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Abstract
Large language models persistently produce lit-
eral translations of idiomatic expressions, but
the source of this failure remains unclear. We
introduce IdiomDIT1, a diagnostic framework
that jointly evaluates idiom Detection, idiom
Interpretation, and idiomatic Translation, at-
tributing each error to a specific source. Across
six language pairs and five models spanning
4B to 70B, IdiomDIT shows that literal trans-
lation error (LTE) can persist even after suc-
cessful detection and interpretation, a know-
but-error pattern we term Literal Translation
Bias (LTB). This pattern is direction-specific:
LTB dominates some directions, while others
show greater knowledge deficits, likely reflect-
ing lower idiom exposure in pretraining. We
then use linear probing to test whether LTB is
already reflected in the model’s pre-generation
hidden state, recovering per-language literal
translation directions with high accuracy, and
ablating this direction reduces LTE. However,
once we ensure no idiom’s data leaks across
training and test, and subtract out each idiom’s
mean hidden state before probing, accuracy col-
lapses, confirming the probe was largely detect-
ing which idiom it is looking at rather than a
genuine bias signal. A matched random direc-
tion also reduces LTE just as much as the identi-
fied one. We release these controls as a reusable
protocol for testing whether such hidden-state
attribution claims in machine translation are
genuine or confounded.

1 Introduction
Large language models (LLMs) have achieved
strong performance in machine translation (Hendy
et al., 2023; Zhu et al., 2024). Yet, they persis-
tently produce literal translations of idiomatic ex-
pressions (Gasparovic et al., 2025; Kalaš and Lip-
ták, 2025; Liu et al., 2026). For instance, when

∗Work done during an internship at Tsinghua University.
†Corresponding authors.
1The code is publicly available at https://github.com/

NLP2CT/IdiomDIT.

translating the French idiom “avoir la banane”
(meaning: to have a big smile) into English, a model
may render it word-by-word as “to have the ba-
nana” rather than conveying the intended meaning.
We term this failure mode Literal Translation Er-
ror (LTE).

A central question is: why do LLMs produce
literal translations of idiomatic expressions? Such
errors may arise from detection failure, where
the model fails to recognize the expression as an
idiom; knowledge deficit, where it lacks access
to the idiom’s contextual meaning; or Literal
Translation Bias (LTB), where it recognizes the
expression as an idiom yet still defaults to a literal
rendering during cross-lingual generation. To
disentangle these sources, we propose IdiomDIT,
a diagnostic framework that jointly evaluates idiom
detection, idiom interpretation, and idiomatic
translation. Figure 1 gives an overview of this di-
agnostic pipeline. It combines these outcomes into
a diagnostic matrix that localizes each instance’s
failure mode. This design reveals our central
finding: LTE persists even when models correctly
interpret the idiom’s meaning, while some trans-
lation directions exhibit greater knowledge deficits,
possibly because the corresponding idioms occur
less frequently in the models’ pretraining data.

These findings narrow the focus of the remain-
ing analysis. Knowledge deficits naturally point
to knowledge augmentation, a widely studied mit-
igation route (Li et al., 2024; Singh et al., 2025;
Donthi et al., 2025). In contrast, LTB concerns
cases where the model has already detected the id-
iom and can explain its meaning in context, yet LTE
still occurs. We focus on LTB as an understudied
generation-stage failure. As a first behavioral check,
we ask whether this bias can be controlled through
explicit instructions. Prompting reduces LTE but
does not eliminate it, leaving a residual component
it cannot reach. We therefore test whether the bias
corresponds to an internal mechanism we could
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Problem: idioms are understood, yet translated literally1

Il a la banane aujourd’hui.

to have a big smileidiom meaning:

Source (French)

LLM Translation

Literal Translation Error 

(LTE)

He has the 

banana today.

LTE = literal preservation & meaning loss 

IdiomDIT Diagnostic Cascade2

Detection (D)

Is the expression recognized as an idiom?

Interpretation (I)

Is the contextual meaning known?

Translation (T)

Is the idiomatic meaning conveyed in translation?

A: Full knowledgeA: Full knowledge

D = 1, I = 1D = 1, I = 1

A: Full knowledge

D = 1, I = 1

B: Partial knowledge

D = 1, I = 0

C: Latent knowledge

D = 0, I = 1

D: No knowledge

D = 0, I = 0

I = 1 (yes) I = 0 (no)

D = 1

(yes)

D = 0

(no)

Diagnostic matrix (by D and I)
Correct 

(Meaning-Preserving)

He is all

smiles today.
LTB occurs here

Figure 1: Overview of IdiomDIT. Left: LTE occurs when a model understands an idiom but translates it word-by-
word. Right: IdiomDIT jointly evaluates Detection, Interpretation, and Translation, combining the outcomes into a
diagnostic matrix that isolates know-but-error cases as Literal Translation Bias (LTB).

intervene on directly: what distinguishes the in-
stances that result in LTE from those that produce
a faithful translation?

To investigate this, we group instances into know-
but-error cases (where the model demonstrably
knows the idiom yet LTE still occurs) and know-
and-correct cases (where the model demonstrably
knows the idiom and produces a faithful translation),
and use linear probing to test whether the model’s
pre-generation hidden state can distinguish between
them (see Figure 4), recovering per-language Lit-
eral Translation Directions (LTDs) with high ac-
curacy (see Table 3). However, since instances of
the same idiom can appear in both the probe’s train-
ing and test data, this apparent accuracy may simply
reflect the probe recognizing idiom identity rather
than detecting a genuine bias direction. Two in-
dependent checks confirm this concern: accuracy
collapses once we ensure the same idiom never ap-
pears in both the training and test data, and even
after subtracting each idiom’s mean hidden state,
the probe can no longer reliably tell the two groups
apart in most language pairs.

We further test whether this direction causally
drives the behavior by erasing it from the hidden
state during generation, but this reduces LTE no
more than erasing a random direction. Across both
analyses, we find no support for a bias-specific di-
rection, and present these controls as a reusable
protocol for testing whether hidden-state attribu-
tion claims are genuine or confounded. Our main
contributions are summarized as follows:

• We introduce IdiomDIT, the first diagnostic
framework to jointly evaluate idiom Detection,
Interpretation, and Translation, showing across
six language pairs and five models that LTE arises
from a mix of knowledge deficits and LTB that
varies by direction.

• We show that error-targeted prompting mitigates
LTE more effectively than generic meaning-
preservation instructions across all six directions,
but does not eliminate it.

• We test whether this residual LTB is encoded in
pre-generation hidden states by linear probing,
and ablate the resulting per-language LTDs dur-
ing generation, finding that neither the probing
signal nor the ablation effect survives leakage-
aware and random-direction controls. We release
both controls as a reusable protocol.

2 Related Work

Idiomatic Translation. Raunak et al. (2023)
demonstrate that GPT systems produce less literal
and more contextually flexible translations than con-
ventional neural MT, especially on idioms. This
motivates retrieval-augmented methods that inject
external idiom knowledge during translation (Li
et al., 2024; Singh et al., 2025; Donthi et al., 2025),
but Sun et al. (2026) caution that such pipelines
are sensitive to retrieval accuracy: inaccurate in-
jected semantics can degrade output. These stud-
ies do not address the intrinsic behavior of unaug-
mented LLMs or disentangle the sources of LTE.
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To our knowledge, IdiomDIT is the first framework
to jointly evaluate idiom detection (Tedeschi et al.,
2022), contextual interpretation, and translation, at-
tributing each instance’s LTE to detection failure,
knowledge deficit, or LTB.

Knowledge-Behavior Gaps in LLMs. A grow-
ing body of work shows cases where LLMs pos-
sess knowledge internally but fail to use it in gen-
eration. Burns et al. (2023) find that models en-
code correct answers in their activations even when
prompted to produce incorrect ones, and Turpin
et al. (2023) demonstrate systematic dissociations
between chain-of-thought reasoning and model out-
puts. Our IdiomDIT framework reveals an analo-
gous gap in idiomatic translation, framing LTB as
a cross-lingual knowledge-behavior dissociation.

Mechanistic Analysis of Translation Models. In
the NMT era, Dankers et al. (2022) use attention
analysis to show that compositional processing of
idioms contributes to literal translations. In the
LLM era, Zhang et al. (2025) use causal analysis to
identify a compact, specialized circuit for general
translation, Gomes (2025) use circuit discovery to
identify idiom-specific attention heads in monolin-
gual idiom processing, and Kim et al. (2025) find
that LLMs’ idiom understanding combines memo-
rization with contextual reasoning rather than rely-
ing on rote memorization alone. Most closely re-
lated to our work, Oh et al. (2026) show that LLMs
maintain competing figurative and literal interpreta-
tions of idioms in monolingual comprehension. We
study the same tension in cross-lingual generation,
but find the resulting probe-and-ablation evidence
to be largely confounded by idiom identity rather
than reflecting a genuine bias direction.

3 Methodology

We study idiomatic machine translation, where a
model translates a source sentence containing an an-
notated idiomatic expression into a target language.

3.1 Evaluation Metric

Literal Translation Error (LTE). Given a
source sentence x = (w1, w2, . . . , wn) and an
idiomatic expression e = (wi, . . . , wj) with id-
iomatic meaning m, let ŷ denote the model trans-
lation of x. We define an LTE as a translation ŷ
satisfying both of the following conditions: (1) Lit-
eral preservation: ŷ exhibits a direct, composi-
tional translation of e in the target language; and

(2) Meaning loss: ŷ fails to convey the idiomatic
meaning m. This dual-condition definition is cen-
tral to our analysis: it isolates the specific failure
mode where the model prioritizes literal surface
form over semantic fidelity.

Formal definition. An instance i is one source
sentence together with its annotated idiom span
and one model translation produced under a given
prompt condition (see Table 1). Let ei, mi, and ŷi
denote the i-th source idiom, its idiomatic meaning,
and the model translation. We evaluate each in-
stance using an LLM judge J to obtain two binary
signals (1 = yes, 0 = no):

Literali = Jlit(ei, ŷi) ∈ {0, 1}
Meaningi = Jmean(ei,mi, ŷi) ∈ {0, 1}

where Literali = 1 iff ŷi preserves the literal trans-
lation of ei, and Meaningi = 1 iff ŷi conveys the
idiomatic meaning mi. The per-instance LTE indi-
cator is then defined as:

LTEi = ⊮[Literali = 1 ∧ Meaningi = 0] (1)

The four possible (Literal,Meaning) outcomes de-
compose the error space into (i) (1, 0): LTE (our
focus); (ii) (0, 1): successful idiomatic translation;
(iii) (1, 1): literal translation that coincidentally
conveys the idiomatic meaning2; (iv) (0, 0): non-
literal outputs that still fail to convey the idiomatic
meaning (e.g., hallucinations or unrelated substitu-
tions)3. All except (i) count as LTEi = 0.

Corpus-level aggregation. Let N be the total
number of instances in the dataset, and let S ⊆
{1, . . . , N} denote any subset of interest (e.g., one
language pair, one prompt condition, or the subset
where the model both detects and correctly inter-
prets the idiom). The reported LTE rate is:

LTE-rate(S) = 1

|S|
∑︂

i∈S
LTEi (2)

All LTE results in this paper follow Eq. (2). Unless
otherwise stated, judgments come from GPT-5.2 at
temperature = 0 (see Appendix A for judge details).

2Covers cognate idioms (e.g., break the ice → briser la
glace in French) and transparent idioms (e.g., time is money),
where a literal rendering conveys the intended meaning.

3E.g., translating spill the beans as “make a mess”: the
literal rendering is avoided, but the idiomatic meaning (‘reveal
a secret’) is also lost.
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Prompt System Instruction

Basic Translate the following sentences from [SRC] to [TGT].
Anti-Literal Translate the following sentences from [SRC] to [TGT], avoiding being a literal translation.
Meaning-First Translate the following sentences from [SRC] to [TGT], ensuring that the translation conveys the

intended meaning accurately.
Super Translate the following sentences from [SRC] to [TGT], ensuring that the translation conveys the

intended meaning accurately and avoiding being a literal translation.

Table 1: Translation prompt types. [SRC] and [TGT] are replaced with source and target language names.

3.2 The IdiomDIT Framework

IdiomDIT jointly evaluates idiom Detection, id-
iom Interpretation, and idiomatic Translation, con-
ditioning translation errors on the Detection and
Interpretation outcomes to determine whether an
LTE reflects detection failure, knowledge deficit, or
LTB (see Figure 1).

Idiom Detection. Given a source sentence x
with idiom e, the model outputs has_idiom and
detected_idiom. Following De Luca Fornaciari
et al. (2024), who show that LLMs often misiden-
tify idiomatic expressions, we use a two-stage pro-
tocol. First, we require Presence: the model must
report has_idiom = true. Conditioned on this,
we verify Identification: the reported expression
must match the gold idiom, using exact or sub-
string matching with LLM-as-judge adjudication
for morphological variants. The Detection score
Di ∈ {0, 1} corresponds to their True Positive Con-
sistency metric, which is more conservative than
presence-only accuracy. We use the same simple de-
tection prompt for all models and directions, since
our goal is to characterize default model behavior
rather than the best detection a tuned prompt could
elicit (Hashiloni et al., 2025). See Appendix B.1
for the prompt and evaluation details.

Idiom Interpretation. We evaluate whether the
model can access the idiom’s intended meaning in
the sentence being translated. For each instance, we
elicit responses with three paraphrased queries of
the form “What does [idiom] mean in: [sentence]?”
to reduce prompt-wording sensitivity. We use an
any-hit policy: if the model correctly explains the
idiom’s meaning in any probe, the Interpretation
score Ii ∈ {0, 1} is 1. Correctness is judged by
an LLM based on semantic equivalence to the ref-
erence meaning rather than lexical overlap. See
Appendix B.2 for prompts and evaluation details.

Idiomatic Translation. We evaluate the model’s
translation of the source sentence under the prompt

conditions listed in Table 1. Unless otherwise spec-
ified, Basic serves as the primary baseline, re-
flecting default model behavior without explicit id-
iomatic guidance. For each output, an LLM judge
assigns an LTE label (LTEi ∈ {0, 1}, see §3.1).

3.3 Evaluation Protocol

Automated Evaluation. LLM judges agree well
with human judgments on generation tasks (Liu
et al., 2023b; Zheng et al., 2023), including ma-
chine translation (Kocmi and Federmann, 2023).
We use GPT-4o-mini (OpenAI, 2024) for the sim-
pler Detection and Interpretation judgments. For
LTE, where the literal-versus-figurative distinction
is more subjective, we use GPT-5.2, which agrees
substantially better than GPT-4o-mini with the hu-
man majority (see Appendix D).

Human Agreement Study. We validate the auto-
mated evaluators against human judgment on three
language pairs, Fi→En, Fr→En, and Ja→En, cov-
ering all Qwen3.5-9B outputs. Three annotators
independently assign Detection, Interpretation, and
LTE labels. Appendix D reports the annotation
details, inter-annotator agreement, and agreement
with the automated judges.

4 Experimental Setup

Datasets. We draw six directions, covering both
into- and out-of-English, from three existing id-
iomatic translation datasets: Rezaeimanesh et al.
(2025) for English–Persian, Liu et al. (2023a) for
Finnish, French, and Japanese, and KISS4 for Ko-
rean (Table 2). Direction coverage is constrained
by the availability of datasets that support all three
IdiomDIT tasks, which requires annotated idiom
spans alongside gold translations. Interpretation
further requires a reference meaning for each id-
iom, which most of these datasets do not provide.

4Source paper in Korean. Dataset linked directly:
https://github.com/Judy-Choi/
KISS-Korean-english-Idioms-in-Sentences-dataSet.
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Correct 80.9%

Non-LTE 10.1%

LTE 9.0%

All D I T
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All
D=1 92.8%

D=0 7.2%

D=1,I=1 81.2%

D=1,I=0 11.6%
D=0,I=1 5.1%
D=0,I=0 2.2%

Correct 69.6%

Non-LTE 8.0%

LTE 22.5%

All D I T

Fr En  (n=138)

All

D=1 73.2%

D=0 26.8%

D=1,I=1 60.1%

D=1,I=0 13.1%

D=0,I=1 23.0%

D=0,I=0 3.8%

Correct 84.6%

Non-LTE 10.9%
LTE 4.5%

All D I T

Ko En  (n=422)

All
D=1 80.5%

D=0 19.5%

D=1,I=1 57.0%

D=1,I=0 23.5%

D=0,I=1 11.0%

D=0,I=0 8.5%

Correct 52.5%

Non-LTE 27.5%

LTE 20.0%

All D I T

Fa En  (n=200)

All

D=1 67.1%

D=0 32.9%

D=1,I=1 29.4%

D=1,I=0 37.6%

D=0,I=1 8.2%

D=0,I=0 24.7%

Correct 27.1%

Non-LTE 40.0%

LTE 32.9%

All D I T

Fi En  (n=85)

All

D=1 71.9%

D=0 28.1%

D=1,I=1 57.0%

D=1,I=0 14.9%

D=0,I=1 18.8%

D=0,I=0 9.4%

Correct 71.9%

Non-LTE 13.7%

LTE 14.4%

All D I T

Ja En  (n=1188)

Figure 2: Sankey diagram of IdiomDIT outcomes for all six language pairs (Qwen3.5-9B, Basic prompt). Each
instance is grouped by its Detection (D) and Interpretation (I) outcomes, and its Translation (T ) is classified
as Correct, Non-LTE but wrong, or LTE. ‘yes’/‘no’ denote D=1/D=0 (idiom detected) and I=1/I=0 (meaning
correctly interpreted).

Dir. n Dir. n Dir. n

En→Fa 200 Fr→En 138 Ko→En 422
Fa→En 200 Fi→En 85 Ja→En 1188

Table 2: Idiomatic translation datasets. Dir. is the trans-
lation direction and n the number of instances.

We therefore infer them by prompting gemini-3-
flash-preview (thinking disabled) with the id-
iom, source sentence, and gold translation as a se-
mantic anchor, and manually verify a sample for
faithfulness. Each dataset is then preprocessed to
contribute at most one instance per idiom. The
reference-meaning extraction prompt and full pre-
processing details are in Appendix C.

Models. We evaluate four instruction-tuned mod-
els from the Qwen family (Qwen Team, 2025,
2026): Qwen3-4B, Qwen3-8B, Qwen3.5-4B, and
Qwen3.5-9B. To test whether the behavioral find-
ings generalize beyond a single model family and to
substantially larger scale, we additionally evaluate
Llama-3.3-70B-Instruct (Meta AI, 2024).

All models are run in FP16 with Hugging-
Face Transformers on a server with 4× NVIDIA
A800-SXM4-80GB GPUs. We use greedy de-
coding (do_sample=False), as in Arditi et al.
(2024), so that any change in output reflects the
intervention itself rather than random sampling.
We disable thinking mode for all Qwen models
(enable_thinking=False).

5 Diagnosing LTE

5.1 Tracing LTE Origins
An aggregate LTE rate conflates three failure modes:
the model may miss the idiom, may recognize it
without knowing its meaning, or may have both and
still translate literally. To separate them, we cross
Detection (D) and Interpretation (I): D=0 isolates
detection failure, D=1, I=0 isolates knowledge
deficit, and D=1, I=1 leaves LTB.

Main Results. Figure 2 shows the failure-mode
distribution under the Basic prompt. Results for
the other four models (Qwen3-8B, Qwen3.5-4B,
Qwen3-4B, and Llama-3.3-70B-Instruct) are pro-
vided in Appendix K.
Finding 1: Similar LTE rates can reflect differ-
ent failure modes. Fr→En and Fa→En have
similar aggregate LTE rates, as do En→Fa and
Ja→En, but in each pair the former is dominated by
LTB, whereas the latter stems mainly from knowl-
edge deficits.

Finding 2: Dominant failure mode is direction-
specific, not resource-level. En→Fa, Fr→En,
and Ko→En are dominated by LTB, whereas
Fa→En, Fi→En, and Ja→En show a mixed pro-
file of LTB and knowledge deficits, likely reflecting
lower exposure to these idioms during pretraining.

Finding 3: LTE tracks Interpretation more
closely than Detection. Failure to detect an id-
iom (D=0) rarely leads to LTE if the model can
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Meaning-First
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BasicPrompt
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Figure 3: Prompt mitigation effect on LTE rate for all six language pairs (Qwen3.5-9B). Each horizontal stacked bar
shows remaining LTE ( ) and the absolute reduction ( ) from the Basic baseline, in percentage points (pp).

still access its meaning, but failing Interpretation
(I=0) strongly increases the chance of LTE.

5.2 Prompt Mitigation

LTB arises when the model already has the knowl-
edge it needs, so the failure lies at generation time,
where an instruction can intervene without supply-
ing new knowledge. We test three prompt strategies
along different intervention axes (see Table 1).

Main Results. Figure 3 shows the effect of three
prompt interventions. Results for other models are
provided in Appendix K.

Finding 4: Error-targeted instructions outper-
form generic meaning-preservation instructions.
Across all language pairs, the Anti-Literal prompt
reduces LTE more than Meaning-First. This sug-
gests that mitigation is stronger when prompts target
the diagnosed error mode directly, rather than only
stating a broad semantic objective.

Finding 5: Prompt engineering suppresses but
cannot eliminate LTE. Even under the strongest
prompt intervention (Anti-Literal or Super),
residual LTE remains: 3.5% (En→Fa), 13.0%
(Fr→En), and 29.4% (Fi→En).

6 Is LTB Encoded as a Hidden-State
Direction?

Prompt intervention suppresses but does not elim-
inate LTE. To test whether the residual difference
is encoded in the model’s hidden states, we aggre-
gate translation instances from Qwen3.5-9B across
all four prompt conditions (Basic, Meaning-First,
Anti-Literal, Super) into a unified dataset, which
increases statistical power and reduces dependence
on any single prompt formulation.

6.1 LTE Prediction from Hidden States

Behavioral attributes are often linearly decodable
from hidden states (Park et al., 2024; Marks and
Tegmark, 2024; Rimsky et al., 2024), motivating
a linear probe (see Figure 4b). We construct two
contrastive groups and extract their residual-stream
hidden states (see Figure 4a). Both groups satisfy
Di=1 and Ii=1: the model has already detected the
idiom and understood its meaning in context. Any
difference between the groups must therefore come
from the translation. Within this subset, Group
A (know-but-error, the LTB cases) has LTEi=1,
while Group B (know-and-correct, the non-LTB
controls) has Meaningi=1: the translation conveys
the idiomatic meaning.

Linear Probing. Following standard linear-
probing practice (Alain and Bengio, 2017), we
freeze the model and train layer-specific logistic-
regression probes. We feed the model each in-
stance’s translation prompt, including the source
sentence, and stop before decoding any target token.
For each layer ℓ, we collect the residual-stream hid-
den state hi,ℓ ∈ RD at the last input-token position
for each translation instance i. From this state, the
probe predicts the group label:

pℓ(yi = 1 | hi,ℓ) = σ(w⊤
ℓ hi,ℓ + bℓ) (3)

where yi = 0 denotes Group A and yi = 1 denotes
Group B, as defined above. All probes are evaluated
with 5-fold cross-validation, so the reported scores
measure generalization to held-out instances rather
than training-set separability. Whether these splits
are also idiom-disjoint is tested in Table 4. Because
Group A and Group B are imbalanced (up to 1:54)
across the six language pairs, we use class-balanced
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Figure 4: Linear probing and directional ablation pipeline for the Literal Translation Direction (LTD).

Peak L Bal. Acc. ROC-AUC |A| |B|
En→Fa 27 0.82± 0.02 0.90 42 634
Fr→En 20 0.87± 0.02 0.95 49 356
Ko→En 16 0.84± 0.08 0.89 17 919
Fa→En 8 0.79± 0.04 0.84 41 331
Fi→En 27 0.84± 0.05 0.92 13 74
Ja→En 21 0.84± 0.01 0.90 220 2198

Table 3: Linear probing performance for Group A
vs. Group B on last-token hidden states (5-fold CV,
Qwen3.5-9B). We report the peak layer, balanced accu-
racy (mean ± std over five class-balanced subsampling
runs), ROC-AUC at the same layer, and group sizes.
Rows are ordered as in Figure 3.

subsampling. The normalized probe weight

ŵℓ =
wℓ

∥wℓ∥2
(4)

is the layer-specific linear decision direction re-
covered by the probe, which we call the Literal
Translation Direction (LTD). Full probe imple-
mentation details (library, solver, regularization,
and cross-validation/subsampling seeds) are given
in Appendix E.

Controlling for Idiom Identity. Random cross-
validation lets the same idiom appear in both train-
ing and validation folds, so a probe may learn to
recognize which idiom it is looking at rather than
a genuine LTB signal. We therefore re-evaluate
under Group K-Fold, which holds every instance
of a given idiom in the same fold so that training
and validation idioms are disjoint, re-selecting each
direction’s peak layer under this scheme rather than
reusing the naive-CV layer from Table 3. Because
grouping alone cannot rule out idiom-level correla-
tions that persist when no single instance leaks, a
second, identity-removed control subtracts each id-
iom’s mean hidden state before retraining the probe
on the residuals, and compares its accuracy against
an idiom-internal permutation null obtained by shuf-
fling LTE labels within each idiom. This residu-
alized probe is evaluated at each direction’s peak

CV scheme Controls for Bal. Acc.

Random K-Fold (naive) — 0.79–0.87
Group K-Fold leakage 0.57–0.72
Within-idiom + perm. identity ≈chance†

Table 4: Controls for idiom identity in LTD probing
(Qwen3.5-9B). †Never exceeds the null in the five pairs
where the control can be computed.

layer from Table 3, fixed before the test so that no
layer is chosen for beating the null. Implementation
details are in Appendix E.

Main Results. Tables 3 and 4 report probing
performance under each cross-validation scheme.
The number of know-but-error (Group A) instances
available for the LTD analysis varies with dataset
size and LTE prevalence: it is largest for Ja→En
(|A| = 220) and moderate for En→Fa, Fa→En,
and Fr→En (|A| = 41–49), but small for Fi→En
and Ko→En (|A| ≤ 17). We therefore treat the four
larger-sample directions as the primary evidence
and read the two smaller ones with more caution.
Figure 5 shows balanced accuracy at every layer.

Finding 6: The apparent linear decodability of
LTB is largely idiom-identity leakage. Under
random cross-validation, Group A and Group B
are linearly separable from the hidden state (bal-
anced accuracy 0.79–0.87, ROC-AUC 0.84–0.95,
Table 3). Under Group K-Fold, balanced accuracy
drops to 0.57–0.72 (0.57–0.61 on the four larger-
sample pairs), and the identity-removed probe never
exceeds the permutation null in the five pairs where
it can be computed, while prompt type alone stays
near chance (≈0.50) (Table 4). The layer curves
point the same way: separability is already strong
at Layer 0 (>0.75 balanced accuracy, Figure 5),
consistent with early surface-level rather than deep
generation-time encoding, and the peak layer varies
across language pairs rather than converging on one
universal layer.
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Figure 5: All-layer linear probing curves for Group A
vs. Group B on Qwen3.5-9B. Lines show mean bal-
anced accuracy over five class-balanced subsampling
runs. Shaded bands show one standard deviation.

Universal or Language-Specific LTDs? We now
ask whether the six per-language LTDs are the same
direction in the model’s shared hidden-state space,
or six distinct directions driving the same behavior.
Multilingual models represent different languages
in different parts of representation space (Wendler
et al., 2024), so the six LTDs need not coincide. For
each language pair, let ŵlp denote the unit-norm
LTD at its peak probing layer (Table 3). We com-
pare these directions by cosine similarity across lan-
guage pairs, and run four further geometric checks:
a random-vector calibration of the cosine expected
by chance, the same cross-language comparison at
every layer rather than only the peak, principal an-
gles between per-language LTD subspaces (a shared
subspace that pairwise cosines would miss), and
within-language adjacent-layer stability, which tests
whether the near-orthogonality is an artifact.

Main Results. Figure 6 shows cross-language
LTD cosines on Qwen3.5-9B. Appendix F reports
the four geometric checks: random-vector calibra-
tion, per-layer cosine, principal angles, and within-
language stability.
Finding 7: Recovered LTDs are not shared
across languages. Cross-language LTDs are no
larger than for unrelated random directions in 4096
dimensions (mean | cos | = 0.02, Figure 6), and
this holds at every layer, not only at the peak (Fig-
ure 7). Nor do principal angles reveal a shared
subspace that pairwise cosines might have missed
(Appendix F). Same-language LTDs, by contrast,
are highly aligned at adjacent layers (cos ≥ 0.85
from L23 onward, Figure 8). Together, these results
indicate that each pair’s LTD is a distinct direction
rather than noise or a structure shared across lan-
guages. Given the leakage account in Finding 6,
though, the LTD may largely encode idiom identity,
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Figure 6: Cosine similarity between the six per-language
LTDs at each pair’s peak probing layer.

which differs by language, so this distinctness need
not reflect a language-specific LTB mechanism.

6.2 LTD Ablation and a Random-Direction
Control

To test whether the recovered LTD causally affects
LTE, we erase it during generation and compare the
effect against a random-direction control of equal
norm. This control is essential because erasing any
direction of that magnitude can perturb generation.
A genuine LTD effect must exceed this baseline
rather than merely differ from zero.

LTD Ablation. For each language pair lp, we ab-
late its own layer-specific LTD ŵ(lp)

ℓ (Figure 4c).
We remove the component of each activation h
along this direction via orthogonal projection:

h′ = h−
(︁
h⊤ŵ(lp)

ℓ

)︁
ŵ(lp)
ℓ (5)

following the direction-erasure intervention of
Arditi et al. (2024). In our main experiment, we
ablate the residual stream at all 32 layers (L0–L31)
and at every decoding step, since intervening at
a single layer or only on the prompt risks down-
stream reconstruction of the removed direction.
Each Group A instance is evaluated in a paired de-
sign (baseline vs. ablated), re-scored under the same
judge rather than trusting Group A’s construction-
time labels, so that harmful ablation effects are not
obscured by an asymmetric baseline (Appendix G).

Random-Direction Control. We repeat the inter-
vention with a random unit vector drawn indepen-
dently for each layer in place of ŵ(lp)

ℓ , so the two
runs differ only in which direction is removed, and
we average over three seeds to reduce the variance
of the random baseline.
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n ∆ LTE ∆ LTE (rand.) Fix:Harm

En→Fa 36 −5.6 pp −16.8 pp 5:3
Fr→En 49 −8.2 pp −4.1 pp 7:3
Ko→En 17 −35.3 pp −19.6 pp 6:0
Fa→En 41 −9.8 pp −10.1 pp 11:7
Fi→En 13 −23.1 pp +9.3 pp 6:3
Ja→En 204 +2.5 pp −5.6 pp 15:20

Table 5: Paired LTD ablation on Group A. ∆ LTE:
change in LLM-judged LTE rate after ablation.
∆ LTE (rand.): same for a norm-matched random di-
rection (mean of three seeds). Fix:Harm: counts of
initially-LTE cases corrected by ablation and initially
non-LTE cases that become LTE.

Robustness Checks. To check whether the prob-
ing and ablation results are stable without cross-
prompt pooling, we repeat both runs restricted to
the Basic prompt. As a more localized causal anal-
ysis, we also repeat them at each direction’s leakage-
aware peak layer.

Main Results. Table 5 reports paired LTD and
matched random-direction ablations. Appendix G
shows representative outputs, and Appendix H re-
ports the Basic-only and single-layer variants.
Finding 8: LTD ablation reduces LTE, but no
more than a random direction. Among the four
larger-sample directions (En→Fa, Fa→En, Fr→En,
Ja→En, n ≥ 36), LTD ablation changes LLM-
judged LTE by −9.8 to +2.5 percentage points.
Fi→En and Ko→En (n=13, 17) show much larger
swings (−23.1, −35.3 pp) and should be read cau-
tiously. The reduction is not specific to the LTD,
since the matched random-direction control per-
forms comparably overall, and on En→Fa and
Ja→En the observed reduction is larger for the
random direction. We therefore treat the ablation
as a non-specific all-layer perturbation rather than
causal evidence. The Basic-only and peak-layer
variants show the same pattern.

7 Linguistic Analysis of LTB

The LTD ablation does not explain why some id-
ioms remain more prone to LTE than others. We
therefore compare LTE rates by two linguistic prop-
erties of the idiom: compositionality and length.

Method. The comparison is restricted to the LTB-
conditional subset (D=1, I=1). We score compo-
sitionality on a 1–5 scale using GPT-5.2, follow-
ing the LLM-based annotation setup of Kim et al.
(2025). Rating compositionality is hard to standard-
ize (Nordmann et al., 2014), and a bare 1–5 scale

Direction Low comp. High comp. Short Long

En→Fa 6.5% 5.2% 6.2% 3.6%
Fr→En 11.2% 9.8% 8.0% 13.8%
Ko→En 2.7% 1.4% 2.0% 0.0%
Fa→En 10.0% 7.9% 6.6% 13.1%
Fi→En 8.8% 21.9% 21.2% 4.2%
Ja→En 9.2% 7.7% 7.2% 10.1%

Table 6: LTE rate by compositionality and idiom length
within the LTB-conditional subset. Low/high comp.:
scores 1–3 vs. 4–5. Short/long: at or below vs. above
each direction’s median length.

leaves each score point to the model. We there-
fore anchor the scale with three example idioms
per source language, one each at scores 1, 3, and 5,
from outside the evaluation corpus. Idiom length
is the number of stanza tokens (Qi et al., 2020),
with short and long split at each direction’s median.
Appendix I reports the scoring details and prompt.

Main Results. Table 6 reports LTE rates by com-
positionality and by idiom length. Appendix J re-
ports the same comparison on the full data.

Finding 9: Idiom compositionality correlates
with LTB. Low-compositionality idioms show
higher LTE rates than high-compositionality idioms
in five of six directions (e.g., 10.0% vs. 7.9% for
Fa→En, 2.7% vs. 1.4% for Ko→En). Idiom length
shows no consistent direction of effect.

8 Conclusion

We introduce IdiomDIT, a diagnostic framework
that jointly evaluates idiom detection, idiom inter-
pretation, and idiomatic translation. Across six lan-
guage pairs and five models spanning 4B to 70B,
LTE persists even when a model recognizes an
idiom and can state its meaning in context, and
error-targeted prompting reduces but does not elim-
inate it. We then test whether it corresponds to
a direction in the model’s hidden states. A probe
trained with random cross-validation recovers one
per language, but the signal does not survive idiom-
disjoint splits or identity removal, and erasing the
recovered direction changes LTE no more than eras-
ing a random one. We release these controls as a
reusable protocol for hidden-state attribution in ma-
chine translation. A linguistic analysis shows that
low-compositionality idioms have higher LTE rates.
We leave to future work other properties such as
lexical overlap, corpus frequency, and typological
or cultural proximity.
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Limitations

Automated evaluation. We use GPT-4o-mini for
Detection and Interpretation and the stronger GPT-
5.2 for the LTE judgment. On Fi→En, Fr→En,
and Ja→En, we validate all three judges against a
three-annotator human majority. This supports the
reliability of the evaluation protocol, but does not
extend to the other three directions.

Idiom coverage. Our analysis is constrained by
the requirement that each benchmark support all
three IdiomDIT tasks: idiom detection, interpreta-
tion, and translation evaluation. This substantially
limits the number of usable datasets and, in turn,
the range of language directions covered in this
study. Five of the six directions translate into En-
glish, and only En→Fa translates out of English,
so findings about out-of-English translation rest on
a single direction. Within the selected directions,
dataset sizes also vary considerably, ranging from
85 idioms (Finnish) to 1,188 idioms (Japanese).
The smaller datasets may not adequately represent
the broader distribution of idiomatic expressions in
those languages.

Reference-meaning extraction. Interpretation
evaluation uses reference meanings that are auto-
matically extracted from gold translations rather
than manually annotated. Although the gold trans-
lation serves as a semantic anchor, extraction errors
or paraphrastic drift may affect the downstream in-
terpretation scores.

Statistical power of the LTD analysis. The num-
ber of know-but-error (Group A) instances available
for linear probing and LTD ablation is governed by
dataset size and LTE prevalence rather than source-
language resource level. It is larger for En→Fa,
Fa→En, Fr→En, and Ja→En (|A| ≥ 41), but lim-
ited for Fi→En and Ko→En (|A| ≤ 17). Estimates
for the smaller-sample directions are therefore high-
variance and should be read as indicative rather
than conclusive.

Model architecture. Our hidden-state probing
and LTD ablation analyses are conducted on a sin-
gle model, Qwen3.5-9B. The behavioral findings
(Findings 1–5) are validated across four Qwen mod-
els and Llama-3.3-70B-Instruct, but the mechanis-
tic results are not, so their generality across model
architectures and scales remains to be established.

Deterministic decoding. All model outputs are
produced with greedy decoding so that any change

in output reflects the intervention itself rather than
sampling variance. This may differ from the
nonzero-temperature settings common in practice.

Scope of the intervention. This work is diagnos-
tic and does not introduce a deployed translation
system. We evaluate directional ablation as an anal-
ysis tool rather than a mitigation: it changes LTE no
more than a matched random direction, and we do
not measure its effect on overall translation quality.
Any representation-level intervention of this kind
would need such an evaluation before use in a real
MT system.
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Appendix

A LTE Judge Prompt

For reproducibility, LTE evaluation uses
GPT-5.2 with temperature = 0, a maximum
output length of 512 tokens, and structured
JSON outputs for reliable parsing. We use
the judge’s reasoning.literal_check and
reasoning.meaning_check fields as two indepen-
dent subjudgments to recover the two conditions in
Eq. 1, and compute the final LTE label from them,
so the conjunction in Eq. 1 is applied mechanically
rather than judged holistically. The full prompt is
shown below.

B The IdiomDIT Framework

All three IdiomDIT tasks use structured JSON out-
puts for reliable parsing. The maximum output
length is 256 tokens for Detection, 256 tokens for
Interpretation, and 512 tokens for Translation.

B.1 Idiom Detection
Detection Prompt. The following prompt is used
to elicit idiom detection from the target model.

Evaluation Details. Instances with has_idiom =
false or an empty detected_idiom score 0. Oth-
erwise we compare detected_idiom against the
gold idiom by exact match, substring containment,
and punctuation-stripped matching. We use GPT-
4o-mini at temperature = 0 (maximum output
length 128 tokens) as the LLM judge for cases not
resolved by string matching. The judge prompt is
shown below.

B.2 Idiom Interpretation
Interpretation Prompts. We elicit idiom inter-
pretation with the following three prompts, which
paraphrase the same question: what the idiom
means in the source sentence.

Evaluation Details. We use GPT-4o-mini at tem-
perature = 0 (maximum output length 256 tokens)
to judge whether the model’s answer matches the
reference meaning. The judge prompt is shown
below.

C Dataset

C.1 Reference Meaning Extraction Prompt
Reference meanings are extracted with gemini-
3-flash-preview (thinking disabled) at temper-
ature = 0 using the prompt below.

C.2 Data Filtering Criteria
All six datasets were filtered before evaluation to
ensure instance quality. Three criteria were applied:

Duplicate idiom occurrences. Instances sharing
the same idiom were deduplicated, retaining one
representative per idiom. Retaining multiple copies
would overweight high-frequency idioms in the ag-
gregate LTE rate and bias results toward a small
number of repeated patterns.

Minimal-context source sentences. Instances
whose source sentence was shorter than the idiom
plus three characters were removed. Such cases
are effectively the idiom in isolation, with little sur-
rounding context, and resemble dictionary entries
rather than realistic translation inputs.

Subtitle-corpus cleanups. For the Finnish,
French, and Japanese datasets, which derive
from a subtitle corpus (Liu et al., 2023a), gold
translations shorter than three words were removed.
These cases often reflect subtitle-style omission
rather than faithful idiomatic translation and
therefore cannot serve as reliable LTE references.
For Finnish we additionally removed morpheme
boundary markers (#) in compound words (e.g.,
poikki#telo → poikkitelo).

D Human Agreement Study

We validate all three automated judges (LTE, Detec-
tion, Interpretation) against independent human an-
notation on the same three language pairs, Fi→En,
Fr→En, and Ja→En. The human evaluation was
conducted by senior Ph.D. students and research
staff with Master’s degrees, all with expertise in the
relevant languages.

D.1 LTE Judge and Prompt Selection
We first select the judge prompt by comparing can-
didate formulations against the human annotations
with GPT-4o-mini, then, with that prompt fixed,
compare GPT-4o-mini and GPT-5.2 against the
three-annotator human majority on two directions
(Fi→En, Fr→En). GPT-5.2 shows substantially
higher agreement (Cohen’s κ=0.63 on Fi→En,
0.76 on Fr→En) than GPT-4o-mini (κ=0.46 on
Fi→En, 0.37 on Fr→En) and is adopted as the LTE
judge for all experiments.

D.2 LTE Agreement Results
Annotation setup. Each item shows the idiom,
the source sentence, an automatically generated lit-
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LTE Judge Prompt

System.
You are an expert in cross-lingual idiom translation.

# Global Constraints
Output Format: Valid JSON object ONLY.
- Do NOT wrap in ```json or ```
- Do NOT add explanations before/after JSON

User.
# Task
Evaluate two properties of the translation regarding the idiom.

# Important
- The two judgments must be made independently.
- Both properties can be true or false independently.

# Subjudgments (answer each independently and exact evidence from the translation)

Important distinction:
Literal mapping: the literal translation of words in the idiom (e.g., in the idiom ``drop the
ball'', ``ball'' is translated literally as ``球'')
Intended meaning: the actual figurative meaning of the idiom (e.g., in the idiom ``drop the
ball'', it is translated figuratively as ``犯错'')

Step 1: Extract the literal translation of each content word in the idiom.
Step 2: Literal Check - Does the translation preserve this literal mapping? (Yes / No)
Step 3: Meaning Check - Does the translation correctly express the intended meaning? (Yes / No)

# Input
- Idiom: ``{idiom}''
- Intended meaning of the idiom: ``{meaning}''
- Source Sentence: ``{sentence}''
- Translation: ``{model_translation}''

# Output Format (JSON only)
{

``idiom'': ``{idiom}'',
``intended_meaning'': ``{meaning}'',
``source_sentence'': ``{sentence}'',
``translation'': ``{model_translation}'',
``reasoning'': {

``explicit_literal_mapping'': ``Extract the literal translation of each content word in the
idiom'',

``literal_check'': ``Yes/No + 10-20 word evidence'',
``meaning_check'': ``Yes/No + 10-20 word evidence'',
``confidence'': 0.0-1.0

}
}

Detection Prompt

Read the following sentence carefully.

Sentence: {sentence}
Does this sentence contain an idiomatic expression (an expression whose meaning is different from
the literal meaning of its individual words)?

If yes, identify the idiomatic expression and respond in JSON format:
{``has_idiom'': true, ``idiom'': ``the idiomatic expression''}

If no idiomatic expression is found, respond:
{``has_idiom'': false, ``idiom'': ``''}

eral translation of the source sentence, the gold translation, the reference meaning, and the model
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Detection Judge Prompt

System.
You are a linguistic judge. Determine whether two phrases refer to the same idiom, allowing for
inflectional variations, pronoun changes, and partial forms. Output ONLY.
{``match'': true/false, ``reason'': ``brief reason''}

User.
Gold idiom: {gold_idiom}
Model detected: {detected_idiom}
Context: {sentence}

Do these refer to the same idiomatic expression? Consider:
(1) inflectional forms (drag one's feet = dragging my feet)
(2) pronoun substitution (one's = my/his/her/their)
(3) partial overlap (break the ice = broke the ice).

Reject completely different idioms. Output JSON only.

Interpretation Prompts

(a) What is the idiomatic meaning of ``{idiom}'' in: ``{sentence}''? Output JSON only:
{``meaning'': ``...''}

(b) Explain the idiomatic meaning of ``{idiom}'' in: ``{sentence}''. Output JSON only:
{``meaning'': ``...''}

(c) What does ``{idiom}'' idiomatically mean in: ``{sentence}''? Output JSON only: {``meaning'':
``...''}

Interpretation Judge Prompt

System.
You are a judge evaluating whether a model's explanation of an idiom is correct. Output ONLY.
{``correct'': true/false, ``reason'': ``brief reason''}

User.
Reference meaning: {reference_meaning}
Model's answer: {model_answer}

Does the model's answer correctly capture the essential meaning of the idiom? Be lenient: the
answer need not be word-perfect, only semantically correct. Mark as incorrect if the model says
``I don't know'' or gives a wrong meaning. Output JSON only.

Reference Meaning Extraction Prompt

Provide the idiomatic meaning of the idiom ``{idiom}'' as used in the source sentence, based on
the context of the sentence and its translation.

Source Sentence: {source}
Translation: {gold_translation}

Respond only with the idiom's meaning in English without any explanation, formatted as a JSON
object:

{
``output'': ``meaning content''

}

translation. Annotators mark the two conditions of
the LTE definition in §3.1 separately, whether the
idiom is rendered literally and whether its mean-

ing is conveyed, and the LTE label is computed
from these two marks rather than assigned by hand.
We collect LTE annotations from three indepen-
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Dir. Judge Hum. LLM Agr. κ

(a) Majority-vote human vs. LLM judge
Fi→En GPT-5.2 29.4 31.5 84.4 0.63
Fr→En GPT-5.2 12.3 17.0 93.8 0.76
Ja→En GPT-5.2 8.7 13.1 94.2 0.70

(b) Inter-annotator agreement (3 annotators)
Fi→En 3-way Fleiss n=340 72.9 0.58
Fr→En 3-way Fleiss n=552 93.1 0.78
Ja→En 3-way Fleiss n=552 84.9 0.47

Table 7: Human evaluation of LTE across all four prompt
conditions (all in %, except κ). (a) LTE rate and agree-
ment between human judgment and the GPT-5.2 judge
(raw agreement, Cohen’s κ), using the three-annotator
majority vote. (b) Inter-annotator agreement among the
three annotators (raw agreement, Fleiss’ κ).

dent annotators on all four prompt conditions of
Fi→En (n=340), Fr→En (n=552), and Ja→En
(n=552). Table 7(b) reports inter-annotator agree-
ment on the final LTE label: it is substantial on
Fr→En (Fleiss’ κ=0.78) and moderate on Fi→En
(κ=0.58) and Ja→En (κ=0.47). Ja→En reaches
84.9% raw agreement, but LTE occurs in only 8.7%
of its items. Because κ is deflated when one label
is this rare, its lower value reflects the label dis-
tribution rather than annotator disagreement. Ta-
ble 7(a) compares the three-annotator majority vote
against GPT-5.2, our strongest judge: agreement
is substantial across all three directions (Cohen’s
κ=0.76 on Fr→En, 0.63 on Fi→En, and 0.70 on
Ja→En), and the judge’s LTE rate closely tracks
the human majority (17.0% vs. 12.3% on Fr→En;
31.5% vs. 29.4% on Fi→En; 13.1% vs. 8.7% on
Ja→En). This confirms that the dual-condition LTE
criterion is well-aligned with expert human judg-
ment.

D.3 Detection and Interpretation Agreement
Results

We collect Detection and Interpretation annotations
from the same three annotators on all instances
of Fi→En (n=85), Fr→En (n=138), and Ja→En
(n=138). For Detection (Table 8), inter-annotator
agreement ranges from 0.60 to 0.88 and majority-
vote agreement with the GPT-4o-mini judge from
0.60 to 0.91. For Interpretation (Table 9), the corre-
sponding ranges are 0.44 to 0.79 and 0.47 to 0.83.

E Linear Probe Implementation Details

All probes use scikit-learn’s LogisticRegression
(solver lbfgs, L2 penalty,C=1.0, max_iter=2000,
random_state=42). All other parameters are left

Dir. Judge Hum. LLM Agr. κ

(a) Majority-vote human vs. LLM judge
Fi→En GPT-4o-mini 49.4 67.1 80.0 0.60
Fr→En GPT-4o-mini 87.0 92.8 94.2 0.69
Ja→En GPT-4o-mini 72.5 76.1 96.4 0.91

(b) Inter-annotator agreement (3 annotators)
Fi→En 3-way Fleiss n=85 82.4 0.77
Fr→En 3-way Fleiss n=138 84.8 0.60
Ja→En 3-way Fleiss n=138 92.8 0.88

Table 8: Human evaluation of idiom Detection (all in
%, except κ). (a) Detection accuracy and agreement
between human judgment and the GPT-4o-mini judge
(raw agreement, Cohen’s κ), using the three-annotator
majority vote. (b) Inter-annotator agreement among the
three annotators (raw agreement, Fleiss’ κ).

Dir. Judge Hum. LLM Agr. κ

(a) Majority-vote human vs. LLM judge
Fi→En GPT-4o-mini 45.9 37.6 91.8 0.83
Fr→En GPT-4o-mini 91.3 86.2 94.9 0.75
Ja→En GPT-4o-mini 89.9 80.4 86.2 0.47

(b) Inter-annotator agreement (3 annotators)
Fi→En 3-way Fleiss n=85 84.5 0.79
Fr→En 3-way Fleiss n=138 91.3 0.64
Ja→En 3-way Fleiss n=138 81.8 0.44

Table 9: Human evaluation of idiom Interpretation (any-
hit across three probes, all in %, except κ). (a) Interpreta-
tion accuracy and agreement between human judgment
and the GPT-4o-mini judge (raw agreement, Cohen’s
κ), using the three-annotator majority vote. (b) Inter-
annotator agreement among the three annotators (raw
agreement, Fleiss’ κ).

at their scikit-learn defaults, and we perform no
hyperparameter search. Features are the last input-
token residual-stream hidden state at each of the 32
layers (hi,ℓ ∈ R4096 for Qwen3.5-9B), standardized
with StandardScaler fit on the training partition
only.

Naive random-fold probing (Table 3) uses
5-fold StratifiedKFold with shuffling. Be-
cause the two groups are imbalanced, we re-
peat it over five class-balanced subsampling seeds
({42, 123, 456, 789, 2026}), each time downsam-
pling the majority class to the minority-class count.
We report the mean ± SD of balanced accuracy
across seeds, with ROC-AUC at the same layer.

Leakage-aware probing (Table 4) instead groups
by idiom ID, using 5-fold StratifiedGroupKFold
so that all prompt instances of an idiom stay in the
same fold. Here we weight the classes rather than
subsample, since down-sampling at the idiom level
would leave too few groups to form five folds on
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Figure 7: Mean cross-language LTD cosine by layer,
averaged over the 15 pairwise comparisons among the
six language pairs.

the smaller directions.
For the within-idiom permutation control (Ta-

ble 4), we first subtract each idiom’s mean hid-
den state and probe the residuals under the same
grouped scheme. The resulting accuracy is com-
pared against the null distribution of accuracies
obtained by shuffling the labels within each idiom,
over 1,000 permutations. No direction exceeds its
null (all p ≥ 0.17).

F LTD Geometric Robustness Checks

Near-orthogonality is easy to over-read, so we check
it four ways. In 4096 dimensions any two unrelated
vectors are already close to orthogonal, so we first
calibrate the observed cosines against random pairs.
Even at chance level, the comparison so far uses
only the peak probing layer, so we next repeat it
at every depth. Even across all layers, directions
can be pairwise orthogonal while still lying in a
common low-dimensional subspace, a form of shar-
ing that pairwise cosines cannot detect, so we then
compare the subspaces themselves using principal
angles. All of this assumes the directions are es-
timated stably enough to be compared, so we fi-
nally measure how much each language’s direction
changes between adjacent layers.

Random-vector calibration. We sample 104 ran-
dom unit-vector pairs in R4096 and take the range
covering 99% of them, | cos | < 0.040 (SD ≈
0.016), as the range produced by unrelated vectors.
The peak-layer off-diagonal LTD cosines in Figure 6
lie in [−0.032,+0.044] with mean | cos | = 0.02,
inside this band. Only the largest pair slightly ex-
ceeds 0.040.
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Figure 8: Within-language adjacent-layer stability
cos(ŵℓ, ŵℓ+1) for each language pair.

Per-layer cross-language cosine. At every layer,
the mean cosine between LTDs from different lan-
guage pairs stays within this same range, providing
no evidence for a shared direction at any specific
depth (see Figure 7).

Principal angles. We compute principal angles
(Björck and Golub, 1973) between per-language
LTD subspaces defined in two ways: (i) the top-5
layers by balanced probing accuracy (5-D per lan-
guage), and (ii) all 32 layers (32-D per language).
We compare each result against random subspaces
of the same size. For the top-5 subspaces, none
of the 15 language-pair comparisons yields a top-1
principal cosine more than 3σ above the random-
subspace mean of 0.057. For the 32-layer sub-
spaces, the mean top-1 principal cosine is 0.189,
only slightly above the random-subspace value of
0.168. The remaining principal cosines fall off to
the random-subspace level right away. If the lan-
guages shared a subspace of several dimensions,
the first few would instead stay high, so we find no
evidence for a shared cross-language subspace.

Within-language stability. Within each lan-
guage pair, the direction becomes stable in the up-
per half of the model: cos(ŵℓ, ŵℓ+1) rises from
about 0.35 in early layers to 0.85 or above from
L23 onward, and all six pairs follow the same curve
(see Figure 8). The directions are therefore repro-
ducible, so the near-orthogonality across languages
is unlikely to be noise.

G Ablation Audit Details

To distinguish substantive output changes from
evaluator-sensitive relabeling, the Fix/Harm counts
in Table 5 include only paired samples where the
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Pair Idiom Meaning Change after LTD ablation Type

En→Fa bite the dust fail or be defeated
دناماپریز (‘remained under foot’) →

دروختسکش (‘failed’) Real fix

En→Fa drop the ball make a mistake

تشاذگنیمزارپوت (‘put the ball down’) →
درکیگرزبهابتشا (‘made a big mistake’) Real fix

Ko→En 그림의떡 unrealistic expectations
“cake in the picture” →
“pie in the sky” Real fix

Fi→En vetää turpa shut up
“To pull the tail?” →
“Want to get your ass kicked?” Changed, not fixed

Table 10: Representative audit cases after LTD ablation, shown with English glosses for readability. The table
includes both real fixes and changed-but-not-fixed outputs.

translation text differs between the baseline and ab-
lated generations. Table 10 shows representative
cases drawn from this set, including both meaning-
preserving fixes and changed-but-not-fixed outputs.
The latter help calibrate whether the reduction re-
flects targeted intervention or broader output per-
turbation.

Consequences of Symmetric Re-scoring. Be-
cause LLM judgments are imperfect, we re-score
both the baseline and the ablated output under the
same protocol (§6.2) rather than treating Group A’s
original labels as ground truth. This keeps an orig-
inal judging error from counting as a Fix, and it
lets ablation-induced harm be observed at all. The
design has two consequences.

First, some instances receive a hedged verdict on
literal_check or meaning_check (“Partial/No,”
“Mostly Yes”) rather than a clean Yes/No. These
cannot be assigned a binary LTE label, so we ex-
clude them rather than force them into a class. This
happens in only two directions, which is why n in
Table 5 falls below Group A’s construction-time
size in Table 3 there (36 vs. 42 and 204 vs. 220).

Second, re-scoring also means that some base-
line outputs are no longer judged as LTE. These in-
stances have no LTE left to fix, so ablation can only
harm them, which is why Table 5 records Harm
cases even though Group A is defined by initial
LTEs.

H LTD Probing and Ablation Robustness
Checks

The mechanistic analysis in §6.2 pools instances
across all four prompt conditions, and the ablation
in Table 5 removes the recovered direction at all 32
layers. We check both design choices. The Basic-
only run repeats the probing and the ablation with-

out cross-prompt pooling (§H.1), and the peak-layer
run replaces the all-layer intervention with a more
localized one at each direction’s peak probing layer
(§H.2). Neither check changes the paper’s conclu-
sions: probing behaves as the leakage account of
Finding 6 predicts, and LTD ablation remains in-
distinguishable from a matched random-direction
control. Confidence intervals quoted in the text are
paired bootstrap intervals over 2 000 iterations.

H.1 Basic-only Prompt Robustness Check
Group A/B construction, layer-wise probing, LTD
ablation, and the matched random-direction control
are re-run restricted to the Basic prompt condi-
tion alone. This shrinks Group A to |A| = 63 for
Ja→En down to 4 for Fi→En (excluded as under-
powered). All other pipeline details match §6.2.

On the only well-powered direction (Ja→En,
n=63), LTD ablation and the random control move
the LTE rate by almost the same amount (−11.1
pp vs. −9.5 pp), mirroring the pooled result in Ta-
ble 5. In the smaller directions the LTD confidence
interval likewise covers the random-direction mean.
Restricting to Basic therefore does not surface a
prompt-specific effect that cross-prompt pooling
had hidden. This restriction also independently cor-
roborates the leakage account of Finding 6: with at
most one instance per idiom, the dataset is idiom-
partitioned by construction and naive K-fold accu-
racy is no longer inflated, consistent with Table 4.

Figures 9 and 10 report the Basic-only counter-
parts of Figures 5 and 7 (Fi→En excluded as under-
powered). Both patterns match the pooled analysis.

H.2 Peak-Layer Robustness Check
The all-layer ablation in §6.2 is a broad intervention.
We complement it with a single-layer analysis at
each direction’s peak leakage-aware grouped-CV
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n ∆ LTE ∆ LTE (rand.) Fix:Harm

En→Fa 16 −31.2 pp −16.7 pp 5:0
Fr→En 17 −17.6 pp −2.0 pp 4:1
Ko→En† 8 −25.0 pp −20.8 pp 2:0
Fa→En† 13 −7.7 pp −15.4 pp 2:1
Fi→En — |A| = 4; excluded
Ja→En 63 −11.1 pp [−20.6,−3.2] −9.5 pp (±4.8) 8:1

Table 11: Basic-only paired LTD ablation on Group A (Qwen3.5-9B). ∆ LTE: change in LLM-judged LTE rate after
ablation. ∆ LTE (rand.): same for a norm-matched random direction (mean of three seeds). Fix:Harm: counts of
initially-LTE cases corrected by ablation and initially non-LTE cases that become LTE. †Under-powered (|A| < 20).
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Figure 9: Basic-only all-layer linear probing curves for
Group A vs. Group B on Qwen3.5-9B (compare Fig-
ure 5).
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Figure 10: Basic-only mean cross-language LTD cosine
by layer, averaged over the 10 pairwise comparisons
among the five well-defined language pairs (compare
Figure 7).

probing layer (Table 4), listed in the Peak L col-
umn below, with every other design choice match-
ing Table 5 exactly. The LTD confidence interval
covers the random-direction mean in every direc-
tion, including the only well-powered one (Ja→En,
|A|=220: −10.0 pp vs. −6.8 pp), mirroring the
pooled and Basic-only results (Appendix H.1). The
peak-layer LTD effect is larger than the all-layer
number in three directions and smaller in the other
three, where in one case it even changes sign. Lo-

calization therefore does not recover a specificity
gap that all-layer ablation was hiding. All-layer
ablation remains the main analysis for the reasons
given in §6.2, and the peak-layer results here are
complementary rather than a replacement.

I Linguistic Analysis of LTB

We score each idiom with GPT-5.2 at
temperature=0 and a 256-token output limit.
One call rates one idiom, given the idiom and its
reference meaning, and returns a JSON object
with a 1–5 score and a short reason. Rating idiom
compositionality is hard to standardize (Nordmann
et al., 2014), and a bare 1–5 scale would leave
each score point to the model’s own interpretation.
The prompt therefore anchors the scale with three
example idioms per source language, one each
at scores 1, 3, and 5, all taken from outside the
evaluation corpus. The prompt below shows the
English anchors.

Idiom length is counted with each source lan-
guage’s own Universal Dependencies tokenizer in
stanza (Qi et al., 2020). Within each direction we
take the median length over the instances entering
the comparison, and call an instance short if its
length is at or below that median and long other-
wise. For Table 6 the medians are 2 for Fi→En and
Ko→En, 3 for Ja→En, 4 for En→Fa and Fa→En,
and 4.5 for Fr→En.

J Linguistic Analysis of Full Data

Finding 9 restricts the comparison to the LTB-
conditional subset (D=1, I=1). Here we repeat
it on the full evaluation set, without conditioning
on detection and interpretation. The pattern is the
same: low-compositionality idioms have higher
LTE rates than high-compositionality ones in five
of six directions (Table 13). Idiom length again
shows no consistent effect.

59524



Peak L n ∆ LTE ∆ LTE (rand.) Fix:Harm

En→Fa 15 42 −14.3 pp −10.3 pp 6:0
Fr→En 31 49 +8.2 pp +2.7 pp 3:7
Ko→En† 11 17 −11.8 pp −11.8 pp 2:0
Fa→En 16 41 −19.5 pp −14.6 pp 9:1
Fi→En† 17 13 0.0 pp −7.7 pp 3:3
Ja→En 11 220 −10.0 pp −6.8 pp 32:10

Table 12: Peak-layer paired LTD ablation on Group A (Qwen3.5-9B, mixed prompts). Peak L: the leakage-aware
grouped-CV peak layer per direction, at which both the LTD and the random direction are ablated. ∆ LTE: change
in LLM-judged LTE rate after ablation. ∆ LTE (rand.): same for a norm-matched random direction (mean of three
seeds). Fix:Harm: counts of initially-LTE cases corrected by ablation and initially non-LTE cases that become LTE.
†Under-powered (|A| < 20).

Compositionality Scoring Prompt

You are a linguist evaluating the compositionality of idiomatic expressions.

Compositionality is the degree to which an idiom's figurative meaning can be inferred from the
literal meanings of its component words.

Rating scale:
1 (Fully opaque): The meaning cannot be inferred at all from the individual words.
2 (Mostly opaque): Very little of the meaning can be guessed from the components.
3 (Semi-compositional): Some aspects of the meaning can be inferred through metaphorical

reasoning.
4 (Mostly compositional): The meaning is largely inferable from the components.
5 (Fully compositional): The meaning is directly derivable from the individual words.

Here are calibration examples:
Score 1: ``fly off the handle'' = ``to suddenly become very angry''

Reason: ``fly'', ``off'', ``handle'' have no connection to ``anger''
Score 3: ``break the ice'' = ``to relieve tension in a social situation''

Reason: ``break'' suggests disrupting, ``ice'' suggests coldness/stiffness --- requires
metaphorical reasoning
Score 5: ``break one's heart'' = ``to cause deep emotional pain''

Reason: ``break'' directly maps to damage, ``heart'' directly maps to emotions

Now rate this idiom:
Idiom: {idiom}
Meaning: {meaning}

Rate the compositionality of this idiom on a 1-5 scale.
Output ONLY a JSON object:
{``compositionality_score'': <1-5>, ``reason'': ``brief reason in 10-20 words''}

Direction Low comp. High comp. Short Long

En→Fa 7.8% 5.5% 6.3% 6.1%
Fr→En 18.7% 11.3% 15.7% 18.4%
Ko→En 6.5% 3.2% 4.1% 2.1%
Fa→En 18.5% 14.3% 15.7% 18.8%
Fi→En 31.4% 31.7% 32.1% 30.5%
Ja→En 17.4% 11.5% 13.0% 13.7%

Table 13: LTE rate by compositionality and idiom length
on the full evaluation set. Low/high comp.: scores 1–3
vs. 4–5. Short/long: at or below vs. above each direc-
tion’s median length.

K Results for Remaining Models

Figures 11–18 provide additional behavioral re-
sults for the other three Qwen models and Llama-
3.3-70B-Instruct. Findings 1–5 remain consistent
across model sizes and families.
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Figure 11: Sankey diagram of IdiomDIT outcomes for all six language pairs (Qwen3-4B, Basic prompt).
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Figure 12: Sankey diagram of IdiomDIT outcomes for all six language pairs (Qwen3-8B, Basic prompt).
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Figure 13: Sankey diagram of IdiomDIT outcomes for all six language pairs (Qwen3.5-4B, Basic prompt).
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Figure 14: Sankey diagram of IdiomDIT outcomes for all six language pairs (Llama-3.3-70B-Instruct, Basic prompt).
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Figure 15: Prompt mitigation effect on LTE rate (Qwen3-4B, all six language pairs).
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Figure 16: Prompt mitigation effect on LTE rate (Qwen3-8B, all six language pairs).

0 2 4 6 8 10

BasicPrompt

Meaning-First

SuperMitigation

Anti-Literal

En Fa  (n=200)
10.6%

8.5%-2.1pp

4.5%-6.1pp

4.0%-6.6pp

0 10 20 30

BasicPrompt

Meaning-First

SuperMitigation

Anti-Literal

Fr En  (n=138)
31.2%

29.7%-1.5pp

23.2%-8.0pp

21.7%-9.5pp

0 1 2 3 4

SuperMitigation

BasicPrompt

Meaning-First

Anti-Literal

Ko En  (n=422)
4.8%

4.7%

4.5%

4.3%

0 5 10 15 20

Meaning-First

BasicPrompt

SuperMitigation

Anti-Literal

Fa En  (n=200)
22.5%

20.2%

16.6%-3.6pp

14.1%-6.1pp

0 10 20 30

BasicPrompt

Meaning-First

Anti-Literal

SuperMitigation

Fi En  (n=85)
32.9%

32.1%-0.8pp

25.9%-7.0pp

23.5%-9.4pp

0 5 10 15

BasicPrompt

Meaning-First

Anti-Literal

SuperMitigation

Ja En  (n=1188)
19.0%

18.7%

15.8%-3.2pp

15.6%-3.4pp

LTE reduction vs BasicPrompt Remaining LTE

Figure 17: Prompt mitigation effect on LTE rate (Qwen3.5-4B, all six language pairs).
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Figure 18: Prompt mitigation effect on LTE rate (Llama-3.3-70B-Instruct, all six language pairs).
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