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Abstract

Understanding how language models compose
meaning from linguistic input remains a central
problem in interpretability research. Mechanis-
tic studies have attributed functional roles to
core transformer components; however, these
findings derive largely from factual retrieval
settings. Whether the same mechanisms sup-
port conceptual interpretation, the composi-
tional mapping from definitional expressions to
abstract meaning, remains insufficiently char-
acterised. We introduce DSRA (Definitional
Semantic Role Analysis), a methodology that
applies causal tracing within the reverse dictio-
nary task and augments restoration traces with
definitional semantic roles (DSRs) grounded
in Argument Structure Theory. This linguistic
overlay identifies which compositional func-
tions (e.g., genus, differentia quality) are as-
sociated with high-recovery states, extending
activation patching beyond token-level local-
isation. Applied to GPT-J-6B (English) and
BERTIN GPT-J-6B (Spanish), the results show
that MLP layers associate content-bearing to-
kens with high-specificity DSR categories in
early layers, MHA layers distribute integration
across middle-to-upper layers with concentra-
tion at the final token, and hidden states aggre-
gate information in upper layers. Alignment
between restored states and DSR categories
indicates systematic correspondence between
internal activations and definitional structure,
with consistent localisation patterns across both
languages.

1 Introduction

Conceptual interpretation maps lexical items and
syntactic structures to abstract meaning repre-
sentations (Brown, 2006; Hirst, 1987). It sup-
ports sentence-level understanding and down-
stream tasks such as textual entailment and ques-
tion answering. Transformer-based LMs achieve
strong performance on these tasks, yet most evalu-
ations focus on external accuracy and provide lim-

ited evidence about the internal computations that
construct meaning. Consequently, the mechanisms
by which models compose meaning from linguistic
input remain insufficiently understood.

Mechanistic interpretability has identified sta-
ble functional roles for core transformer compo-
nents. MLP layers have been characterised as key–
value memory stores (Geva et al., 2021; Dai et al.,
2022); attention heads within MHA modules often
aggregate information toward the final-token posi-
tion (Da et al., 2021); and upper layers concentrate
representations that are critical for prediction (Li
et al., 2022). Sparse autoencoders further decom-
pose superimposed activations into approximately
monosemantic features (Huben et al., 2023; Shu
et al., 2025). However, these results are derived
predominantly from factual retrieval prompts (e.g.,
“Eiffel Tower is located in [Paris]”). Such settings
establish component-level behaviours, but they do
not determine whether, or how, these behaviours
support compositional conceptual interpretation, in
which meaning depends on integrating definitional
structure, thematic roles, and predicate–argument
relations.

We introduce DSRA (Definitional Semantic
Role Analysis), a methodology for studying
definition-based inference in the reverse dictionary
task. DSRA applies causal tracing (Meng et al.,
2022) to localise internal states that are causally
influential for predicting the definiendum, and it
interprets restoration traces using definitional se-
mantic roles (DSRs) (Silva et al., 2016). In the
reverse dictionary task, a model receives a natural-
language definition and predicts the single term it
defines. For example, given “work done by one
person or group that benefits another,” a model
should predict service (Figure 1). Definitions are
well suited to this analysis because they exhibit sys-
tematic compositional structure: a broader category
(the genus, e.g., work) is refined by distinguishing
properties (the differentia, e.g., done by one person
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Definition (input) Definiendum (target)
Reverse Dictionary Task

servicework done by one person or group that benefits another

supertype
(genus)

differentia_quality
(distinguishing property)

differentia_event
(distinguishing action/process)

← genus → ←——————— differentia ———————→

Figure 1: Definitional semantic labelling for the term service. Each coloured span is annotated with its Definitional
Semantic Role (DSR) following the taxonomy of Silva et al. (2016). The DSR overlay provides an interpretive lens
for assessing whether causally influential internal states align with definitional functions.

or group that benefits another), providing a con-
trolled setting for studying how models integrate
structured meaning into a single prediction.

The DSR taxonomy decomposes each definition
into labelled spans, including supertype (the imme-
diate broader category), differentia_quality (distin-
guishing intrinsic property), and differentia_event
(distinguishing action or process), which corre-
spond to the compositional functions of the con-
stituents. By overlaying these labels onto causal
traces, DSR annotation supports analyses that move
beyond token identity and test whether restored in-
ternal states align with definitional functions.

Three research questions guide the study. RQ1:
What consistent localisation patterns do causal
traces exhibit during definition-based inference,
and how do these patterns generalise across lan-
guages? RQ2: Is functional differentiation observ-
able across LM components (MLP, MHA, hidden
states) during definition-based inference? RQ3: To
what extent does grouping restored states by DSR
category and part of speech reveal structured align-
ment between internal activations and definitional
structure? To clarify what would count as evidence
of structure, we state the corresponding baselines.
If recovery under causal tracing were not systemat-
ically localised, we would expect broadly uniform
layer–token patterns and limited cross-lingual sta-
bility (RQ1). If component type were not function-
ally differentiated, we would expect MLP, MHA,
and hidden-state restorations to exhibit similar lo-
calisation profiles (RQ2). If recovery were not
aligned with definitional structure, grouping top-K
restored states by DSR (and PoS) would not show
systematic representation of particular roles (RQ3).

The contributions are threefold. First, DSRA
provides a controlled experimental framework link-

ing causal tracing to formal lexical semantics
through the reverse dictionary task. Second, the
DSR overlay reveals regularities that are not appar-
ent from token identity alone: differentia_quality
accounts for over 31% of the top-50 MLP restora-
tion states, whereas supertype and differentia_event
each contribute approximately 6%. Third, an in-
tegrated analysis across MLP, MHA, and hidden
states in GPT-J-6B (English) and BERTIN GPT-J-
6B (Spanish) shows consistent localisation patterns
across both languages and clarifies how component-
level behaviours jointly support definition-based
inference.

2 Background

Natural language definitions. Natural language
(NL) definitions provide a controlled setting for
analysing conceptual interpretation in LMs. A defi-
nition consists of two parts: the definiendum (the
term being defined) and the definiens (the expres-
sion that specifies its meaning). Dictionary-style
definitions express the necessary and sufficient con-
ditions and essential attributes of a term, and in-
terpreting them requires syntactic processing, dis-
ambiguation, and semantic composition. At a high
level, the goal of this work is to identify which parts
of a definition contribute most to a model’s predic-
tion of the definiendum, and whether these con-
tributions correspond to linguistically meaningful
components such as category terms and distinguish-
ing properties. Definitions provide a natural setting
for this analysis because they encode structured
meaning in a relatively controlled and interpretable
form, enabling systematic comparison between in-
ternal model behaviour and linguistic structure.

The analysis focuses on intensional definitions,
which specify meaning through conditions govern-
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ing term usage rather than by enumeration of in-
stances. Intensional definitions commonly exhibit
genus–differentia structure (Silva et al., 2016): a
broader category (the genus) is identified and then
restricted by distinguishing properties (the differ-
entia). For example, the term service, defined as
“work done by one person or group that benefits an-
other”, contains work as genus and the remaining
clause as differentia (Figure 1). This structure is
systematic and linguistically principled, making it
well-suited to controlled analysis of how models
integrate structured meaning in internal representa-
tions.

Conceptual composition. To provide a formal
basis for the DSR taxonomy used in this work, com-
position is examined under a Montagovian frame-
work (Partee et al., 1984), in which the meaning of
a complex expression is determined by the mean-
ings of its parts and the way they are combined.
Intuitively, a definition such as “work done by one
person or group that benefits another” composes
a category term (work) with a set of restricting
properties (done by one person. . . ) to yield the
meaning of the definiendum (service). Sentence
representation is formalised using Argument Struc-
ture Theory (AST) (Jackendoff, 1992; Levin, 1993;
Rappaport Hovav and Levin, 2008), in which a
predicate p is associated with arguments argi, each
carrying a thematic role ri (see App. A.6 Table 2
for the full DSR taxonomy). Following Silva et al.
(2016), a definiens statement sdefiniens is modelled
as a composition of predicate–argument structures.
In latent space:

[[sdefiniens]] = t1(c1, r1)︸ ︷︷ ︸
ARG0-genus

⊕ · · ·⊕ ti(ci, ri)︸ ︷︷ ︸
ARGN-differentia-quality

,

(1)
where [[sdefiniendum]] = [[sdefiniens]] and ti(ci, ri) =
ci ⊗ ri follows compositional-distributional se-
mantics notation (Smolensky and Legendre, 2006;
Clark et al., 2008). The operator ⊗ binds lexical
content to thematic role, and ⊕ composes lexical-
semantic units into definition-level meaning.

Reverse dictionary task. A valid interpretation
of a definition assigns meanings to the elements of
the definiens such that the resulting representation
evaluates correctly for the definiendum. For
generative LMs, this corresponds to next-token
prediction with the definition as input and the
definiendum as the expected continuation.

Knowledge localisation. Methods including
ROME (Meng et al., 2022), MEMIT (Meng et al.,
2023), and PMET (Li et al., 2024) modify factual
associations by intervening on MLP representa-
tions. SAEs further reveal approximately monose-
mantic features (Huben et al., 2023; Shu et al.,
2025). These findings motivate investigation of
whether similar tools can characterise composi-
tional conceptual interpretation beyond factual re-
trieval.

3 Methodology

3.1 Localisation via Causal Tracing

We adapt the causal tracing procedure of
ROME (Meng et al., 2022) to the reverse dictio-
nary task in order to localise internal states that
are causally implicated in predicting the definien-
dum. Figure 2 summarises the clean, corrupted,
and patched executions and the subsequent anal-
yses. Let M denote a transformer with L layers
that processes an input sequence X comprising a
natural-language definition embedded in a fixed
prompt template (e.g., “definition is often referred
to as:”). The target is the correct definiendum token
y predicted at the final position. For token position
t at layer l, we denote the residual-stream represen-
tation as hlt. For concision, we write the residual
update as:

hlt = h
(l−1)
t + MHAl

t + MLPl
t, (2)

where MHAl
t and MLPl

t denote the residual contri-
butions of the attention and feed-forward sublayers
at layer l and position t, with all layer normali-
sation and architectural details inherited from the
base model.

Causal tracing proceeds in three stages. In the
clean execution, the model processes X and caches
internal activations. In the corrupted execution,
Gaussian noise is injected into the embedding rep-
resentations of the definition span, yielding a cor-
rupted input X∗ that degrades the output distri-
bution. In the patched execution, selected inter-
nal states from the corrupted run are restored to
their corresponding clean-run values. Recovery to-
ward the clean prediction indicates that the restored
states are causally sufficient for predicting y under
this intervention (Meng et al., 2022); that is, restor-
ing these states is enough to recover the output.
Conversely, limited recovery suggests that the re-
stored states are not causally implicated. While this
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Figure 2: Overview of causal tracing and conceptual localisation in LMs. (a) Clean run: the model processes
the original definition. (b) Corrupted run: Gaussian noise is added to definition-token embeddings. (c) Patched
run: selected states are restored from clean-run values. (d) Conceptual interpretation analysis: restored states are
grouped by token position, DSR label, and PoS. Model: GPT-J-6B (28 layers). Notation: t = tokens, e = embeddings,
h= hidden states, h∗ = corrupted states, h̄= restored states, a= attention, m= MLP.

establishes causal sufficiency at the level of individ-
ual component restorations, it does not characterise
the full causal graph of interactions between com-
ponents. The span-delimitation rule, noise speci-
fication, and restoration operators are provided in
Appendix B.

3.2 Recovery Metric and Semantic Alignment

Let py(X) denote the softmax probability assigned
to the correct definiendum token y under the clean
execution, and let py(X∗) denote the correspond-
ing probability under the corrupted execution. For
component k ∈ {MLP,MHA, hidden}, restoration
at token position i and layer index j yields prob-
ability py(X

∗,patch(i,j,k)). Following Meng et al.
(2022), we define the component-specific recovery
score:

T
(k)
ij =

py(X
∗,patch(i,j,k))− py(X

∗)
py(X)− py(X∗)

. (3)

This normalisation measures the fraction of
corruption-induced degradation recovered by
restoring a given internal state. Values are clipped

to [0, 1] for numerical stability, consistent with
prior work. Each input is evaluated across 10 inde-
pendent corrupted executions, and recovery scores
are averaged.

Restoration granularity follows Meng et al.
(2022). For MLP and MHA components, restora-
tion is applied over a contiguous window of 10 lay-
ers centred at layer index j; accordingly, T(MLP)

ij

and T
(MHA)
ij summarise the effect of restoring the

corresponding component across that layer window
at token position i. For hidden states, restoration
targets individual layer–token pairs. A formal spec-
ification of the restoration operators and normalisa-
tion is provided in App. C. Quantitative summaries
use the top-K restored states per example, defined
as the (i, j) pairs with the largest T(k)

ij values. Un-
less stated otherwise, K=50 is used for report-
ing, and K=10 is reported for comparison. To ag-
gregate traces across definitions of varying length,
traces are length-normalised by resampling along
the token dimension; details of the resampling grid
and the length band are given in App. A.4. For
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semantic alignment, tokens in the English setting
are assigned DSR labels (Silva et al., 2016) and
part-of-speech (PoS) tags. Top-K restored states
are grouped by these categories, relating recovery
patterns T to span-level semantic functions in the
definition. Spanish definitions are analysed using
PoS tags only because DSR labels are unavailable
for SWN.

3.3 Datasets and Experimental Setup

The experimental design requires (i) a task with a
verifiable target that elicits compositional seman-
tic processing, (ii) datasets that provide structured
definitional resources, and (iii) models that are suf-
ficiently large to support per-example causal trac-
ing. The reverse dictionary task satisfies (i) because
it requires integrating multi-part definitional struc-
ture (e.g., genus, distinguishing properties, and rela-
tional content) into a single prediction and provides
an unambiguous correctness criterion. This con-
trolled formulation isolates compositional seman-
tic processing from confounds such as multi-token
generation variability, making it well-suited for per-
example causal tracing at this scale. Whilst this task
setting does not preclude the possibility that some
high-recovery states reflect lexical co-occurrence
rather than structured compositional processing,
the use of DSR-based grouping enables analysis
of whether recovery patterns align with functional
definitional roles beyond individual token identity.
Full dataset construction, filtering, and prompt se-
lection are provided in Appendix A. The extent to
which these patterns generalise to other tasks and
model scales is discussed in Section 6.

Datasets. Two datasets are constructed from
WordNet (Miller, 1994) and Spanish Word-
Net (Gonzalez-Agirre et al., 2012), referred to as
EWN and SWN respectively. EWN contains 8 348
samples (80/20 train–test split), and SWN contains
7 815 samples (30/70 train–test split). Each sample
in EWN is augmented with DSR labels (Silva et al.,
2016).1 In both settings, definienda are restricted to
single tokens to ensure that prediction correctness
is unambiguous.

Causal tracing is computed on the subset of test
definitions that the fine-tuned models predict cor-
rectly under clean (unperturbed) conditions; filter-
ing criteria and counts are provided in Appendix A.
These resources were selected for their structured

1DSR annotations were limited to EWN due to the unavail-
ability of a comparable annotation resource for Spanish.

and consistent definitional format, which enables
controlled compositional analysis; their known lim-
itations are discussed in Section 6.

Models. The models are GPT-J-6B (Wang and
Komatsuzaki, 2021) for English and BERTIN GPT-
J-6B (la Rosa and Fernández, 2022) for Span-
ish, fine-tuned via LoRA (Hu et al., 2021) and
QLoRA (Dettmers et al., 2024) respectively. Both
models share the same base architecture, which
enables direct comparison of localisation patterns
across languages while controlling for architec-
tural variation; full specifications are provided in
App. B.2.

4 Empirical Analysis

Figures 3, 4, and 5 follow the visualisation ap-
proach of Meng et al. (2022). The y-axis indexes
input tokens (asterisks indicate corrupted definition
tokens), and the x-axis indexes layer positions from
0 to L−1. Each cell reports a normalised recovery
score in [0, 1]. Unless stated otherwise, quantitative
summaries are based on the top-K restored states
per example for K ∈ {10, 50}. To aggregate traces
across definitions of varying length, global trends
use length-normalised resampling over a common
length band covering approximately 80% of ex-
amples (Appendix A.4). Layer-index distributions
and additional grouped analyses are reported in
Appendix D.

4.1 MLP: Content Association in Early and
Upper Layers

Localisation pattern (RQ1). MLP traces show
two recurring localisation regimes. High-recovery
states appear in early layers at content-bearing to-
kens that are lexically or semantically related to the
definiendum (Figure 3a and 3b). When the defini-
tion provides weaker lexical cues, recovery shifts
toward upper layers and concentrates at the final
token position (Figure 3c). Aggregated layer-index
distributions exhibit a bimodal pattern with concen-
tration in layers 0–5 and 17–21 (Appendix D). This
structured concentration contrasts with a uniform
distribution that would indicate limited localisation.
The pattern is consistent with key–value retrieval
behaviour reported for MLP layers (Geva et al.,
2021; Dai et al., 2022). Evidence is also consistent
with early tokenisation effects in which split tokens
contribute to recovery when restored (Figure 3a;
see also Appendix Figures 12a and 12b)
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Figure 3: Causal traces for MLP restoration (GPT-J-6B, EWN). Each heatmap shows the normalised recovery score
T(MLP) when restoring a sliding window of 10 MLP layers at each input token (y-axis; asterisks denote corrupted
definition tokens). (a) avoid: strong early-layer recovery at content-bearing tokens. (b) ice: a similar early-layer
pattern. (c) two: recovery shifts toward upper layers and the final token when definition tokens provide weaker
lexical cues.

DSR Label MLP MHA Hidden
Top 50 states (%)

diff. quality 31.4 34.0 32.0
diff. event 6.7 7.0 7.0
supertype 6.2 <1.0 <1.0
other DSR 6.7 4.0 10.0
prompt 49.0 54.0 51.0

Table 1: Distribution of DSR labels among top-50 causal
tracing states per component type (EWN, GPT-J-6B,
n=818 correctly predicted test samples). For each ex-
ample and component, top-50 indices are the (i, j) pairs
with the largest T(k)

ij values; percentages are averaged
across samples. Prompt tokens are included for com-
pleteness.

Component differentiation (RQ2). The bi-
modal layer concentration for MLP differs from the
unimodal concentration observed for MHA (Sec-
tion 4.2) and hidden states (Section 4.3), indicating
differentiation across component types.

DSR alignment (RQ3). DSR-labelled MLP
traces are provided in Appendix D.3. Quantita-
tively, differentia_quality accounts for over 31%
of the top-50 restored states, followed by differen-
tia_event and supertype at approximately 6.7% and
6.2% respectively (Table 1). A null model in which
DSR proportions match corpus-level span frequen-
cies would predict substantially weaker concentra-
tion; the observed dominance of differentia_quality
therefore supports systematic correspondence be-
tween high-impact states and definitional structure.

4.2 MHA: Distributed Integration in
Middle-to-Upper Layers

Localisation pattern (RQ1). MHA traces con-
sistently concentrate at the final token, with in-
fluential states distributed across middle-to-upper
layers (12–25) (Figure 4). Aggregated layer-index

distributions show unimodal, negatively skewed
concentration (Appendix D), contrasting with the
bimodal MLP pattern.

Component differentiation (RQ2). Prompt to-
kens dominate among top-10 states, whereas
content-bearing roles enter the high-impact set
when considering top-50 states (Table 1). This
pattern is consistent with gradual information ag-
gregation during definition-based inference, with
definition content contributing more strongly at
broader restoration thresholds.

DSR alignment (RQ3). DSR-labelled MHA
traces are provided in Appendix D.3. The shift
from prompt-dominated top-10 states to DSR-
represented top-50 states indicates progressive in-
tegration of definition content.

4.3 Hidden States: Upper-Layer
Concentration

Localisation pattern (RQ1). Hidden-state traces
concentrate in upper layers (20–27) and at the final
token (Figure 5). Aggregated layer-index distribu-
tions show unimodal concentration in the top layers
(Appendix D). Tokens outside the prompt generally
show low impact unless they are lexically related
to the definiendum.

Component differentiation (RQ2). The layer
concentration for hidden states is more strongly
upper-layer than the concentration for MHA, con-
sistent with hierarchical aggregation into the final
representation.

DSR alignment (RQ3). differentia_quality
(32%) and differentia_event (7%) remain present
among top-50 restored states (Table 1), indicating
persistence of definitional information into the
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Figure 4: Causal traces for MHA restoration (GPT-J-6B, EWN). Each heatmap shows the normalised recovery
score T(MHA) when restoring a sliding window of 10 MHA layers (x-axis: window centre, layers 0–27) at each
input token (y-axis; asterisks denote corrupted definition tokens). Influential states concentrate at the final token
across middle-to-upper layers.
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Figure 5: Causal traces for hidden-state restoration (GPT-J-6B, EWN). Each heatmap shows the normalised recovery
score T(hidden) (colour scale, clipped to [0, 1]) when restoring a single hidden state (x-axis: layer index 0–27) at
each input token (y-axis; asterisks denote corrupted definition tokens). Influential states concentrate in upper layers
and at the final token.

final representation. DSR-labelled MLP, MHA and
hidden-state traces are provided in Appendix D.3.

4.4 Validation and Cross-Lingual Stability

Alternative definitions. Alternative definitions
are generated as described in Appendix A.6, with
five alternatives per sample. Traces computed
on correctly predicted alternatives preserve the
broad localisation patterns while shifting specific
high-impact positions across paraphrases (see Fig-
ures 12–14 in Appendix D).

Cross-lingual stability (RQ1). Experiments
replicated on SWN with BERTIN GPT-J-6B yield
localisation patterns consistent with the English
analysis (see Figure 17 in Appendix D). Differ-
ences in the distribution of high-impact MLP
positions are consistent with tokenisation varia-
tion while preserving component-level behaviour.
Cross-lingual comparison is therefore limited to
localisation patterns, as DSR-based semantic align-
ment is evaluated only in the English setting.

4.5 Synthesis: A Coarse-Grained Account

Figure 6 summarises a coarse-grained account of
coordinated behaviour across MLP, MHA, and hid-

den states. Overall, the results are inconsistent with
simple baselines. MLP recovery concentrates in
two regimes rather than exhibiting approximately
uniform layer occupancy. In addition, localisation
profiles differ across components: MLP bimodal-
ity contrasts with unimodal MHA and hidden-state
concentration, indicating component differentia-
tion. Under DSR grouping, differentia_quality is
highly represented among high-impact states rel-
ative to frequency-matched expectations, suggest-
ing a systematic correspondence between internal
states and definitional structure rather than span
prevalence alone. This correspondence is indica-
tive of structured semantic alignment, though it
does not by itself establish a complete account of
compositional computation. These trends persist
under paraphrase and replicate in Spanish, arguing
against artefacts of surface form or language. MLP
traces emphasise content association in early layers
and shift toward upper-layer concentration at the fi-
nal token when lexical cues are weak. MHA traces
implement distributed aggregation centred on the
final token across middle-to-upper layers. Hidden-
state traces concentrate recovery in upper layers
while retaining definitional structure under DSR
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Figure 6: Coarse-grained synthesis of localisation results across MLP, MHA, and hidden-state components (GPT-J-
6B, EWN). Bars schematically summarise layer-wise concentration patterns, and DSR percentages are taken from
the top-50 analysis (Table 1). Arrows indicate a proposed directional account of information aggregation consistent
with the observed traces.

grouping. Testing this account with finer-grained
causal interventions is left to future work.

5 Related Work

Mechanistic interpretability (MI). MI decom-
poses neural networks into human-understandable
computational structures by identifying functional
roles for internal components (Conmy et al., 2023).
Probing studies have shown that transformer layers
encode linguistic knowledge in a hierarchical pro-
gression (Tenney et al., 2019), establishing that in-
ternal representations align with structured linguis-
tic abstractions. SAEs decompose superimposed
activations into approximately monosemantic fea-
tures (Huben et al., 2023; Shu et al., 2025) and
have been applied to code correctness (Tahimic and
Cheng, 2025), hallucination detection (Xiong et al.,
2026), and causal representation learning (Song
et al., 2025). While probing identifies the presence
of linguistic information and SAEs isolate inter-
pretable features, neither approach directly char-
acterises how such information is composed and
integrated across components during meaning con-
struction. The present work addresses this gap by
applying intervention-based analysis to composi-
tional definitional processing.
Activation patching and causal tracing. Causal
mediation analysis was first applied to transformer
internals by Vig et al. (2020), who treated attention
heads as causal mediators of gender bias. Building
on this framework, activation patching modifies
and restores internal activations to identify causally

relevant states (Heimersheim and Nanda, 2024).
ROME (Meng et al., 2022) and MEMIT (Meng
et al., 2023) apply this approach to knowledge lo-
calisation in MLP layers; Causal Scrubbing (Chan
et al., 2022) and Attribution Patching (Nanda,
2023) refine causal analysis at scale. Causal ab-
straction methods further align neural computa-
tions with formal semantic structures (Geiger et al.,
2021), but have not been applied to definitional in-
terpretation or lexical-semantic role taxonomies.
Among available localisation methods, ROME-
style causal tracing is adopted because it enables
intervention-based localisation of internal repre-
sentations at the component level, providing a di-
rect and well-established approach for analysing
decoder-only transformers at this scale (Meng et al.,
2022), in contrast to gradient-based attribution
methods, which estimate rather than directly inter-
vene on internal states. DSRA extends this frame-
work to conceptual interpretation by integrating
DSR labels into restoration traces, enabling attribu-
tion at the level of semantic roles rather than token
positions alone.
Logit attribution and circuit analysis. Logit at-
tribution links predictions to input tokens via logit
contributions (Elhage et al., 2021) and has been ap-
plied to feed-forward layers (Geva et al., 2022) and
MHA heads (Ferrando et al., 2023). More recent
attribution-based approaches, such as information
flow routes (Ferrando and Voita, 2024), scale cir-
cuit discovery via single forward-pass attribution
but, like logit attribution, rely on gradient-based
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estimates rather than direct causal intervention. Cir-
cuit analysis identifies functional subgraphs for
specific behaviours (Olsson et al., 2022; Wang
et al., 2022; Conmy et al., 2023), typically focus-
ing on individual attention heads and edge-level
structures rather than the joint contribution of mul-
tiple component types. DSRA differs in exam-
ining MLP, MHA, and hidden-state components
jointly under direct intervention, and relates re-
covery patterns to span-level definitional semantic
structure rather than token-level logit contributions.
Knowledge localisation in MLP layers. MLP lay-
ers have been characterised as key–value memory
stores (Geva et al., 2021), and Dai et al. (2022)
demonstrated that specific MLP neurons directly
affect factual recall, providing causal evidence for
content-specific storage. These findings raise the
question of whether MLP layers play analogous
content-association roles during compositional con-
ceptual interpretation, where meaning is derived
from structured definitional input rather than a sin-
gle factual association.
Definition modelling and reverse dictionary.
Definition modelling, introduced by Noraset et al.
(2017), established the task of generating dictio-
nary definitions from word embeddings. Bevilac-
qua et al. (2020) extended this to pretrained trans-
formers, demonstrating that fine-tuned models cap-
ture contextually appropriate definitional knowl-
edge. More recently, Xu et al. (2024) used the
reverse dictionary task as a probe for LLM con-
ceptual inference, showing that model represen-
tations encode object categories and fine-grained
features; however, this work relies on probing and
in-context learning rather than causal intervention,
and does not examine internal component-level be-
haviour. DSRs (Silva et al., 2016) offer a structured
framework for analysing definitions through genus–
differentia structure and predicate–argument rela-
tions. This work addresses the gap at the intersec-
tion of these lines: to our knowledge, intervention-
based causal analysis has not yet been applied to the
reverse dictionary task to explore how definitional
semantic structure may be reflected in transformer
component behaviour. DSRA fills this gap by inte-
grating the DSR lexical-semantic framework with
mechanistic interpretability, moving beyond prob-
ing to causal localisation of definitional structure
within transformer components.

6 Conclusion

This work demonstrates the value of integrating
formal linguistic structure into mechanistic inter-
pretability through DSRA, which augments causal
tracing with definitional semantic roles within the
reverse dictionary task. The focus of the present
work is localisation and semantic alignment; causal
intervention for model editing is left to future work.

With respect to RQ1, causal traces exhibit con-
sistent localisation patterns: MLP states cluster bi-
modally in early and upper layers, MHA states con-
centrate in middle-to-upper layers with a negatively
skewed distribution, and hidden states concentrate
in upper layers at the final token. Similar locali-
sation patterns are observed in both English and
Spanish. With respect to RQ2, the three compo-
nent types exhibit distinct distributional signatures,
bimodal (MLP), unimodal upper-skewed (MHA),
and concentrated upper-layer (hidden), supporting
functional differentiation in definition-based infer-
ence. With respect to RQ3, DSR grouping reveals
that content-bearing semantic roles, particularly dif-
ferentia_quality, account for a substantial fraction
of high-impact states, suggesting that semantic role
structure provides additional explanatory structure
beyond token identity.

The principal methodological contribution is the
DSR overlay for causal tracing, which functions
as an interpretive lens bridging activation patching
and formal lexical semantics. Future work may pur-
sue finer-grained tracing at the level of individual
attention heads, integrate SAEs for feature-level
DSR alignment, and extend the framework beyond
definitional interpretation to assess generality.

Limitations

This study is limited to a single scale of autoregres-
sive transformer model and focuses on sentence-
level meaning with single-token prediction, which
does not fully reflect the complexities of conceptual
processing across other tasks. The analysis exam-
ines each component type individually rather than
investigating causal relationships between compo-
nents, and MHA is studied as a whole rather than
at the level of individual heads. DSR annotations
are available only for the English dataset. Selecting
causal tracing as the primary method may have pre-
cluded other valuable analytical perspectives. The
experimental design relies on WordNet and Span-
ish WordNet, which provide a controlled setting
but carry known limitations, such as sense distinc-
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tions that could be overly fine-grained, and hier-
archical structures that do not always correspond
to cross-linguistically stable semantic categories.
These factors may affect DSR annotation quality
and the generalisability of the observed localisation
patterns. As WordNet definitions are more struc-
tured and templated than naturally occurring text,
it remains an open question whether the observed
alignment between internal activations and defi-
nitional structure would persist with explanatory
dictionaries or corpus-derived definitions exhibit-
ing freer linguistic variation.

Ethical Considerations

This study applies DSRA using WordNet, abstract
labelling, and causal tracing to analyse conceptual
interpretation mechanisms in transformer-based
models. The use of WordNet carries potential risks,
including biases inherent in the dataset. Abstract
labelling may introduce distorted representations.
The identified mechanisms could potentially be
employed to alter model behaviour in unintended
ways. Code and datasets are released to enable
replication and verification.
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A Dataset Creation, Filtering, and
Prompt Selection

Three eligibility conditions governed dataset and
model choices. First, the task must elicit composi-
tional semantic processing with a verifiable target.
Second, the datasets must support structured defi-
nitional analysis, including span-level labels when
available. Third, the models must be compatible
with per-example causal tracing under the available

compute budget. This section documents dataset
construction, filtering, prompt selection, and trace
aggregation.

A.1 English WordNet (EWN)

The EWN dataset was constructed from Princeton
WordNet (Miller, 1994) by selecting definienda
consisting only of alphabetical characters and re-
stricting definitions to a maximum of 25 words for
computational efficiency. Samples were retained
only if the definiendum matched a single token
in the model vocabulary, confining predictions to
single-token inferences. This yielded 8,348 exam-
ples, split 80/20 for training and testing.

A.2 Spanish WordNet (SWN)

A similar procedure was followed for SWN using
the Open Multilingual Wordnet (Gonzalez-Agirre
et al., 2012). Alphabetic definienda were selected
and their definitions were queried in Spanish Word-
Net. When a Spanish definition was available, it
was selected, cleaned, and used. When no Spanish
definition was found, the Spanish definiendum was
translated into English, and an English WordNet
entry was retrieved with a matching part of speech.
The retrieved English definition was then translated
into Spanish using the Googletrans library,2 and
back translation was used as a validation check
for translation correctness. This procedure yielded
7,815 examples. Definitions were restricted to a
maximum of 25 words, covering 99% of samples.
The 30/70 train–test split was chosen to maximise
the number of held-out definitions available for
causal tracing while retaining sufficient training
data for stable task performance under parameter-
efficient fine-tuning.

A.3 Preprocessing and Prompt Selection

Inputs consist of the definition text with a
prompt template appended. Three prompt for-
mats were evaluated: a direct instruction tem-
plate (“Identify the term defined as:
\{definition\}.”), a question template (“What
word is described by this definition:
\{definition\}?”), and a completion-style tem-
plate (“\{definition\} is often referred
to as:”). Additional metadata (e.g., the part of
speech of the definiendum) was also tested. Sim-
ple prompts without additional metadata yielded
the highest accuracy. For causal tracing analysis,

2https://github.com/ssut/py-googletrans
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only examples correctly predicted by the fine-tuned
models under clean (unperturbed) conditions are
included. Additional preprocessing details are pro-
vided in the released code repository.3

A.4 Length Normalisation
To aggregate traces across examples of varying def-
inition length, the token dimension of each trace
tensor is resampled to a fixed grid within a common
length band covering approximately 80% of exam-
ples. The band is defined by the empirical 10th
and 90th percentiles of tokenised definition length
under the analysis prompt. Traces outside the band
are excluded from length-normalised aggregations.
Resampling uses linear interpolation over token
index to preserve coarse positional structure while
enabling global layer-wise summaries.

A.5 Definitional Semantic Role Annotation
DSR labels follow the taxonomy of Silva et al.
(2016). Annotations are available for English Word-
Net definitions only; Spanish WordNet definitions
are analysed without DSR alignment. Table 2 de-
scribes each DSR used in this work along with its
definition.

A.6 Alternative Definitions
Five alternative definitions per sample are gen-
erated using GPT-3.5 (OpenAI, 2023) with the
following prompt instruction: Given the word

“{definiendum}” and its dictionary definition “{defi-
nition}”, generate five alternative definitions that:
(1) preserve the core meaning of the original defi-
nition, (2) do not include the word itself or direct
morphological variants and (3) remain plausible
as dictionary-style entries. Return only the five
definitions, numbered 1–5.
Alternatives are manually filtered to ensure seman-
tic similarity to the original definition, plausibility
as standalone dictionary entries, and absence of the
definiendum in the generated text. Only alterna-
tives predicted correctly by the fine-tuned models
are included in causal tracing to match the clean-
evaluation filter described in Appendix A.3.

B Implementation Details

B.1 Causal Tracing Specification
This subsection specifies the corruption and restora-
tion operators used in causal tracing. The defini-
tion span is delimited as the token subsequence

3anonymised

Role Definition
supertype The superclass of the immedi-

ate entity or an ancestor of it
differentia quality A fundamental, intrinsic at-

tribute that distinguishes the
entity from others within the
same supertype

differentia event An action, state, or process in
which the entity engages, nec-
essary for differentiation from
others within the same super-
type

event time The time at which a differentia
event occurs

event location The specific location of a dif-
ferentia event

quality modifier A modifier indicating degree,
frequency, or manner that re-
fines a differentia quality

origin location The place of origin of the entity
purpose The primary objective behind

the existence or occurrence of
the entity

associated fact A fact connected to the exis-
tence or occurrence of the en-
tity, serving as an incidental at-
tribute

accessory determiner A determiner expression that
does not restrict the scope of
supertype–differentia

accessory quality A non-essential attribute for
characterising the entity

[role] particle A particle not contiguous with
other role components

Table 2: Definitional semantic roles and their definitions
following the taxonomy of Silva et al. (2016).

corresponding to \{definition\} in the prompt
template (Appendix A.3). Corruption injects inde-
pendent Gaussian noise into the token embedding
vectors of the delimited span in the corrupted ex-
ecution. The noise scale and any exclusions (e.g.,
prompt tokens and the final prediction position)
are fixed across experiments and reported with the
released code.

For restoration, we follow Meng et al. (2022).
For component k ∈ {MLP,MHA}, restoration at
(i, j, k) replaces the corresponding component ac-
tivations at token position i across a contiguous
10-layer window centred at j with their clean-run
values. For hidden-state restoration, patching re-
places the residual-stream representation at a single
layer-token pair. Boundary handling for the layer
window and the exact operator definitions are pro-
vided in App. C.

B.2 Models and Selection Rationale
Table 3 summarises the architecture hyperparam-
eters of the models used. Model selection is con-
strained by the requirements of intervention-based
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causal tracing. First, the model must permit ex-
traction and restoration of internal activations at
the level of MLP, MHA, and residual-stream states,
since the tracing protocol quantifies the causal con-
tribution of restored component activations. Sec-
ond, the model must operate at a scale for which
component-level localisation patterns under causal
interventions have been shown to be stable and in-
terpretable in prior mechanistic work (Geva et al.,
2021; Meng et al., 2022). Third, to support cross-
lingual comparison, the models must share the
same base architecture so that observed differences
in localisation patterns are not attributable to archi-
tectural variation.

GPT-J-6B is used for English because it is an
open-weight, decoder-only transformer that sat-
isfies these constraints while remaining compu-
tationally feasible for per-example causal trac-
ing. GPT-J-6B is trained using Mesh Transformer
JAX (Wang, 2021) on the Pile dataset (Gao et al.,
2020). BERTIN GPT-J-6B is used for Spanish be-
cause it instantiates the same GPT-J architecture
and is trained on Spanish data (mC4-es-sampled
(Gaussian)) (De la Rosa et al., 2022). This pair-
ing provides architectural control over layer depth,
hidden dimensionality, and attention configuration
(Table 3), enabling cross-lingual analyses in which
language and tokenisation constitute the primary
sources of variation.

Models are loaded via the HuggingFace Trans-
formers library in evaluation mode with gradi-
ents disabled; half-precision is used when required
to satisfy memory constraints. Both models are
fine-tuned for the reverse dictionary task using
parameter-efficient adaptation via LoRA (Hu et al.,
2021), with settings reported in Table 4. This selec-
tion therefore prioritises methodological validity
for causal tracing, architectural comparability for
cross-lingual analysis, and practical feasibility for
exhaustive tracing at the level of individual exam-
ples.

B.3 Experimental Setup

Experiments were conducted on an NVIDIA RTX
A6000 GPU using Python 3.11.7, PyTorch 2.2.2,
Hugging Face Transformers 4.39.0, and PEFT
0.8.2. Data processing relied on Datasets 2.16.1,
NumPy 1.26.3, Pandas 2.2.0, and scikit-learn 1.4.0.
Text processing used NLTK 3.8.1 and spaCy 3.7.2.

Hyperparameter Value
nparameters 6,053,381,344
nlayers 28*

dmodel 4096
dff 16384
nheads 16
dhead 256
nctx 2048
nvocab 50257 / 50400†

Positional Encoding RoPE
RoPE Dimensions 64

Table 3: Architecture hyperparameters for GPT-J-6B
and BERTIN-GPT-J-6B. Both models share the same
base architecture. *Includes one embedding layer and
27 transformer blocks. †50,257 used tokens / 50,400
vocabulary size including padding.

Setting GPT-J-6B BERTIN-GPT-J-6B
Epochs 10 20
Batch size 16 16
LoRA rank (r) 64 16
LoRA α 32 32
Dropout 0.1 0.3

Table 4: LoRA fine-tuning hyperparameters for the re-
verse dictionary task.

C Formal Background and Tracing
Protocol

C.1 Transformer Formalisation

We summarise the standard transformer architec-
ture (Vaswani et al., 2017) to establish notation
used throughout the paper. A decoder-only trans-
former with L layers processes an input sequence
X = (x1, . . . , xT ) by computing a sequence of hid-
den representations. At each layer l ∈ {1, . . . , L}
and token position t, the hidden state is updated via
the residual stream:

h
(l)
t = h

(l−1)
t + MHAl

t + MLPl
t, (4)

where h
(0)
t is the sum of the token embedding and

positional encoding for xt. The multi-head atten-
tion (MHA) term concatenates the outputs of H
independent attention heads:

MHAl
t = W l

O ConcatHh=1

(
Attnl,h(h(l−1)

≤t )
)
, (5)

where each head computes scaled dot-product at-
tention over all positions ≤ t (causal masking)
and W l

O ∈ Rdmodel×dmodel is the output projection.
The MLP term operates on the mid-layer residual
hmid,l
t = LayerNorm(h

(l−1)
t + MHAl

t):

MLPl
t = W l

proj σ
(
W l

fc h
mid,l
t

)
, (6)
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where σ denotes a non-linear activation function,
W l

fc ∈ Rdff×dmodel is the up-projection, and W l
proj ∈

Rdmodel×dff is the down-projection. The final predic-
tion is obtained by applying a language modelling
head to the last-position hidden state h

(L)
T .

C.2 ROME Formalisation
Rank-One Model Editing (ROME) (Meng et al.,
2022) provides the causal tracing framework
adapted in this work. ROME interprets MLP layers
as implicit key–value stores. At layer l, the MLP
output for token t can be written as:

MLPl
t = W l

proj σ
(
W l

fc h
mid,l
t

)
= W l

proj k
l
t, (7)

where klt = σ(W l
fc hmid,l

t ) ∈ Rdff serves as the
key vector and each column of W l

proj serves as a
value vector. Under this interpretation, the MLP
computes a weighted combination of stored values
indexed by the input-dependent key. ROME ex-
ploits this structure to locate factual associations
by identifying the layer l∗ and subject token t∗ at
which restoring clean-run activations maximally
recovers the correct prediction. The present work
adapts the localisation procedure to the reverse dic-
tionary setting; model editing is not performed.

C.3 Causal Tracing Protocol
The causal tracing procedure follows Meng et al.
(2022) and proceeds in three stages.

Stage 1: Clean execution. The model processes
the original input X and caches internal states
{h(l)t ,MHAl

t,MLPl
t} for all layers l and token po-

sitions t. The clean-run probability assigned to the
correct definiendum token y is recorded as py(X).

Stage 2: Corrupted execution. Gaussian noise
N (0, (3σe)

2) is added to the token embeddings of
the definition span only, where σe is the empirical
standard deviation of embedding activations com-
puted over the dataset. This produces a corrupted
input X∗ and a degraded prediction probability
py(X

∗). Each input is evaluated using one clean
run and 10 corrupted runs with independent noise
samples.

Stage 3: Restoration (patching). For each com-
ponent type k ∈ {MLP,MHA, hidden}, the cor-
rupted activation at a target position (i, j) is re-
placed with the corresponding clean-run value,
yielding py(X

∗,patch(i,j,k)). This patched probabil-
ity is used to compute the normalised recovery
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Figure 7: Top-10 restored states from (a) MLP,
(b) MHA, and (c) hidden components, grouped by the
part of speech of the definiendum (GPT-J-6B, EWN,
K = 10). Normalised histograms are overlaid. X-axis:
layer index; y-axis: normalised count.

score in Eq. 3. For MLP and MHA components,
restoration is applied over a sliding window of 10
consecutive layers centred at layer index j, match-
ing the protocol of Meng et al. (2022). For hidden
states, restoration targets individual layer–token
pairs.

Recovery scores are averaged across the 10 cor-
rupted runs to obtain stable estimates. Quantitative
summaries are based on the top-K restored states
per example, defined as the (i, j) pairs with the
largest recovery scores T(k)

ij (Eq. 3). Unless stated
otherwise, K = 50 is used for reporting, with
K = 10 provided for comparison.

736



D Supplementary Results

D.1 PoS Grouping

Figure 7 presents overlaid normalised histograms
of top-10 restored states grouped by the part of
speech of the definiendum (nouns vs. verbs). The
distributions are broadly similar across all three
component types, indicating that the PoS of the
definiendum has minimal effect on localisation pat-
terns. Minor differences are observable: in MLP
layers, noun-related states are slightly more concen-
trated in upper layers compared to verbs; in MHA
layers, the distribution for verbs approximates a
Gaussian shape while that for nouns exhibits slight
negative skew; no clear differences are discernible
in hidden layers. These observations suggest that
the localisation patterns reported in Section 4 are ro-
bust to variation in definiendum PoS and are there-
fore driven primarily by definitional content rather
than the grammatical category of the target word.

D.2 Correlation with Definition Length

Figure 8 plots the layer indices of top-10 restored
states against input length for each component
type. No systematic association between defini-
tion length and the layer distribution of influential
states is observed across MLP, MHA, or hidden
components. This result indicates that the locali-
sation patterns reported in Section 4 are not con-
founded by input length and that the models apply
consistent processing strategies across definitions
of varying complexity.

D.3 DSR-Labelled MHA and Hidden-State
Traces

Figures 9, 10 and 11 show the DSR-grouped re-
covery patterns for MLP, MHA and hidden-state
components respectively. For MHA restoration
(Figure 10), recovery is concentrated at prompt to-
kens across middle-to-upper layers, consistent with
the aggregation pattern reported in Section 4. DSR-
labelled definition tokens contribute comparatively
low recovery at the top-10 threshold, but their con-
tribution increases at broader aggregation levels
(Table 1), indicating that MHA integrates defini-
tional content progressively rather than at discrete
layer–token positions. For hidden-state restoration
(Figure 11), recovery is dominated by upper-layer
states at the final token, with supertype and differ-
entia tokens exhibiting localised contributions in
layers 20–27. These patterns are consistent with
the upper-layer concentration reported in Section 4

and support the observation (RQ3) that definitional
semantic structure persists through aggregation into
the final representation.

D.4 Alternative Definitions
Figures 12–14 present causal traces for three alter-
native definitions of the definiendum alone, gener-
ated as described in Appendix A.6. These traces
serve as a robustness check: if localisation patterns
are artefacts of specific surface forms, they should
vary substantially across semantically equivalent
paraphrases.

For MLP restoration (Figure 12), the broad bi-
modal pattern (early and upper layers) is preserved
across all three alternatives, although the specific
token positions associated with high recovery shift
in accordance with lexical variation. This is con-
sistent with MLP layers encoding content-specific
associations that depend on token identity while
maintaining a stable layer-level distribution. For
MHA restoration (Figure 13), patterns are more sta-
ble across paraphrases, with recovery consistently
concentrated at the last token in middle-to-upper
layers regardless of surface form. For hidden-state
restoration (Figure 14), upper-layer concentration
at the final token is consistent across all three alter-
natives, confirming that this pattern reflects a struc-
tural property of the aggregation process rather than
a lexical artefact.

D.5 Supplementary English Results
Figure 15 presents additional causal tracing results
that illustrate two phenomena: homonym handling
and numerical concept processing.

Figures 15a and 15b show traces for two distinct
definitions of the definiendum baby. For the second
definition, which contains words strongly linked
to the definiendum (e.g., child, fetus), hidden-state
recovery is concentrated entirely at the last token
(Figure 15b). In contrast, for the first definition,
which lacks such direct lexical cues, additional def-
inition tokens participate in high-recovery states
(Figure 15a). MLP layers exhibit greater sensitivity
to semantically related words: when the definition
contains tokens with strong lexical association to
the definiendum, multiple early-layer token posi-
tions contribute to recovery (Figure 15e). MHA
layers maintain consistent last-token concentration
across both definitions (Figures 15g and 15h), fur-
ther supporting the component differentiation re-
ported in Section 4 (RQ2).

Number handling provides an additional test

737



case. For the definiendum billion (Figures 15c
and 15f), recovery is not associated with tokens
containing other numerical values (e.g., million,
one). Instead, the model treats spelled-out num-
bers as conceptual units rather than attending to
their arithmetic content, consistent with the com-
positional interpretation account in which meaning
is derived from definitional structure rather than
token-level numerical matching.

D.6 Supplementary Spanish Results
Figure 17 presents causal traces for three definienda
(lying, leave, hospital) from SWN using BERTIN
GPT-J-6B. These results replicate the English anal-
ysis and provide evidence for the cross-lingual
stability of localisation patterns reported in Sec-
tion 4.4 (RQ1).

MLP traces (Figure 17, a–c) exhibit early-layer
recovery at content-bearing tokens, consistent with
the bimodal pattern observed for GPT-J-6B on
EWN. The distribution of high-impact positions is
slightly broader than in the English setting, which
is consistent with increased subword fragmentation
in the Spanish tokenisation (e.g., Deliberado →
Del*, iber*, ado*). MHA traces (Figure 17, d–f)
show last-token concentration in middle-to-upper
layers, mirroring the English pattern with no quali-
tative differences. Hidden-state traces (Figure 17,
g–i) confirm upper-layer concentration at the final
token across all three examples.

The consistency of these patterns across lan-
guages and tokenisation schemes supports the in-
terpretation that the traced behaviours reflect ar-
chitectural properties of the transformer compo-
nents rather than artefacts of English-specific lexi-
cal structure.

D.7 Layer-Index Distributions
This subsection reports layer-index distributions
of top-K restored states for each component. The
plots complement the example-level causal traces
shown in Section 4 by providing aggregated evi-
dence for the bimodal MLP pattern and the uni-
modal MHA and hidden-state patterns.
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Figure 8: Top-10 restored states from (a) MLP,
(b) MHA, and (c) hidden components plotted against
input length (GPT-J-6B, EWN, K = 10). X-axis: input
length (tokens); y-axis: layer index of top states. No
systematic association between definition length and the
layer distribution of restored states is observed.
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Figure 9: Sample of causal tracing with DSR labelling when restoring a window of 10 MLP layers. The representa-
tion highlights the distribution of important states over several layers and the importance of content words, mainly
captured in supertype (a) and differentia quality (b) and (c).
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Figure 10: Causal traces with DSR labelling for MHA restoration (GPT-J-6B, EWN). Each heatmap shows recovery
probability py (colour scale) when restoring a window of 10 MHA layers (x-axis: window centre) at tokens grouped
by DSR label (y-axis). (a) edge, (b) male, (c) club.
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Figure 11: Causal traces with DSR labelling for hidden-state restoration (GPT-J-6B, EWN). Each heatmap shows
recovery probability py (colour scale) when restoring a single hidden state (x-axis: layer index) at tokens grouped
by DSR label (y-axis). (a) education, (b) ice, (c) center.
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Figure 12: MLP traces for alternative definitions of alone (GPT-J-6B, EWN). Recovery probability py (colour scale)
when restoring a window of 10 MLP layers (x-axis: window centre) at each token (y-axis). Broad localisation
patterns are preserved across paraphrases; specific high-impact positions shift.
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Figure 13: MHA traces for alternative definitions of alone (GPT-J-6B, EWN). Recovery probability py (colour
scale) when restoring a window of 10 MHA layers (x-axis: window centre) at each token (y-axis). MHA patterns
are more stable across paraphrases than MLP patterns.
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Figure 14: Hidden-state traces for alternative definitions of alone (GPT-J-6B, EWN). Recovery probability py
(colour scale) when restoring a single hidden state (x-axis: layer index) at each token (y-axis). Upper-layer
concentration at the last token is consistent across paraphrases.
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Figure 15: Supplementary causal traces for GPT-J-6B (EWN). Top row: hidden-state restoration (single layer);
middle row: MLP restoration (window of 10 layers); bottom row: MHA restoration (window of 10 layers). Columns
show different definienda: (a,d,g) baby (definition 1); (b,e,h) baby (definition 2); (c,f,i) billion. Colour scale:
recovery probability py , clipped to [0, 1].
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Figure 16: Distribution of layer indices among the top-10 restored states across correctly predicted GPT-J-6B EWN
test samples. MLP restoration shows a bimodal pattern with clusters in early layers 0–5 and upper layers 17–21;
MHA restoration concentrates in middle-to-upper layers 12–25; hidden-state restoration concentrates in upper layers
20–27.
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Figure 17: Cross-lingual causal traces for BERTIN GPT-J-6B (SWN). Top row: MLP restoration (window of 10
layers); middle row: MHA restoration (window of 10 layers); bottom row: hidden-state restoration (single layer).
Columns show different definienda: (a,d,g) lying; (b,e,h) leave; (c,f,i) hospital. Colour scale: recovery probability
py, clipped to [0, 1]. Y-axis: input tokens (asterisks denote corrupted definition tokens). X-axis: window centre
(MLP, MHA) or layer index (hidden states).
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