificity. The
single-condition results reveal an important cross-
model difference in the organization of speci-
ficity and non-specificity. In LLaMA-3, the main-
text results show an asymmetric pattern in which
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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 18: 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 0.4460
(S | Cnon) Non-spec Ctx + Ambiguous 0.7986
(Slex | Cspec) Spec Ctx + Lexical Specific 0.7410
(Slex | Cnon) Non-spec Ctx + Lexical Specific 0.4388
(Spass | Cspec) Spec Ctx + Passive Specific 0.8705
(Spass | Cnon) Non-spec Ctx + Passive Specific 0.5180

Table 19: Single-case edge probing accuracy in
Qwen2.5-7B. Accuracy indicates how reliably each con-
dition is classified according to its expected specific or
non-specific interpretation.

specific interpretations are more reliably recov-
ered than non-specific ones, consistent with recent
formal-semantic accounts of specificity as a com-
paratively marked semantic category (Degano and
Aloni, 2025). This asymmetry is not reproduced
in Mistral-7B or Qwen2.5-7B. In particular, for
the purely contextual contrast, both models show
higher accuracy for (S | Cnon) than for (S | Cspec)
(Tables 16 and 19). The markedness-like asym-
metry observed in LLaMA-3 should therefore be
understood as a model-specific representational pat-
tern rather than a uniform property across the three
model families examined here.

Consistency across Experiments 2B and 2C.
Interestingly, this cross-model variability is con-
sistent within models across two distinct analy-
ses. The LLaMA-3-specific asymmetry in Exper-
iment 2C accompanies the directional asymme-
try observed under activation patching in Exper-

Pair PR-AUC ROC-AUC Acc. F1

Baseline (Random) 0.4684 0.4386 0.4640 0.4016

(S | Cspec) vs. (S | Cnon) 0.7127 0.7255 0.6223 0.5415
(Slex | Cspec) vs. (S | Cnon) 0.8778 0.8787 0.7698 0.7630
(Spass | Cspec) vs. (S | Cnon) 0.9055 0.9078 0.8345 0.8403
(S | Cspec) vs. (Slex | Cnon) 0.4571 0.4325 0.4424 0.4444

Table 20: Pairwise edge probing performance of the
frozen specificity probe in Qwen2.5-7B. Each row eval-
uates the probe, trained on SPECIFICITY, on the corre-
sponding pair of SCOPEX conditions.

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 21: 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 specificity
across layers.

iment 2B, whereas Mistral-7B and Qwen2.5-7B do
not consistently exhibit the corresponding LLaMA-
3-like asymmetry in either analysis. Thus, despite
differences across model families, the intervention
and probing results show notable within-model con-
vergence.

Shared structure and layerwise variation. De-
spite this model-specific asymmetry, the pairwise
analyses reveal a stable qualitative hierarchy across
models. For both Mistral-7B and Qwen2.5-7B, the
contrast between (Spass | Cspec) and (S | Cnon)
yields the strongest separability, whereas (S |
Cspec) versus (Slex | Cnon) yields the weakest (Ta-
bles 17 and 20). The scalar-mixing profiles further
reveal differences in how this information is dis-
tributed across layers: Mistral-7B, like LLaMA-3,
shows a relatively stronger late-layer contribution,
whereas Qwen2.5-7B exhibits a flatter layerwise
distribution (Tables 18 and 21). These results sug-
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Figure 10: Layerwise Comparison Logistic Regression
PR-AUC of LLaMA-3-8B

gest that the models share sensitivity to the relative
strength of linguistic cues while differing in how
scope-related semantic information is organized
across representations.

H Layerwise Logistic Regression Probing
as an Auxiliary Probing of Edge
Probing in Experiment 2C

H.1 Details of Layerwise Logistic Regression
Probing

As an auxiliary analysis, we perform layerwise
logistic regression probing to assess how strongly
specificity is linearly decodable at each layer. The
probes are trained on the labeled specificity dataset
Dspec and applied independently at each layer.

Inputs. For each input sequence Xx with target
span [a, b] and for each layer ℓ ∈ L, we use the
same span-mean representation h(ℓ) defined in the
edge-probing module above.

Outputs. For each layer ℓ, a logistic regression
probe produces a probability p̂(ℓ) indicating the
likelihood that the span is specific. A decision
threshold τ (ℓ) is selected on a development split of
Dspec by maximizing the F1 score. At inference
time, the probes are applied to inputs from DScope
without further optimization, and p̂(ℓ) is used as a
continuous specificity score.

H.2 Results of Layerwise Logistic Regression
Across LLAMA-3, MISTRAL-7B, and QWEN2.5,
the layerwise logistic-regression results closely mir-
ror the trends observed in the Edge Probing anal-
ysis reported in the main section, Section 5.3. For
the Random control, PR-AUC remains near chance
level (approximately 0.5) across early, mid, and
late layer regions for all models. This confirms
the Edge Probing finding that, in the absence of
meaningful interpretive structure, the probing clas-
sifiers fail to extract any reliable signal. By contrast,

Figure 11: Layerwise Comparison Logistic Regression
PR-AUC of Mistral-7B

Figure 12: Layerwise Comparison Logistic Regression
PR-AUC of Qwen2.5

all designed sentence pairs achieve substantially
higher PR-AUC values, indicating that the learned
representations support effective linear separation
when the contrast aligns with theoretically moti-
vated distinctions.

Consistent with the Edge Probing results, the
pragmatics-only contrast pair((S | Cspec) and
(S | Cnon)) yields the weakest performance among
the designed pairs, yet still clearly outperforms
the Random baseline. This pattern suggests that
specificity differences driven purely by contextual
inference are encoded more diffusely and are there-
fore harder to recover than contrasts involving
stronger sentence-internal cues, such as the pair
of (S | Cspec) and (Slex | Cspec) and the pair of
(S | Cspec) and (Spass | Cspec). The fact that this
contrast remains distinguishable across all mod-
els reinforces the Edge Probing conclusion that
pragmatic specificity is nevertheless systematically
represented.

Finally, the layerwise distribution of PR-AUC
closely aligns with the depth-wise trends observed
in Edge Probing. specificity-related information is
not localized to a narrow set of layers but is dis-
tributed throughout the network. At the same time,
performance consistently improves from early to
mid layers and remains strong into late layers, with
mid-layer representations often yielding the high-
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est PR-AUC. This mid-to-late concentration echoes
the Edge Probing finding that specificity becomes
increasingly explicit and linearly accessible as rep-
resentations transition from lexical encoding to-
ward higher-level semantic abstraction.
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