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Abstract

Large Language Models are often considered the best computational testbeds for linguistic theorisation at our
disposal. However, their inner workings remain largely opaque, and the mechanisms behind their behaviour cannot
always be easily connected with theoretical linguistic assumptions. Mechanistic Interpretability (MI) is surging as a
specialised field to reverse engineer models’ internals and shed light on the causal relationships happening under
the hood. Nevertheless, MI is predominantly focused on AI-Safety problems, and the attempts to understand
linguistically motivated behaviours with these tools are still limited. In this work, we investigate whether an LLM,
namely LlaMA-3.2-1b, has developed specialised mechanisms governing the selection of the locative preposition
in simple copular clauses. To frame the problem as a next-token prediction objective, we introduce the Stranded
Locative Preposition Selection task along with a small dataset aptly curated to test it. We make use of several MI
tools to scan the model’s internals and relate their mechanisms to classic theory in Cognitive Linguistics, which
assumes that the two basic locative prepositions in and on are the respective linguistic encoding of two different
Image Schemas: Containment and Surface.

Keywords: Mechanistic Interpreability, Semantics, Image Schemas, Prepositions, Spatial Semantics, Cog-
nitive Linguistics

1. Introduction

Large Language Models (LLMs) have been one
of the greatest revolutions of the last ten years,
bearing the promise of offering the most advanced
models and theories of language at our disposal
(Piantadosi and Hill, 2022; Piantadosi, 2023; Mil-
lière, 2024). While this is controversial (Ben-
der and Koller, 2020; Katzir, 2023; Pavlick, 2023;
Lenci, 2023), it is undeniable that they constitute
a new testbed for linguistic theorisation, allowing
to computationally assess theoretical assumptions
about language phenomena. However, this task
is hindered by the lack of understanding about
the causal mechanisms responsible for their be-
haviours. Mechanistic Interpretability (MI) (Olah
et al., 2020; Geiger et al., 2025; Rai et al., 2024;
Sharkey et al., 2025; Somvanshi et al., 2025) is
recently emerging as a field to elucidate the in-
ner workings of LLMs, particularly of Transform-
ers (Vaswani et al., 2017), to uncover causal theo-
ries about their functioning. While efforts in MI are
currently mainly devoted to research in AI safety
(Bereska and Gavves, 2024), the tools and tech-
niques coming from the field may be useful to lead
scientific investigations on how language phenom-
ena are encoded into LLMs representations and
parameters (Mueller et al., 2024). On the other
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Figure 1: Stranded locative preposition and Image
Schemas alternation.

hand, linguistically informed problems may provide
useful edge cases to test the soundness and util-
ity of such tools, expanding the pool of possible
tasks to test beyond the usual ones. In this work,
we draw on literature in the Cognitive Linguistics
tradition (Lakoff, 1987; Johnson, 1987; Tyler and
Evans, 2003; Clausner and Croft, 1997) and de-
velopmental psychology (Mandler, 1994; Mandler
and Pagán Cánovas, 2014), turning our attention
to Spatial Image Schemas, which we investigate
in an LLM through the lens of MI tools. We in-
troduce the task of Locative Stranded Preposition
Prediction along with a small dataset of manually
curated stimuli to test it. In English, a stranded
preposition occurs when it is separated from its
object, like shown in Figure 1. To correctly solve
the task, a model has to continue a sentence with
the correct locative preposition, relying on the in-
formation provided by previous tokens. The task
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requires access to important semantic information
related to the Image Schema, which abstracts from
a real-world spatial configuration between two en-
tities, a Figure and a Landmark. The former is
a movable object located with respect to the lat-
ter, which is a place in the background (Herskovits,
2009). The nature of the Landmark plays an im-
portant role in the selection of the preposition, as
certain Landmarks will be conceptualized as en-
abling Containment and others Surface schemas.
Consider the distinction between mat and box in
the minimal pair in Figure 1: the former instantiates
a Surface schema, selecting the preposition on,
and the latter a Containment selecting in, while
both conveying the same general locative meaning.

Hinging on that basic distinction, we ask the fol-
lowing questions: RQ1) which role does the LAND-
MARK token play in selecting the preposition in
LLMs? and RQ2) Can we localise a small subgraph
in the model that is responsible for the preposition
prediction behaviour?

Our main contributions are threefold: i) we pro-
pose a framework to evaluate LLMs’ linguistic com-
petence leveraging MI techniques and pairing them
with theoretical linguistics assumptions; ii) we intro-
duce the stranded preposition prediction task as a
new case study to test the framework, and iii) we
introduce a new curated dataset to benchmark it.1

1.1. Case Study: Image Schemas and
Preposition Stranding

Some theories of conceptual representations rely
on the assumption that humans build concepts,
and hence develop a semantic theory, by leverag-
ing abstract mental structures sometimes defined
as Image Schemas (Lakoff, 1987; Johnson, 1987;
Mandler and Pagán Cánovas, 2014), pre-linguistic
constructions which abstract frequent perceptual
patterns reflecting actual real-world configurations.
These conceptual structures are often introduced
as the representation of the interaction of two funda-
mental elements, one of which is a movable entity,
while the other is a fixed reference or background
(Levinson, 2003). While such elements have been
called differently in the literature, their nature and
essential substance do not vary much across dif-
ferent namings and definitions. The movable entity
may be called a Figure, while the background can
be referred to as a Landmark2. Starting from the
spatial configuration of these two elements as well
as their dynamic interplay, meaning is mapped from
a source domain, which is physical and perceptual,

1Code and data available at https://github.
com/aittam9/stranded_prep.

2Other naming have been proposed in the literature
like trajectory or ground, but the substance remains es-
sentially the same. See for example Talmy (2000)

to a target domain, conceptual and abstract in na-
ture. This mapping from the experiential to the
conceptual realm functions as an abstraction of
frequent real-world patterns perceived through the
body and the senses and serves as the scaffold
for meaning at different degrees of adherence to
spatial reality, including conceptual metaphors. An
example of a well-known Image Schema is the Con-
tainment schema. This schema abstracts from our
knowledge of objects that work as containers in
real life and projects the containment function to
other areas of semantics, enabling the generation
of meanings that may be more or less metaphorical.
For example, when saying something like "I have
something in my head", a speaker would leverage
the Containment Image Schema through the mind
as a container conceptual metaphor, operating
a mapping between her perceptual knowledge of
containers and a conceptual abstraction that relate
the head/mind to an object bearing properties like
boundedness and interior/exterior opposition (John-
son, 1987). A much less metaphorical, though ab-
stract, usage of such a schema can be found in
expressions as "Bob is in town", where the subject
is presented as enclosed, and thus contained, into
a location, even though the "town", acting here as
a Landmark for the Figure "Bob", is not a proper
container in reality.

As such, Image Schemas would not be only ab-
stract conceptual representations, but would also
be encoded into language structure and could be
partially recovered from it by looking at the formal
patterns they produce in linguistic data. In several
languages, including English, a prominent example
of this phenomenon is the selection of prepositions.
For example, locative expressions may be realised
through the prepositions in and on, which are se-
lected in relation to the schema the speaker intends
to express (Tyler and Evans, 2003), namely: Con-
tainment, (expressed through in) and Surface,
(expressed through on).3. Both schemas are loca-
tive, expressing the meaning of “something being
somewhere”. Still, they differ in subtle yet impor-
tant aspects related to the nature of the Landmark
(see Figure 1). In fact, the nature of the spatial con-
figuration is largely determined by the Landmark,
in particular by the shape and affordances of its
referent, which impose constraints on the spatial
scene conceptualisation (Zwarts, 2017; Herskovits,
1985). In that respect, Containment involves a
Landmark that offers some form of inclusion to
the Figure, while Surface presupposes the no-
tions of contiguity and support between the two
Thus, for example, a Landmark as mat enables
the conceptualisation of a Surface, determining
the selection of the preposition on. On the con-

3There are some notable exceptions like in on a
bus/train.

https://github.com/aittam9/stranded_prep
https://github.com/aittam9/stranded_prep
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trary, a Landmark as box, yields an example of
Containment, requiring the preposition in. There-
fore, while Image Schemas are elements of concep-
tual structures and are formed through experience
and multimodal perception, they are also coded in
language through specific markers. The hypoth-
esis underlying this work is that the selection of
the locative preposition in sufficiently unambiguous
sentences largely depends on the semantics of
the Landmark, its nature and affordances. While
this is perfectly acceptable, although debatable,
for humans, who may rely on their abstract con-
ceptual structures derived from perception to build
certain linguistic representations, it is less obvious
if and how LLMs, relying only on textual data, can
achieve similar outcomes. Additionally, it is hard
to test preposition selection in autoregressive LMs,
which are trained through the next-token prediction
objective, as the Landmark usually comes after
the preposition. To cope with that, we leverage
the preposition stranding construction (Hoffmann,
2011), occurring in sentences where the prepo-
sition is displaced with respect to its object, and
appears after it. These constructions are usually
found in wh-clauses (Mussemann, 2024; Hoffmann,
2011), like which mat was the cat on?. However,
our interest is not in investigating the phenomenon
of preposition stranding per se, but rather to lever-
age it to frame the preposition selection as a next-
word prediction task. Our primary interest concerns
how the meaning of a Landmark interacts with the
preposition selection, helping to distinguish in from
on, and what components allow for that in LLMs.

2. Related Works

The Circuits Framework A basic tenet of MI is
that LLMs can be seen as directed computational
graphs (Ferrando et al., 2024; Geiger et al., 2021;
Elhage et al., 2021) implementing their behaviours
through smaller, identifiable sub-graphs called cir-
cuits (Olah et al., 2020; Elhage et al., 2021). Re-
cent works (Goldowsky-Dill et al., 2023; Meng et al.,
2022; Conmy et al., 2023; Syed et al., 2024; Hanna
et al., 2024) have developed techniques rooted
in causal interventions (Pearl, 2000; Geiger et al.,
2025) to manipulate model internals and discover
important components forming circuits that are
causally relevant to models’ outputs. So far, circuits
have been found for several tasks, such as Indirect
Object Identification (Wang et al., 2023), syllogistic
reasoning (Kim et al., 2025), greater-than reasoning
(Hanna et al., 2023), colored objects identification
(Merullo et al., 2023), and other factual-recall tasks
(Yu et al., 2023). Ideally, for each task a model
can consistently perform, there may be a circuit
responsible for that.

MI and Linguistic Theory - Although the litera-

ture focusing on linguistically motivated circuits is
still limited, previous works have leveraged MI con-
cepts and techniques to address problems rooted
in linguistic theory. Following the formal/functional
competence distinction proposed by Mahowald
et al. (2024), Hanna et al. (2025) ran MI analyses
on several LLMs, looking for a separation between
functional and formal circuits, adapting previous
tasks to be representative of both kinds of com-
petence. Hanna and Mueller (2025) have ques-
tioned if LLMs process sentences in an incremental,
human-like way through an investigation of garden
path constructions, showing that this may be the
case up to a certain extent. Boguraev et al. (2025),
have studied the LMs causal mechanisms underly-
ing English filler-gaps constructions, which are sup-
posed to share relevant similarities. Their findings
reveal that LLMs partially share causal structures
across different filler-gap constructions, in line with
relevant linguistic theory (Sag, 2010), while spot-
ting new factors that may contribute to refining the
theory itself, showing how the interplay between
linguistic theorising and mechanistic analysis can
help formulate stronger hypotheses about human
language. Ferrando and Costa-jussà (2024) ap-
plied several MI techniques to subject-verb agree-
ment datasets to investigate the mechanisms re-
sponsible for solving this task crosslinguistically.
Arora et al. (2024) developed CausalGym, a suite
to benchmark interpretability methods on linguistic
tasks, adapting the already existing SyntaxGym
(Gauthier et al., 2020). The present work relates
to these works, which aimed at linking mechanistic
interpretability methods to linguistic theory.

3. Data and Model

Data - We manually built a set of triplets consisting
of three nouns, respectively representing a Figure
and two Landmarks, of which one is thought
to enable a Containment, while the other a
Surface schema. All the nouns are entities
appearing in usual real-life scenarios and proto-
typical spatial configurations like <cat, kennel,
mat> or <fork, drawer, table>, and so on.
Starting from such triplets, we built five different
prompt templates to linguistically represent the
aforementioned spatial configurations, which are
locative in nature, as shown in Table 1. While the
prompts may differ in the type of sentence they
represent (interrogative, affirmative or negative),
they are all constructed around the copula to be
as it is the most basic way to express locatives
(Herskovits, 2009; Zwarts, 2017). All five templates
represent a stranded preposition construction, with
the preposition at the end, always following the
schema Landmark-Figure-preposition. We built
a list of 157 triplets from which we derived 314



11323

sentences (half expecting in and half expecting on),
which amount to a total of 1,570 available input
sentences across all templates. For experiments
requiring minimal pairs (e.g., Activation Patching,
see below), we use both clause types, expecting
in and on, as both target and counterfactual inputs
in turn. This allows us to augment the data and
to consider both prepositions as the correct label
alternately.

Model - We tested LlaMa-3.2-1b (Grattafiori et al.,
2024) as it offers a good trade-off between size
and performance. It is a basic decoder-only autore-
gressive Transformer (Vaswani et al., 2017) with 16
hidden layers, embedding size of 2,048, 32 atten-
tion heads and a vocabulary of 128,256 tokens.4

4. Experiments

4.1. Overview
We carried out a set of experiments to gain insight
into the mechanisms behind the model’s behaviour
when performing the stranded preposition predic-
tion task. Starting with a basic performance assess-
ment to make sure the model is able to perform
the task, we applied several techniques to under-
stand some of the mechanisms responsible for the
model’s behaviour. First of all, we applied the Logit
Lens (nostalgebraist, 2020) to perform Direct Logit
Attribution and to have a sense of how high-level
components of the model may directly contribute
to the logits (Ferrando et al., 2024; Geva et al.,
2022), focusing layer-wise on the residual stream,
the attention and the MLP sub-layers. This way, we
can have a sense of which high-level components
in the model are important to perform the task at
hand, as well as understand at which point of the
architecture the model starts to perform it correctly.
We performed an Activation Patching (ActP) ex-
periment (Zhang and Nanda, 2023; Heimersheim
and Nanda, 2024), again on the same three compo-
nents, to see how the information flows across them
along the model’s architecture. This allows us to
both confirm the findings of the previous experiment
and to see how the components interact with token
positions, to spot which token may be important for
the predictions. After that, we performed a Probing
(Vulić et al., 2020; Belinkov, 2022) experiment us-
ing the representation of different words to predict a
binary class distinguishing Containment and Sur-
face schemas to consolidate hypotheses made
with ActP, and to confirm which tokens gather the
important information to operate such a distinction.
We then turn to apply Edge Attribution Patching
with Integrated Gradients (EAP-IG, (Hanna et al.,
2024)) to scale over simple activation patching and

4https://huggingface.co/meta-llama/Llama-3.2-1B

try to isolate computational sub-graphs (i.e., cir-
cuits) able to retain a relevant portion of the entire
model performance. We led cross-template com-
parisons and tried to derive a unified circuit from the
intersection of the template-related circuits. The
first three experiments will be showcased in the
next Section 4.2, grouped together as part of an Ex-
ploratory Analysis mainly covering RQ1, while the
latter ones will be shown in the Section related to
Circuit Discovery, covering RQ2. The experiments
are mostly implemented using TransformerLens5

and EAP-IG6 Python libraries.

4.2. Exploratory Analysis
Performance assessment - We assessed the
model’s ability to predict the stranded preposition
with two metrics: i) Average Logit Difference (ALD)
(Wang et al., 2023), consisting of the difference in
logits between a correct and an incorrect answer
averaged across inputs, ii) accuracy, counting how
many times the model assigned higher logits to
the correct answer than the incorrect one. The
results shown in Table 1 for these complementary
metrics suggest that the model performs the task
with reasonable proficiency. In line with previous
literature (Wang et al., 2023; Zhang and Nanda,
2023; Hanna et al., 2024), in the remainder of
the paper, ALD will be the primary metric used
to assess model behaviour from a mechanistic
point of view. In our case the difference will always
be computed between the logits for the correct
preposition vs. the incorrect one. For instance, in
the sentence Which kennel was the cat the metric
would compute logits(in)− logits(on).

Direct Logit Attribution (DLA) - We applied a tech-
nique called Logit Lens (LL) (nostalgebraist, 2020),
to decode inner representations of the model into
vocabulary space by multiplying it with the unem-
bedding layer matrix (WU ∈ RV d).7 Thus, it is pos-
sible to gain insights into the contribution of each
model’s component to the formation of the logits.
The LL can be performed layer-wise with different
levels of granularity. A Transformer layer l ∈ L es-
sentially consists of two components: an attention
block Al and a Feed Forward Network FFN l linked
by the residual stream, that is the input sequence to-
ken embedding representation x = ⟨x1, x2, ..., xn⟩
at layer l. For each l, there are two residual stream
locations: xl ∈ R and xmid,l ∈ R, respectively
before and after Al. The DLA of each compo-
nent/representation to the output token w ∈ V with
the logit lens is computed as:

5https://transformerlensorg.github.io/TransformerLens
6https://github.com/hannamw/EAP-IG
7The notation for this Section is adapted from Fer-

rando et al. (2024)
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Template key Template form ALD Accuracy
templates0 The Landmark the Figure was 1.72 80.42%
templates_questions Do you know which Landmark the Figure was 2.03 86.01%
templates_questions2 Which Landmark was the Figure 0.92 66.78%
templates_relative_neg I don’t know which Landmark the Figure was 2.29 78.32%
templates_relatives_aff I saw the Landmark which the Figure was 1.71 86.01%

Table 1: Prompt templates and model performance on each of them measured with Average Logit
Difference (ALD) and accuracy.

DLAfw(x)←c = f c(xl
n)WU (1)

where the component c is either A or FFN and
f c(xl

n) is its output representation at a given layer,
and n is the last token position in the sequence. We
applied the LL layer-wise to the Al and FFN l out-
puts as well as to the pre and mid representations
of the residual stream on the last token position.

Figure 2 shows the results for the residual
stream (left) and the A and FFN outputs (right),
averaged across prompt templates. Considering
the residual stream, it seems that the model is
basically unable to perform the task until l11. On
the right side of the plot, it can be seen that the first
notable spike in the attention line, which happens
to be also the greatest, is indeed at l11, while the
FFN (mlp_out) line peaks at the l12, somehow
pairing with the left plot. Taken together, these
results suggest that: i) the model starts to perform
the task at l11, and ii) the A11 output, together
with FFN12 seems to play an important role in
initiating the process of bringing the model toward
the right prediction. This kind of analysis does
not take into account the role played by single
token representations, and it is thus impossible to
understand what the model is attending to or how
the information is flowing and mixing across tokens.
However, since attention layers are often seen as
information movers (Ferrando et al., 2024; Olsson
et al., 2022; Elhage et al., 2021), one possible
interpretation is that the attention sub-layer at the
11th block is the one starting to move the right
information from the most informative token to
the last one, which is used to finalise the prediction.

Activation Patching (ActP) (Meng et al., 2022;
Heimersheim and Nanda, 2024; Zhang and Nanda,
2023) - To better understand components’ contri-
bution to the logits position-wise, we ran a causal
intervention experiment. ActP is a technique con-
sisting in replacing components’ outputs f c(x) with
the value h̃ they would have taken if a minimally
different input was given to the model, which can be
expressed as f(x|(do(f c(x) = h̃)). This basically
means replacing (patching) the model’s activations
obtained on a “corrupted” input (x) with clean ones
obtained on a clean input (h) at each token position

and each layer until the model can restore its origi-
nal prediction. The idea is that if the model is able
to recover the clean output at a given token posi-
tion and a given component activation, then those
activations are causally relevant to the production
of the target output. We measure the impact of the
intervention using ALD as a metric:

ActPf(x)←c = ALD(f(x), f(x|(do(f c(x) = h̃))))
(2)

This technique assumes that the input dataset
is made of minimal pairs, which in our case are
sentences differing only for the nouns referring to
the Landmark and alternating between Contain-
ment schemas expecting the preposition in, and
Surface schemas expecting on. For example,
the sentence The kennel the cat was expecting
in as a possible continuation, is patched with
something like The mat the cat was expecting on,
and vice versa, so as to always have the alternation
of two different Landmarks requiring different
prepositions. For space reasons, in Figure 3 we
report the results of the experiment obtained from
a single template on the three components we
already used: residual stream, attention and FFN
outputs. Considering the residual stream patching
(Figure 3, left plot), we see that the information is
concentrated on the Landmark token and stays
on it until the 11th layer. Also, if we look at the
attention output patching (Figure 3, central plot),
we see that the slot corresponding to the last token
position and the 11th layer is always particularly
dark, hinting at the importance of that activation to
restore the output. It is possible that the attention
module at l11 is responsible for moving the right
information from the Landmark toward the last
token, making it usable for prediction. It seems like
the information needed to perform the task resides
in the Landmark token representation from the
beginning, starting from the token embedding,
but it is used only later, as already suggested by
the LL experiment. The Landmark information
seems to be moved progressively forward toward
the following tokens, whose representation gets
enriched by the preceding context and therefore
becomes more important for the prediction. At
l11, something happens, and the most important
token becomes the last one, where information is
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Figure 2: Logit lens applied to the residual stream (left) and to attention and MLP outputs (right) at each
layer

concentrated for the prediction. Other components’
activations seem to have some relevance, which
may suggest that the relevant information is
somehow spread across the sentence and the
network, and its flow may not be neatly identifiable.
However, the majority of the components activation
that show high scores in this patching experiment
are relative to the Landmark token or the last
token, which is compatible with the hypothesis
already pinpointed in the previous experiment:
the information necessary to predict the correct
preposition resides in the Landmark representa-
tion since the beginning of the model architecture
and it is moved to the last token (maybe by A11) to
make use of it.

Probing (Köhn, 2015; Gupta et al., 2015; Belinkov,
2022) - We trained a simple binary classifier on the
representations of different tokens in our sentences
to predict the binary distinction between Contain-
ment and Surface schemas. This helped us de-
code the semantic contents of the Landmark to-
kens and compare those representations with those
of other surrounding words in the sentence. In par-
ticular, we focus on three target tokens: i) the Land-
mark token, ii) the last token and iii) a random to-
ken between the previous two. Formally, the probe
maps the output of a model’s layer f l(x) to binary la-
bels as follows p : f l(x) −→ z, where the two classes
are defined as {f l(x) : x ∈ Containment} and
{f l(x) : x ∈ Surface}. To alleviate the data scarcity
problem, we trained a linear classifier, namely a
Logistic Regressor in the sci-kit-learn implementa-
tion (Pedregosa et al., 2011), with a k-fold cross-
validation regime setting k = 5. Cross-validation
has been done for each prompt template layer-wise
for all three target words. We averaged the accu-
racy scores across folds and templates, as shown
in Figure 4. It can be seen that the classifier can
distinguish between the two classes since the very
beginning of the model architecture (i.e., from the
embedding layer) when Landmark tokens are used,
while it is unable to make the distinction for both

the random and the last token at the beginning.
However, both random and last token representa-
tions seem to approach the Landmark one pretty
quickly in the early and middle layers of the model,
and the probe performances tend to converge to-
ward the latest layers for all the analysed tokens.
This may be caused again by the fact that, initially,
the needed information is stored in the Landmark
token, and it is then spread across the following
tokens, as they become progressively more con-
textualised. This experiment shows how the two
classes of Landmark can be separated based on
the semantic content of their embeddings, along a
clear distinction between Containment and Sur-
face schemas.

To sum up, in this Section, we have seen that the
model is able to perform the task starting from the
11th layer, that two components seem particularly
involved in allowing that, namely attention output
at 11th layer and Feed Forward Network output at
the 12th layer and that the Landmark token seems
to contain the necessary information to operate the
in/on distinction since the initial layers of the archi-
tecture. In the next Section, we’ll turn our attention
to automatically discover minimal sub-graphs that
may be responsible for performing the task.

4.3. Circuit Discovery
Edge Attribution Patching with Integrated Gra-
dients (EAP-IG, Hanna et al. (2024)) - EAP-IG is an
automatic circuit discovery technique which scales
over activation patching and improves over simple
attribution patching (Syed et al., 2024), incorporat-
ing gradient integration (Sundararajan et al., 2017),
already used to improve gradient methods for input
features attribution (Shrikumar et al., 2017; Wang
et al., 2024). This allows for automatically scoring
the importance of edges linking components in the
net, evaluating their contribution to the logits.

Edge activations are scored by cumulating the
gradients on a straight line path going from a base-
line input representation z′ to z, which measures
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Figure 3: Activation patching results example on a single template

Figure 4: Accuracy of the probe averaged across
folds (k=5) and prompts

the degree of change in the contribution to the logits
caused by the change in the input. Gradients inte-
gration is usually replaced with a sum of m steps for
computational reasons (Sundararajan et al., 2017;
Hanna et al., 2024) and the full scoring equation is
reported in equation 3.8

(z′u − zu) =
1

m

m∑
k=1

∂L(z′ + k
m (z′ − z))

∂zv
(3)

After edges are scored according to equation
3, we can retain the top-k ones and isolate a cir-
cuit. We applied EAP-IG to our task, running the
model over all five templates independently, to iso-
late, for each of them, a circuit retaining 85% of
the full model performance. We firstly scored the
model’s edges with EAP-IG, then we started from
a threshold of 50k (15% of model size), best per-
forming edges and pruned them until we reached
a circuit retaining around 80-85% of the model per-
formance. The performance of the circuits we ob-
tained is shown in Table 2 along with the retained
value with respect to the baseline (full-model) and
their size, both in terms of the number of edges

8For complete details about this implementation we
refer the reader to Hanna et al. (2024)

Performance Edges included
Template ALD Retained # %
templates0 1.47 85% 25,909 6.70%
templates_questions 1.73 85% 48,965 12.66%
templates_questions2 0.73 80% 48,972 12.66%
templates_relative_neg 1.96 85% 32,952 8.52%
templates_relative_aff 1.44 84% 48,952 12.66%

Table 2: Average Logit Difference (ALD) obtained
with the identified circuits and percentage of re-
tained performance with respect to the baseline
(full-model). Each circuit has been derived from a
specific template.

included and their proportion with respect to the
whole model size. We then perform several cross-
template comparisons, measuring the structural
similarity among circuits derived by different tem-
plates and the transferability of one circuit’s perfor-
mance to templates different from the one used to
derive it in the first place. Lastly, we tried to derive a
single core circuit from the intersection of the single
template-related circuits to have a minimal common
subgraph to be tested across all templates.

4.3.1. Cross-template comparisons and "core
circuit"

Following Hanna et al. (2024), we computed both
the structural similarity between pairs of circuits,
in terms of edges overlapping through Intersec-
tion Over Union (IoU) and Edge Recall (ER) as
shown in equation 4 and Cross-Template Faith-
fulness (CT-Faith) in terms of the performance
of a circuit derived from a certain template on a
different template:

ER(C1, C2) =
C1 ∩ C2

C2

IoU(C1, C2) =
C1 ∩ C2

C1 ∪ C2

(4)

The CT-Faith metric shows how much better or
worse a circuit derived from a template X performs
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Figure 5: Comparisons among circuits with Edge Recall (left), Intersection over Union (center) and
cross-template faithfulness (right)

on a template Y with respect to the circuit origi-
nally derived from template Y , and its values have
to be read as percentages. Therefore, 1 stands
for exact matching of the performance between
the two circuits, while lower- and greater-than-one
values are to be considered respectively as wors-
ening or increasing in performance. Ideally, if cir-
cuits capture the task nature with a high degree of
generalisation, different prompt template formali-
sations of the same underlying task should yield
equal or highly similar and similarly performing cir-
cuits. Figure 5 shows the results for all three used
metrics. It can be seen that, on average, IoU is
about 0.55 while ER gets higher scores, with an
average of 0.77. Although both these metrics are
problematic when measuring overlap among cir-
cuits of different sizes, 3 out of 5 of the compared
circuits have the same size (12.66%) as shown
in Table 2, which should mitigate the problem to
some extent. Taken together, these three metrics
suggest that the similarity among circuits derived
from the different templates is not striking and that,
while some circuits tested on templates different
from the one used to derive them actually improved
the performance over the original circuit, most of
them underperform.

Lastly, we derived a circuit from the intersection
of all the circuits obtained from the different tem-
plates. We call it the core circuit as it represents the
core edges common across all template-derived
circuits. We then tested the performance of this cir-
cuit on each of the different templates to compare
the performances of the full model, the template-
derived circuits and the core circuit. The size of
this derived circuit is only 3.6% of the entire model
but it is able to retain substantial portions of the
entire model performance, ranging between 59%
and 70% depending on the template, as shown in
Table 3.

Template ALD Retained
templates0 1.2 70%
templates_questions 1.4 69%
templates_questions2 0.65 70%
templates_relative_neg 1.6 70%
templates_relative_aff 1 59%
Core-Circuit size 3.6%

Table 3: Average Logit Difference (ALD) obtained
by the core circuit on each template and percentage
of retained performance with respect to baseline.
The circuit is derived from the intersection of all
template-related circuits.

5. Discussion

We have investigated whether LlaMA-3.2-1b en-
codes important information about the distinc-
tion between Containment and Surface Image
Schemas governing the selection of locative prepo-
sitions. To do so, we have looked at models’ rep-
resentations and components’ behaviour through
a series of experiments. With Direct Logit Attri-
bution, we saw that the model starts to perform
the task around layer 11 and that the output of two
components seems to be particularly important: at-
tention and Feed Forward Network outputs at layer
11 and 12, respectively. At the same time, Probing
showed that the Landmark token seems to contain
enough information to distinguish the two schemas
early on in the architecture, but this information
is somehow taken from that token and gathered
into the last one for prediction starting from layer
11th, as shown by Activation Patching. Through
EAP-IG, we have been able to isolate circuits re-
lated to single templates as well as a minimal core
circuit derived from the intersection of the previ-
ous one. We saw that the overlap, both in terms
of edges and performance, across the different
circuits is partial and performance transferability
variable. However, a circuit of only 3.6% the size
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of the full model can retain a substantial portion of
the baseline performance (59-70%), and may be
considered the backbone mechanism for the task
at the end. These findings suggest that, while it
is possible to discover small circuits responsible
for the behaviour under analysis, formal changes
in the prompt can make this unstable. An impor-
tant implication of that is that a certain degree of
variability in the template may be taken into ac-
count when performing circuit discovery, as a task
may be expressed through different linguistic for-
mulas, which may lead to variable results. This
may also suggest that the task is not encoded at
a higher abstract semantic level transcending its
different prompt realisations, but it is rather influ-
enced by the actual linguistic form of the templates.
All in all, it seems that the model distinguishes be-
tween Containment and Surface schemas and
selects the locative preposition accordingly, and
that some specific components are responsible for
that, consistently across different prompt templates,
while there is variability concerning the complete
circuits employed to solve the task when presented
in different forms. However, precisely interpreting
the role of the components and the circuit is not
easy and may be only speculative at this stage,
requiring further work and analysis. In our case,
applying MI techniques to a problem devised on
the basis of theoretical assumptions rooted in Cog-
nitive Linguistics has proven useful to formulate
hypotheses regarding the mechanisms responsible
for performing the given task and thus better un-
derstanding how specific linguistic knowledge may
be encoded inside the model’s internals. Specifi-
cally, these techniques offer a powerful toolbox to
investigate linguistically relevant problems in LLMs,
providing a newer way to evaluate the linguistic
competence these models encode. Therefore, gen-
eralising this approach to other phenomena may
broaden the evaluation strategies at our disposal
and help gain deeper insights about the relation-
ship between models’ mechanisms and theoretical
linguistics predictions.

6. Conclusions

In this work, we introduced a linguistic task, namely
the Stranded Locative Preposition Prediction, to
frame the locative preposition selection as a next-
token prediction and investigate it with MI tech-
niques. We have shown that the model can solve
the task, and we located some of the high-level com-
ponents that may be responsible for the behaviour
through a series of experiments. We have seen
that both template-related circuits and a minimal
core circuit can be derived, and their performance
assessed against the baseline obtained by the full
model. We plan future improvements of the task by

expanding the set of prepositions and constructions
to test, including, for example, Path schemas like
Source and Goal, while leading more granular
analysis on the located model’s components.

7. Limitations

This work has a number of important limitations.
We only experimented with a narrow phenomenon
and, in the future, more image schemas and prepo-
sition alternations may be included. Several of the
tested techniques, such as Activation Patching and
EAP-IG, assume important constraints on the input
data as building a dataset of carefully aligned mini-
mal pairs. This makes it difficult to manually craft
datasets to test, and therefore, we could experiment
with only a relatively small dataset. Other tech-
niques, like value zeroing (Mohebbi et al., 2023) for
context mixing or information flow route (Ferrando
and Voita, 2024) for circuit discovery, exist that may
be complementary to the ones we used and may
be useful to develop an even more complete picture
of the mechanisms behind the task at hand.

Lastly, we only tested one LLM, which limits the
generalization of the findings across models, as it
is not granted that models use akin mechanisms
to encode the same information and perform the
task.
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