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Abstract

Idioms present a unique challenge for language
models due to their non-compositional figura-
tive interpretations, which often strongly di-
verge from the idiom’s literal interpretation. In
this paper, we employ causal tracing to system-
atically analyze how pretrained causal trans-
formers deal with this ambiguity. We localize
three mechanisms: (i) Early sublayers and spe-
cific attention heads retrieve an idiom’s figura-
tive interpretation, while suppressing its literal
interpretation. (ii) When disambiguating con-
text precedes the idiom, the model leverages it
from the earliest layer and later layers refine the
interpretation if the context conflicts with the
retrieved interpretation. (iii) Then, selective,
competing pathways carry both interpretations:
an intermediate pathway prioritizes the figura-
tive interpretation and a parallel direct route
favors the literal interpretation, ensuring that
both readings remain available. Our findings
provide mechanistic evidence for idiom com-

prehension in autoregressive transformers'.

1 Introduction

Idioms pose a challenge to standard semantic com-
position because, as multi-word expressions, their
figurative meanings don’t follow from the literal
meanings (Beck and Weber, 2020). For instance,
“kick the bucket” conveys the figurative interpreta-
tion “to die”, yet its literal sense “physically kick-
ing a container” remains semantically available.
Psycholinguistics has investigated how humans un-
derstand idioms, whether they access the figura-
tive interpretation directly or first have to access
the literal interpretation of the idiom and only in
a later stage suppress that interpretation and ac-
cess the figurative interpretation. These findings
have led to various models describing human idiom
processing (Gibbs, 1980; Cacciari and Glucksberg,

TCo-corresponding authors.
'Code and dataset are available at https: //github.com/
sori424/idiom_processing

( ) old
‘ MLP I Attention ‘

He would kick the

bucket

because S0

Figure 1: The figurative and literal interpretations are
highlighted in the blocks and paths. We find three main
steps for idiom processing: 1 Idiom retrieval step:
Early layers (i.e., layers 0-3) attention and MLP are
actively retrieving the idiom’s figurative interpretation
while storing both figurative and literal interpretations
in the residual stream. @2 Selective interpretation step:
At the token immediately following the idiom span, the
model begins to encode a representation that favors the
figurative interpretation over the literal one, starting
from the middle layers. 3) Interpretation routing: For
final prediction, the model passes literal interpretation
via both a direct compositional semantic path (52),
as well as the intermediate pathway that prioritizes the
figurative interpretation (§ figurative path).

1991; Bobrow and Bell, 1973; Cacciari and Tabossi,
1988).

Yet for LLMs, it’s unclear how they process id-
ioms, potentially limiting further improvements
in their idiom comprehension (Kabra et al., 2023;
Liu et al., 2024; Knietaite et al., 2024). One ex-
planation may lie in how the model transforms
raw input token embeddings into richer representa-
tions (Tian et al., 2023; Haviv et al., 2023; Dankers
et al., 2022). Within the autoregressive transformer,
token representations are incrementally refined
through a series of residual layers, which consist of
multi-head self-attention (MHSA) and MLP sub-
layers, each adding their outputs to update the rep-
resentation (Vig et al., 2020). This multi-stage
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transformation suggests that idiom processing pro-
ceeds via a sequential shift from compositional to
non-compositional representations (Haviv et al.,
2023; Dankers et al., 2022).

In this paper, we first aim to identify how the
idiom is interpreted by a transformer Llama3.2-
1B (we also run experiments on Llama3.1-8B,
Qwen2.5-0.5B, Qwen2.5-7B), where its figurative
interpretation is located, and how it is retrieved by
the model compared to its literal counterpart. To
this end, we pinpoint specific components of the
model that have specialized in processing idioms by
boosting their figurative interpretation, while sup-
pressing the compositional semantic literal inter-
pretation. Having identified these, we proceed to in-
vestigating the information flow in the model, with
the goal of identifying specific pathways through
which the figurative interpretation is passed for-
ward to the final prediction, and whether this dif-
fers from the pathways of passing forward informa-
tion about an idiom’s literal interpretation. Addi-
tionally, given that the context plays a key role in
disambiguating the interpretation of an idiom (Mi
et al., 2025; Fazly et al., 2009; Dankers et al., 2022;
Holsinger, 2013), we investigate how context inter-
acts with lexical information of idioms.

We address these questions through knockout
analyses (Nanda et al., 2023; Wang et al., 2022;
Geva et al., 2023), where we separately ablate acti-
vations of each component (layer-wise MHSA and
MLP, individual attention heads) in the model to
observe their importance for retrieving idiom’s fig-
urative interpretation, and contextual disambigua-
tion. Furthermore, to trace the flow of these inter-
pretations, we employ activation patching experi-
ments (Wang et al., 2022; Meng et al., 2022; Hanna
etal., 2023; Conmy et al., 2023; Stolfo et al., 2023),
in which we ablate one or both interpretations from
specific pathways within the model. Figure 1 sum-
marizes our main findings. Our contributions are:

* We find that early layers and idiom specific
heads causally retrieve figurative interpreta-
tions, while suppressing the corresponding
literal counterparts (Section 4).

* We identify a selection mechanism at the to-
ken immediately following the idiom, where
an intermediate path carries a strong flow to-
ward the figurative interpretation. In parallel,
a bypass pathway preferentially carries literal
information directly to the final prediction,

circumventing the intermediate pathway (Sec-
tion 5).

* We localize where context resolves idiomatic
ambiguity, showing that early MLP/MHSA
layers suppress figurative retrieval under lit-
eral context, while later MHSA integrates sur-
rounding tokens to refine the context consis-
tent interpretation (Section 6).

2 Idiom interpretation task

We conduct our experiments in two setups. First,
we investigate how language models process id-
iomatic expressions, which permit both figurative
and literal interpretations. In the second setup, we
introduce disambiguating context by adding pre-
ceding sentences.

We formalize a next-token prediction task and
construct a dataset. Idioms are embedded into a
sentence template designed to reveal their interpre-
tation through continuation ‘X (would) IDIOM
because X was so/too/a/the’2. This template
preserves idiom ambiguity while eliciting causal
completions (e.g., for ‘kick the bucket’, figurative
completions include ‘old/sick’, while literal com-
pletions include ‘angry/mad’.) Since there is no
single ground truth continuation, we automatically
construct token sets consistent with either the figu-
rative or literal interpretation. The tokens in each
set are mutually exclusive and chosen for their high
likelihood of association with the respective inter-
pretation. Below, we outline the dataset construc-
tion process, and see Figure 9.

1. Idiom Extraction: We select 245 idioms from a
psycholinguistic paper (Cronk et al., 1993), each of
which received high literality (humans rated the lit-
eral meaning as plausible). This ensures ambiguity,
which is necessary to evaluate the model’s change
between literal and figurative interpretations.

2. Sentence Generation: We generate a lit-
eral paraphrase and a figurative paraphrase for
each idiom using the Llama3.3-70B-instruct
model (Grattafiori et al., 2024). The sentences
below are three examples of the generated ambigu-
ous sentence (s,), figurative paraphrase (s ), and
literal paraphrase (s;):

"Here, X is instantiated with pronouns and morpholog-
ically adapted; X is instantiated with various pronouns
(he/she/it/they); the word “would” is inserted only in some of
the idioms to make the sentence sound more fluent; idioms
are morphologically fit into the sentence; depending on sg/pl
form of X, the second part of the template contained was or
were.
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Sa He would kick the bucket because he was so
Sf He would die because he was so
S] He would kick the container because he was so

3. Token Set Generation: To generate sets of next-
word completions that are indicative of the figu-
rative vs. the literal interpretation, we prompt the
Llama3.3-70B-instruct model with paraphrases (s,
s;) and obtain logit distributions. Let 2() and 2
denote the logits corresponding to sy and s; as in-
put, then we compute the element-wise difference
between the two sets Az, = z&f ) _ zq()l), where
v € V is the vocabulary size of the model. Since
tokens that score high in one paraphrase tend to
score low in the other, Az, captures each token’s
interpretation-specific relevance. We take the 20
tokens with the largest Az;, as the figurative can-
didate set C'y, and the 20 with the smallest Az, as
the literal candidate set Cj.

4. Context Generation: Using each paraphrased
sentence, we generate a preceding context sentence
that disambiguates the interpretation of the subse-
quent idiom. The examples below illustrate the
generated figurative context (£'C') and literal con-
text (LC).

FC  His breath rattled after every step. He would die
because he was so
LC  The vending machine ate his coins. He would kick

the container because he was so

3 Methodology

3.1 Information flow in transformers

Given an input token sequence t = [t1,...,tN]
over a vocabulary V, each token is embedded as
x) = PE(emb(t;),i) € R?, where PE denotes a
positional encoding function that injects position
7 into the token embedding (Vaswani et al., 2017),
and d is the model’s hidden dimension. From layer
0, these vectors x? are carried forward and accu-
mulated over the subsequent L layers. At each
layer ¢, the hidden state for token ¢ is updated from
its previous value Xfil by adding the multi-head
self-attention (MHSA) output af and MLP output
L

xt

A | l l
i =X,  ta +m.

MLP Sublayers Every MLP sublayer computes
a local update for each representation:

mf = Who(Wf(af +x/7),

where W§ € R%7*4 and W, € R¥9s7 are pa-
rameter matrices with inner-dimension dy; and o
is a nonlinear activation function.

MHSA Sublayers Each attention layer’s output
af aggregates information of multiple parallel at-
tention heads h. The parameter matrices of each
MHSA sublayer comprise three projection matri-
ces Wé, Wf;, W‘e/ e R4 and Wé e RIxd,
The columns of each projection matrix and rows
of the outputs matrix can be split into H equal
parts, corresponding to the number of attention

. . . d 4
heads WE’], Wéj, W‘E/’] € R™H, and Wé’j €

d
RHE*? j = [1,H]. Let Xt~! € RN*d be the
matrix of all token representations at layer ¢ — 1,
AbI € RV*N encodes the weights computed by
the j-th attention head at layer ¢, where it’s masked
to a lower triangular matrix. The MHSA output is
the sum over individual attention heads matrices:
H
af => (A XTIW YW
j=1

After L layers, the final hidden state X% is
mapped to vocabulary logits via an unembedding
matrix Wiy € RIVIX?, so that y = Wy xk € RIVI,
and softmax(y) defines the next-token distribution.
Thus we can view a transformer as a computa-
tional graph G: X — ), where token embeddings,
MHSA sublayers, MLP sublayers, and the unem-
bedding all communicate via the residual stream.
We refer to Vaswani et al. (2017); Geva et al. (2023)
for further details.

3.2 Knockout

If we think of a model as a computational graph
G, then certain behaviors of the model can be at-
tributed to specific subgraphs G, C G (Rai et al.,
2024). Identifying such subgraphs provides a valu-
able mechanism for interpretability, enabling the
isolation of individual components and their con-
tributions to the model’s behavior. A knockout
removes specific components to quantify their con-
tribution to particular behaviors (Nanda et al., 2023;
Wang et al., 2022; Geva et al., 2023). Every acti-
vation in Gy, can be replaced by either zero or
reference mean:

_Jo or b if(4,i) € Gaw,
X otherwise.



then G with those components “knocked out” is

Gknook:G(...,if,...).

By replacing the activations of these components,
we eliminate the contributions of G,; while keep-
ing other computations in G fixed.

3.3 Activation patching

Activation patching is a technique to identify which
activations in a model contribute to a particular
output (Wang et al., 2022; Meng et al., 2022; Hanna
etal., 2023; Conmy et al., 2023; Stolfo et al., 2023).
This involves running the model on input A, then
selectively patching certain activations with those
obtained from a paired input B:

Gpach(A = B) = G(x}(A),...,x{(B),x{T(A4),...).

By comparing the original output for input A
with the altered output after patching, we can pre-
cisely measure how much the introduced activa-
tions from input B shift the model’s output.

34

To measure whether the model assumes the fig-
urative or literal interpretation when given each
prompt s € {sq,sf,5}, we define two scores
based on cumulative probabilities:

> pler | s); L(s) =

CfECf

Metric for measuring interpretation shift

F(s) =

Z pla ] s).

g eCy

After applying an intervention, we quantify its
causal effect:
AI(S) = interv(s) - Iorigin(5)7 Ie {F7L}a
where Al < 0 means the intervention disrupts the
corresponding interpretation, implying the com-
ponent is necessary; Al = 0 shows no effect;

AT > 0 implies the component is not required
(or may even inhibit) that particular reading.

4 Localizing idiom’s figurative
interpretation retrieval

We deliberately preserve idiomatic ambiguity by
analyzing idioms without the context, so we can
localize where, and through which components, the
model shifts between figurative and literal interpre-
tations.

4.1 Probing sublayers through knockout

To locate the mechanisms for retrieving figurative
interpretations, we knock out the activations at id-
iom span tokens by replacing them with their mean
values computed over all s,. By knocking out the
activations across each layer, we assess how the
probabilities of predicting specific candidate to-
kens (AF(s,), AL(s,)) change. To narrow down
the points to which we can ascribe a functional role
for a specific computation component, we limit the
intervention to a MLP and MHSA in each block.
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—— AF(sq)
— AL(sa)
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—
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Figure 2: Sublayer-wise interpretation shift A7(s) af-
ter ablating activations at idiom span, for sentences
s € {sq,5f,5}. Y-axis: Mean values of AL(s,),
AF(sq), AL(s), AF(sy) with 95% confidence inter-
vals across idiom sentences. X-axis: Layers. Gray
dashed line: AT = 0 (no effect). The red asterisk (*)
marks layers where the difference between AL and A F
exceeds the average difference across layers (paired ¢-
test, p < 0.05).

Results  Figure 2a shows by how much the
model’s interpretation of the idiom changes when
the MLP sublayer is knocked out. We observe sub-
stantial drops of AF'(s,) when knocking out early
MLP sublayers (0-2). At the same time, we see
an increase in the probability of the literal comple-
tions: AL(s,) rises above zero. And these shifts
are significantly different in 0-3 layers (p < 0.05).
This indicates that early layer MLPs are causally
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important for reading out the figurative interpreta-
tion while potentially suppressing the literal one.
For later layers (> 4), the knockout does not affect
the model’s interpretation, where the correspond-
ing patching effect converges to zero.

Figure 2b shows the effect of MHSA knock-
out, which is similar to what we observed with
MLP sublayer knockout. Specifically, knocking
out early layers MHSA (0-3) leads to a drop in
AF(s,) and increase in AL(s,). The most signif-
icant difference between AF'(s,) and AL(s,) is
in layer 1, where AF'(s,) dropped by —0.30 and
AL(s,) increased by 0.16 (p < 0.05). After layer
4, knocking out MHSA has little to no effect on
interpretation, as the values converge toward zero.

Together, the two interventions track the @ id-
iom’s figurative interpretation retrieval: Early
MHSA layers (0-3) gather and bind token-wise
interactions, while early MLP layers (0-3) trans-
form those bound representations into a figurative
interpretation, while suppressing the literal one.
This early layer idiom interpretation retrieval aligns
with the findings of Haviv et al. (2023), who argue
that idiomatic information is accessed in the initial
layers of LLMs during inference. After layer 4,
AF(s,) and AL(s,) stabilize to zero, indicating
that later sublayers are not adding new information
and that the representations of the interpretations
at the idiom span tokens are no longer used by any
subsequent tokens.

Moreover, these components are specifically es-
sential for idiom processing, not generally impor-
tant for semantic interpretation of a sentence. Fig-
ure 2¢ shows that the drop from knocking out early
MLP sublayers is significantly smaller in layer 1
for the two paraphrases (A L(s;), AF(s7)) than for
the idiomatic expression, (AF'(s,)), (p < 0.05).
While, at layer 0, the knockout effect is large for
all expressions, as in this case, the MLP block is
processing the semantics of the sentence. Figure
2d shows a similar effect for the early MHSA lay-
ers (0-2) where literal paraphrases are not strongly
affected by knockout (A L(s;), AF'(s)) compared
to idiomatic expression (A F'(s,,)), (p < 0.05). The
crucial role of figurative interpretation retrieval in
early layers is consistent across different models
(Appendix D).

4.2 Identifying attention heads specific to
retrieving figurative interpretations

Next, we investigated which attention heads are
specialized for retrieving an idiom’s figurative in-
terpretation. We knock out attention heads it-
eratively at the idiom span tokens and measure
AF(sq), AL(s,). To operationalize this, we de-
fine idiomatic heads (Higiom) as heads with a large
negative AF'(s,) and positive AL(s,).
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0o 4 8 12 0o 4 8 12
Layers Layers
(a) AF(sq) (b) AL(sq)

Figure 3: Heatmaps of the (a) AF(s,) (b) AL(s,)
when ablating individual attention heads at the idiom
span. Idiomatic heads: Heads those are crucial for re-
trieving the figurative interpretation of idiom; —AF(s,)
and +AL(s,), simultaneously.

We identify attention heads whose removal reli-
ably decreases figurative probability (—AF'(s,)),
while increasing literal probability (+AL(s,)) for
the idiom sentences. To identify which of these
heads are consistently important across instances
of s,, we performed a nonparametric bootstrap
with B = 1000 resamples for each head’s con-
tribution to the interpretation. We then rank all
heads by, on the one hand, —AF(s,), and, on the
other hand, +AL(s,), and select the top 20 heads
highly ranked on both orders (selected attention
heads listed in Appendix Table 1). Figure 3 shows
that there is a subset of attention heads that simul-
taneously exhibits large —AF'(s,) (Figure 3a) and
+AL(s,) (Figure 3b).

4.3 Causal role of MLP sublayers and
idiomatic heads in figurative reading

To show that the components that we found (i.e.,
early MLP sublayers and H;gjom) are causally suffi-
cient for figurative reading, we patch the activations
on s, at idiom span tokens into the corresponding
components when processing s;: patching their ac-
tivations from the idiom sentence into the literal
paraphrase increases AF'(s; <= s,) and decreases
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AL(s; < s4), while patching random components
has no effect.

Results Patching these components boosts
the figurative interpretation, as quantified by
AF(s; <> s4) (M = 0.17, SD = 0.49) while
suppressing the literal interpretation, AL(s; < s4)
(M = —0.29, SD = 0.58). In contrast, patching
random components barely affects the figurative in-
terpretation (AF'(s; <= s4): M = —0.008, SD =
0.09) as well as literal one (AL(s; <= sq): M =
—0.005, SD = 0.11). Effects on the experi-
ment and the control are significantly different
(p < 0.05). These contrasting effects suggest that
idiomatic components are specialized to enhanc-
ing the figurative interpretation while suppressing
literal interpretations, so that replacing their activa-
tions injects a figurative interpretation and ampli-
fies AF'(s;), while dropping AL(s;).

5 Tracing the interpretation flow

5.1 Locating idiom interpretation across
token positions

After the retrieval process, the model encodes both
literal and figurative interpretations in its residual
stream. We next investigate how these two rep-
resentations are weighted or integrated in the fi-
nal prediction. To locate the representation of the
interpretations, we calculate the mutual nearest-
neighbor kernel alignment (Huh et al., 2024; Cho
et al., 2025) between sentence embeddings of a
corresponding idiom token span from sy and s;
encoded by BGE M3 (Chen et al., 2024) and hid-
den states from various token positions of idiom
sentence S,. This metric quantifies the similarity
between representations, with higher values indi-
cating greater semantic similarity.

Results We observe that at the ‘because’ token
(Figure 4b), the kernel alignment between the id-
iom’s hidden states and its figurative interpretation
surpasses that of the literal interpretation after layer
4. This suggests that by this point, the model has
begun to favor the figurative interpretation (@2 selec-
tive interpretation step). Based on the results, we
hypothesize an intermediate pathway where token
position ‘because’ plays a pivotal role in steering
the idiom toward a figurative interpretation. In par-
allel, to keep the alternative interpretation available
at the prediction (as in Figure 4d), we posit a di-
rect route that favors the literal interpretation by
more strongly preserving compositional semantic
information.
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Figure 4: Kernel alignment between hidden states (x)
extracted from four different token positions of s, and
semantic embeddings of paraphrases (s¢, s;).

5.2 Analyzing layer-wise competing
interpretation flow through activation
patching

To measure the information flow along the inter-
mediate pathway (through the subsequent token
position ‘because’), we patch the activation s, at
the ‘because’ token with s or s; (Figures 5a, 5b).
On the other hand, patching the activation s, at the
idiom token span with an alternative activation (s
or s;) and then re-patching attention at the ‘because’
token with s, allows us to isolate the information
that flows via the direct route (Figures Sc, 5d).

L, F L, F
K, F L, E
kick the bucket because .. so kick the ‘bucket because .. so
because s because s,
(a) sq <= sy at ‘because’  (b) sq <= 57 at ‘because’
L, F L, ¥
’
+, F L, +F
kick the bucket because .. so
T T kick the bucket because .. so
die s, because s, kick the container 5, because s,

(c) sq ¢ sy atidiom span,
Sq ¢ Sq at ‘because’

(d) sq <= s; atidiom span,

Sq < S, at ‘because’
Figure 5: Conceptual description of the activation patch-
ing experiments for tracing information flow (L = literal
interpretation; F = figurative interpretation).
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Figure 6: Layer-wise interpretation shift after patching
in activations. The red asterisk (*) marks layers where
the difference between AL and A F' exceeds the average
difference across layers (paired t-test, p < 0.05).

Results Figure 6a shows that the patching as il-
lustrated in Figure 5a, increases the AF'(sq <= s§)
in mid-layers 4-10 (max: 0.17), but has a rel-
atively small effect on AL(s, < sy), which
shows some decrease (min: —0.09). Patching
in s (as in Fig. 5b) removes the intermediate
path figurative flow, which leads to an increase
in the AL(s, <= s;) in mid-layers (6-10) as shown
in Figure 6b (max: 0.13). At the same time,
AF (s, < s;) drops symmetrically in the same
layers (min: —0.10). This indicates that the figu-
rative interpretation is suppressed in favor of the
literal interpretation.

The asymmetry between increases and decreases
show that a figurative injection doesn’t lead to sup-
pression of the literal interpretation. By contrast,
a literal injection must first suppress the figurative
interpretation in that subspace to have an effect,
producing a more symmetric push—pull tradeoff.
This indicates that for the mid-layers at the ‘be-
cause’ token position, the model’s residual stream
is the predominant route for the figurative interpre-
tation (g figurative path).

Meanwhile, Figure 4d indicates that literal inter-
pretation remains competitive with the figurative

one. We assume that there’s a different path that
favors the semantically literal interpretation (3=
compositional semantic direct path) to convey its
information to the final prediction, directly bypass-
ing the intermediate path.

To probe this, we replace the idiom sentence’s id-
iom token span activation with the activation from
a paraphrased sentence, and re-patch the ‘because’
token with the idiom sentence’s original activation
(as shown in Figures 5c, 5d). This preserves the
intermediate pathway and isolates the contribution
of the direct route. Figure 6¢ shows that removing
direct path’s literal interpretation produces a large
drop in AL (min: —0.25) and rise in AF' (max:
0.20). Conversely, removing the direct path’s figu-
rative interpretation yields only a modest drop in
AF (min: —0.10) and a small increase in AL (max:
0.10). These results indicate that the direct path
predominantly conveys literal information. This
pattern is consistent across different models (Ap-
pendix E).

6 Localizing idiom disambiguation in
context

To assess the role of context in idiom disam-
biguation, we’re now looking at the setup with
context. We retain an instance only when the
model assigns higher cumulative probability to the
context-consistent candidate than to the alterna-
tive (i.e., F'(sq|FC) > F(s4|LC), L(s4|LC) >
L(sq|FC)).

6.1 Probing sublayers through knockout with
figurative vs. literal context

We conduct a layer-wise knockout experiment to as-
sess how MLP and MHSA components contribute
to idiom processing when the same idiomatic ex-
pressions are presented in different contexts.

Results Figure 7a shows that for idioms in a fig-
urative context, knocking out the MLP in the early
layers (0-3) results in a significant drop in AF
(min: —0.62) and increase in AL (max: 0.66), con-
sistent with the pattern observed for idioms without
context (Figure 2a). This indicates that these layers
are critical for retrieving the figurative interpreta-
tion independently of context. This result is con-
sistent across different models (Appendix F). For
idioms in a literal context (7b), ablating the MLP
layer 1 leads to a significant drop in AF (min:
—0.33) and an increase in AL (max: 0.09), indi-
cating that the figurative interpretation is still being
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Figure 7: Sublayer-wise interpretation shift A7 after
knockout activations at idiom span with contexts. The
red asterisk (*) marks layers where the difference be-
tween AL and AF' exceeds the average difference
across layers (paired ¢-test, p < 0.05).

retrieved. The effect persists but is small compared
with the figurative context condition, where early
layers at the idiom token appear to encode context
that suppresses figurative retrieval while biasing
toward the literal interpretation.

A similar pattern is observed in the MHSA lay-
ers. As shown in Figure 7c, under figurative con-
text, ablating early layers (0-3) produces a pro-
nounced decrease in AF (min: —0.33) and an
increase in AL (max: 0.48). Under literal con-
text, ablating the earliest layers (0-1) yields a
drop in AF' (min: —0.32), whereas only modest
changes for AL (max: 0.16) relative to the figura-
tive context condition. That is, the literal context
suppresses retrieval of the figurative interpretation
from the very earliest layers. Moreover, ablating
the layers (3—7) under literal context flips the pat-
tern, where A F is increasing while AL is decreas-
ing with a significant difference (Figure 7d). This
indicates that, after the initial retrieval of figura-
tive interpretation, the literal interpretation, which
is disambiguated from context, is refined through
mainly MHSA mediated integration with surround-
ing tokens.

In sum, the results point to a two stage context
disambiguation: (1) early layers retrieve figurative
evidence while beginning to encode context, fol-
lowed by (2) mid-layers, MHSA-driven contextual

disambiguation that resolves conflicts in favor of
the context-aligned interpretation.

6.2 Probing MHSA contextual
disambiguation with Query-preserved KV
patching

To examine in detail how MHSA mediates con-
textual disambiguation in early-mid layers, we
perform Query-preserved Key-Value patching, in
which MHSA’s Key—Value (KV) activations are
swapped while selectively preserving idiom tokens’
query (Q) activations across layers, thereby redi-
recting the model’s attention toward alternative
contexts. That is, we switch idiom token span’s
attention from a figurative-context to the literal con-
text, and vice versa. If the model’s final prediction
changes from figurative to literal (or vice versa) af-
ter patching, it demonstrates that the MHSA mech-
anism in those specific layers is responsible for
using the context in the disambiguation process.

e
o

e
o

/:} —— AF 1} —— AF
+ — AL + — AL
8 01 ---- No Effect LLL) 0.1 ---- No Effect
1:, 0.01-===--= 1ﬁ 0.0
1) 1)
+ +
© -0.1 © -0.1
) 3
’a 0 * kk ok ’a 0.2 kkk ok
70 2 4 6 8101214 70 2 4 6 8101214
Layers Layers

(@) FC +54 <= LC +s,
at idiom span

(b) LC +s4 <= FC +s,
at idiom span

Figure 8: Layer-wise interpretation shifts A7 under Q-
preserved KV patching. Y-axis: Mean AL(s,) and
AF(s,) across idiom sentences. X-axis: Layers. Gray
dashed line: AI = 0 (no effect). The red asterisk (*)
marks layers where the difference between AL and A F
exceeds the average difference across layers (paired ¢-
test, p < 0.05).

Results As shown in Figure 8, patching in KVs
with alternative context yields a shift in interpreta-
tion of idiom. Under FC, effects appears already
at layer 0O, indicating immediate context sensitivity,
with additional peaks at layers 2-3 and 6. Under
LC, the probability of the context matched interpre-
tation drops across layers 2—-6, while the alternative
interpretation rises. Taken together, these results
suggest that the idiom tokens exploit contextual ev-
idence primarily in layers 2-6, after the figurative
interpretation is first retrieved in layers 0-1, with
layer O playing a crucial early role under FC. Later
layers tend to consolidate rather than redirect the
interpretation.
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7 Conclusion

We present a multi-stage mechanism of idiom com-
prehension in causal transformers, by identifying
distinct components and flows for figurative and
literal interpretations. Causal interventions reveal
(i) early retrieval of the idiomatic interpretation,
(i1) immediate use of preceding context, with later
refinement when it conflicts with the retrieved in-
terpretation, (iii) a selective pathway that carries
the figurative interpretation through intermediate
layers, and a bypass route that favorably delivers
the literal interpretation directly to the output.

Considering idioms as multiword expressions,
our results suggest that early layers (especially
MLPs) perform a “detokenization” step (Gurnee
et al., 2023; Elhage et al., 2021) that compresses
the idiom into a unified figurative representation,
while later pathways can “retokenize” it into a com-
peting literal interpretation. To sum up, these find-
ings link representational dynamics to contextual
disambiguation, yielding a concise mechanistic in-
terpretation of idiom processing.

Limitations

While causal tracing methods have been widely
used in recent work (Geva et al., 2023; Dar et al.,
2023; Meng et al., 2022; Heimersheim and Nanda;
Nanda et al., 2023), they only approximate the
actual information stored in activations. More-
over, knocking out or replacing the activations can
lead the model to out-of-distribution behaviors and
cast doubt on the robustness of any interpretability
claim.

Moreover, we binarize idiom interpretation (figu-
rative vs. literal), ignoring polysemy among figura-
tive senses (e.g., ‘break the ice’ can be interpreted
into initiate talk, ease tension, etc.), which can flat-
ten nuance and bias evaluation. As a future direc-
tion, we can use soft labels for multiple figurative
sense and distributional metrics.

Ethical Considerations

One of the intended uses of the Llama-3.3-70B-
instruct model is content generation, which aligns
with our use of the model for generating the can-
didates for next token prediction task (Grattafiori
et al., 2024). The candidates generated by the lan-
guage model may include biased or sensitive at-
tributes (e.g., race, minority status), which reflects
stereotypes that the language model already has
(See the Appendix Table 3 for examples).
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A Identified top-20 idiomatic heads

Table 1 lists the attention heads most influential in
retrieving figurative meanings while suppressing
literal interpretations and randomly selected heads.

Type ‘ top-20 attention heads (layer, head)

Idiomatic | (0, 4), (1, 5), (0, 30), (0, 19), (0, 8), (9, 30), (2, 2),
(1, 18), (0, 21), (2, 8), (1, 9), (4, 2), (1, 24), (1,
13), (3, 1), (0, 0), (3, 24), (0, 26), (1, 27), (0, 28)

Random | (9, 20), (10, 30), (2, 11), (2, 23), (1, 1), (9, 23),

(13, 24), (8, 31), (3, 8), (13, 9), (10, 1), (5, 15), (7,
14), (7,24), (4,5), (14, 2), (9, 17), (4, 0), (14, 19),
(6,9

Table 1: Top-20 attention head sets.

B Data generation pipeline

We illustrate the data generation pipeline in Fig-
ure 9.

§ : He would kick the bucket
a " pecause he was so

—

s, : He would die because s, - He would kick the container
f " he was so ‘ because he was so

old sick mad angry tall old sick mad angry tall

AZ . mad angry
- old sick tall

Cf . [old, sick, ..] C; . [mad, angry, ..

Figure 9: The pipeline of data generation.

C Layer-wise context disambiguation via
logit lens

If the MHSA layers 3-7 play a causal role in con-
text disambiguation, then we would expect that
the representation at the final idiom token is fully
disambiguated towards either the literal or the fig-
urative meaning, depending on the earlier context.
We employ the logit lens method (nostalgebraist,
2020) to measure the log-probability assigned to
figurative and literal interpretations in the figurative
(F'C) vs. literal context (LC) conditions. At each
layer, the hidden representations are projected into
the output vocabulary space, yielding candidate
probabilities. We then measure the difference in
log-probability mass between figurative and literal
candidates across layers, separately isolating con-
tributions from the MHSA and MLP components.

4 4
—e— Figurative —— Figurative
3| —=— Literal 3| —=— Literal
n %)
%] 1%}
@© ©
= 2 = 2
Z 2
2 7 1
[} ©
Q Q
o o 0
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(=2} Dﬁ_l
Q =]
— —
<, <,

3 3

770 2 4 6 8101214
Layers

(a) MLP FC—LC (b) MHSA FC—LC

Figure 10: Layerwise differences in log-probability be-
tween figurative and literal candidates predictions under
figurative (FC) vs. literal (LC) contexts, measured with
the logit lens.

0 2 4 6 8101214
Layers

Results Figure 10 shows a clear disambiguation
effect for MHSA starting around layer 8. Once
MHSA starts modulating activations in a context-
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dependent manner, it writes this information into
the residual stream, which is subsequently pro-
cessed by the MLP layers. In the early to middle
layers (0-9) of the MLP, the difference in log prob-
abilities between figurative and literal candidate
predictions under figurative vs. literal contexts re-
mains minimal. However, beginning at layer 10,
MLP activations begin to diverge: idioms presented
in figurative contexts are increasingly encoded with
figurative interpretations, whereas idioms in literal
contexts are increasingly encoded with literal inter-
pretations.

D Khnockout for crucial role of early
layers with other models

Results across different models in Figure 13 consis-
tently show that early layers retrieve idioms’ figura-
tive interpretations while suppressing literal coun-
terparts, unlike unambiguous sentences.

E Activation patching for information
flow with other models

Across models, the intermediate and direct path-
ways consistently prefer different interpretations
(see Figure 16).

F Knockout for context disambiguation
with other models

Across different models, Figure 19 consistently
indicate that early MLP layers retrieve idioms’ fig-
urative meanings, and following layers promotes
contextual cues via MHSA when a literal context
is present.
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Figure 13: Sublayer-wise interpretation shift AI(s) after ablating activations at idiom span, for sentences s €
{Sa» sy, s1}. Y-axis: Mean values of AL(s,), AF(s,), AL(s;), AF(sy) with 95% confidence intervals. X-axis:
Layers. Gray dashed line: AT = 0 (no effect). Red asterisk (*): Significant difference between AF(s,) and the
others (paired ¢-test, p < 0.05). The difference at * marked layer is larger than the average difference across all

layers.

2954



Qwen2.5-0.5B

0.25 0.25 0.25 — if;:::f: 0.25
—— AF(s,=sp) —— AF(sq=s) a ™ Sp) —— AF(sq=s)
— AL(s,=s) — AL(sa=s) = INOESct — AL(sges)
~== No Effect ~== No Effect
0.15 Zs No Bffect 0.15 0.15 0.15
X
1 0.05
<
[— 2
3 —0.05
-0.15
-0.15 -0.15 -0.15
JorR AR AR
~0.25
2 * kKoo sk okkokk ok 0 25 kKK kK kKKK O 5 10 15 20 0 25 seokokskokokokskokokok
0BT 10 15 20 U0 5 10 15 20 Layers U0 5 10 15 20
Layers Layers . i X Layers
(c) Idiom < Figurative,
(a) Idiom <— Figurative (b) Idiom <— Literal Idiom (d) Idiom <— Literal, Idiom
Llama3.1-8B
0.25
0.25 0.25 — ifis"ff’ 0.25
— AF(s,=sp) — AF(s,es) 5a = 5p) — AF(s,s)
— AL es) — AL(sss) 0.15 == Mo Bffect — AL(s;=s)
~== No Effect ~== No Effect
0.15 --- No Effect 0.15 0.15
0.05 0.05
-0.05 -0.05
-0.15 -0.15 -0.15
sooiottototoioioiortotolk
-0.25
e 05 -~ 0 5 10 15 20 25 30 O [
~0257575710 15 20 25 30 720 5 10 15 20 25 30 Layers TU4270 5 10 15 20 25 30
Layers Layers . . . Layers
(c) Idiom < Figurative,
(a) Idiom < Figurative (b) Idiom <— Literal Idiom (d) Idiom < Literal, Idiom
Qwen2.5-7B
025 0.25 T ety 0.25
— AF(sa=sp) 0.25 — AF(sq=s) ’ Gl —— AF(s,=s)
— AGsaes) : — AL(sg=s) == NoTffect — AL(sges)
DN Errect ~-- No Effect 0.15 --- No Effect
0.15 ~
T 005
<1F 0.05 ‘{T VN
%)
O 5 5 -0.05
= -0.05 =
< < -0.15
—-0.15 -0.15 0.2 | R -0.15
0.25 P — 0.25 O —— 0 5 10 15 20 25 .25 L
05 10 15 20 25 “0 5 10 15 20 25 Layers “0 5 10 15 20 25
Layers Layers . . . Layers
(c) Idiom <— Figurative,
(a) Idiom <— Figurative (b) Idiom < Literal Idiom (d) Idiom < Literal, Idiom

Figure 16: Layer-wise interpretation shift after patching in activations from sy and s; and vice versa. The red
asterisk (*) marks layers where the difference between AL and A F' exceeds the average difference across layers

(paired t-test, p < 0.05).
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Figure 19: Sublayer-wise interpretation shift AI(C + s,) after ablating activations at idiom span, for contexts
C € {FC,LC}. Y-axis: Mean values of AL(C + s,), AF(C + s,) with 95% confidence intervals. X-axis:
Layers. Gray dashed line: A7 = 0 (no effect). Red asterisk (*): Significant difference between AF'(C' + s, ) and
the others (paired ¢-test, p < 0.05). The difference at * marked layer is larger than the average difference across all
layers.
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Ambiguous sentence

Literal paraphrase

Figurative paraphrase

Literal candidates

Figurative
candidates

They will bend over
backwards because they
are so

They will arch spine
backwards because they
are so

They will make extra
efforts because they are
SO

flexible, used,
strong, weak,
relaxed, tight,
uncomfortable, tall,
stiff, short, scared,
full, comfortable,
tense, small, thin,
angry, over, inf,
surprised

grateful, eager,
proud, passionate,
close, motivated,
committed, keen,
desperate,
enthusiastic,
invested, confident,
glad, well,
interested, sure,
apprec, focused,
attracted, dedicated

He bit off more than he

can chew because he was

SO

He took more food than
he can swallow because
he was so

He took on more than he
could handle because he
was so

hungry, greedy,
happy, very,
nervous, fam,
attracted, r, thirsty,
poor, star, pleased,
starving, sad,
delighted, hung,
eng, drunk, gl,

eager, confident,
anxious, desperate,
optimistic,
enthusiastic,
passionate, sure,
determined,
ambitious, focused,
driven, busy, good,

tempted full, young, keen,
convinced, smart,
strong
He would blow his own  He would blow the He would praise himself  professional, good, great, man,

horn because he was a

musical instrument
because he was a

because he was a

musician, fan, p,
wind, skilled,
shepherd, trumpet,
member, trump,
pro, fl, virt, jazz,
boy, bag, human,
brass, flute, musical

self, genius, proud,
winner, god, true,
hero, hard, legend,
unique, better,
brilliant, successful,
clever, narciss,
smart, perfection

It was out in left field
because it was a

It sat far in baseball’s
area because it was a

It was completely
unrealistic because it was
a

baseball, league,
minor, sport, strong,
few, popular,
difficult, download,
home, football,
smaller, tough,
sports, right,
significant,
basketball, pitcher,
deep, stadium

fantasy, dream,
very, completely,
huge, one, product,
total, movie, story,
complete, perfect,
romantic, fairy,
totally, cartoon,
fictional, massive,
two, film

They were up the creek
because they were a

They were near the
stream because they were
a

They were in trouble
because they were a

group, family,
fishing, nom, part,
hunting, water,
tribe, pair, thirsty,
party, people, river,
fish, stream,
traveling, farming,
curious, type,
peaceful

new, long, threat,
small, minority,
bunch, few, mixed,
very, day, single,
large, bad, man,
young, mess, tiny,
mix, poor,
relatively

Table 2: Examples of generated data.
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Ambiguous sentence

Literal paraphrase

Figurative paraphrase

Literal candidates

Figurative
candidates

They left him out in the
cold because he was a

They left him outside in
the frost because he was a

They abandoned him
without support because
he was a

bad, stranger, little,
bit, thief, trouble,
poor, drunk, witch,
dirty, dog, rebel,
beg, danger, trait, s,
nuisance, tiny, he,
naughty

child, foreign,
threat, boy,
political, baby,
black, non,
reminder, disabled,
male, burden, cripp,
product, minority,
son, member,
difficult, minor,
different

They let him off the hook

because he was a

They removed him from
fishing tackle because he

was a

They freed him from
responsibility because he
was a

threat, bad,
convicted, little, bit,
danger, sexual, fish,
ped, white,
criminal, racist,
bully, black,
terrorist, thief,
political, jerk, rap,
big

minor, child,
foreign, slave, kid,
good, mad, juvenile,
victim, boy,
stranger, young,
youth, mere,
student, fool, first,
teenager, prisoner,
friend

She was looking for a

needle in a haystack
because she was a

She was searching for a

needle within a straw
because she was a

She was facing an
impossible search
because she was a

needle, craft, seam,
straw, tiny, hay,
detective, master,
haystack, witch,
farmer, pro, camel,
professional, busy,
crazy, giant,
chicken, cow, neat

woman, victim,
single, young,
black, female, girl,
slave, mother,
stranger, new, first,
non, private, white,
novice, minority,
prisoner, foreign,
mom

Table 3: Biased data examples reflecting stereotypes embedded in the language model.
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