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Abstract

This paper investigates how large language
models internally process nonliteral language.
Analyzing five categories spanning slang,
metaphor, and idioms across all 48 layers of
Gemma-3-12B-IT with Gemma Scope 2 sparse
autoencoders, we find a lexical familiarity gra-
dient: processing depth depends on available
prior lexical knowledge, not figurative type.
Idioms diverge at L1 as entrenched units; ex-
pressions built from familiar words (metaphors,
semantic-shift and constructional slang) con-
verge at L7–9; neologisms peak at L41, activat-
ing 3× more unique features. Paraphrase resid-
ual analysis confirms strong signals only at the
gradient endpoints, yielding a three-tier hierar-
chy of entrenched retrieval, known-word reanal-
ysis, and novel-word construction. Crucially,
this peak-layer structure replicates in base mod-
els (Gemma-PT, Qwen-Base), demonstrating
that the gradient is a robust property of pre-
trained representations rather than an alignment
artifact. We additionally identify an activation
density confound in SAE feature counts that
produces spurious cross-condition convergence.
Overall, processing depth is better predicted by
lexical familiarity than by figurative type, with
implications for robustness to non-standard lan-
guage and for SAE-based interpretability.

1 Introduction

Large language models process a wide range of
language beyond literal, dictionary-attested usage.
Slang, metaphor, idioms, and other nonliteral ex-
pressions pervade everyday communication, par-
ticularly in informal and digital contexts, yet the
mechanisms by which models handle these forms
remain underexplored. A growing body of work on
mechanistic interpretability has mapped how lin-
guistic information distributes across transformer
layers, establishing that surface features tend to
emerge early, while semantic and pragmatic fea-
tures consolidate deeper (Jing et al., 2025). Most

of this work, however, has focused on standard
linguistic categories, such as syntax, semantics,
coreference, and has not examined the internal pro-
cessing of nonliteral language.

Understanding how models process nonliteral
language matters for several interconnected rea-
sons. Robustness depends on knowing where mod-
els are likely to fail; if novel slang is processed
through qualitatively different mechanisms than
familiar metaphor, this predicts different failure
modes. Fairness depends on knowing whose lan-
guage is harder to process; slang and novel vocabu-
lary are not evenly distributed across demographic
groups, and mechanistic evidence of elevated pro-
cessing costs for certain language types points to-
ward sources of systematic performance disparity.
Interpretability depends on having reliable tools;
if commonly used metrics in SAE-based analysis
carry hidden confounds, the conclusions drawn
from them may be unreliable.

We ask whether different types of nonliteral lan-
guage exhibit distinct layer-wise processing sig-
natures and, if so, what principle governs those
differences. Prior work has analyzed slang as a de-
tection or generation task (Sun et al., 2024) but has
not examined how slang is represented internally
throughout model layers. Work on figurative lan-
guage has studied metaphor and idiom processing
in isolation from slang, despite the shared challenge
of meaning that deviates from surface form.

We conduct a unified layer-wise analysis of five
categories of nonliteral language: semantic-shift
slang, neologisms, constructional slang, metaphors,
and idioms. Furthermore, two control conditions
were analyzed (identical sentence pairs and literal
paraphrase pairs from PAWS (Zhang et al., 2019)).
For each category, we construct minimal pairs con-
sisting of a figurative sentence and a literal coun-
terpart, then compare the representations across
all 48 layers of Gemma-3-12B-IT (Gemma Team,
2025) using Gemma Scope 2 sparse autoencoders

456



(McDougall et al., 2025).
Our central finding is a lexical familiarity gra-

dient: the layer at which representational diver-
gence peaks varies systematically with how much
prior lexical knowledge the model can leverage.
The gradient organizes into three tiers. Entrenched
multi-word units (idioms) diverge immediately at
L1. Expressions built from individually familiar
words (metaphors, semantic-shift slang, and con-
structional slang) converge in a narrow early-layer
band at L7–9. Novel lexical forms (neologisms)
diverge deepest at L41. A literal paraphrase control
peaks at L3, establishing a noise floor for surface-
form variation. Residual analysis confirms strong
divergence signals at the gradient endpoints (id-
ioms and neologisms), while the middle tier does
not clearly exceed the paraphrase noise floor. The
strongest evidence therefore lies at the two ex-
tremes of the familiarity spectrum.

We additionally identify a methodological con-
found in SAE-based interpretability: raw feature
counts peak at L24–25 for all conditions including
controls, reflecting layer-wise activation density
rather than linguistic processing.

This paper makes four contributions: (1) a uni-
fied analysis spanning slang, metaphor, and idioms
under a common framework with matched con-
trols; (2) a lexical familiarity gradient that orga-
nizes processing depth by divergence type rather
than figurative category; (3) residual analysis quan-
tifying how much of observed divergence reflects
genuine figurative processing versus surface-form
variation; and (4) identification of an activation
density confound in SAE feature counts relevant to
interpretability research broadly.

2 Related Work

2.1 From Probing to Sparse Autoencoders

Work on layer-wise linguistic structure began with
BERT probing, which suggested a coarse hierarchy:
lower layers encode surface and morphological fea-
tures, middle layers encode syntax, and upper lay-
ers capture semantics (Jawahar et al., 2019; Tenney
et al., 2019). However, probing accuracy can re-
flect probe capacity rather than what the model
uses (Rogers et al., 2020), and control tasks are
needed to separate genuine representations from
probe expressiveness (Hewitt and Liang, 2019).

These concerns motivated the development of
sparse autoencoders (SAEs) as an alternative in-
terpretability tool. Instead of asking whether a

classifier can extract feature X from layer l, SAEs
decompose dense activations into sparse, overcom-
plete feature dictionaries where each dimension
aims to align with a single interpretable concept
(Bricken et al., 2023; Cunningham et al., 2024),
mitigating neuron polysemanticity, in which neu-
rons respond to multiple concepts, making neuron-
level analysis unreliable. (Elhage et al., 2022). Us-
ing SAEs, LinguaLens (Jing et al., 2025) show that
the morphology-to-semantics hierarchy extends to
autoregressive models. Building on this framework,
we test whether the hierarchy holds for nonliteral
language, where inputs deviate from standard us-
age, extending the functional localization paradigm
from stable linguistic markers (Tang et al., 2024;
Lai et al., 2024) to the more fluid domain of nonlit-
eral language.

Computational work on slang has developed
largely in parallel with work on figurative language.
Pei et al. (2019) treat slang processing as sequence
labeling and find that slang words are twice as
likely to undergo syntactic category shifts com-
pared to standard vocabulary. Sun et al. (2021)
model slang generation through contrastive seman-
tic spaces, and subsequent work traces how slang
senses compete with conventional meanings over
time (Sun and Xu, 2022; Sun et al., 2022). More re-
cently, Sun et al. (2024) evaluate LLM knowledge
of slang across detection, identification, and inter-
pretation tasks, finding that performance varies sub-
stantially across slang types. This variation raises
the question of whether the differences are merely
behavioral or reflect differences in internal repre-
sentation, a question our study addresses directly.

On the figurative language side, the FLUTE
benchmark (Chakrabarty et al., 2022) provides
matched figurative and literal sentence pairs for
metaphors and other figures, allowing controlled
comparison. Computational studies on idioms
show that transformer models may over-apply com-
positional processing to idioms, but exhibit more
unit-like behavior when successful (Dankers et al.,
2022), and that LLM’s understanding of idioms
shows an interplay between memorized knowledge
and context-driven inference (Kim et al., 2025). Oh
et al. (2026) show that figurative idiom meaning
is retrieved in early attention and MLP sub-layers,
with a small set of attention heads selectively boost-
ing the figurative interpretation while suppressing
the literal one.

Despite this parallel literature, there is limited
work that evaluates slang and figurative language
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Category Type N Source

Semantic Shift Slang 1,002 Gen-Z Pairs
Neologism Slang 1,000 UD + HF
Construction† Slang 37 UD + HF
Metaphor Fig. 625 FLUTE
Idiom Fig. 823 PIE corpus

Identical Ctrl 1,000 Sampled
Lit. Paraphrase Ctrl 1,000 PAWS

Table 1: Dataset overview. †Construction results are
exploratory given the small sample size. Control con-
ditions contain no figurative language. UD = Urban
Dictionary; HF = HuggingFace.

together under controlled conditions. Both lan-
guages involve systematic departures from literal,
surface-form expectations, yet they are typically
studied with different datasets and evaluation se-
tups. Our work bridges the gap by analyzing both
under a common methodology and showing that
the same organizing principle (lexical familiarity)
governs the processing depth across both domains.

3 Methodology

3.1 Overview
We compare paired figurative and literal sentences
across five categories of nonliteral language, val-
idated against two baseline conditions. For each
pair, we extract token-level representations from
every layer of a transformer model, project them
into a sparse feature space using pre-trained SAEs,
and measure divergence across layers.

3.2 Categories and Data Construction
Table 1 summarizes our datasets. Each category
consists of sentence pairs where a nonliteral sen-
tence is paired with a literal counterpart that pre-
serves meaning while using standard vocabulary.

Semantic-shift slang. Semantic-shift slang con-
sists of existing words used with novel informal
meanings (e.g., slay meaning “to perform excel-
lently”). Pairs are drawn from a Kaggle dataset of
Gen-Z slang (Gamage, 2025). For each item, the
slang sentence contains a slang expression, and the
paired literal sentence provides a meaning-matched
paraphrase, which may involve lexical substitu-
tion (e.g., I’m really drained / I’m really tired).
This design targets semantic reinterpretation in con-
text rather than surface-form identity. Each entry
was validated against Green’s Dictionary of Slang
(Green, 2025) and Urban Dictionary (Urban Dic-
tionary, 2025).

Neologisms. Neologisms are newly coined words
without established dictionary entries (e.g., rizz
meaning “charisma”). We identified 1,000 can-
didates by cross-referencing LM-Lexicon slang
dataset (LM-Lexicon, 2025) with publicly avail-
able Urban Dictionary data dump (Kulkarni, 2025),
filtering by gloss agreement and upvote count, and
excluding dictionary-attested terms. Literal coun-
terparts were generated via LLM prompting and
manually reviewed for semantic fidelity (see Ap-
pendix A). Neologisms are typically segmented
into multiple subword units by the tokenizer; this
segmentation is itself a signature of lexical unfa-
miliarity.

Constructional slang. Constructional slang con-
sists of multi-word schematic expressions whose
meanings are not fully derivable from their con-
stituents (e.g., It’s giving X). Candidates were iden-
tified using the same cross-referencing procedure,
with additional LLM-assisted filtering to retain
only entries satisfying three criteria: (1) multi-word
(more than one token), (2) schematic (exhibiting a
fillable pattern), and (3) non-compositional (mean-
ing not derivable from parts alone). This two-stage
process yielded 37 items. Given the small sam-
ple, we retain this category for completeness but
interpret its results with caution and mark it with †
throughout.

Metaphor. Metaphor pairs are drawn from the
FLUTE benchmark (Chakrabarty et al., 2022),
which provides figurative sentences paired with
literal counterparts and textual explanations.
Metaphor serves as a well-studied baseline for fig-
urative language involving familiar words in non-
standard combinations.

Idiom. Idiom pairs are drawn from the PIE cor-
pus (Zhou et al., 2021), a parallel collection of
idiomatic expressions paired with their literal para-
phrases. Idioms represent the most lexicalized end
of the figurative spectrum: multi-word units whose
meaning is conventionally stored rather than com-
posed from constituent parts.

3.3 Control Conditions

We introduce two controls essential for interpreting
the results, both drawn from PAWS (Zhang et al.,
2019). Identical pairs (N=1,000) duplicate the
same sentence as both inputs; any non-zero dis-
tance indicates pipeline noise. Literal paraphrase
pairs (N=1,000) are meaning-equivalent sentences
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differing only in surface form, establishing a noise
floor for cosine distance attributable to lexical vari-
ation alone. Figurative categories must exceed this
floor to claim a genuine processing signal.

3.4 Model and Representation Extraction
We analyze Gemma-3-12B-IT (Gemma Team,
2025), a 48-layer open-weight decoder-only trans-
former, paired with Gemma Scope 2 (McDougall
et al., 2025), a suite of layer-aligned sparse autoen-
coders (SAEs) for Gemma. We selected this combi-
nation for reproducibility and the public availability
of both model weights and SAE parameters.

For each figurative–literal sentence pair, we (1)
tokenize both sentences, (2) identify the annotated
token region where the two sequences differ (the
divergence span), (3) extract residual-stream hid-
den states from all 48 layers at those token po-
sitions, and (4) project the pooled layer activa-
tions through the corresponding layer’s SAE en-
coder. For semantic-shift slang, the divergence
span is typically the slang word itself (e.g., slay);
for neologisms, it is the novel term; and for idioms,
metaphors, and constructions it is the full substi-
tution region, which may cover multiple tokens.
Each dataset provides pre-annotated token indices
1 to ensure consistent extraction across examples.

Span-based extraction targets the localized por-
tion of the input where nonliteral meaning is intro-
duced, while allowing multi-token expressions to
contribute distributed evidence. Divergence span
lengths varied across categories (Table 6); the re-
lationship between span length and the familiarity
gradient is examined in §4.5.

3.5 Metrics
We use three complementary metrics, each address-
ing a different aspect of representational diver-
gence.

Cosine distance (primary metric) captures the
directional difference between SAE feature vectors,
independent of magnitude:

dcos(a,b) = 1− a · b
∥a∥∥b∥ (1)

Because cosine distance normalizes by vector mag-
nitude, it is robust to the layer-wise variation in
total activation that confounds raw feature counts
(see §4.2).

1See Appendix B for dataset column specifications and
annotation format.

Category Peak Value 95% CI J

Idiom L1 .830 [.819, .841] .21
Lit. Para. L3 .428 [.409, .446] .33
Constr.† L7 .659 [.602, .716] .24
Metaphor L8 .474 [.453, .496] .30
Sem. Shift L9 .478 [.467, .488] .33
Neologism L41 .857 [.847, .867] .15
Identical – .000 – 1.00

Table 2: Peak cosine distance layers with 95% confi-
dence intervals and mean Jaccard feature overlap (J).
†Construction results are exploratory given small sam-
ple size (N=37).

Feature overlap ratio. For paired sentences A
and B with active feature sets FA and FB , we
compute a Jaccard-like measure of feature sharing:

J(FA,FB) =
|FA ∩ FB|
|FA ∪ FB|

(2)

Low overlap indicates that the two sentences acti-
vate largely disjoint feature sets. Unlike raw feature
counts, this ratio is naturally normalized.

Figurative-to-literal feature ratio. We count
features active only in the figurative sentence
(“figurative-only”) and features active only in the
literal sentence (“literal-only”), and report their ra-
tio per region. Values above 1 indicate more unique
representational dimensions recruited for the figu-
rative expression; values below 1 indicate more for
the literal counterpart.

Following Jing et al. (2025), we partition layers
into early (0–15), middle (16–31), and deep (32–
47) regions.

4 Results

4.1 Lexical Familiarity Gradient

Table 2 reports peak cosine distance layers and
Table 3 reports region-wise means. The peaks form
a gradient organized by lexical familiarity.

All reported values include 95% confidence in-
tervals (CI = x̄± 1.96 · σ/√n).

Idioms (L1, cosine = 0.830). Divergence is high-
est at the very first layer and decreases through the
network. The model appears to recognize idiomatic
expressions as stored multi-word units immediately,
producing maximal representational separation be-
fore any compositional processing occurs. This
early peak aligns with recent evidence that figura-
tive interpretations are supported by early sublay-
ers and specific attention heads (Oh et al., 2026).
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Category Early Mid Deep

Idiom .697 [.694,.700] .451 [.448,.454] .492 [.489,.495]

Constr.† .525 [.508,.541] .377 [.363,.391] .445 [.429,.460]
Metaphor .369 [.364,.374] .334 [.330,.337] .330 [.326,.334]
Sem. Shift .325 [.323,.328] .244 [.241,.246] .314 [.311,.316]
Neologism .598 [.595,.600] .481 [.479,.484] .661 [.658,.663]

Lit. Para. .370 [.365,.374] .285 [.282,.288] .325 [.322,.329]

Table 3: Region-wise mean cosine distance with 95%
CIs. Bold marks the highest region per category. The
literal paraphrase baseline establishes a noise floor:
metaphor and semantic-shift CIs overlap with this base-
line in all regions.

The declining profile suggests that later layers con-
tribute less to this distinction.

Known-word figurative language (L7–9). Con-
structional slang† (L7), metaphor (L8), and
semantic-shift slang (L9) all peak within a narrow
early-layer band. These categories share individu-
ally familiar constituent words; nonliteral meaning
arises from contextual reanalysis of known lexical
material rather than from encountering an unknown
form.

Neologisms (L41, cosine = 0.857). Divergence
peaks in deep layers and neologism is the only
category whose highest region-wise mean falls in
the deep region (0.661). Lacking prior lexical rep-
resentations, the model must build meaning from
context over many layers. The representational cost
is substantial: at peak, neologisms activate a mean
of 104.7 figurative-only features, approximately
2× higher than any other category (idiom: 55.4,
construction: 56.4, metaphor: 41.1, semantic shift:
37.8) and the literal paraphrase control (43.3).

This gradient of entrenched-unit retrieval (L1)
→ familiar-word reanalysis (L7–9) → novel-word
inference (L41) suggests that lexical familiarity,
not figurative type, determines processing depth.

The Jaccard feature overlap (J column, Table 2)
provides a complementary view. Identical pairs
show perfect overlap (J = 1.00), confirming no
pipeline noise. Neologisms show the lowest over-
lap (J = 0.15), meaning figurative and literal sen-
tences activate largely disjoint feature sets. This
result is consistent with the model building an en-
tirely novel representation. Idioms are also low (J
= 0.21), reflecting the representational gap between
a stored unit and its compositional counterpart.

Category Res. Peak Early Mid Deep

Neologism L41 (0.505) 0.228 0.196 0.335
Idiom L1 (0.409) 0.327 0.166 0.166
Constr.† L7 (0.284) 0.155 0.092 0.119

Metaphor L29 (0.126) –0.001 0.049 0.004
Sem. Shift L9 (0.099) –0.044 –0.041 –0.012

Table 4: Residual cosine distance (category minus literal
paraphrase baseline) by region. Negative or near-zero
values indicate the category does not clearly exceed the
paraphrase noise floor.

4.2 SAE Activation Density Confound
An initial observation is that figurative-only fea-
ture counts peak at L24–25 regardless of category.
This apparent convergence might suggest a univer-
sal nonliteral-language detection mechanism. Our
controls, however, reveal it as an artifact.

The identical baseline produces exactly 0.000
cosine distance at every layer, confirming no
pipeline noise. Yet shared features (active in both
copies) peak at L25 with 171.1 features, higher
than any figurative category. The SAE simply fires
the most features at layers 24–25 for any input.

The literal paraphrase baseline confirms this:
features unique to one paraphrase peak at L24 with
43.3 features, comparable to figurative categories,
despite containing no figurative language.

This confound motivates our adoption of cosine
distance as the primary metric. Researchers us-
ing SAE feature counts for interpretability should
control for layer-wise activation density, as raw
counts can produce spurious convergence across
conditions that share no meaningful signal.

4.3 Residual Analysis Against Paraphrase
Baseline

To isolate figurative processing signals from
surface-form variation, we subtract the paraphrase
baseline’s cosine distance profile from each cat-
egory (Table 4). Three tiers of signal strength
emerge.

Strong signal (neologism, idiom). Both show
large positive residuals across all regions, with
peak residuals of 0.505 and 0.409 respectively.
Peak layers (L41 for neologism, L1 for idiom) are
unchanged after baseline subtraction. These cat-
egories produce divergence that clearly exceeds
surface-form variation.

Moderate signal (construction†). Residuals are
positive across all regions (peak: 0.284 at L7), indi-
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Category Early Mid Deep

Neologism 3.23 3.21 2.07
Metaphor 1.37 1.24 1.14
Sem. Shift 0.96 1.30 0.81
Constr.† 0.72 1.18 0.90
Idiom 0.72 0.81 0.70

Table 5: Figurative-only / literal-only feature ratio by
region. Values >1 indicate more unique features in the
figurative sentence.

cating a genuine signal above the paraphrase floor,
though of smaller magnitude. Given the small sam-
ple size (N = 37), this should be interpreted cau-
tiously.

Weak signal (metaphor, semantic shift). Resid-
uals are near zero or negative in most regions. For
these categories, much of the observed divergence
may reflect surface-form variation rather than fig-
urative meaning processing per se. The ordering
of peak layers is preserved even for weak-signal
categories: metaphor and semantic shift still peak
earlier than neologisms. However, the magnitude
of their signal does not clearly exceed what would
be expected from surface variation alone. Stronger
claims apply to the gradient endpoints than the
middle.

4.4 Figurative-to-Literal Feature Ratio

The ratio of figurative-only to literal-only features
provides a density-normalized measure of represen-
tational asymmetry (Table 5).

Neologisms show a dramatically elevated ratio
(>3 in early and middle layers), indicating the
model recruits approximately three times as many
unique features for the neologism sentence as for
its literal counterpart. This reflects the fundamental
representational challenge of processing a novel
lexical form.

Idioms show consistently low ratios (<1 across
all regions), meaning the literal paraphrase actu-
ally activates more unique features. This is con-
sistent with the stored-unit hypothesis: idioms are
retrieved as lexicalized chunks, requiring fewer dis-
tinct representational dimensions than their compo-
sitional literal counterparts.

Semantic-shift slang and metaphor occupy an
intermediate position, with ratios near 1 in early
layers and slightly elevated in middle layers, sug-
gesting a modest increase in representational com-
plexity during meaning reassignment.

Category Frag. Freq. LF Score Span

Idiom 1.20 86.5 +1.28 2.9
Construction† 1.48 76.9 +0.44 3.4
Metaphor 1.36 75.1 +0.45 3.6
Semantic Shift 1.52 70.3 +0.02 5.3
Neologism 2.93 69.9 −1.37 1.1

r = −0.95 (N = 5 categories); β = −5.88, p < .001

Table 6: Lexical familiarity metrics. Frag. = subword
tokens per word; Freq. = token frequency percentile;
LF Score = combined z-score; Span = mean divergence
span length in words.

4.5 Lexical Familiarity as Continuous
Predictor

To operationalize lexical familiarity independently
of category labels, we computed two metrics for
each item’s divergence span: subword fragmenta-
tion (tokens per whitespace word) and token fre-
quency percentile. These were combined into a lex-
ical familiarity score (LF = −zfrag + zfreq; higher
= more familiar).

Table 6 reports mean LF scores and span lengths
by category. Neologisms show substantially higher
fragmentation (2.93 vs. 1.2–1.5 for other cate-
gories), reflecting tokenizer uncertainty about novel
forms. LF score correlates strongly with peak di-
vergence layer at the category level (r = −0.95).
It’s worth noting that the category-level correla-
tion is computed over five data points and should
be interpreted as descriptive of the ordering rather
than as a robust statistical estimate. The item-level
regression provides stronger statistical grounding.
To test whether LF score captures cross-category
variation beyond discrete labels, we regressed peak
divergence layer on continuous LF score across all
3,487 items. Because peak layer is determined at
the category level, this regression tests whether the
continuous familiarity metric recovers the category
ordering rather than predicting item-level variation
within categories. LF score is a significant predic-
tor (β = −5.88, p < .001, R2 = 0.34).

Divergence span lengths also varied across cate-
gories (neologism: 1.1 words; semantic shift: 5.3
words). The category-level correlation between
span length and peak cosine distance does not
reach significance (r = −0.83, p = 0.08, N = 5).
In regression, lexical familiarity remains a signif-
icant predictor after controlling for span length
(β = −3.57, p < .001). Span length contributes
additional explanatory variance, but the familiarity
gradient is not reducible to span-length differences.
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4.6 Profile Correlations

Pearson correlations between 48-layer cosine dis-
tance profiles reveal two clusters. The known-word
categories (construction†, metaphor, semantic shift)
all correlate with each other at r > 0.82, consistent
with their similar early-layer peak profiles. The
construction–idiom correlation (r = 0.862) sug-
gests that many constructional items may function
more like entrenched units than productive tem-
plates (see §5.3). Neologisms show the lowest
correlations with idioms (r = 0.479) and metaphor
(r = 0.679), reflecting their qualitatively different
deep-layer resolution profile.

4.7 Generalization Across Models

The analyses reported thus far use a single
instruction-tuned model. To test whether the
lexical familiarity gradient reflects a general
property of transformer language processing
or is specific to Gemma-3-12B-IT, we repli-
cate the residual analysis on two additional
models: Gemma-3-12B-PT (Gemma Team,
2025), the pretrained variant of the same model,
and Qwen3.5-9B-Base (Qwen Team, 2026b).
Each model is paired with its native SAE re-
lease (gemma-scope-2-12b-pt-res-all
for the Gemma3-PT (McDougall et al., 2025),
and SAE-Res-Qwen3.5-9B-Base for Qwen
(Qwen Team, 2026a)). All other aspects of the
pipeline (datasets, span extraction, pooling, resid-
ual baseline subtraction) are unchanged (see full
layer-wise profiles in Appendix D).

Within-model residual peaks largely replicate
(Table 7). In Gemma-PT, four of five categories
replicate the IT residual peak layer to within one
layer: idiom (L1 → L1), construction† (L7 → L7),
metaphor (L29 → L28), and neologism (L41 →
L31; still firmly in the deep region). Semantic shift
is the one category whose global maximum shifts
substantially (L9 → L45), but L7 and L8 appear
in its top-5 residual layers, suggesting a bimodal
pattern rather than a qualitative change in process-
ing. In Qwen3.5-Base, the depth-percentage order-
ing at the gradient endpoints is preserved (idiom
at L1, 3% depth; neologism at L29, 94% depth),
and the early-tier categories (construction, seman-
tic shift) remain shallower than the deep-tier cate-
gories. Across all three models, idiom peaks at L1
and neologism peaks in the deep region, recover-
ing the same qualitative endpoint structure as the
original Gemma-IT analysis.

Category Gemma-IT Gemma-PT Qwen
(48L) (48L) (32L)

Idiom L1 (2%) L1 (2%) L1 (3%)
Constr.† L7 (15%) L7 (15%) L5 (16%)
Sem. Shift L9 (19%) L45∗ L4 (13%)
Metaphor L29 (62%) L28 (60%) L20 (65%)
Neologism L41 (87%) L31 (66%) L29 (94%)

Table 7: Residual peak layer (category cosine distance
minus literal paraphrase baseline, computed within each
model) by category and model. Depth percentage in
parentheses. ∗Semantic shift in Gemma-PT has L7 and
L8 in its top-5 residual layers (matching IT’s L9 peak);
the global maximum at L45 likely reflects the deep-layer
plateau characteristic of base models. See the section
below for full discussion.

Terminal-layer behavior is alignment-specific.
While residual peak layers largely replicate, the raw
cosine distance profile shape differs systematically.
In Gemma-IT, divergence collapses sharply in the
last 4–6 layers for every category, consistent with
output-stage convergence onto similar response-
preparation states. In both Gemma-PT and Qwen,
divergence remains elevated through the final layer;
no terminal collapse is observed. We interpret this
difference as a property of alignment training rather
than figurative processing: instruction tuning re-
wards producing comparable continuations across
register variants, which compresses figurative and
literal representations near the output, while base
models, optimized only for next-token prediction,
retain register-distinct features through the final
layer. Within-model residual subtraction isolates
this confound: the LF-driven peak-layer structure
is preserved across all three models once the literal
paraphrase baseline is removed within each model.

To sum up, the lexical familiarity gradient is not
an artifact of instruction tuning on Gemma-3-12B-
IT. The peak structure replicates within Gemma’s
base variant, and the idiom-shallow / neologism-
deep ordering replicates across model families. The
terminal-layer compression observed in the original
Gemma-IT profiles is itself a distinct, alignment-
specific phenomenon that the residual methodology
already controls for.

5 Discussion

5.1 Divergence Type Framework
Our results support organizing nonliteral language
processing by divergence type rather than by fig-
urative category. We identify three types along a
gradient.
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(1) Entrenched retrieval (idioms, L1). The
most fundamental representational difference is be-
tween a highly entrenched multi-word unit and
a compositional expression. The model resolves
this distinction immediately, at the very first layer,
suggesting that idiomatic patterns are recognized
through a retrieval-like mechanism before compo-
sitional processing begins. The subsequent declin-
ing divergence profile (from 0.830 at L1 to lower
values deeper) indicates that later layers do not
substantially revise the stored representation.

(2) Known-word reanalysis (metaphor L8, se-
mantic shift L9, construction† L7). When the con-
stituent words are individually familiar but their
combination or contextual use is nonliteral, the
model shows elevated divergence in the early lay-
ers. The convergence of three distinct categories
within the narrow L7–9 band is consistent with a
shared mechanism in which the standard meaning
of a known word is initially activated and then reas-
signed in context. However, residual analysis (§4.3)
shows that the middle-tier signal does not clearly
exceed the paraphrase noise floor for metaphor and
semantic-shift slang, so this interpretation should
be treated as provisional.

(3) Novel-word construction (neologisms,
L41). When the lexical form itself is unfamiliar, the
model cannot leverage prior word-level representa-
tions and must build meaning from contextual evi-
dence over many layers. The 3× feature elevation
throughout the network confirms that neologisms
produce fundamentally different representations at
every processing stage.

The literal paraphrase control (L3) captures lex-
ical identity divergence, where different words
map to the same meaning, and establishes the base-
line cost of surface-form variation.

This framework explains the otherwise puzzling
finding that idioms peak earlier than literal para-
phrases despite both involving familiar vocabulary:
idioms and their counterparts differ in storage mode
(entrenched unit vs. compositional expression), the
most fundamental representational distinction the
model can detect, while paraphrases differ only
in lexical identity. The gradient thus operates at
multiple levels, with unit-level familiarity resolved
before word-level familiarity.

This three-tier structure is further supported by
the lexical familiarity analysis (§4.5): LF score,
computed from tokenizer behavior alone, predicts
peak layer with r = −0.95 across categories.

5.2 Cognitive Parallels

Our three-tier gradient aligns with psycholinguistic
dual-route models of idiom processing (Swinney
and Cutler, 1979; Titone and Connine, 1999): the
idiom result (L1 peak, declining profile) maps onto
a retrieval route, while the neologism result (L41
peak, elevated features throughout) maps onto a
compositional route engaged when no stored repre-
sentation is available.

The known-word figurative categories occupy an
intermediate position consistent with a contextual
reanalysis mechanism, providing a computational
analogue to graded models of figurative language
comprehension, though whether this parallel re-
flects genuine mechanistic similarity with human
processing or a structural analogy remains an open
empirical question.

5.3 Slang is Not Special

A key contribution of including metaphor and id-
iom baselines is that slang does not exhibit a unique
processing signature distinct from other figurative
language. Slang types distribute along the same
lexical familiarity gradient as the established figu-
rative baselines. Semantic-shift slang (L9) clusters
with metaphor (L8), which makes sense linguis-
tically: both involve reanalysis of familiar words
in context. Neologisms occupy a unique position
on the gradient, but their uniqueness derives from
lexical novelty, not from being slang per se.

This has practical significance: when evaluating
NLP system performance on slang, the relevant
distinction is not “slang versus standard” but “novel
forms versus familiar forms with novel meanings.”
Systems that handle metaphor well should also
handle semantic-shift slang reasonably; neologisms
pose a qualitatively different challenge that requires
separate evaluation.

The convergence of semantic-shift slang (L9)
with metaphor (L8) is the most robust middle-tier
finding, supported by large sample sizes (N=1,002
and N=625 respectively) and a high profile cor-
relation (r = 0.837). Constructional slang† also
falls within this band (L7), and its high correlation
with idioms (r = 0.862) raises the possibility that
many items in this small dataset function more like
entrenched units than productive templates. With
only N=37, however, we treat this as a preliminary
observation. Whether slang can be effectively re-
duced to two functional categories (known-word
slang and novel-word slang) is an empirical ques-
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tion that requires a larger constructional dataset to
resolve.

5.4 Implications for Reliable and Equitable
NLP

Interpretability. The divergence type hierarchy
provides a principled framework for understanding
model behavior with nonliteral language. Rather
than treating figurative language as a monolithic
challenge, practitioners can anticipate processing
patterns based on lexical properties of input. The
three-level hierarchy offers specific predictions
about where in a model’s layers to look for evi-
dence of figurative meaning processing, guiding
targeted probing and intervention studies.

Robustness. The 3× feature elevation and deep-
layer processing for neologisms identifies a con-
crete vulnerability: models require substantially
more representational resources for novel vocabu-
lary. This is particularly concerning for deploy-
ment in domains characterized by rapid lexical
innovation—social media, youth culture, emerging
technology discourse, crisis communication where
novel terminology often arises spontaneously. Ro-
bustness testing should specifically target novel
lexical forms rather than treating all non-standard
language uniformly.

Fairness. Nonliteral language use, and slang in
particular, is not uniformly distributed across de-
mographic groups. Young speakers, speakers of
nonstandard dialects, and online communities de-
velop novel vocabulary at higher rates than other
populations. Our finding that neologisms impose
the greatest representational cost (deep-layer pro-
cessing, elevated feature recruitment) provides rep-
resentational evidence for a potential source of
systematic performance disparity. We emphasize
that elevated representational divergence does not
automatically entail degraded downstream perfor-
mance; establishing that link would require task-
level evaluation (e.g., paraphrase accuracy or sen-
timent classification stratified by category), which
we leave to future work. Nonetheless, the architec-
tural asymmetry we document (novel vocabulary
requiring qualitatively deeper processing than stan-
dard vocabulary) identifies a concrete locus where
fairness-oriented auditing could be directed.

Methodological reliability. The SAE activation
density confound we identify has implications be-
yond this study. As SAE-based interpretability

becomes more prevalent in safety and alignment
research, ensuring that reported patterns reflect gen-
uine model processing rather than architectural ar-
tifacts is essential for reliability. Our dual-baseline
methodology: identical pairs for pipeline valida-
tion, literal paraphrases for noise floor estimation
offers a template for rigorous SAE-based research.

6 Conclusion

We present a unified layer-wise analysis of five
categories of nonliteral language plus two control
conditions in Gemma-3-12B-IT using sparse au-
toencoders. Our findings reveal a lexical famil-
iarity gradient: processing depth is determined
not by figurative category but by the nature of
the divergence between expressions: entrenched
retrieval (L1), known-word reanalysis (L7–9), or
novel-word construction (L41).

Neologisms stand apart both qualitatively and
quantitatively, requiring deep processing, approx-
imately 3× more unique features, and activating
largely disjoint feature sets from their literal coun-
terparts (J = 0.15). We also identify a methodolog-
ical confound in SAE feature counts that warrants
attention from the interpretability community.

More broadly, our finding that lexical familiar-
ity predicts processing depth suggests that mod-
els organize their internal representations around
available prior knowledge rather than maintain-
ing distinct pathways for distinct linguistic cate-
gories. The peak-layer structure replicates within
Gemma’s base variant (four of five categories
within one layer) and the endpoint ordering repli-
cates in a Qwen base model, indicating the gradient
is not an artifact of instruction tuning on a single
model (§4.7). This perspective can inform robust-
ness testing, fairness auditing, and interpretability
evaluation for NLP systems handling the full diver-
sity of human language.

Limitations

Correlational, not causal. All evidence in this
paper is observational: SAE feature analysis re-
veals where representations diverge but does not
establish that these divergences are causally nec-
essary for the model’s computation of meaning.
The inference from “divergence peaks at layer L”
to “layer L participates in figurative processing”
is suggestive but not conclusive. The most direct
causal extension would be representation steering
at the identified peak layers. For each category, a
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steering vector can be computed as the mean ac-
tivation difference between figurative and literal
sentences at the divergence span. Injecting this vec-
tor at peak layers into literal inputs and measuring
whether the model’s output shifts toward figurative
interpretation would test whether these layers are
causally sufficient for figurative meaning construc-
tion. Likewise, injecting at non-peak layers should
produce weaker or null effects. This layer-category
interaction would provide causal evidence for the
lexical familiarity gradient beyond the correlational
patterns reported in this paper.

Evidence strength varies across the gradient.
The lexical familiarity gradient is best supported
at its endpoints. Idioms (residual peak: 0.409) and
neologisms (residual peak: 0.505) produce diver-
gence that clearly and substantially exceeds the
paraphrase noise floor across all layer regions. The
middle tier (metaphor and semantic-shift slang)
shows near-zero or negative residuals after base-
line subtraction (Table 4), meaning their signals do
not reliably exceed surface-form variation. The
peak-layer ordering (L7–9, earlier than L41) is
preserved, but the effect magnitudes are not sta-
tistically validated at the item level. We therefore
frame our core claims around the three-tier struc-
ture (entrenched retrieval, known-word reanalysis,
novel-word construction) rather than asserting fine-
grained distinctions among individual middle-tier
categories.

Lexical familiarity vs. frequency. While §4.5
operationalizes lexical familiarity via subword frag-
mentation and token frequency, both proxies ulti-
mately derive from tokenizer and corpus statistics.
This leaves open whether the gradient reflects fa-
miliarity in a cognitive-linguistic sense or simply
training-data frequency: tokens that appear more
often in the pretraining corpus may produce more
stable representations regardless of any notion of
“familiarity.” Disentangling the two would require
a familiarity measure independent of distributional
statistics, such as human familiarity ratings.

Model coverage. The main analyses are con-
ducted on Gemma-3-12B-IT; §4.7 extends them
to Gemma-3-12B-PT and a Qwen base model, and
reports replication of the residual-peak structure for
four of five categories in Gemma-PT and preser-
vation of the endpoint ordering in Qwen. The
semantic-shift category does not produce a clean
global-maximum match in Gemma-PT, indicating

that some middle-tier specifics may depend on
training regime even when the overall LF gradi-
ent generalizes. Broader replication, particularly
across model scales and additional model fami-
lies, would further establish how far the gradient
extends.

Construction dataset size. The constructional
slang subset (N=37) limits statistical reliability. We
report results for transparency and mark them with
† throughout, but core claims do not depend on this
category.

Literal counterpart asymmetry. Categories dif-
fer in how their literal counterparts were con-
structed: semantic-shift pairs provide contextually
different usages of the same token; neologism and
construction pairs use LLM-generated paraphrases;
metaphor and idiom pairs come from published
benchmarks. The literal paraphrase baseline par-
tially controls for this heterogeneity, but some con-
founding between paraphrase construction method
and figurative type may remain.

English only. All datasets are English. Lan-
guages differ in how they structure nonliteral mean-
ing, and the familiarity gradient may not transfer
directly to languages with different morphological
systems or writing conventions.

SAE fidelity. SAE reconstruction quality varies
across layers. If Gemma Scope 2 reconstructs cer-
tain layers more faithfully than others, this could
introduce systematic bias into the layer-wise cosine
distance profiles. A per-layer reconstruction error
curve would help rule out this confound but is not
included in the present analysis.

Broader Impact Statement

This work analyzes internal representations of an
existing open-weight model (Gemma-3-12B-IT)
and does not involve training new models, collect-
ing human data, or deploying systems. All datasets
consist of publicly available resources; no person-
ally identifiable information is involved.

Fairness and bias. Slang is disproportionately
associated with marginalized communities, youth,
and speakers of non-standard dialects. Language
models that systematically misprocess slang risk
reinforcing disparities in downstream applications
such as content moderation, sentiment analysis,
and machine translation, where non-standard lan-
guage may be flagged as toxic, incoherent, or low-
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quality. Our finding that lexical familiarity, which
correlates with training-data frequency, predicts
processing depth suggests that slang from under-
represented communities may receive shallower or
less reliable processing.

Safety and robustness. Our methodological find-
ing that raw SAE feature counts are confounded by
layer-wise activation density has implications for
the reliability of SAE-based interpretability meth-
ods more broadly. Researchers using feature counts
to identify safety-relevant mechanisms (e.g., detect-
ing deceptive or harmful content) should be aware
that apparent convergence across conditions may
be artifactual. We recommend baseline controls as
standard practice.

Societal risks. Understanding how models pro-
cess slang could in principle inform the develop-
ment of more targeted content filters or surveillance
tools for informal language communities. We be-
lieve this risk is limited by the generality of our
findings: we identify processing principles rather
than exploitable features of specific slang terms.
The interpretability benefits, which allow the iden-
tification and remediation of failure modes, sub-
stantially outweigh this risk.

Environmental costs. Our experiments involve
forward-pass inference through a 12B-parameter
model across approximately 4,500 sentence pairs
at 48 layers, with no model training. The computa-
tional footprint is modest relative to training-based
research.
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A Prompt for Literal Counterpart
Generation

For the neologism and constructional slang cat-
egories, literal counterparts were generated by
prompting an LLM (Claude, Opus 4.5) with the
following instruction:

Task: Generate a usage sentence
and its literal counterpart for
a neologism.

Input:

• Neologism: {term}
• Gloss: {gloss}

Instructions: (1) If the gloss
contains an example sentence,
use it. Otherwise, write a
natural sentence using the
neologism. (2) Write a literal
counterpart that replaces
the neologism with standard,
dictionary-attested English
while preserving syntax, tense,
and register. The two sentences
should form a minimal pair.

Constraints:

• Vary sentence structure
across the dataset: use
statements, questions,
exclamations, dialogue, etc.
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• Avoid repetitive templates
(e.g., “That’s a X” or
“That’s so X”).

• The neologism should appear
in naturalistic contexts
(conversations, narratives,
social media posts).

Output format:
Slang: [sentence with
neologism]
Literal: [sentence with
standard English equivalent]

A parallel prompt was used for constructional
slang, replacing “neologism” with “constructional
slang expression” in the task description, and sub-
stituting the single-word {term} field with the
full multi-word pattern (e.g., It’s giving X). All
other instructions and constraints were identical.

Each generated paraphrase was reviewed to en-
sure semantic fidelity and syntactic parallelism
with the original. Cases where the LLM introduced
significant structural changes were regenerated or
manually corrected.

B Reproducibility

The datasets and code required to reproduce our
experiments are available in our § GitHub reposi-
tory.

The repository includes category-separated files
under data/ for idioms, metaphors, semantic-
shift slang, neologisms, constructional slang, and
PAWS-based controls. Each example is a minimal
pair containing columns as listed below:

• Sentence A (original)

• Sentence B (paraphrase / counterpart; mean-
ing preserved)

• The differing token spans in sentence A (con-
catenated if multiple spans)

• The differing token spans in sentence B (con-
catenated if multiple spans)

• Token index ranges for the differing spans in
sentence A

• Token index ranges for the differing spans in
sentence B

• Number of differing spans

The repository also includes scripts for running
the full layer-wise analysis across all three evalu-
ated models (Gemma-IT, Gemma-PT, and Qwen)
(see the README for execution instructions) and
their corresponding pre-computed results under

Figure 1: Mean cosine distance between paired figu-
rative and literal SAE feature vectors across 48 layers.
Shaded regions indicate ±1 standard error.

results/, enabling verification of all reported
figures without re-running inference.

C Layer-Wise Profile Visualizations

Figure 1 shows the full 48-layer cosine distance
profiles for all five nonliteral categories plus the
literal paraphrase control. The idiom profile (peak
at L1, declining) and the neologism profile (rising
through middle layers, peak at L41) are the most
visually distinctive, consistent with their strong
residual signals. Metaphor and semantic-shift slang
profiles track the literal paraphrase baseline more
closely, consistent with the weak residual signal
reported in Table 4.

Figure 2 shows the figurative-to-literal feature
ratio across all 48 layers. The neologism curve is el-
evated throughout the network (consistently above
2.0), while idiom ratios remain below 1.0, con-
firming the representational asymmetry reported in
Table 5.

Figure 3 visualizes the relationship between lexi-
cal familiarity and processing depth at the category
level. Idioms, with the highest mean LF score
(+1.28), peak at the shallowest layer (L1), while ne-
ologisms, with the lowest LF score (−1.37), peak
deepest (L41). The middle-tier categories (con-
struction, metaphor, semantic shift) cluster together
with similar LF scores (0.0–0.5) and similar peak
layers (L7–9). The near-perfect negative correla-
tion (r = −0.95) confirms that lexical familiarity,
operationalized independently of category labels,
predicts processing depth.

D Generalization: Layer-Wise Profiles for
Gemma-PT and Qwen

This appendix provides the layer-wise visualiza-
tions supporting §4.7 for the two generalization
models, in three views matching Appendix C: co-
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Figure 2: Figurative-only / literal-only feature ratio per
layer. Values above the dashed line at 1.0 indicate more
unique features in the figurative sentence.

Figure 3: Mean lexical familiarity score vs. peak di-
vergence layer by category. Error bars indicate 95%
confidence intervals. The dashed line shows the regres-
sion fit (r = −0.95).

Figure 4: Gemma-3-12B-PT: layer-wise mean cosine
distance with 95% confidence intervals.

Figure 5: Gemma-3-12B-PT: figurative-only / literal-
only feature ratio per layer.

sine distance across layers, figurative-to-literal fea-
ture ratio, and lexical familiarity vs. peak layer. For
PT and Qwen, the peak layer in the LF plot uses the
within-model residual peak (category cosine dis-
tance minus literal paraphrase baseline); residual
peaks are reported in Table 7.

D.1 Gemma-3-12B-PT

The Gemma-PT profile (Figure 4) preserves the
prominent early-layer peaks observed in Gemma-
IT (idiom L0/L1, construction L7) and shows a
marked deep-layer plateau rather than the late-
layer collapse characteristic of the instruction-
tuned model. The feature ratio (Figure 5) retains
the same qualitative ordering: neologisms are el-
evated throughout the network, while idiom and
construction stay below 1.0. The LF vs. residual
peak layer plot (Figure 6) yields r = −0.61 across
categories; the lower correlation relative to Gemma-
IT’s −0.95 is driven by semantic shift, whose
global residual maximum shifts to L45 (though L7
and L8 appear in its top-5 residual layers, matching
IT’s L9 peak).

D.2 Qwen Base Model

The Qwen profile (Figure 7) preserves the gradient
endpoints: idiom peaks at L1 (3% depth) and neol-
ogism at L29 (94% depth). Like Gemma-PT, Qwen
does not show terminal-layer collapse and diver-
gence rises in deep layers across all categories. The
feature ratio (Figure 8) is compressed relative to
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Figure 6: Gemma-3-12B-PT: mean lexical familiarity
score vs. residual peak divergence layer (within-model
residual against the literal paraphrase baseline). Dashed
line shows the regression fit (r = −0.61).

Figure 7: Qwen 3.5 9B (32 layers): layer-wise mean
cosine distance with 95% confidence intervals.

Gemma’s: neologism is the only category elevated
above 1.0 in early layers, and the remaining cate-
gories cluster near unity, reflecting differences in
SAE feature density rather than figurative process-
ing. The LF vs. residual peak layer plot (Figure 9)
yields r = −0.84.

Figure 8: Qwen 3.5 9B: figurative-only / literal-only
feature ratio per layer.

Figure 9: Qwen 3.5 9B: mean lexical familiarity score
vs. residual peak divergence layer. Dashed line shows
the regression fit (r = −0.84).
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