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Abstract

As large language models (LLMs) are increas-
ingly considered for high-stakes legal applica-
tions, a central question for trust and auditabil-
ity is whether their outputs reflect genuine rea-
soning over the supplied legal materials, or
merely surface statistical patterns absorbed dur-
ing pre-training. We address this question at
the mechanistic level by applying activation
patching, a causal-mediation technique, to four
open-source multilingual LLMs on two bar-
exam datasets: U.S. MBE and Brazilian OAB.
For each multiple-choice question we contrast a
gold supporting passage with an irrelevant-but-
plausible counterfactual. We then surgically re-
place residual-stream activations across layers
and token regions and measure recovery of the
logit difference. Gold passages exert a measur-
able but model- and linguistic-dependent causal
effect; integration concentrates in the upper lay-
ers (a late-binding signature); and the size of
the effect is strongly mediated by the linguistic
and discourse structure of the passage itself, not
just its relevance. We introduce a four-cluster
taxonomy that operationalises these regimes
and identifies cases where retrieved evidence is
causally decisive, inert, or actively harmful.

1 Introduction

Large language models (LLMs) are increasingly
deployed in high-stakes domains such as medicine
and law, where reasoning failures carry direct hu-
man cost (Kant et al., 2025; Griot et al., 2025).
In legal practice in particular, the central question
is no longer whether LLMs produce fluent text,
but whether they reason over the legal materials
they are given or simply pattern-match against text
memorized during pretraining (Dahl et al., 2024).
Distinguishing reasoning from retrieval is critical
for Al safety, explainability, and the responsible
deployment of retrieval-augmented systems across

jurisdictions where statute and jurisprudence vary
widely (Nguyen et al., 2025).

We approach this question through activation
patching, a mechanistic interpretability technique
that implements a causal intervention over internal
representations (Zhang and Nanda, 2023; Heimer-
sheim and Nanda, 2024). Grounded in Judea
Pearl’s interventionist causal inference (Pearl,
2001, 2012), it provides a natural fit for the ques-
tion of whether retrieved evidence causally drives
a legal answer; we develop the formal framing in
Sec. 2.

We apply activation patching
open-source multilingual LLMs, namely (i)
Gemma-2-9B-it, (ii) Mistral-7B-v@.1, (iii)
Llama-3.1-8B-Instruct, and (iv) Qwen3-8B.
Questions are drawn from two professional-
licensure bar exams: the U.S. MBE and the
Brazilian OAB (Zheng et al., 2025; Calais
et al., 2026). Each question is paired with a
human-authored gold passage that justifies the
correct alternative. We contrast each gold passage
with an irrelevant-but-plausible noise passage and
measure how the logit difference between the runs
is recovered as a function of the patched layer and
token region.

Our contributions are:

to four

* We show that supporting evidence has a
causal, not merely correlational, effect on
LLM reasoning in legal QA, and we quan-
tify this effect per layer, per token region, and
per language across four open models.

* Combining the logit lens with a four-cluster
question taxonomy, we find that passage in-
tegration concentrates in the upper layers (a
late-binding signature) and is markedly asym-
metric between English and Portuguese pas-
sages.
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Figure 1: DAG representing interventions in activation
patching. Reproduced from Mueller et al. (2024).

* We give a linguistic-structural account of why
this asymmetry exists: the Portuguese OAB
passages close the inferential gap from rule to
fact to answer, whereas the English MBE pas-
sages require an additional bridging step that
the models often fail to perform (Appendix B).

The remainder of the paper reviews activation
patching, prior causal-interpretability work, and
legal-reasoning evaluations of LLMs (§2), details
our experimental setup (§3), and reports results
(§4) before concluding with limitations and future
work (§5).

2 Background and Related Work

The aim of mechanistic interpretability is to char-
acterise how the internal computations of a neu-
ral network give rise to its behaviour, rather than
only what that behaviour is (Saphra and Wiegreffe,
2024; Somvanshi et al., 2026). A growing body of
work approaches this goal through causal inference,
treating internal activations as variables in a latent
causal system over which interventions can be per-
formed (Geiger et al., 2021, 2024, 2025; Mueller,
2024; Mueller et al., 2024). We follow the inter-
ventionist perspective formalized by Judea Pearl
(Pearl, 2001, 2012), in which structural causal mod-
els and the do operator give a precise account of
what it means for one variable to cause another.

A structural causal model (SCM) is a tuple M =
(U,V,F,P(U)), where each endogenous V; € V
is fixed by a structural equation V; := f;(Pa;, U;)
on its causal parents and an exogenous noise term,
inducing an acyclic causal graph G4 (Pearl, 2012;
Geiger et al., 2021). Pearl’s do(V; = v) denotes a
surgical intervention: f; is replaced by the constant
assignment V; := v while every other equation is
left untouched, defining an interventional distribu-
tion P(Y | do(V; = v)) that is generally distinct
from the confounded conditional P(Y | V; = v)
(Pearl, 2001).

In our setting the SCM is the transformer itself:
U is the prompt, V are the residual-stream acti-

(0)

vations h, ’ and output logits, and each ft(g) is the

standard layer update, yielding the DAG of Fig-
ure 1. Activation patching is the do-operator on
hidden states: with clean and corrupted caches
hy)’dean and hg)’corr, patching layer ¢ at token

region 7 executes the corrupted run under
do (hy) = hg)’dean) , ter,

and the recovery Pre. (§3) is the resulting interven-
tional effect on the answer logit.

Identification holds because (i) modularity is
automatic — patches overwrite activations, never
weights; (ii) there is no unobserved confounding
— the full computational graph is known; (iii) con-
sistency and (iv) non-interference (SUTVA) follow
from the TransformerLens hook mechanism and
the independence of forward passes (Nanda and
Bloom, 2022). The non-trivial condition is (v) pos-
itivity: the injected v must lie on the activation
manifold, else P,.. measures off-distribution be-
haviour rather than a genuine causal effect (Heimer-
sheim and Nanda, 2024). We enforce this by draw-
ing every patch from a paired clean run with the

same template, tokenised length, and answer slot,

SO hﬁ“’dea“ is a value the network has actually

computed at that (¢, ).

Activation patching' operationalises this view at
the level of hidden states: an activation produced by
one forward pass is surgically replaced (“patched”)
with the cached activation from a counterfactual
pass, and the resulting change in the output logits
quantifies the causal contribution of that activation
(Zhang and Nanda, 2023; Heimersheim and Nanda,
2024). Figure 1 visualises the corresponding inter-
vention graph.

Activation patching has been used to characterise
how transformer LLLMs perform arithmetic (Stolfo
et al., 2023), how attention and MLP components
route gender-bias signals (Vig et al., 2020), how
multiple-choice answer selection is composed in
the final layers (Wiegreffe et al., 2025), and how
compositional reasoning fails in specific config-
urations (Li et al., 2024). These settings share
crisp ground truth and short token spans. Legal QA
differs in that the correct answer is mediated by
domain-specific terminology, codified rules, and ju-
risprudence that vary across legal traditions; these
properties make it an unusually demanding testbed
for causal interpretability, and a setting in which

! Activation patching is a.k.a. causal tracing or interchange
intervention.
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the structural form of the supporting evidence (not
only its semantic relevance) plausibly matters.

Legal NLP has rapidly accumulated benchmarks
aimed at evaluating LLM reasoning under realis-
tic professional conditions, including bar admis-
sion tests, contract analysis, and case-law retrieval
(Guha et al., 2023; Fei et al., 2024; Fan et al., 2025;
Calais et al., 2026; Zheng et al., 2025). In paral-
lel, hallucination-focused audits have shown that
LLMs are prone to fabricating doctrine, citations,
and procedural detail when not grounded in re-
trieved evidence (Dahl et al., 2024; Santos et al.,
2025). These efforts converge on a single empirical
question: do LLMs use legal text to reason, or do
they merely surface what was memorised during
pretraining (Nguyen et al., 2025)? Our work targets
exactly this question at the mechanistic level.

Robust legal reasoning further requires LLMs
to span diverse legal systems, integrating multilin-
gual knowledge tailored to each system’s statutes,
jurisprudence, and cultural context. This is par-
ticularly important for less-resourced jurisdictions,
where the legal reality of data-rich systems risks
dominating model behaviour. Our choice of U.S.
MBE (common-law, English) and Brazilian OAB
(civil-law, Portuguese) is deliberate, since it lets
us compare causal integration across two legal tra-
ditions that differ in both language and reasoning
style, exposing asymmetries that single-jurisdiction
studies cannot detect.

3 Methodology

The experiment employs activation patching, a
mechanistic interpretability technique, to inves-
tigate whether and how specific legal passages
causally influence the reasoning process of an LLM.
For each multiple-choice question, two prompts
with identical structures are constructed: one con-
tains a relevant legal passage (gold passage), di-
rectly related to the concept required for the correct
answer, while the other contains an irrelevant pas-
sage (noise passage), which is legally plausible
but unrelated to the specific question. The mod-
els used were Gemma-2-9B-it, Mistral-7B-v@.1,
Llama-3.1-8B-Instruct, and Qwen3-8B exe-
cuted via TransformerLens (Nanda and Bloom,
2022), which allows direct access to internal ac-
tivations across all network layers.

Each noise passage is a human-expert-authored
gold passage drawn from another question in the
same examination. These passages are legally valid,

coherent, and matched in domain, register, author-
ship, and distributional characteristics, but are irrel-
evant to the evaluated question (e.g., an electoral-
law passage paired with a corporate-law question).
Thus, the control isolates question-specific rele-
vance without introducing out-of-domain, shuffled,
counterfactually rewritten, or model-generated text.

We select the open-weights instruction-tuned
models in the 7-9B parameter range, spanning the
main currently available pretraining-data regimes
(predominantly English: Llama, Mistral; Chinese-
augmented: Qwen; with explicit multilingual expo-
sure: Gemma). Both datasets are chosen for being
authoritative professional-licensure exams paired
with human-authored explanatory passages, in two
legal traditions (civil law / common law) that differ
in both language and reasoning style.

The core procedure involves performing two
complete forward passes, one for each prompt, and
caching the residual stream activations across all
layers. A systematic sweep is then conducted: for
each layer, activations from the ‘gold passage’ run
are surgically patched into the ‘noise passage’ run,
replacing specific token blocks, after which the
model completes its processing. The effect of each
intervention is measured by the logit difference
(LD), the difference between the logit of the cor-
rect answer and the mean logits of the incorrect
alternatives at the final prompt position. Equation
1 presents the mathematical formulation of the logit
difference computation. This value is normalized
between O (corrupted run behavior) and 1 (clean
gold passage behavior), producing a recovery ma-
trix that maps, for each layer and token position,
the extent to which the ‘gold passage’ information
is causally responsible for the model’s preference
for the correct answer. Figure 2 visually represents
the experiment described above.

1
wrong
(D

We calculated LD twice: once with the gold
passage (LD¢jean) and once with the noise passage
(LD¢orr). The difference between them is as fol-
lows:

LD = 10git(ycorrect) -

A= LDclean - LDcorr (2)

For each layer [ and region r, we compute a
patched logit difference (LDpaeched) by replacing
the residual stream activations at region r and layer
[ in the corrupted run with the corresponding ac-
tivations from the clean run, then completing the
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VISUAL REPRESENTATION OF THE EXPERIMENT: ACTIVATION PATCHING FOR LEGAL REASONING
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Figure 2: Visual representation of Activation Patching experiment used in this paper

forward pass. Normalized recovery (Pr..) is defined
as follows:

LDpatched - LDcorr _ LDpatched - LDcorr

Prec =

LDclean - LDcorr A

3)

yielding 0 when the patch has no effect and

1 when it fully restores the clean-run behaviour,

thereby quantifying the causal contribution of each

(layer, region) pair to the difference in model be-
haviour induced by the passage substitution.

To obtain multiple-choice questions from the
legal domain, we utilized two available datasets
consisting of examination questions for profes-
sional legal licensure in Brazil (OAB test) and the
United States (MBE test). Both datasets, compiled
by Calais et al. (2026) and Zheng et al. (2025),
aim to enable the evaluation of legal reasoning
in LL.Ms and performance enhancement via tech-
niques such as RAG. Each dataset includes the
question prompts, alternatives, the expected correct
answer, and a gold passage, a human-written text
that justifies, exemplifies, or outlines the guidelines
and reasoning demonstrating the validity of the cor-
rect alternative. Although the textual composition
varies between the two datasets, the purpose of
this field remains the same: to provide textual evi-
dence supporting the correct answer. We refer to
this human-written text as the supporting evidence,
since it represents external information (e.g., rele-
vant case law) intended to guide the model toward

the appropriate response.

This human-written text for each question differs
from what might traditionally be termed context.
Based on the text typology developed by Halliday
and Matthiessen (Halliday and Matthiessen, 2013;
Matthiessen and Teruya, 2023), which classifies
texts according to their purposes, we would cate-
gorize this text as the field of experience. This is
because it does not merely explain the prompt or
the alternatives; rather, it provides a textual expla-
nation of the cultural sphere in which the question
is situated (e.g., Constitutional Law, Tax Law, or
International Law). It is explanatory and argumen-
tative in nature, validating the human reasoning
that culminates in the correct alternative.

4 Results and discussion

4.1 Accuracy and logit difference

As shown in Table 1, the models vary substantially
in their accuracy across the evaluated datasets.
Llama-3.1-8b-Instruct achieves the best over-
all performance (considering both the Brazilian
and U.S. datasets), with an accuracy of 0.82 when
provided with the gold passage and the smallest per-
formance gap relative to the noise condition (0.24).
This may suggest that the model’s advantage over
the others is not based exclusively on supporting
evidence, but could also come from characteristics
of its pretraining data.

When examining performance under the gold
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Model Gold Noise Gold EN Gold PT Noise EN Noise PT
Llama-3.1-8b-Instruct 0.82  0.58 0.74 0.90 0.63 0.52
Gemma-2-9b-it 0.74 0.45 0.59 0.86 0.41 0.48
Mistral-7b-v0.1 0.62 0.48 0.68 0.57 0.42 0.52
Qwen3-8b 0.38  0.40 0.42 0.33 0.47 0.33

Table 1: Overall and language-specific accuracy across gold and noisy conditions.

passage condition, Gemma-2-9b-it exhibits the
greatest asymmetry between the two languages
analysed (0.86 vs. 0.59), showing substantially bet-
ter performance in Portuguese. This is an initially
unexpected effect, given that the model was most
likely trained on a considerably larger amount of
English-language data compared to Brazilian Por-
tuguese data. In contrast, Mistral-7B shows better
performance with gold passages in English than in
Portuguese (0.67 vs. 0.57), most likely reflecting
the predominance of English-language data during
pretraining.

However, when we analyse the causal influ-
ence of the passage (Table 2) through the |A| met-
ric described in Section 3, we observe that the
largest measurable causal effect of the passage oc-
curs in Gemma-2-9b-it. The gold passage shifts
the model toward the correct alternative far more
abruptly than any other model evaluated in this
study. This effect is even stronger in Portuguese
(3.699 vs. 2.613 in English), which could suggest
that the gold passages in the Brazilian dataset gen-
erate stronger causal signals than those in the U.S.
dataset.

Even when the models answer a dataset question
incorrectly, however, a positive LD still reveals an
interesting finding regarding the causal influence
of the gold passages. In such cases, we have:

logit(y.) > mean (logit(y;))
and simultaneously:

logit(y,) > logit(y.)

where y. denotes the correct alternative, y; the
incorrect alternatives, and y, the highest-scoring
competing alternative.

This phenomenon occurs when a specific alter-
native receives a logit value sufficiently high to sur-
pass the correct answer individually, even though
the remaining incorrect alternatives have very low
logits, thereby lowering the overall mean. In this
scenario, the gold passage raises the logit of the cor-
rect answer above the average of the field, but not

above that of the strongest competing alternative.
In other words, the gold passage is causally steering
the model in the correct direction, but the shift is
insufficient to overcome the dominant competitor.

Model A [A[EN [A[PT
Gemma-2-9b-it 3213 2613  3.699
Llama-3.1-8B-it 1.806 1272 2290
Mistral-7B-v0.1  0.736  0.923  0.566
Qwen3-8B 0293 0298  0.288

Table 2: Absolute |A| values across models and lan-
guages.

These results indicate that a positive clean LD
associated with an incorrect answer should not be
interpreted as a failure of the passage; rather, it
constitutes evidence that the passage is function-
ing partially as intended. Without the passage, the
model would likely exhibit an even more nega-
tive LD and would therefore be even farther from
the correct answer. The gold passage produces a
stronger causal shift toward the correct alternative
than the noise passage, even in cases where the
model ultimately fails under both conditions.

4.2 Logit lens and late binding

Another relevant question concerns the layer at
which the model begins to exhibit a substantially
stronger preference for the correct alternative. We
further ask whether this preference remains consis-
tent across layers and prompt-token regions (ques-
tion, answer alternatives, passages), and whether
causal patching interventions influence this process.
For each question in the datasets, we additionally
employed the logit lens technique (nostalgebraist,
2020) in order to observe the progression of the
models’ reasoning throughout the forward pass.
For the Gemma-2-9b-it and
Llama-3.1-8B-Instruct models, we observed
a result consistent with what the mechanistic
interpretability literature has referred to as late
binding: for many transformer tasks, the model’s
output-aligned decision, that is, its next-token or
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label preference, often stabilizes only in the upper
layers, frequently within the last quarter of the
network depth or in the final blocks rather than
exclusively in the last layer itself (Geva et al.,
2021; Belrose et al., 2023; Halawi et al., 2024; Li
etal., 2024).

For questions that the models answered cor-
rectly, we observed a consistent pattern (Figure 3)
in which, throughout approximately 80% of them,
the models did not appear to make any explicit
prediction or commitment regarding the correct al-
ternative. Instead, the intermediate layers seemed
primarily devoted to processing or reasoning about
the legal case presented in the prompt. Only in
the upper layers did the models return to the final
objective of selecting one of the alternatives, sub-
sequently maintaining this choice consistently and
with high probability until the end of the forward
pass.

For questions answered incorrectly, we similarly
observed that the models tended to defer commit-
ment to a specific alternative until the upper layers.
However, in these cases, the probability assigned to
the correct alternative remained consistently very
low, often effectively zero, without the model ever
substantially considering competing alternatives,
both in the clean and corrupted runs, including
in the final layers. Even when provided with the
gold passage, once the model converged toward
an incorrect alternative after the reasoning process
developed across approximately 80% of its layers,
it tended to remain committed to the error, with-
out reconsidering alternative options in the final
layers or exhibiting any abrupt late-stage shift in
preference.

=)

cct alternative = C)

ect alternative

P(corr

Figure 3: Logit lens analysis on legal multiple-choice
QA. Left: Correct answer. Right: Incorrect answer.
Solid line = gold passage; dashed = noise passage.

4.3 Passage recovery (Pr.) and questions
clusters

Passage recovery quantifies the causal contribution
of the passage region to the difference in model

behaviour between the clean and corrupted runs.
High recovery in correct answers combined with
low or negative recovery in incorrect ones indicates
that the model is integrating passage content in a
way that is causally decisive for the right answer,
not merely processing it syntactically. When recov-
ery is similarly high in both outcomes, or inverted,
the model absorbs the passage as a contextual sig-
nal without reliably completing the inferential step.

In our study (Table 3), Gemma-2-9b-it shows
the clearest language asymmetry. In Portuguese,
the gap between correct and incorrect answers
(+0.144, rising to +0.315 when only high-A cases
are considered) indicates that passage integration
is consistently causal for success and largely ab-
sent in failure. In English, the gap almost vanishes
(+0.047), with incorrect answers reaching 0.453,
nearly identical to correct ones at 0.500, suggest-
ing that English common-law passages activate in-
ternal representations without reliably completing
the inferential chain. Llama-3.1-8B-Instruct
presents the strongest overall separation, partic-
ularly in Portuguese (+0.599), where incorrect an-
swers show negative recovery (-0.126), indicating
the passage is actively absent from the causal path-
way in failure cases.

Mistral-7B-v@.1 and Qwen3-8B exhibit the
most divergent patterns. Mistral’s English inver-
sion (gap = -0.634) largely reflects noise amplifica-
tion from its high rate of near-zero A cases, while
its Portuguese results remain coherent (+0.267).
Qwen3-8B, by contrast, shows a structurally in-
verted pattern in English even under stable con-
ditions: incorrect answers carry higher passage
recovery (0.555) than correct ones (0.125), with a
gap of -0.430. This suggests the model is extract-
ing passage-level signals but routing them toward
wrong answers, a mechanistic failure mode distinct
from simple passage blindness.

The cluster taxonomy introduced in this work
provides an empirically grounded framework for
characterising how language models interact with
retrieved legal passages. Each question is assigned
to one of four behavioural categories based on the
model’s top answer under both the gold and noise
passage conditions: Cluster A (correct under both),
Cluster B (correct only with the gold passage),
Cluster C (incorrect under both), and Cluster D
(gold passage actively worsens performance). This
classification emerges directly from the experimen-
tal observations rather than from any prior theoreti-
cal assumption, and its discriminative power is evi-
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Model Lang Correct Incorrect Gap
ALL 0.398 0.137 +0.261
Llama-3.1-8B-Instruct EN 0.295 0.241 +0.053
PT 0.474 —0.126 4-0.599
ALL 0.462 0.406 +0.056
Gemma-2-9b-it EN 0.500 0.453 +0.047
PT 0.440 0.296 +0.144
ALL 0.167 0.306 —0.139
Mistral-7B-v0.1 EN —0.016 0.617 —0.634
PT 0.365 0.098 +0.267
ALL 0.272 0.470 —0.198
Qwen3-8B EN 0.125 0.555 —0.430
PT 0.440 0.402 +0.038

Table 3: Mean passage recovery for correct and incorrect answers (gold passage condition). Correct and Incorrect
columns report the mean normalised LD recovery of the passage block for questions answered correctly and

incorrectly, respectively. Gap = Correct — Incorrect.

denced by the systematic variation it reveals across
models and languages. Notably, the clusters admit
a mechanistic reading: Cluster B isolates ques-
tions where the passage is causally necessary for
the correct answer, Cluster C identifies the limits
of passage-based reasoning, and Cluster D exposes
the subset of cases where retrieval augmentation is
actively harmful.

The distribution across clusters (reported in full
in Appendix A) reveals several findings with direct
implications for reasoning interpretation. Llama-
3.1-8B-Instruct achieves the highest combined
A+B rate (82%), indicating that it either already
knows the answer or successfully uses the passage
to reach it, with only 10% of questions falling into
Cluster C. Qwen3-8B is the only model with 0%
Cluster B across all language conditions, indicat-
ing that its passage integration never functions as
a decisive causal trigger: the model either answers
independently of the passage or fails regardless of
it. Gemma-2-9b-it and Llama-3.1-8B-Instruct
both exhibit 0% Cluster D in Portuguese, meaning
the gold passage never degrades performance on
Brazilian legal questions for either model, while
English questions yield non-trivial Cluster D rates
for all models, a result that aligns with the passage
recovery asymmetry observed between languages.

4.4 Pretraining and legal semantic specificities

Among the various QA results obtained, particu-
larly noteworthy is the case concerning the legal
division of assets in the stable union ("unido es-
tavel") of Gloria and Paulo, under Brazilian civil
law. When queried about the correct answer for
this case, the Llama, Mistral, and Gemma mod-
els all selected the incorrect alternative, even when
provided with a detailed legal explanation of the

case through the gold passage.

This error may be associated with insufficient
prior training on data pertaining to Brazilian Fam-
ily Law and Succession Law. An additional factor
that may account for this failure is these models’
limited semantic comprehension of certain expres-
sions characteristic of the legal context.

A salient example is the verb fo compete (compe-
tir) in the domain of Succession Law. Rather than
involving literal interpretation, the challenge stems
from the polysemy of the verb competir, which, in
legal contexts, may denote the entitlement or allo-
cation of assets to lawful heirs. This usage is con-
siderably less frequent and more domain-restricted
than its common association with rivalry or compe-
tition, potentially leading language models to favor
the more prototypical sense. Notably, the capacity
for semantic comprehension of legal terminology
is among the core competencies expected of a law
school graduate sitting for the national bar exami-
nation of the Brazilian Bar Association.

These observations demonstrate that, depend-
ing on the domain of knowledge, in order for Al
models to achieve greater accuracy and quality in
their responses, gold passages must encompass not
only the technical and contextual information per-
taining to a given subject, but also linguistic and
terminological guidance, that is, explicit instruc-
tion regarding the meaning of nouns, verbs, and
expressions that are characteristic of the relevant
domain (Jayakumar et al., 2023; Breton et al., 2025;
Siino et al., 2025).

4.5 Controlling for language effects

To disentangle language from dataset-specific and
legal-tradition effects, we conducted a 2 x 2 follow-
up crossing language (Portuguese/English) with
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legal tradition (Brazilian civil law/OAB and U.S.
common law/MBE). Each dataset was evaluated
in its original language and in translation, allow-
ing language to vary while question content and
passage structure remained fixed. The questions,
answer options, gold passages, and noise passages
were automatically translated using GPT-5.5 High,
which provides high translation accuracy while pre-
serving the original semantic content (Van Doren
et al., 2026).

As shown in Figure 4, translating OAB into En-
glish generally preserved or improved accuracy,
whereas translating MBE into Portuguese reduced
accuracy for most models; conversely, differences
between OAB and MBE within the same language
were particularly large for Gemma and Llama. The
mechanistic results show an even clearer pattern
(Figure 5): |A| is consistently larger for OAB than
MBE in both languages across all three models ana-
lyzed, while translation increases |A| for OAB and
decreases it for MBE. These results suggest that the
observed asymmetry is more strongly associated
with legal-domain/discourse properties than with
language alone, although differences in multilin-
gual pretraining exposure and translation remain
potential confounds.

Accuracy across language x legal-tradition conditions

Accuracy (%)
o
3

OAB-PT OAB-EN MBE-EN MBE-PT
(civil law, orig.) (civil law, transl.) (common law, orig.) (common law, transl.)

—e— Gemma-2-9B-it —-A-— Mistral-78
--m-- Llama-3.1-88 ----4---- Qwen3-8B

Figure 4: Accuracy across the 2 x 2 language-legal
tradition control. Translating OAB into English largely
preserves or improves performance, whereas translating
MBE into Portuguese generally reduces it.

4.6 Discourse structure and causal passage
utility

Passage effectiveness depends not only on seman-

tic relevance, but on how discourse relations orga-

nize the relevant information and how explicitly

the text supplies the inferential link between evi-

dence and conclusion. This view is consistent with

Causal signal of gold passages across conditions (|A])

5,

4579

~ w IS

Causal effect magnitude |A|

-

MBE-EN
(civil law, orig.) (civil law, transl.) (common law, orig.) (common law, transl.)

—&— Gemma-2-9B-it Llama-3.1-88 —A— Mistral-78

Figure 5: Causal effect magnitude (JA|) across
language—legal tradition conditions.

discourse theories in which coherence relations
structure how propositions are connected and inter-
preted, while implicit relations require additional
inferential work from the comprehender (Mann and
Thompson, 1988; Kintsch, 1988; Sanders et al.,
1992; Sanders and Noordman, 2000). Accordingly,
the Portuguese and English gold passages differ
not only in content, but also in how directly their
discourse organization supports the target answer.

Portuguese passages typically realize an answer-
directed chain in which a legal rule is explicitly
applied to case-specific facts (rule — fact — an-
swer), thereby reducing the inferential gap between
evidence and response. English passages more
often elaborate doctrine through definitions and
precedent (rule — rule chains of citations), leav-
ing its application to the question facts as an im-
plicit bridging inference. This distinction provides
a discourse-theoretic account of our causal results:
relevant evidence may be available to the model
without becoming causally decisive when the pas-
sage does not explicitly encode the relation linking
that evidence to the answer.

5 Conclusion

We used activation patching to test whether human-
authored supporting evidence causally shapes LLM
behaviour on legal multiple-choice QA. Three find-
ings stand out. First, gold passages exert a mea-
surable causal effect on predictions, with absolute
logit-difference shifts ranging from |A| = 0.293
for Qwen3-8B to |A| = 3.213 for Gemma-2-9b-it
(Table 2); the effect is therefore model-dependent
and far from uniform. Second, logit-lens analysis
on Gemma-2-9b-it and L1ama-3.1-8B-Instruct
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shows that the answer-aligned decision concen-
trates in the upper layers (the late-binding regime),
and that incorrect answers exhibit no late-stage
reconsideration even when the gold passage is pro-
vided. Third, the four-cluster taxonomy reveals a
strong language asymmetry: the gold passage never
degrades performance on Portuguese OAB ques-
tions for Llama or Gemma (0% Cluster D), while
English MBE questions yield non-trivial Cluster D
rates across every model.

These findings have implications for two audi-
ences. For mechanistic interpretability, legal QA in-
herits the late-binding regime previously observed
in arithmetic and multiple-choice tasks, but with a
sharper dependence on the form of the textual input
than those settings show — suggesting that the locus
of integration in upper layers is modulated by dis-
course structure, not only by semantic content. For
legal NLP and retrieval-augmented systems, our
results indicate that passage relevance is not suffi-
cient to predict whether a passage helps: the struc-
tural shape of the passage (rule — fact — answer
vs. rule — rule chains of citations, Appendix B)
mediates whether the model integrates it causally.

For many questions, particularly those belong-
ing to Cluster A (correct answers under both
the gold passage and noise passage conditions),
there appears to be a strong influence from pre-
training and/or instruction tuning directed to-
ward question-answering tasks in models such
as Llama-3.1-8B-Instruct and Gemma-2-9B-it.
This training likely included examples of legal rea-
soning and contextualized QA tasks, thereby re-
inforcing both internal knowledge representations
(Cluster A) and the capacity to effectively use pas-
sages when necessary (Cluster B).

Our experiment cannot fully disentangle in-
ternally acquired knowledge from the influence
exerted by the gold passage when the models
answer correctly. What it does more clearly
reveal, among the analysed models, is that
Llama-3.1-8B-Instruct demonstrates the best
balance between internal knowledge and the abil-
ity to leverage passages: neither as dependent
on the passage as Gemma-2-9B-it in Portuguese,
whose performance drops substantially without the
gold passage, nor as indifferent to the passage as
Qwen3-8B.

The Portuguese dataset, by contrast with the En-
glish passages described in Sec.B, attempts to rec-
oncile the legal situation presented in the question
with the relevant jurisprudence, explicitly describ-

ing the argumentative and often inferential reason-
ing steps that legal professionals would be expected
to perform in order to correctly answer the question.
In many cases where the high-performing models
fail even with Portuguese gold passages, the errors
appear to stem from highly domain-specific linguis-
tic knowledge, such as the use of legal expressions,
lexical items, or verbs unknown to the model and
not verbally explicated within the gold passages
themselves. As a result, the models fail to capture
these implicit linguistic cues and ultimately pro-
duce incorrect answers. A comparison between the
linguistic structures of the Portuguese and English
gold passages is provided in Appendix B.

Promising directions include applying sparse
autoencoders (Cunningham et al., 2023; Makelov
et al., 2025) to identify the specific features that
mediate passage integration, comparing instruction-
tuned and base models to isolate the contribution
of supervised fine-tuning to the late-binding effect,
and extending the study to additional jurisdictions
and matched passage forms across languages so
that linguistic structure can be varied independently
from legal content.

Limitations

We evaluate four open-weights instruction-tuned
models in the 7-9B parameter range on two
professional-licensure bar exams. Larger open
models, base (non-instruction-tuned) models, and
closed-source models such as GPT-5.5 are out
of scope; a more systematic comparison between
instruction-tuned and base variants, as partially ob-
served with Qwen3-8B, would be particularly infor-
mative for the late-binding effect we report.

Activation patching provides evidence of neces-
sity or sufficiency of specific activations under the
specific intervention performed; it does not estab-
lish that the model’s full reasoning chain is cap-
tured by the patched regions, nor that the same
components would mediate behaviour under differ-
ent prompting or sampling regimes.

Our two datasets correlate language with legal
tradition (Portuguese—civil law, English—common
law). The asymmetric passage integration we ob-
serve could be driven by language, by reasoning
style, by passage structure (Appendix B), or by a
combination of these factors. Disentangling them
would require parallel corpora across traditions, or
paired passages with matched discourse structure
across languages, a direction we leave to future
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work.

All reported A and Py values are single-pass
deterministic estimates (Sec.3). Variability across
questions is reflected in the cluster-level analysis,
but variability across model revisions, prompt for-
mats, and floating-point non-determinism is not
quantified.

Future work should expand to additional
datasets, languages, and jurisdictions, employing
gold passages that are more textually aligned across
languages so that textual quality, discourse organi-
zation, and linguistic structure can be varied inde-
pendently of legal content.
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A Appendix A: Question Clusters

Table 4 reports the full distribution across the four
behavioral clusters introduced in Sec.4.

B Appendix B: Linguistic and Structural
Analysis of Gold Passages

This appendix examines the compositional differ-
ences between the English and Portuguese gold
passages used in the activation patching experi-
ments. Although both passage types are designed
to justify a single correct answer choice, they dif-
fer substantially in structure, reasoning style, and
the degree to which they bridge legal doctrine to
the specific question facts. We argue that these
differences contribute to the asymmetric passage
integration observed across models (Section 4).

B.1 Annotated passage examples

Labels:

Legal rule / principle
Application to case facts
Calculation / conclusion
Citation / external authority

Exclusion / limitation

Passage in Portuguese:
(uniao_estavel_sucessao_ascendentes)

Considerando que Paulo e Gléria viviam em
unido estavel sem pacto escrito,

o regime de bens aplicavel € o da comunhdo
parcial. Assim, separa-se a meagdo do
patrimonio comum, que € de direito préprio
da companheira.

O patrimoénio total de R$ 1.600.000,00 sera
dividido, cabendo R$ 800.000,00 a compan-
heira a titulo de meacdo. O valor restante,
R$ 800.000,00, constitui a heranga de Paulo.

Na sucessdo, a companheira sobrevivente &
equiparada ao conjuge. Conforme a lei civil,
o companheiro sobrevivente concorre com 0s
ascendentes na heranca.

Paulo ndo deixou descendentes nem pais, mas
deixou avés, que sdo ascendentes de segundo
grau.

A companheira recebe metade da heranca e a
outra metade € destinada aos ascendentes. Por-
tanto, a companheira herdard R$ 400.000,00;
os quatro avds dividirdo os R$400.000,00
restantes.

Os irmaos de Paulo, sendo herdeiros colat-
erais, sdo excluidos da sucessao na presenca
de ascendentes e da companheira.

Passage in English:
(mortgagee_in_possession_tort_liability)

A mortgagee may become a mortgagee in pos-
session where the mortgage itself gives the
mortgagee the right to enter and “take posses-
sion of the mortgaged premises and receive
the rents and profits”

(Gomez v. Bobker, 124 A.D.2d 703, 704, 508
N.Y.S.2d 215; Gasco Corp. & Gordian Group
of Hong Kong v. Tosco Props., 236 A.D.2d
510, 653 N.Y.S.2d 687).

A mortgagee in possession “takes the rents
and profits in the quasi character of trustee or
bailiff of the mortgagor”

(Gasco Corp., 236 A.D.2d at 512, 653
N.Y.S.2d 687).

“[A] mortgagee cannot be in possession with-
out consent of the mortgagor”

(Hoye v. Theresa, 134 App.Div. 255, 256, 118
N.Y.S. 951; Gordon v. Krellman, 207 App.Div.
773,202 N.Y.S. 682).

“In order to acquire the rights of a mortgagee
in possession it [is] necessary for the [party
claiming such status] to show that it had en-
tered with the mortgagor’s consent, or had
otherwise entered lawfully”

(Herrmann v. Cabinet Land Co., 217 N.Y. 526,
528, 112 N.E. 476).

B.2 Structural Comparison
B.3 Implications for Passage Integration

The Portuguese passage applies a legal rule directly
to the case facts and derives a numerical answer,
effectively closing the inferential gap between pas-
sage and correct answer choice. The model need
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Model Lang A B C D
ALL 50% 32% 10% 8%
Llama-3.1-8B-Instruct EN 47% 26% 11% 16%
PT 52% 38% 10% 0%
ALL 42% 32% 23% 3%
Gemma-2-9b-it EN 35% 24% 35% 6%
PT 48% 38% 14% 0%
ALL 40% 22% 30% 8%
Mistral-7B-v0.1 EN 37% 32% 26% 5%
PT 43% 14% 33% 10%
ALL 38% 0% 60% 2%
Qwen3-8B EN 2% 0% 53% 5%
PT 3B3% 0% 67% 0%

Table 4: Cluster distribution by model and language. A: correct under both gold and noise passages. B: correct only
with the gold passage. C: incorrect under both passages. D: gold passage degrades performance relative to noise.

Feature

Portuguese (PT)

English (EN)

Reasoning style Deductive / applied Precedent-based
Case citations None 5+
Fact-specific content Yes (names, amounts) No

Inference chain
Dominant component
Gap to answer

Rule — fact — answer
Application + calculation
Closed by passage

Rule — rule
Citation + definition
Requires extra step

Table 5: Structural features of Portuguese and English gold passages.

only follow the chain already made explicit in the
text.

The English passage, by contrast, defines and de-
limits a legal doctrine through a sequence of case
citations, without connecting that doctrine to the
specific facts of the question. The model must in-
dependently perform the bridging step, recognising
that the described doctrine applies to the scenario
and selecting the answer that reflects it.

This structural difference provides a plausible ac-
count of the language asymmetry in passage recov-
ery reported in Table 3: when the passage delivers
a completed argument, integration is more likely
to be causally decisive; when it delivers only doc-
trinal background, integration may occur without
producing the correct inferential output.

C Appendix C: Experimental Setup

All runs wused deterministic greedy decod-
ing: temperature=0, with top-p and top-k
sampling disabled. Inference on GPU
used bfloatl6 (NVIDIA A100, 80GB);
float16 was the CPU fallback. Mod-
els were loaded without quantisation via
TransformerLens (v3.0.0) with fold_ln=False,

center_writing_weights=False, and
center_unembed=False to preserve the residual
stream activation geometry required for valid
patching. Activation patching targeted the residual
stream at hook_resid_pre for each layer; the logit
lens used hook_resid_post projected through
the unembedding matrix. When gold and noise
passages differ in token length, clean activations
were resampled to the corrupted sequence length
via linear interpolation along the sequence axis
prior to substitution. All results are exactly
reproducible given identical model weights, as no
stochastic component is present in any stage of the
pipeline.
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