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Abstract
Large Language Models (LLMs) can generate
plausible free text self-explanations to justify their
answers. However, these natural language expla-
nations may not accurately reflect the model’s ac-
tual reasoning process, indicating a lack of faith-
fulness. Existing faithfulness evaluation meth-
ods rely primarily on behavioral tests or com-
putational block analysis without examining the
semantic content of internal neural representa-
tions. This paper proposes NEUROFAITH, a flexi-
ble framework that measures the faithfulness of
LLM free text self-explanation by identifying key
concepts within explanations and mechanistically
testing whether these concepts actually influence
the model’s predictions. We show the versatil-
ity of NEUROFAITH across 2-hop reasoning and
classification tasks. Additionally, we develop a
linear faithfulness probe based on NEUROFAITH
to detect unfaithful self-explanations from repre-
sentation space and improve faithfulness through
steering. NEUROFAITH provides a principled ap-
proach to evaluating and enhancing the faithful-
ness of LLM free text self-explanations, address-
ing critical needs for trustworthy AI systems.

1. Introduction
Autoregressive Large Language Models (LLMs) can gen-
erate plausible self Natural Language Explanation (self-
NLE) to support their answers (Wiegreffe & Marasovic,
2021; Huang et al., 2023). Generating self-NLE consists of
prompting the LLM to output an explanation in a predict-
then-explain setting, where the model first generates a re-
sponse to a question and then produces a self-NLE as a jus-
tification. Unlike their non-generative predecessors, modern
LLMs are trained to generate both answers and free text
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self-NLE that appear credible despite potentially containing
persuasive hallucinations (Sahoo et al., 2024). This way,
despite their logical and coherent appearance favoring trust
in the model (Han et al., 2023), LLM-generated self-NLE
turn out to not systematically reflect the actual underlying
decision-making process of the model, creating a tension
between self-NLE plausibility and faithfulness (Agarwal
et al., 2024). Faithfulness, as defined by Jacovi & Goldberg
(2020), measures ”how accurately the explanation reflects
the true reasoning process of the model”, a definition widely
adopted in the literature (Lyu et al., 2024) and which we
also follow throughout this work. Unfaithful self-NLE can
have serious consequences in critical domains (Farah et al.,
2023), where explanations that appear plausible but lack
faithfulness might lead end-users to over-rely on model
predictions and make unfair (Luo et al., 2022) or harm-
ful (Kayser et al., 2024) decisions. The combination of the
widespread adoption of LLMs and the simplicity of gen-
erating self-NLE through prompting make evaluating their
faithfulness increasingly critical.

Assessing self-NLE faithfulness presents profound diffi-
culties due to the free-form nature of natural language ex-
planations, unlike more structured explainability methods
such as attribution (Wiegreffe et al., 2021) or counterfac-
tual approaches (Madsen et al., 2024). Numerous methods
(detailed in Section 2) have been developed to measure self-
explanation faithfulness (Lyu et al., 2024). However, (1)
they mostly perform behavioral tests and do not examine
LLM internal reasoning processes (Atanasova et al., 2023;
Siegel et al., 2024; 2025; Matton et al., 2025), and (2) they
identify the computational blocks that contribute to predic-
tion and self-NLE without conducting semantic analysis of
the neural representations within these blocks (Wiegreffe
et al., 2021; Parcalabescu & Frank, 2024; Yeo et al., 2025).
These shortcomings have led these methods to be charac-
terized as measuring self-consistency rather than genuine
faithfulness (Parcalabescu & Frank, 2024), since they fail
to establish direct connections between explanations and
the model’s reasoning processes. To overcome these limita-
tions, we introduce NEUROFAITH, a flexible framework for
directly measuring LLM self-NLE faithfulness. Our main
contributions are as follows:
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1. We propose NEUROFAITH, a framework to measure
LLM self-NLE faithfulness by measuring alignment with
its internal reasoning at the concept level.

2. We show the versatility of NEUROFAITH by applying it
to both 2-hop reasoning and classification.

3. We propose a fine-grained taxonomy to characterize self-
NLEs in 2-hop reasoning based on self-NLE faithfulness,
correctness and latent reasoning correctness.

4. We establish that NEUROFAITH provides more relevant
faithfulness measures than existing baselines (CI, AA)
for evaluating self-NLEs in 2-hop reasoning.

5. We develop a linear faithfulness probe based on NEURO-
FAITH to detect unfaithful LLM self-NLEs from repre-
sentation space and improve faithfulness through activa-
tion steering.

This paper is organized as follows: Section 2 presents how
existing approaches measure the faithfulness of LLM self-
NLE. Section 3 introduces the NEUROFAITH framework
and Sections 4 and 5 its instantiations for two tasks, 2-hop
reasoning and classification. We finally show in Section 6
that self-NLE faithfulness, as measured by NEUROFAITH,
can be linearly detected in LLM representation space and
improved through steering.

2. Related Work
Numerous approaches have been proposed to measure self-
NLE faithfulness (Lyu et al., 2024). One approach (Tutek
et al., 2025) assesses the effect of unlearning (Liu et al.,
2025) the parametric knowledge encoded in the reasoning
steps of the self-NLE. The higher the change in prediction
between the original model and the model having unlearned
the reasoning steps, the more faithful the self-NLE. We
group the remaining approaches in two categories.

Counterfactual Interventions. NLE faithfulness can be
assessed through behavioral tests that measure how pertur-
bations in the input text affect both predictions and self-
NLE (Atanasova et al., 2023). Counterfactual Intervention
(CI) methods employ auxiliary models to generate counter-
factual texts designed to change the LLM outcome. The
LLM is then prompted to produce a self-NLE to justify its
new prediction. The self-NLE is deemed faithful if it aligns
with the specific CI that caused the prediction change. These
CI approaches mostly differ in two ways: how they mea-
sure consistency between the intervention and the resulting
self-NLE (Atanasova et al., 2023; Siegel et al., 2024; 2025),
and the granularity of the CI intervention (Matton et al.,
2025). These approaches face several limitations: (1) the CI
may not be solely responsible for the prediction change, as
the model might base its new prediction on another input
part after intervention, (2) CI methods treat the model as a
black box by focusing on input-output relationships without
analyzing internal neural processes related to predictions,

thus departing from the common definition of explanation
faithfulness.

Attribution Agreement. Post-hoc Attribution Agreement
(AA) (Parcalabescu & Frank, 2024; Wiegreffe et al., 2021;
Yeo et al., 2025) methods compute attribution scores for
both the model’s predictions and its self-NLE and then
measure the correlation between these scores: higher cor-
relation values indicate greater faithfulness in the model’s
self-NLE. AA approaches vary in the employed post-hoc
attribution method (gradient-based (Sundararajan et al.,
2017), SHAP (Lundberg & Lee, 2017) or activation patch-
ing (Meng et al., 2022)). While AA methods assess whether
the same LLM computational blocks are used during both
prediction and self-NLE generation, they overlook the
semantic content of neural representations, leaving the
model’s reasoning process only partially treated.

In the following, we propose a framework that directly exam-
ines the correspondence between self-NLE and the model’s
actual reasoning process by conducting concept-level mech-
anistic analysis of internal hidden states during the forward
pass that generates the prediction.

3. NEUROFAITH: A Framework for
Measuring self-NLE Faithfulness

This section introduces the core principles of NEUROFAITH,
our proposed flexible framework for measuring the faithful-
ness of LLM self-NLE. Based on the premise that faithful
explanations should accurately reflect the model’s internal
reasoning process, NEUROFAITH quantifies how well a self-
NLE aligns with the latter by extracting concepts from self-
NLE and mechanistically evaluating their importance for the
model prediction. Sections 4 and 5 provide detailed instan-
tiations of how to apply NEUROFAITH to 2-hop reasoning
and classification tasks respectively. Given an L-layer auto-
regressive Transformer-based LLM f , a set of input texts X
and a text of interest x ∈ X. We denote f(x) the model’s
answer and e(x) the corresponding self-NLE produced by f
for input x. NEUROFAITH is a 3-step framework illustrated
in Figure 1 and summarized below:

1. Concept Extraction. We use an auxiliary LLM to ex-
tract from e(x) a set of concepts {ci}pi=1 quoted as im-
portant for f(x).

2. Concept-wise Mechanistic Interpretation. For each
concept ci, we generate a post-hoc interpretation IΓ(ci)
based on a relevant subpart of the model called circuit Γ
and a mechanistic interpretability method called inter-
preter I to assess its impact on f(x).

3. Faithfulness Measurement. We compute faithfulness
F (x, e) by validating that the detected concepts {ci}pi=1

in e(x) have mechanistic effects on f(x) w.r.t. their
interpretations {IΓ(ci)}pi=1.

2
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Figure 1. NEUROFAITH (1) extracts concepts from the self-NLE (Section 3.1), (2) assesses their mechanistic influence (Section 3.2) to
finally (3) measure faithfulness (Section 3.3).

3.1. Concept Extraction

Given an input text x, a prediction f(x) and its self-NLE
e(x), the first step extracts from e(x) a set of concepts
{ci}pi=1 that influence f(x). Recent research has shown
that interpretable binary high-level features, referred to as
concepts, appear to be linearly encoded within LLM repre-
sentation space (Elhage et al., 2022; Park et al., 2024). This
computational understanding aligns with definitions from
cognitive science (Ruiz Luyten & van der Schaar, 2024),
where concepts are considered as mental entities essential to
thought, making them an ideal granularity level for model
interpretation. For example in Figure 1, the concept ”Ing-
mar Bergman” directly influences the prediction ”Sweden”
because Ingmar Bergman is Swedish. Concepts can be
extracted either through human investigation or using an
auxiliary LLM under LLM-as-a-Judge settings (Gu et al.,
2024). Human annotation enables targeted analysis of spe-
cific concepts that are hypothesized to be important for the
model’s reasoning: it provides high-quality, domain-expert
identification of relevant influential concepts but is costly
and may not scale to large datasets. LLM-as-a-Judge ap-
proaches offer scalability but may miss relevant concepts
that human experts would identify. We provide detailed ex-
amples of prompts used to extract concepts from self-NLE
with an auxiliary LLM in Appendix D.1.

3.2. Concept-wise Mechanistic Interpretation

The second step evaluates whether the concepts {ci}pi=1

are actually important for the model’s internal processing.
We compute an attribution score IΓ(c) for each concept
c ∈ {ci}pi=1 using an interpretability method (interpreter I)
applied to model hidden states within a relevant subpart
of the model (circuit Γ). We assume each concept can be
detected in the model representation space.

Circuit. Rather than examining every network component,

we focus our mechanistic analysis on computational sub-
graphs that most significantly influence f prediction, called
circuits (Elhage et al., 2021). Among their multiple defi-
nitions (Räuker et al., 2023), we define circuits as sparse
oriented subgraphs with an interpretable functional role,
where nodes represent computational units and edges rep-
resent computation paths. Formally, a circuit is defined
as Γ = {(k, ℓ)}, where each pair (k, ℓ) is a coordinate at
token index k and layer ℓ that participates in information
flow within f at the residual stream level. For example
in Figure 1, the circuit is highlighted in blue, starting at
token index 12 and layer 1 and finishes at token index 13
and layer L. Circuits can be obtained through task-specific
manual investigations (Wang et al., 2023; Biran et al., 2024)
or automated via activation patching (Meng et al., 2022) or
backward attribution (Conmy et al., 2023; Ferrando & Voita,
2024).

Mechanistic Interpreter. To mechanistically assess the
impact of a given concept c on f(x) across circuit Γ, we
use an interpreter I to compute an attribution score IΓ(c).
NEUROFAITH implements two approaches, each suited to
different objectives. Probing methods determine whether
c is represented within f hidden states in Γ. This in-
volves either generating natural language interpretations
of hidden states (using Selfie (Chen et al., 2024) or
Patchscopes (Ghandeharioun et al., 2024)) to detect c,
or training linear probes (Belinkov, 2022) when c is linearly
separable with sufficient labels to train the probe. Denot-
ing hℓ

k the hidden state at token k and layer ℓ, we define
IΓ(c) = max(k,ℓ)∈Γ I(h

ℓ
k, c), assessing c as important if

detected in at least one hidden state from Γ. Concept im-
portance methods approximate the causal influence of c on
f(x) (Geiger et al., 2025). They use gradient-based methods
like TCAV (Kim et al., 2018) or Representation Engineering
(RepE) (Zou et al., 2023) to directly manipulate concept-
related activations across Γ and measure behavioral changes.

3
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Section 5 details this procedure in the case of classification.

3.3. Faithfulness Measurement

We consider the self-NLE e(x) as faithful when the ex-
tracted concepts {ci}pi=1 are demonstrably important for
f ’s internal processing according to IΓ(c). We define the
faithfulness of e(x) as the proportion of concepts it contains
being mechanistically important, i.e. having positive attribu-
tion score: F (x, e) = 1

p

∑p
i=1 1IΓ(ci)>0. The faithfulness

score meaning differs depending on the chosen interpreter
I: Probing-based faithfulness measures the detection rate
of explanation concepts within the model’s internal repre-
sentations along circuit Γ. High probing-based faithfulness
indicate that most mentioned concepts are properly decoded
from the model’s hidden states. Importance-based faith-
fulness estimate causal relevance of explanation concepts
for the prediction f(x). High importance-based faithful-
ness indicate that most mentioned concepts actually influ-
ence f reasoning process. This framework directly captures
concept-level alignment between the self-NLE e(x) and
f internal reasoning process. NEUROFAITH faithfulness
scores indicate whether the self-NLE accurately reflects
internal processing or mentions concepts that are not mecha-
nistically important. This way, NEUROFAITH directly aligns
with the established definition of explanation faithfulness
introduced above (Jacovi & Goldberg, 2020), offering a
principled evaluation of self-NLE faithfulness.

4. The Case of 2-Hop Reasoning
In the previous section, we defined the high level core prin-
ciple of NEUROFAITH. We now instantiate NEUROFAITH
to 2-hop reasoning using probing-based faithfulness.

4.1. NEUROFAITH Instantiation for 2-Hop Reasoning

Task Description. Multi-hop reasoning is a cognitive task
that requires connecting a sequence of objects to reach a
conclusion (Mavi et al., 2024). It consists of several single-
hop operations (Trivedi et al., 2022), which can individually
be defined as triplets (o, r, o′) where o is a source object,
r is a relation and o′ is a target object. For example, the
2-hop reasoning statement ”The country of origin of the
movie maker that directed the movie Persona is Sweden”
requires sequentially solving the two single-hop operations:
(o1 = personna, r1 = movie direction, o2 =
ingmar bergman) and (o2 = ingmar bergman,
r2 = country, o3 = sweden). An input text x that
requires performing 2-hop reasoning can be expressed as
x = (o1, r1,▲, r2, •), where ▲ and • are placeholders that
have to be associated with a bridge object (ô2) and the final
object answer (f(x) = ô3).

Concept Extraction. Following the notations introduced in

Section 3, given an input text x ∈ X, if ô3 = o3, the final
answer is correct. Two reasoning chains are derived from
e(x): (o1, r1, ô2) and (ô2, r2, ô3). In this instantiation, we
do concept extraction from e(x) by prompting an auxiliary
LLM to get the bridge object (ô2) based on o1 and r1. This
way, ô2 is our concept c of interest, representing the critical
intermediate step that connects the two reasoning operations.
The next step consists in computing a post-hoc mechanistic
interpretation to assess c impact on the prediction.

Probing-based Concept Interpretation. The presence of
a single bridge object in 2-hop reasoning self-NLE makes
probing-based interpretations particularly appropriate. For
f to correctly answer, it must either internally compute the
bridge object during the first hop before executing the sec-
ond hop or leverage shortcuts to directly answer based on
o1. Therefore, detecting the extracted bridge object ô2 = c
in f internal representations is a strong indication to assess
whether c is important for the prediction. We employ nat-
ural language interpretation methods such as Selfie and
Patchscopes, rather than linear probes, as they provide
higher accuracy and are unsupervised (Ghandeharioun et al.,
2024). (Biran et al., 2024) show that the bridge object of
2-hop reasoning is resolved on early layers and can be de-
tected on the last token representation of source object o1
and the residual stream (RS). We leverage this information
to define circuit Γ and generate the natural language descrip-
tion h̃ℓ

k of hidden state hℓ
k. For concept (bridge object) c, the

probing-based concept attribution is defined as IΓ(c) = 1
iff ∃(k, ℓ) ∈ Γ such that c ∈ h̃ℓ

k.

Detailed Taxonomy. Following the notations of Section 3.3,
e(x) is faithful if c is decoded from at least one hid-
den state within Γ via probe I (IΓ(c) = 1), implying
F (x, e) ∈ {0, 1} for 2-hop reasoning. Beyond faithful-
ness, the ground-truth bridge object o2 enables further char-
acterization: e(x) is correct if ô2 = o2, and the model
correctly resolve latently the first-hop if ∃(k, ℓ) ∈ Γ such
that o2 ∈ h̃ℓ

k. Combining these dimensions with prediction
correctness yields ten disjoint cases, illustrated in Figure 2,
using (o1, r1, o2, r2, o3) and (o1, r1, ô2, r2, ô3) as canonical
and predicted reasoning traces.

4.2. 2-Hop Reasoning Experimental Analysis

Experimental Setup.

We evaluate NEUROFAITH on the Wikidata 2-hop
reasoning datasets (Biran et al., 2024). We test
Gemma-2 (2B, 9B, 27B) (Gemma Team, 2024), and
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023).
We use Qwen3-32B to extract bridge objects from self-
NLEs and Patchscopes as interpreter. We report the
results based on the detailed taxonomy introduced in the
previous section.

4
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e(x)

(o1, r1, ô2), (ô2, r2, ô3)

ô3 ̸= o3 ô3 = o3

F (x, e) = 0 F (x, e) = 1 F (x, e) = 0 F (x, e) = 1

3 4 5 8 9 10

ô2 ̸= o2 ô2 = o2 ô2 ̸= o2 ô2 = o2 ô2 ̸= o2 ô2 = o2 ô2 ̸= o2 ô2 = o2

1 2 6 7

o2 /∈ {h̃ℓ
k} o2 ∈ {h̃ℓ

k} o2 /∈ {h̃ℓ
k} o2 ∈ {h̃ℓ

k}

Complete
failure

Internal-
external

mismatch

Prediction-
explanation
association

First-hop
reasoning

failure

Second-hop
reasoning

failure

Shortcut
reasoning

Deceptiveness
or hallucination

Explainer
parrot

Alternative
reasoning
pathway

Reliable
oracle

Incorrect Predictions (ô3 ̸= o3)

1 Complete failure. Unfaithful self-NLE with no internal bridge object trace
internally or externally.

2 Internal-external mismatch. The bridge object is present internally but not
in the self-NLE, indicating reasoning inconsistency.

3 Prediction-explanation association. Correct bridge object in unfaithful NLE,
indicating association matching.

4 First-hop failure. Faithful self-NLE indicating a reasoning failure in the
first-hop.

5 Second-hop failure. Faithful self-NLE indicating a reasoning failure in the
second hop.

Correct Predictions (ô3=o3)

6 Shortcut learning. Unfaithful self-NLE with no trace of the bridge object
internally or externally, indicating shortcut.

7 Deceptiveness/hallucination. Bridge object resolved internally but absent
from the self-NLE, indicating alignment concern.

8 Explainer parrot. Correct bridge in NLE but not detectable internally, indi-
cating post hoc rationalization.

9 Alternative pathway. Faithful self-NLE indicating non-canonical 2-hop
reasoning (good answer for wrong reason).

10 Reliable oracle. Faithful self-NLE indicating canonical 2-hop reasoning.

Figure 2. Taxonomy of f self-NLEs in 2-hop reasoning. Blue highlights indicate faithful.

Details on circuit Γ and prompts for bridge object extraction
and Patchscopes execution are in Appendix D.1. We
validate that Qwen3-32B is a reliable concept extractor,
achieving 99.5% accuracy when extracting bridge objects
from complete 2-hop reasoning chains. To evaluate NEURO-
FAITH robustness to the choice of bridge extractor, we test
Phi-4 (Abdin et al., 2024) as an alternative, obtaining ap-
proximately 90% correlation with Qwen3-32B (Table 7),
confirming that NEUROFAITH is robust across different ex-
tractors. Appendix D.2 additionally provides sensitivity
analysis varying circuit size, showing NEUROFAITH robust-
ness.

Key Findings. Table 1 presents the self-NLE characteri-
zation based on the fine-grained taxonomy introduced in
Figure 2. Overall, faithfulness (categories 4 and 5 for incor-
rect predictions, and categories 9 and 10 for correct predic-
tions) tends to be higher with increasing model size. For
incorrect predictions, the combined rate of faithful self-
NLEs increases from 57.6% for Gemma-2B to 60.2% for
Gemma-27B. Similarly, for correct predictions, the faith-
ful categories (9 and 10) grow from 48.4% for Gemma-2B
to 68.8% for Gemma-27B. This improvement reflects en-
hanced internal consistency as models scale, where larger
models increasingly generate faithful explanations that ac-
curately reflect their internal reasoning pathways. Notably,
category 10 (reliable oracle) shows the strongest scaling
effect, with Gemma-27B reaching 62.4%, indicating that
larger models more reliably produce both correct predictions

and genuinely faithful explanations.

Fine-grained taxonomy analysis reveals that category
5 (second-hop reasoning failure) remains stable across
Gemma-2 size at 40-43% among incorrect predictions, sug-
gesting that the second hop represents the major systematic
source of error in 2-hop reasoning. In contrast, category
7 (deceptiveness or hallucination, where internal bridge
objects are resolved but absent from self-NLEs) shows a
decreasing trend with model scale, dropping from 6.1%
for Gemma-2B to 3.1% for Gemma-27B. Post-hoc ratio-
nalization (category 8) is stable across models and size.
Mistral shows substantially higher failure rates for incorrect
predictions than Gemma-2 at similar size, with category 1
reaching 46.5%, yet yields similar results for correct predic-
tions at comparable task accuracy. At comparable model
size, mistral exhibits a greater propensity for shortcut learn-
ing (Geirhos et al., 2020) (category 6: 20.6% vs 14.9%)
than Gemma and a slightly lower rate of achieving reliable
oracle status (category 10: 50.9% vs 54.0%). Overall, Mis-
tral generates less faithful self-NLEs compared to Gemma
at comparable size.

Comparison to Other Faithfulness Measures. Since de-
coding the bridge objects with probes does not necessarily
imply its causal role in the prediction, we apply a causally-
inspired framework grounded in knowledge editing to assess
NEUROFAITH relevance. We propose a 3-metric protocol
(detailed in Appendix F) extending Zaman & Srivastava

5
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Table 1. Accuracy and distribution of 2-hop reasoning taxonomy categories across models (in %). Categories 1–5 correspond to incorrect
predictions; categories 6–10 correspond to correct predictions. Blue highlights indicate categories where the model’s explanation is
faithful to its reasoning.

Incorrect Predictions Correct Predictions

Model Task Acc. 1 2 3 4 5 6 7 8 9 10

gemma-2-2b 7.1 23.8 4.2 14.4 16.0 41.6 27.8 6.1 17.7 8.1 40.3
gemma-2-9b 16.6 26.1 4.5 14.5 14.1 40.9 14.9 4.2 20.0 6.8 54.0
gemma-2-27b 22.3 22.8 4.4 12.5 17.1 43.1 12.8 3.1 15.3 6.4 62.4
mistral-3-7b 21.2 46.5 13.7 7.1 8.4 24.2 20.6 4.0 19.3 5.2 50.9

Table 2. NEUROFAITH relevance comparison to CI and AA faithfulness measures on 2-hop reasoning.

Quality gemma-2-2b gemma-2-9b gemma-2-27b
Metric NEUROFAITH CI AA NEUROFAITH CI AA NEUROFAITH CI

hint1 (↑) 0.04 -0.07 -0.23 0.06 -1.10 0.40 0.75 -0.99
hint2 (↑) -0.44 -0.55 -1.23 0.28 -0.03 0.15 -0.35 1.25
r2 → r′2 (↑) 0.09 -2.62 1.32 0.17 -0.32 0.01 0.31 -0.26

(2025) to evaluate whether NEUROFAITH correctly discrim-
inates self-NLEs localizing reasoning step errors in incorrect
predictions (hint1 and hint2) and detecting non-canonical
reasoning pathways (correct predictions based on incorrect
reasoning, r2 → r′2). Results in Table 2 show NEURO-
FAITH outperforms commonly used faithfulness measures
(CI (Atanasova et al., 2023) and AA (Wiegreffe et al., 2021))
in 6 out of 9 settings. Appendix F.1 also contains a qual-
itative comparison of NEUROFAITH to competitors. AA
faithfulness results are omitted for the 27b model due to
prohibitive computational cost.

5. The Case of Classification
This section instantiates NEUROFAITH for classification
by employing concept importance methods as mechanistic
interpreter I. Given an input text x ∈ X, we denote f(x) =
ŷ ∈ Y with probability score pŷ(x) where Y is the label
space. We assume access to a predefined set of task-relevant
concepts C with concept labels for input texts.

5.1. NEUROFAITH Instantiation for Classification

Concept Extraction. To enable mechanistic interpreta-
tion of each concept c ∈ C, we compute Concept Ac-
tivation Vectors (CAVs) that represent concepts as direc-
tions in f representation space. Following established
practices in concept-based interpretability, we employ the
mean difference (diff-mean) (Rimsky et al., 2024) ap-
proach for CAV computation due to its optimal balance
between concept detection accuracy and computational ef-
ficiency (Wu et al., 2025). For a concept c ∈ C, a token
index k and a layer ℓ, the layer-wise CAV is defined as:
−→cℓ = 1

|X+
c |

∑
x∈X+

c
hℓ
k − 1

|X−
c |

∑
x∈X−

c
hℓ
k, where X+

c and

X−
c respectively represent the sets of texts from X where

the concept c is present or absent. We set the token index
to the final position of x, as this location represents f ’s
complete computational state prior to next-token genera-
tion. These CAVs enable concept importance computation
through RepE techniques. Following Section 3, we use
an auxiliary LLM to extract a set of concepts from e(x),
making sure that {ci}pi=1 ⊂ C.

Importance-based Concept Interpretation. For a concept
c ∈ {ci}pi=1, we approximate its causal influence on f(x)
through RepE and concept erasure (Belrose et al., 2023). We
perform controlled interventions by erasing c from hidden
states during forward propagation: hℓ

k ← hℓ
k − λ × −→cℓ ,

where λ ∈ [0, 1] represents intervention intensity and
λ = 1 represents maximum intervention intensity to avoid
f collapse (Rimsky et al., 2024). This approach provides
strong causal evidence for concept importance without re-
quiring computationally costly gradient computations such
as TCAV. We define Γ with token index as the final po-
sition (likewise CAVs), and layers are selected based on
concept detectability (F1 score > 60% using layer-wise
linear probes with diff-mean). Applying this interven-
tion across circuit Γ, we measure the resulting probability
score: pŷ(x,

{
do(Hℓ

k = hℓ
k − λ×−→cℓ )

}
(k,ℓ)∈Γ

), where the
do(X = x) operator (Pearl, 2009) represents an interven-
tion that sets variable X to value x. We model this rela-
tionship as linear: pŷ(·) = β0 + β1 × λ, where the concept
importance score is IΓ(c) = β1 (i.e. the marginal effect of
intervention on probability score). IΓ(c) is set to 0 when its
significance t-test shows p > 0.01. This process is repeated
for each extracted concept from e(x) to derive faithfulness
scores as described in Section 3.3, with F (x, e) ∈ [0, 1]
for classification. Details and examples are provided in
Appendices D.2 and G.
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Table 3. Classification accuracy and self-NLE faithfulness from NEUROFAITH (%), stratified by prediction correctness: 74% of AGNews
self-NLEs related to accurate predictions are faithful.

Model Task Acc. Self-NLE Faithfulness

AGNews Ledgar AGNews Ledgar

Accurate Inaccurate Accurate Inaccurate

gemma-2-2B 86.5 40.3 54.6 65.1 58.9 40.5
gemma-2-9B 88.7 59.7 96.0 92.3 56.0 58.3
gemma-2-27B 88.9 58.1 74.0 72.4 53.0 31.6
mistral-3-7B 80.6 82.9 86.6 84.1 94.8 84.4

Figure 3. Faithfulness linear probe performance
per model and dataset.

x f(x)

The father of the spouse of Carol Chomsky is William Chomsky

h̃8
11 Noam Chomsky is the spouse of Carol Chomsky and a linguist.

e(x) Carol Chomsky ’ s husband is Morris Halle . Morris Halle’ s father was William Chomsky ,

making William Chomsky the father- in -law of Carol Chomsky

esteer(x) Carol Chomsky ’ s husband is No am Chomsky , and her father - in - law is William

Chomsky

Figure 4. 2-hop reasoning example with decoded hidden state (h̃8
11) containing the

expected o2. Faithfulness probe is applied to self-NLE before and after steering.

5.2. Classification Experimental Analysis

Experimental Setup. We evaluate NEUROFAITH’s classifi-
cation instantiation on two datasets with varying complex-
ity: AGNews (Gulli, 2005), a newspaper article classifica-
tion and Ledgar (Tuggener et al., 2020), a more challeng-
ing critical domain legal document classification dataset.
We apply NEUROFAITH to Gemma-2 (2B, 9B, 27B) and
Mistral-7B-Instruct-v0.3. We use the concept
set C and labels of AGNews and Ledgar from Bhan et al.
(2025) to compute the CAVs. We use Qwen3-32B to ex-
tract concepts from the self-NLE, ensuring extracted con-
cepts belong to C for each dataset. We focus on instances
solely containing concepts that are linearly detectable in at
least one layer. We evaluate Self-NLE Faithfulness accord-
ing to the prediction status (accurate vs. inaccurate).

Key Findings. Table 3 shows experimental results: Higher
average self-NLE faithfulness is observed with Gemma on
AGNews and Mistral on Ledgar, supporting that explana-
tion faithfulness might correlate with task accuracy. Accu-
rate predictions generally yield more faithful explanations,
suggesting that correct predictions might rely on relevant
concepts. Notably, Gemma-9B and Mistral respectively
achieve the highest faithfulness scores on AGNews and
Ledgar, going against the idea of a monotonic relationship

between model scale and explanation faithfulness. Com-
paring findings across classification and 2-hop reasoning
reveals that accurate predictions tend to produce more faith-
ful explanations, whereas scaling effects vary between tasks
and models, as shown in prior work (Parcalabescu & Frank,
2024; Matton et al., 2025). Figures 8 and 10 in Appendix E.1
present examples of concepts frequently associated with un-
faithful self-NLEs, revealing confusion where the model
invokes concepts related to ”business” when predicting the
”world” class, and vice versa.

6. Linearly Detecting and Improving Self-NLE
Faithfulness

Various safety behaviors intuitively associated with faithful-
ness, such as hallucination and deceptiveness, are encoded
as linear directions in LLM representation spaces (Rim-
sky et al., 2024; Goldowsky-Dill et al., 2025). We demon-
strate that NEUROFAITH faithfulness similarly exhibits lin-
ear structure, enabling both accurate detection and improve-
ment through activation steering.

6.1. Linear Detection of Faithfulness

We construct datasets of faithful and unfaithful self-NLE
pairs using NEUROFAITH scores. Since classification pro-

7
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Table 4. Share of unfaithful 2-hop self-NLE made faithful through activation steering (%). Share of faithfulness enhancement is broken
down by taxonomy category for faithfulness activation steering.

Faithfulness λ = 1 Hallucination Deceptiveness

Model Overall Incorrect Predictions Correct Predictions λ = −1 λ = −1

1 2 3 6 7 8

gemma-2-2b 11.1 8.1 38.0 5.1 9.3 39.5 1.1 10.0 4.2
gemma-2-9b 8.7 6.9 28.4 3.7 10.3 57.8 2.0 8.5 4.5
gemma-2-27b 11.0 9.3 19.7 5.3 10.9 40.4 1.3 9.2 3.9

duces continuous faithfulness scores, we focus on polarized
cases (F (x, e) ∈ {0, 1}) for clear class separation. Input
sequences are constructed as xnle = [x, f(x), e(x)] and
hidden states extracted from the final token across all layers.
For 2-hop reasoning, we additionally extract states from
the last mention of the predicted bridge object token ô2, as
prior work shows that targeting informative tokens might
improve linear probe performance (Orgad et al., 2025). We
apply diff-mean on these activations to yield layer-wise
faithfulness probes

−→
Fℓ, using class-averaged vectors for clas-

sification to isolate faithfulness independent of class con-
founders. A majority vote across layer-wise probes beyond
layer 5 determines the final faithfulness label. Figure 3
shows faithfulness is reliably detected across all tasks and
models with F1 scores of 61-75%. Probing the last mention
of the bridge object token activations in 2-hop reasoning
consistently outperforms probing the final token, confirming
that faithfulness encoding concentrates at the bridge object
(as shown in Figure 4). More details about

−→
Fℓ computation

and layer-wise scores are in Appendix D.3.

6.2. Faithfulness Enhancement Through Steering on
2-hop reasoning

Having established the linear structure of NEUROFAITH
faithfulness representations, we investigate whether linear
steering can improve self-NLE faithfulness during infer-
ence. We implement activation steering by modifying hid-
den states during self-NLE inference: hℓ

k ← hℓ
k + λ×

−−→
SVℓ,

where
−−→
SVℓ is the steering vector and λ controls interven-

tion intensity. Our objective is here to demonstrate imme-
diate practical value for improving self-NLE faithfulness
during inference without model modification and validate
the link between faithfulness, hallucination and deceptive-
ness. More sophisticated steering methods (Hedström et al.,
2025; Vogels et al., 2025) would likely yield superior re-
sults. We evaluate three approaches: faithfulness amplifi-
cation (

−−→
SVℓ =

−→
Fℓ, λ = 1) and hallucination/deceptiveness

inhibition (
−−→
SVℓ =

−→
Hℓ or

−→
Dℓ, λ = −1), where

−→
Hℓ and

−→
Dℓ

are hallucination and deceptiveness linear vectors obtained
with diff-mean linear probes derived from (Rimsky et al.,
2024) and (Goldowsky-Dill et al., 2025) datasets. Faithful-
ness intervention targets only layers with F1 > 60%, ensur-

ing modifications occur where faithfulness is reliably en-
coded. Table 4 shows steering converts 8-11% of unfaithful
self-NLEs into faithful explanations. Categories 2 (internal-
external mismatch) and 7 (deceptiveness or hallucination)
show dramatically higher conversion rates of 28-38% and
39-58% respectively, as both involve cases where the bridge
object is internally detected but absent from the self-NLE.
Steering realigns the explicit explanation with mechanisti-
cally resolved reasoning, prompting the model to articulate
what it already computes. In contrast, categories involving
fundamental reasoning errors (1, 3, 6) show minimal conver-
sion. Direct faithfulness amplification slightly outperforms
hallucination inhibition and substantially outperforms de-
ceptiveness inhibition. Figure 4 illustrates this realignment
by converting an unfaithful self-NLE into a faithful one. Ad-
ditional analyses include detailed faithfulness status changes
for hallucination and deceptiveness steering and examples
of converted self-NLEs (see Appendix E.1 and H).

7. Conclusion
This work introduces NEUROFAITH, a framework that as-
sesses self-NLE faithfulness by measuring alignment be-
tween explanations and mechanistic analysis of model in-
ternals. NEUROFAITH aligns more closely than existing ap-
proaches with the common acceptance of faithfulness. Our
findings suggest that faithfulness exhibits linear structure in
LLM representation space for 2-hop reasoning and classifi-
cation tasks, with emergent similarity with other established
safety behaviors. Faithfulness linear structure enables both
fast detection and enhancement through steering interven-
tions, opening new avenues of research on faithfulness. In
this paper, NEUROFAITH has been applied on circuit ei-
ther previously defined or along the last token, based on
probe accuracy. It would be valuable to run NEUROFAITH
based on circuit discovery methods. Our analysis focuses on
predict-then-explain scenarios, extending to explain-then-
predict settings could reveal how explanation faithfulness
relates to performance gains (Bhan et al., 2024). Extending
NEUROFAITH to chain-of-thought reasoning could also pro-
vide valuable comparisons with existing CoT faithfulness
studies (Turpin et al., 2023).
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Impact Statements
This work aims to advance the trustworthiness of AI sys-
tems by developing methods to evaluate whether LLM self-
explanations actually reflect their internal reasoning pro-
cesses. Faithful self-explanations are critical for deploying
LLMs in high-stakes domains such as healthcare or legal
decision-making, where users must understand why a model
reached a specific outcome. NEUROFAITH provides a princi-
pled tool for auditing explanation quality, potentially reduc-
ing over-reliance on plausible but misleading justifications.
However any potential NEUROFAITH user must consider
faithfulness score with caution, avoiding over-reliance on
a single metric to take high-stake decisions. We especially
higlight the importance of human validation during critical
NEUROFAITH steps such as concept extraction.

References
Abdin, M., Aneja, J., Behl, H., Bubeck, S., Eldan, R.,

Gunasekar, S., Harrison, M., Hewett, R. J., Javaheripi,
M., Kauffmann, P., et al. Phi-4 technical report. arXiv
preprint arXiv:2412.08905, 2024.

Agarwal, C., Tanneru, S. H., and Lakkaraju, H. Faith-
fulness vs. plausibility: On the (un) reliability of ex-
planations from large language models. arXiv preprint
arXiv:2402.04614, 2024.

Atanasova, P., Camburu, O.-M., Lioma, C., Lukasiewicz,
T., Simonsen, J. G., and Augenstein, I. Faithfulness
Tests for Natural Language Explanations. In Rogers,
A., Boyd-Graber, J., and Okazaki, N. (eds.), Proc. of
the 61st Annual Meeting of the Association for Compu-
tational Linguistics (Volume 2: Short Papers), pp. 283–
294, Toronto, Canada, July 2023. Association for Compu-
tational Linguistics. doi: 10.18653/v1/2023.acl-short.
25. URL https://aclanthology.org/2023.
acl-short.25.

Belinkov, Y. Probing classifiers: Promises, shortcomings,
and advances. Computational Linguistics, 48(1):207–219,
2022.

Belrose, N., Schneider-Joseph, D., Ravfogel, S., Cotterell,
R., Raff, E., and Biderman, S. Leace: Perfect linear
concept erasure in closed form. Advances in Neural
Information Processing Systems, 36:66044–66063, 2023.

Bhan, M., Vittaut, J.-N., Chesneau, N., and Lesot, M.-
J. Self-AMPLIFY: Improving small language mod-
els with self post hoc explanations. In Al-Onaizan,
Y., Bansal, M., and Chen, Y.-N. (eds.), Proceedings
of the 2024 Conference on Empirical Methods in Nat-
ural Language Processing, pp. 10974–10991, Miami,
Florida, USA, November 2024. Association for Compu-
tational Linguistics. doi: 10.18653/v1/2024.emnlp-main.

615. URL https://aclanthology.org/2024.
emnlp-main.615/.

Bhan, M., Choho, Y., Moreau, P., Vittaut, J.-N., Chesneau,
N., and Lesot, M.-J. Towards achieving concept complete-
ness for textual concept bottleneck models. In Findings
of the 2025 Conference on Empirical Methods in Natu-
ral Language Processing. Association for Computational
Linguistics, November 2025.

Biecek, P. and Samek, W. Position: explain to question
not to justify. In Proceedings of the 41st International
Conference on Machine Learning, pp. 3996–4006, 2024.

Biran, E., Gottesman, D., Yang, S., Geva, M., and Glober-
son, A. Hopping too late: Exploring the limitations of
large language models on multi-hop queries. In Proceed-
ings of the 2024 Conference on Empirical Methods in
Natural Language Processing, pp. 14113–14130, 2024.

Chen, H., Vondrick, C., and Mao, C. Selfie: Self-
interpretation of large language model embeddings. In
Forty-first International Conference on Machine Learn-
ing, 2024.

Conmy, A., Mavor-Parker, A., Lynch, A., Heimersheim, S.,
and Garriga-Alonso, A. Towards automated circuit dis-
covery for mechanistic interpretability. Advances in Neu-
ral Information Processing Systems, 36:16318–16352,
2023.

Elhage, N., Nanda, N., Olsson, C., Henighan, T., Joseph,
N., Mann, B., Askell, A., Bai, Y., Chen, A., Conerly,
T., DasSarma, N., Drain, D., Ganguli, D., Hatfield-
Dodds, Z., Hernandez, D., Jones, A., Kernion, J., Lovitt,
L., Ndousse, K., Amodei, D., Brown, T., Clark, J.,
Kaplan, J., McCandlish, S., and Olah, C. A math-
ematical framework for transformer circuits. Trans-
former Circuits Thread, 2021. https://transformer-
circuits.pub/2021/framework/index.html.

Elhage, N., Hume, T., Olsson, C., Schiefer, N.,
Henighan, T., Kravec, S., Hatfield-Dodds, Z., Lasenby,
R., Drain, D., Chen, C., Grosse, R., McCandlish,
S., Kaplan, J., Amodei, D., Wattenberg, M., and
Olah, C. Toy models of superposition. Trans-
former Circuits Thread, 2022. https://transformer-
circuits.pub/2022/toy model/index.html.

Farah, L., Murris, J. M., Borget, I., Guilloux, A., Martelli,
N. M., and Katsahian, S. I. Assessment of perfor-
mance, interpretability, and explainability in artificial
intelligence–based health technologies: What healthcare
stakeholders need to know. Mayo Clinic Proceedings:
Digital Health, 1(2):120–138, 2023.

9

https://aclanthology.org/2023.acl-short.25
https://aclanthology.org/2023.acl-short.25
https://aclanthology.org/2024.emnlp-main.615/
https://aclanthology.org/2024.emnlp-main.615/


495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549

NEUROFAITH: Evaluating Mechanistic Faithfulness of LLM Free Text Self-Explanation at the Concept Level

Ferrando, J. and Voita, E. Information flow routes: Au-
tomatically interpreting language models at scale. In
Proceedings of the 2024 Conference on Empirical Meth-
ods in Natural Language Processing, pp. 17432–17445,
2024.

Geiger, A., Ibeling, D., Zur, A., Chaudhary, M., Chauhan,
S., Huang, J., Arora, A., Wu, Z., Goodman, N., Potts, C.,
et al. Causal abstraction: A theoretical foundation for
mechanistic interpretability. Journal of Machine Learning
Research, 26(83):1–64, 2025.

Geirhos, R., Jacobsen, J.-H., Michaelis, C., Zemel, R., Bren-
del, W., Bethge, M., and Wichmann, F. A. Shortcut learn-
ing in deep neural networks. Nature Machine Intelligence,
2(11):665–673, 2020.

Gemma Team, G. Gemma: Open models based
on gemini research and technology. arXiv preprint
arXiv:2403.08295, 2024.

Ghandeharioun, A., Caciularu, A., Pearce, A., Dixon, L.,
and Geva, M. Patchscopes: A unifying framework for
inspecting hidden representations of language models. In
Forty-first International Conference on Machine Learn-
ing, 2024.

Goldowsky-Dill, N., Chughtai, B., Heimersheim, S., and
Hobbhahn, M. Detecting strategic deception with linear
probes. In Forty-second International Conference on
Machine Learning, 2025.

Grabisch, M., Marichal, J.-L., Mesiar, R., and Pap, E. Ag-
gregation functions, volume 127. Cambridge University
Press, 2009.

Gu, J., Jiang, X., Shi, Z., Tan, H., Zhai, X., Xu, C., Li, W.,
Shen, Y., Ma, S., Liu, H., et al. A survey on llm-as-a-
judge. arXiv preprint arXiv:2411.15594, 2024.

Gulli, A. Ag’s corpus of news articles. Dipartimento di
Informatica, University of Pisa, Nov, 2005.

Han, T., Ektefaie, Y., Farhat, M., Zitnik, M., and Lakkaraju,
H. Is ignorance bliss? the role of post hoc explanation
faithfulness and alignment in model trust in laypeople
and domain experts. arXiv preprint arXiv:2312.05690,
2023.

Hedström, A., Amoukou, S. I., Bewley, T., Mishra, S., and
Veloso, M. To steer or not to steer? mechanistic error
reduction with abstention for language models. In Forty-
second International Conference on Machine Learning,
2025.

Huang, S., Mamidanna, S., Jangam, S., Zhou, Y., and Gilpin,
L. H. Can Large Language Models Explain Themselves?

A Study of LLM-Generated Self-Explanations, Octo-
ber 2023. URL http://arxiv.org/abs/2310.
11207. arXiv:2310.11207 [cs].

Jacovi, A. and Goldberg, Y. Towards faithfully interpretable
nlp systems: How should we define and evaluate faithful-
ness? In Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics. Association
for Computational Linguistics, 2020.

Jiang, A. Q., Sablayrolles, A., Mensch, A., Bamford, C.,
Chaplot, D. S., Casas, D. d. l., Bressand, F., Lengyel,
G., Lample, G., Saulnier, L., et al. Mistral 7b. arXiv
preprint arXiv:2310.06825, 2023. URL https://
arxiv.org/abs/2310.06825.

Kayser, M., Menzat, B., Emde, C., Bercean, B., Novak, A.,
Morgado, A., Papiez, B., Gaube, S., Lukasiewicz, T., and
Camburu, O.-M. Fool me once? contrasting textual and
visual explanations in a clinical decision-support setting.
In Proceedings of the 2024 Conference on Empirical
Methods in Natural Language Processing, pp. 18891–
18919, 2024.

Kim, B., Wattenberg, M., Gilmer, J., Cai, C., Wexler, J.,
Viegas, F., et al. Interpretability beyond feature attribu-
tion: Quantitative testing with concept activation vectors
(tcav). In International conference on machine learning,
pp. 2668–2677. PMLR, 2018.

Liu, S., Yao, Y., Jia, J., Casper, S., Baracaldo, N., Hase,
P., Yao, Y., Liu, C. Y., Xu, X., Li, H., et al. Rethinking
machine unlearning for large language models. Nature
Machine Intelligence, pp. 1–14, 2025.

Lundberg, S. M. and Lee, S.-I. A Unified Approach to
Interpreting Model Predictions. In Advances in Neural
Information Processing Systems. NeurIPS, 2017.

Luo, C. F., Bhambhoria, R., Dahan, S., and Zhu, X. Eval-
uating explanation correctness in legal decision making.
In Canadian AI, 2022.

Lyu, Q., Apidianaki, M., and Callison-Burch, C. Towards
faithful model explanation in nlp: A survey. Computa-
tional Linguistics, pp. 1–67, 2024.

Madsen, A., Chandar, S., and Reddy, S. Are self-
explanations from large language models faithful. In
Findings of the Association for Computational Linguis-
tics: ACL 2024, 2024.

Matton, K., Ness, R., and Kiciman, E. Walk the talk?
measuring the faithfulness of large language model expla-
nations. In The Fourteenth International Conference on
Learning Representations, 2025.

10

http://arxiv.org/abs/2310.11207
http://arxiv.org/abs/2310.11207
https://arxiv.org/abs/2310.06825
https://arxiv.org/abs/2310.06825


550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

NEUROFAITH: Evaluating Mechanistic Faithfulness of LLM Free Text Self-Explanation at the Concept Level

Mavi, V., Jangra, A., and Jatowt, A. Multi-hop question
answering. Foundations and Trends® in Information
Retrieval, 17(5):457–586, 2024.

Meng, K., Bau, D., Andonian, A., and Belinkov, Y. Locating
and editing factual associations in gpt. Advances in neural
information processing systems, 35:17359–17372, 2022.

Orgad, H., Toker, M., Gekhman, Z., Reichart, R., Szpek-
tor, I., Kotek, H., and Belinkov, Y. LLMs know more
than they show: On the intrinsic representation of LLM
hallucinations. In The Thirteenth International Confer-
ence on Learning Representations, 2025. URL https:
//openreview.net/forum?id=KRnsX5Em3W.

Parcalabescu, L. and Frank, A. On measuring faithfulness or
self-consistency of natural language explanations. In Pro-
ceedings of the 62nd Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Papers),
pp. 6048–6089, 2024.

Park, K., Choe, Y. J., and Veitch, V. The linear representa-
tion hypothesis and the geometry of large language mod-
els. In Forty-first International Conference on Machine
Learning, 2024.

Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J.,
Chanan, G., Killeen, T., Lin, Z., Gimelshein, N., Antiga,
L., et al. Pytorch: An imperative style, high-performance
deep learning library. Advances in neural information
processing systems, 2019. URL https://dl.acm.
org/doi/10.5555/3454287.3455008.

Pearl, J. Causality. Cambridge university press, 2009.

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V.,
Thirion, B., Grisel, O., Blondel, M., Prettenhofer, P.,
Weiss, R., Dubourg, V., et al. Scikit-learn: Machine learn-
ing in python. Journal of Machine Learning Research, 12:
2825–2830, 2011. URL https://www.jmlr.org/
papers/v12/pedregosa11a.html.
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A. Scientific Libraries

We used several open-source libraries in this work: pytorch (Paszke et al., 2019), HuggingFace transformers (Wolf et al.,
2020) and sklearn (Pedregosa et al., 2011).

B. LLM Implementation Details

Backbone and Special Tokens. The library used to import the pretrained autoregressive language models is Hugging-
Face. In particular, the backbones version of Gemma-2-2B, Gemma-2-9B and Gemma-2-27B are gemma-2-2B-it,
gemma-2-9B-it, gemma-2-27B-it respectively. The models were imported with the Bfloat16 computational
format. The following special tokens used were used for instruction prompting:

• user token= ’<start of turn>user’

• assistant token= ’<start of turn>model’

• stop token= ’<eos>’

Text Generation. Text generation was performed using the native functions of the Hugging Face library: generate.
The generate function was used with the following parameters:

• do sample = True

• num beams = 2

• no repeat ngram size = 2

• repetition penalty =1.2

• early stopping = True

• temperature = 0.05
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Self-NLE Generation. The prompt used to get self-NLE was as follows:

• <user>

• Question

• <Assistant>

• Answer

• <user>

•”Give me a simple explanation of your answer.”

• <Assistant>

C. Datasets

Here we provide detailed information about the analyzed datasets. For 2-hop reasoning, we run NEUROFAITH on the
Wikidata-2-hop dataset (Biran et al., 2024) and Socrates (Yang et al., 2025). We first compute task accuracy on the whole
dataset, and then sample 1500 accurate and inaccurate prediction for Wikidata-2-hop. To sample these 1500 instances, we
filter out 2-hop reasoning questions where relations are subjective (e.g. ”the most notable work of ”) or equivocal, potentially
leading to numerous possible answers (e.g. ”the work that features” ). We also sample by setting a maximum number of
occurrences for generated answers (15), to foster diversity in the input questions. This filter enables to avoid having too
many questions where the answer is a country (e.g. USA). We end up with a dataset made of 3000 samples with 1500
accurate and 1500 inaccurate predictions.

For classification, we run NEUROFAITH on AGNews (Gulli, 2005), a newspaper article classification and Ledgar (Tuggener
et al., 2020), a more challenging critical domain legal document classification dataset. We retrieve the enriched versions
from (Bhan et al., 2025) with labeled concepts for CAV computation. For AGNews, the classes to predict are ’world’, ”sport”,
”business” and ”science & technology”. For Ledgar, the classes to predict are ”Amendments”, ”Survival”, ”Terminations”
and ”Terms”. Each dataset is made of 4000 samples.

D. NEUROFAITH Implementation Details

D.1. CONCEPT EXTRACTION

Here we provide the prompts used to give instructions to Qwen-3-32b to extract relevant concepts (NEUROFAITH step 1).
For 2-hop reasoning, concept extraction consists in retrieving the bridge object from the self-NLE. Since the input text as the
following structures : x = (o1, r1,▲, r2, •), we directly prompt the model to resolve (o1, r1,▲) by grounding its response
on the self-NLE only. We structure our prompt following an in-context learning template with two examples differing from
the dataset of interest:

Concept Extraction Prompt for 2-hop Reasoning

user
preprompt + preprompt example 1
assistant
Emmanuel Macron
user
preprompt + preprompt example 2
assistant
Ingmar Bergman
user
preprompt + (o1, r1,▲)

with preprompt = ”Answer briefly and only according to the provided text. If there is no clear answer, say **no bridge
object**”, preprompt example 1 = ”Emmanuel Macron is the president of Italy, and the capital city of Italy is Rome.**

14
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the president of Italy is” and preprompt example 2 = ”The movie Persona is a movie happening in the Faro island and
has been directed by Ingmar Bergman, who is from Sweden.**: ’The director of Persona is”.

For classification, we assess having access to a set of relevant concepts C and labels related to the task of interest. Given a
certain concept c, we only prompt the model to assess if the concept is present in the self-NLE if the concept was initially
present in the input text, making the concept extraction process computationally less expensive. We structure our prompt
following an in-context learning template with three examples differing from the dataset of interest:

Concept Extraction Prompt for Classification

user
preprompt + preprompt example 1
assistant
yes
user
preprompt + preprompt example 2
assistant
yes
user
preprompt + preprompt example 3
assistant
no
user
preprompt + context extraction prompt(ŷ, e(x), c)

with preprompt = ”Analyze whether a given concept has a meaningful impact on predicting a specific category from the
provided text explanation. Instructions: (1) Answer with exactly ”YES” if the concept is clearly mentioned in the given text
and relevant to the category prediction, (2) Answer with exactly ”NO” if the concept is neither mentioned nor relevant in the
given text (3) Consider the logical connection between the concept and the category in the given text”.

For AGNews:

• preprompt example 1 = ”Text explanation: ’The article says that OECD countries became richer in the 20th
century. This falls under the category of world’. Question: According to the previous text, does the concept ”economic
trends” have a meaningful impact on predicting the ”world” category?”

• preprompt example 2 = ”Text explanation: ’The abstract underlines that the French soccer striker is a good
player. It is relevant to sport’. Question: According to the previous text, does the concept ”jargon specific to the sport”
have a meaningful impact on predicting the ”sport” category?”.

• preprompt example 3 = ”Text explanation: ’The research paper discusses quantum computing algorithms and
their complexity. This falls under the category of technology’. Question: According to the previous text, does the
concept ”cooking techniques” have a meaningful impact on predicting the ”technology” category?”.

For Ledgar:

• preprompt example 1 = ”Text explanation: ’This clause defines what happens to your stock options if your
employment ends *before* they are fully vested. It’s part of the core **terms** of your employment agreement
that outlines how these shares work.’ Question: According to the previous text, does the legal concept ”Minimum
commitment periods” have a meaningful impact on predicting the ”terms” category?”

• preprompt example 2 = ”Text explanation: ’This clause defines what happens to your stock options if your
employment ends *before* they are fully vested. It’s part of the core **terms** of your employment agreement that
outlines how these shares work.’ Question: According to the previous text, does the legal concept ”Effect of termination”
have a meaningful impact on predicting the ”terms” category?”.
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• preprompt example 3 = ”Text explanation: ’The clause specifically talks about how changes can be made to
the agreement:”terminated, amended, modified or supplemented”. These are all words that mean changing the
original terms of the contract. Since it focuses on how the contract itself can be altered, the relevant category is
**Amendments**’ Question: According to the previous text, does the legal concept ”Amendment procedures” have a
meaningful impact on predicting the ”Amendments” category?”.

Finally, given a prediction ŷ, and self NLE e(x) and a concept c, context extraction prompt(ŷ, e(x), c) = ”Text
explanation: e(x). Question: According to the previous text, does the concept c have a meaningful impact on predicting the
ŷ category?”.

D.2. MECHANISTIC INTERPRETATION

Here we provide implementation details about mechanistic interpretations of extracted concepts (NEUROFAITH step 2).

Interpreter. For the 2-hop reasoning instantiation, the interpreter used to decode f hidden states
{
hℓ
k

}
is

Patchscopes (Ghandeharioun et al., 2024). We use the prompt ”What is the following? Answer briefly [X,X]” to
generate the interpretation where X is a token placeholder to be replaced in the latent space by the hidden state to be
interpreted. We replace the placeholder tokens at layers 3 and 4 to get two interpretations per hidden state to decode.
The layers to be interpreted by Patchscopes vary depending on the assessed model. We set the index token k as the
last one related to o1 and focus on the late early layers as in (Biran et al., 2024). This way, ℓ ∈ {5, 6, 7, 8, 9, 10, 11} for
gemma-2-2B, ℓ ∈ {8, 9, 10, 11, 12, 13, 14} for gemma-2-9B and ℓ ∈ {11, 12, 13, 14, 15, 16, 17} for gemma-2-27B.

For the classification instantiation and given a concept c, concept importance IΓ(c) is based on the linear representation of
the concept called CAV and denoted−→c . Concepts are selected based on the identifiability of each concept on f representation
space based on IΓ(c). Below are examples of selected concepts from Ledgar and AGNews for gemma-2-27b with F1
score > 60%:

Concept Layer F1 Score (%)

Players 36 0.758
Political developments 43 0.842
Scores 10 0.626
Financial markets 35 0.758
Companies 36 0.805
Industry-specific terminology and jargon 34 0.745
Global issues 45 0.812
Sports events 45 0.854
Industry analysis 38 0.610
Economic trends 36 0.798
Industries 36 0.776
International events 36 0.847
Global politics 36 0.809
International relations 36 0.776
Foreign affairs 43 0.795
News about wars, conflicts 43 0.694
Athletic competitions 45 0.855
Teams 45 0.679
Game summaries 34 0.780
Jargon specific to the sport 45 0.854
Charts, graphs, and financial data 38 0.658
Advancements in computing 41 0.607
Technological trends 43 0.769

Table 5. AGNews concept max. F1 scores (> 60%) with related layer for gemma-2-27b.
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Concept Layer F1 Score (%)

Modification rights 34 0.838
Amendment procedures 39 0.803
Notice requirements 20 0.743
Approval mechanisms 28 0.816
Integration with original agreement 23 0.729
Format requirements 26 0.768
Severability of amendments 37 0.812
Retroactive application 27 0.638
Waiver limitations 30 0.793
Amendment thresholds 42 0.753
Amendment restrictions 36 0.730
Prior versions validity 45 0.759
Amendment documentation 24 0.759
Version control mechanisms 37 0.738
Material change provisions 33 0.754
Post-termination obligations 28 0.798
Duration of surviving terms 28 0.885
Identification of specific clauses 11 0.785
Indemnification continuation 40 0.862
Payment obligations survival 21 0.776
Representations/warranties survival 21 0.767
Remedies availability post-termination 42 0.845
Perpetual rights 40 0.815
Legal compliance requirements 34 0.721
Duration specifications 42 0.885
Commencement date 36 0.638
Expiration conditions 37 0.910
Renewal mechanisms 44 0.654
Term length 26 0.798
Condition precedents 28 0.798
Milestone-based periods 36 0.739
Initial term vs. renewal term distinctions 44 0.789
Evergreen provisions 13 0.768
Term modification triggers 28 0.728
Minimum commitment periods 34 0.777
Maximum term limitations 36 0.785
Regulatory term constraints 41 0.769
Term acceleration provisions 30 0.738
Rolling term provisions 29 0.823
Termination rights 28 0.888
Notice periods 45 0.726
Termination for convenience 44 0.677
Effect of termination 28 0.912
Wind-down procedures 28 0.865
Mutual termination provisions 27 0.854
Partial termination rights 37 0.833
Change of control provisions 29 0.729
Performance-based termination 44 0.719
Regulatory/legal change termination 15 0.776
Termination certification requirements 27 0.774
Post-termination restrictions 13 0.747
Transition obligations 28 0.856

Table 6. Ledgar concept max. F1 scores (> 60%) with related layer for gemma-2-27b.
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The concept importance IΓ(c) can be either computed through representation engineering and concept erasure or gradient-
based approaches such as TCAV. We perform concept erasure for λ ∈ [0, 1] with a step size of 0.1. Table 5 and 6 show
the F1 scores of the properly detected concepts in gemma-2-27b representation space. We estimate the attribution of c
given circuit Γ as the β1 parameter of the following regression: pŷ(x,

{
do(Hℓ

k = hℓ
k − λ×−→cℓ )

}
(k,ℓ)∈Γ

) = β0 + β1 × λ.

The t-test for β1 significancy is expressed as follows: t = β̂1

SE(β̂1)
= β̂1√

MSE∑n
i=1

(λi−λ̄)2

, where λi is the i realization of λ and λ̄

is the average λ on the analyzed sample.

The concept importance IΓ(c) can also be computed with gradients-based approaches such as TCAV. It can be formally
expressed based on the previously computed CAV −→c . IΓ(c) is calculated by aggregating the local importance measures
related to the hidden states along circuit Γ:

IΓ(c) =
⊙

(k,ℓ)∈Γ

⟨−→c ,∇f ℓ
ŷ,k(h

ℓ
k)⟩ (1)

where f ℓ
ŷ,k is the sub-function from f taking hℓ

k as input and generating the output pŷ and
⊙

an aggregation operator chosen
according to the expected desired level of strictness to measure faithfulness. Among the many aggregation operators (see
e.g. Grabisch et al. (2009)),

⊙
can be conjunctive (e.g. defined as the min function), disjunctive (e.g. the max function) or

the average measure.

Faithfulness is finally calculated based on concept importance as follows: F (x, e) = 1
p

∑p
i=1 1IΓ(ci)>0. Figures 5 and 6

show the faithfulness distributions of NEUROFAITH for AGNews and Ledgar for gemma-2-27b.

Figure 5. NEUROFAITH faithfulness distribution for AGNews for gemma-2-27b.
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Figure 6. NEUROFAITH faithfulness distribution for Ledgar for gemma-2-27b.

In Figure 7-12 we plot the concepts sorted by frequency for faithful and unfaithful self-NLE for AGNews and Ledgar for
gemma-2-2b and gemma-2-9b for several class predictions. These figures reveal which concepts are associated with
faithful versus unfaithful self-NLEs. For instance, Figure 10 shows that NEUROFAITH correctly identifies counterintuitive
associations (e.g., the concept ”companies” linked to the class ”world”) as unfaithful, demonstrating its reliability.

Figure 7. Concepts related to faithful self-NLE and the prediction ”business”, sorted by frequency for AGNews for gemma-2-2b.
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Figure 8. Concepts related to unfaithful self-NLE and the prediction ”business”, sorted by frequency for AGNews for gemma-2-2b.

Figure 9. Concepts related to faithful self-NLE and the prediction ”world”, sorted by frequency for AGNews for gemma-2-2b.

Figure 10. Concepts related to unfaithful self-NLE and the prediction ”world”, sorted by frequency for AGNews for gemma-2-2b.
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Model Self-NLE Latent Hop 1 Self-NLE
Correctness Correctness Faithfulness

Accurate Inaccurate Accurate Inaccurate Accurate Inaccurate

gemma-2-2b 57.80% 56.50% 47.50% 48.30% 48.00% 56.50%
gemma-2-9b 73.70% 55.10% 58.50% 44.30% 61.70% 54.80%
gemma-2-27b 77.80% 55.70% 64.90% 46.90% 69.10% 59.80%
Table 7. Self-NLE correctness, first hop latent reasoning correctness, and self-NLE faithfulness across models evaluated using Phi-4 as
judge. ”(In)accurate” represents the set of predictions initially (in)correct.

Figure 11. Concepts related to faithful self-NLE and the prediction ”amendments”, sorted by frequency for Ledgar for gemma-2-9b.

Figure 12. Concepts related to unfaithful self-NLE and the prediction ”amendments”, sorted by frequency for Ledgar for gemma-2-9b.

We also plot the density of faithfulness for AGNews and Ledgar for gemma-2-27b in Figure 5 and 6.

2-hop Reasoning Additional Results. We show in Table 7 the results obtained by applying NEUROFAITH in the case
of 2-hop reasoning with Phi-4 as bridge object extractor. The results are highly similar to the ones obtained by using
Qwen-3-32B as bridge object extractor (see column ”Faithfulness Corr w/ qwen”).

21



1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204
1205
1206
1207
1208
1209

NEUROFAITH: Evaluating Mechanistic Faithfulness of LLM Free Text Self-Explanation at the Concept Level

Model Task Acc. Self-NLE Latent Hop 1 Self-NLE
Correctness Correctness Faithfulness

Accurate Inaccurate Accurate Inaccurate Accurate Inaccurate

gemma-2-27B 3.4% 72.8% 62.1% 36.4% 8.1% 27.3% 7.6%
Table 8. Self-NLE correctness, first hop latent reasoning correctness, and self-NLE faithfulness for gemma-2-27B on the Socrates
dataset.

Figure 13. NEUROFAITH faithfulness sensitivity analysis with regards to circuit size, gemma-2-2B.

Figure 14. NEUROFAITH faithfulness sensitivity analysis with regards to circuit size, gemma-2-9B.

Figure 15. NEUROFAITH faithfulness sensitivity analysis with regards to circuit size, gemma-2-27B.

22



1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241
1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257
1258
1259
1260
1261
1262
1263
1264

NEUROFAITH: Evaluating Mechanistic Faithfulness of LLM Free Text Self-Explanation at the Concept Level

D.3. LINEAR LATENT FAITHFULNESS DETECTION.

Here we provide additional information about layer-wise linear probe performance and similarity between faithfulness
vectors and with other AI safety linear vectors. Figures 16-24 show the layer-wise performance of the faithfulness linear
probes for 2-hop reasoning, AGNews and Ledgar. As shown in Figure 25, 26 and 27, cosine similarity between task-specific
linear faithfulness and AI safety behaviors vectors becomes more pronounced with the size of the model.

Figure 16. Linear faithfulness probe classification performance for 2-hop reasoning, gemma-2-2B.

Figure 17. Linear faithfulness probe classification performance for 2-hop reasoning, gemma-2-9B.

Figure 18. Linear faithfulness probe classification performance for 2-hop reasoning, gemma-2-27B.
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Figure 19. Linear faithfulness probe classification performance for AGNews classification, gemma-2-2B.

Figure 20. Linear faithfulness probe classification performance for AGNews classification, gemma-2-9B.

Figure 21. Linear faithfulness probe classification performance for AGNews classification, gemma-2-27B.

Figure 22. Linear faithfulness probe classification performance for Ledgar classification, gemma-2-2B.
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Figure 23. Linear faithfulness probe classification performance for Ledgar classification, gemma-2-9B.

Figure 24. Linear faithfulness probe classification performance for Ledgar classification, gemma-2-27B.

(a) Mean operator (b) Max operator

Figure 25. Linear vectors cosine similarity analysis on gemma-2-2b

25



1375
1376
1377
1378
1379
1380
1381
1382
1383
1384
1385
1386
1387
1388
1389
1390
1391
1392
1393
1394
1395
1396
1397
1398
1399
1400
1401
1402
1403
1404
1405
1406
1407
1408
1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429

NEUROFAITH: Evaluating Mechanistic Faithfulness of LLM Free Text Self-Explanation at the Concept Level

(a) Mean operator (b) Max operator

Figure 26. Linear vectors cosine similarity analysis on gemma-2-9b

(a) Mean operator (b) Max operator

Figure 27. Linear vectors cosine similarity analysis on gemma-2-27b

Table 9 shows the F1 score for faithfulness linear detection by using the linear representation from one task (e.g. 2-hop
reasoning) to predict self-NLE faithfulness from other tasks (e.g. Ledgar and AGNews). These results corroborate the cosine
similarity analysis, highlighting that the 2-hop reasoning/AGNews and AGNews/Ledgar pairs are moderately correlated
with gemma-2-27b, enabling to properly detect faithfulness (approximately 62%). This phenomenon does not appear on
smaller models.
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gemma-2b gemma-9b gemma-27b

Base/Target Agnews Ledgar Agnews Ledgar Agnews Ledgar

2-hop reasoning 52.2% 56.1% 47.2% 40.0% 61.3% 36.1%
AGNews – 45.3% – 42.2% – 63.1%

Table 9. Faithfulness detection by transfer, from a base to a target faithfulness linear vector.

E. Detailed Taxonomy of Self-NLE in Two-hop Reasoning

Taxonomy Definition. The correctness of the prediction combined with both the faithfulness and the correctness of the
self-NLE and the correctness of the first hop of the latent reasoning enables to precisely characterize e(x). In this subsection,
we focus on ten disjoint cases of interest to characterize the behavior of f with respect to e(x). Given a ground truth
2-hop reasoning trace (o1, r1, o2, r2, o3) and the actual reasoning trace obtained from both the model answer and self-NLE:
(o1, r1, ô2, r2, ô3):

• (C1) Complete reasoning failure. ô3 ̸= o3, F (x, e) = 0, ô2 ̸= o2 and ∀(k, ℓ) ∈ Γ, o2 /∈ h̃ℓ
k. Observation: Wrong

prediction, incorrect unfaithful explanation, ground-truth bridge object undetected in circuit Γ. Interpretation: Evidence
suggests failure in first-hop reasoning, with neither explanation nor internal representations containing the expected bridge
object.

• (C2) Internal-external reasoning mismatch. ô3 ̸= o3, F (x, e) = 0, ô2 ̸= o2 and ∃(k, ℓ) ∈ Γ, o2 ∈ h̃ℓ
k. Observation:

Wrong prediction, incorrect unfaithful explanation, but ground-truth bridge object detected in circuit Γ. Interpretation:
The model appears to have correct internal knowledge but generates inconsistent explanations, indicating potential
reasoning-explanation dissociation because of either deceptiveness or hallucination.

• (C3) Explanation-prediction association. ô3 ̸= o3, F (x, e) = 0 and ô2 = o2. Observation: Wrong prediction with
unfaithful but correct explanation. Interpretation: The model associates the correct bridge object with incorrect prediction
during explanation generation, suggesting superficial pattern matching without genuinely resolving the first hop of the
2-hop reasoning.

• (C4) First-hop reasoning failure. ô3 ̸= o3, F (x, e) = 1 and ô2 ̸= o2. Observation: Wrong prediction with faithful but
incorrect explanation. Interpretation: The model consistently follows an incorrect reasoning pathway, indicating error in
first-hop reasoning or concept misunderstanding.

• (C5) Second-hop reasoning failure. ô3 ̸= o3, F (x, e) = 1 and ô2 = o2. Observation: Wrong prediction with faithful
and correct explanation. Interpretation: The model correctly identifies he bridge object but fails in second reasoning step,
suggesting error occurs after successful first-hop completion.

• (C6) Shortcut learning. ô3 = o3, F (x, e) = 0, ô2 ̸= o2 and ∀(k, ℓ) ∈ Γ, o2 /∈ h̃ℓ
k. Observation: Correct prediction with

unfaithful incorrect explanation, ground-truth bridge object undetected. Interpretation: Evidence suggests direct o1 → o3
association, consistent with shortcut learning behavior that bypasses intermediate reasoning steps.

• (C7) Deceptiveness or hallucination. ô3 = o3, F (x, e) = 0, ô2 ̸= o2 and ∃(k, ℓ) ∈ Γ, o2 ∈ h̃ℓ
k. Observation: Correct

prediction with unfaithful incorrect explanation, but ground-truth bridge object detected internally. Interpretation: The
model possesses correct internal knowledge but generates deceptive (or hallucinated) explanations, suggesting reasoning-
explanation dissociation or alternative reasoning pathways. This case is expected to be rare, otherwise highlighting a case
where f is not honest in its self-NLE while ”knowing” the ground truth bridge object, raising a problem in f alignment.

• (C8) Explainer parrot. ô3 = o3, F (x, e) = 0 and ô2 = o2. Observation: Correct prediction with unfaithful but correct
explanation. Interpretation: The model generates the expected explanation without corresponding detectable internal
reasoning, suggesting post-hoc explanation generation (i.e. ”explainer parrot” behavior).

• (C9) Alternative reasoning pathway. ô3 = o3, F (x, e) = 1 and ô2 ̸= o2. Observation: Correct prediction with faithful
but incorrect explanation. Interpretation: The model uses a consistent but non-canonical reasoning pathways, indicating
bias or alternative reasoning mechanism that leads to correct outcomes through unexpected intermediate steps.
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Incorrect Predictions

Model C1 C2 C3 C4 C5
Complete Internal-external Explanation- First-hop Second-hop

reasoning failure reasoning mismatch prediction assoc. reasoning failure reasoning failure

gemma-2-2b 23.8% 4.2% 14.4% 16.0% 41.6%
gemma-2-9b 26.1% 4.5% 14.5% 14.1% 40.9%
gemma-2-27b 22.8% 4.4% 12.5% 17.1% 43.1%
mistral-3-7b 46.5% 13.7% 7.1% 8.4% 24.2%

Table 10. Distribution of categories for incorrect predictions across model sizes.

Correct Predictions

Model C6 C7 C8 C9 C10
Shortcut Deceptiveness or Explainer Alternative Reliable
learning hallucination parrot reasoning pathway oracle

gemma-2-2b 27.8% 6.1% 17.7% 8.1% 40.3%
gemma-2-9b 14.9% 4.2% 20.0% 6.8% 54.0%
gemma-2-27b 12.8% 3.1% 15.3% 6.4% 62.4%
mistral-3-7b 20.6% 4.0% 19.3% 5.2% 50.9%

Table 11. Distribution of categories for correct predictions across model sizes.

• (C10) Reliable oracle. ô3 = o3, F (x, e) = 1 and ô2 = o2. Observation: Correct prediction with faithful and correct
explanation. Interpretation: Strong evidence for expected canonical reasoning pathway, representing the most interpretable
and reliable case for knowledge extraction and model understanding.

While this taxonomy relies on the interpreter ability to decode the model’s internal activity, the systematic patterns observed
across different models and tasks provide convergent evidence for these behavioral categories. We give examples of this
taxonomy in Appendix H

E.1. 2-HOP REASONING DETAILED RESULTS.

Here we detail the results outlined in Section 4 and 6 by breaking down the results at the category-level as introduced above.

Taxonomy Descriptive Analysis. Table 10 highlights that the categories C1 (complete reasoning failure) and C5 (second-
hop reasoning failure) are the most represented across the models. The distributions are overall highly stable for incorrect
predictions whereas the category C10 (reliable oracle) increases with the model size for accurate predictions. The category
C7 (deceptiveness or hallucination) tends to decrease with model size, but still represents a non negligible part of the
self-NLE.

Taxonomy Faithfulness Enhancement Analysis. Table 12,13 and 14 respectively show the detailed impact of hallucina-
tion inhibition, linear faithfulness amplification and deceptiveness inhibition steering on self-NLE faithfulness. Categories
C2 and C7 are the most prone to be turned into faithful self-NLE overall. Hallucination and faithfulness steering lead to
significantly better results as compared to deceptiveness steering overall. Linear faithfulness amplification gives slightly
better results than hallucination inhibition. Hallucination inhibition obtains slightly better results than linear faithfulness
amplification for C1 and C6.
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New Faithfulness After Steering Through Hallucination Inhibition (%)

Model C1 C2 C3 C6 C7 C8
Complete Internal-external Explanation- Shortcut Deceptiveness or Explainer

reasoning failure reasoning mismatch prediction assoc. learning hallucination parrot

gemma-2-2b 10.8% 33.3% 5.6% 7.4% 36.2% 3.0%
gemma-2-9b 9.2% 13.4% 5.1% 16.1% 35.9% 1.6%
gemma-2-27b 12.0% 22.7% 4.8% 12.5% 48.9% 2.6%

Table 12. Percentage of initially unfaithful explanations that become faithful after hallucination steering interventions, by category and
model size.

New Faithfulness After Steering Through Linear Faithfulness Amplification (%)

Model C1 C2 C3 C6 C7 C8
Complete Internal-external Explanation- Shortcut Deceptiveness or Explainer

reasoning failure reasoning mismatch prediction assoc. learning hallucination parrot

gemma-2-2b 8.1% 38.0% 5.1% 9.3% 39.5% 1.1%
gemma-2-9b 6.9% 28.4% 3.7% 10.3% 57.8% 2.0%
gemma-2-27b 9.3% 19.7% 5.3% 10.9% 40.4% 1.3%

Table 13. Percentage of initially unfaithful explanations that become faithful after linear faithfulness steering interventions, by category
and model size.

New Faithfulness After Steering Through Deceptiveness Inhibition (%)

Model C1 C2 C3 C6 C7 C8
Complete Internal-external Explanation- Shortcut Deceptiveness or Explainer

reasoning failure reasoning mismatch prediction assoc. learning hallucination parrot

gemma-2-2b 5.1% 3.2% 2.7% 4.7% 13.8% 6.0%
gemma-2-9b 6.1% 11.7% 0.6% 8.0% 18.7% 1.4%
gemma-2-27b 5.0% 6.3% 1.7% 2.7% 9.1% 3.3%

Table 14. Percentage of initially unfaithful explanations that become faithful after deceptiveness steering interventions, by category and
model size (third experimental condition).

As shown in Figures 28, 30, and 32, we observe consistent transition patterns when steering makes unfaithful explanations
faithful. For incorrect predictions, category C1 (complete reasoning failure) consistently transitions to C4 (first-hop reasoning
failure), achieving faithfulness approximately 10% of the time under NEUROFAITH linear faithfulness amplification and
hallucination inhibition. Category C2 (internal-external reasoning mismatch) predominantly transitions to C5 (second-hop
reasoning failure) when steering succeeds. Category C3 (explanation-prediction association) exclusively leads to C5
(second-hop reasoning failure) upon becoming faithful.

Accurate predictions follow similar patterns. Category C6 (shortcut learning) transitions to C9 (alternative reasoning pathway)
when made faithful, while category C8 (explainer parrot) becomes C10 (reliable oracle). Category C7 (deceptiveness or
hallucination) can transition to either C9 or C10, though it more commonly becomes a reliable oracle (C10). We give several
examples of unfaithful self-NLE made faithful in Appendix H.
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(a) Initially inaccurate predictions. (b) Initially accurate predictions.

Figure 28. Detailed taxonomy transition state analysis, before and after NEUROFAITH linear faithfulness steering on gemma-2-2b on
2-hop reasoning.

(a) Initially inaccurate predictions. (b) Initially accurate predictions.

Figure 29. Detailed taxonomy transition state analysis, before and after hallucination inhibition on gemma-2-2b on 2-hop reasoning.
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(a) Initially inaccurate predictions. (b) Initially accurate predictions.

Figure 30. Detailed taxonomy transition state analysis, before and after NEUROFAITH linear faithfulness steering on gemma-2-9b on
2-hop reasoning.

(a) Initially inaccurate predictions. (b) Initially accurate predictions.

Figure 31. Detailed taxonomy transition state analysis, before and after hallucination inhibition on gemma-2-27b on 2-hop reasoning.
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(a) Initially inaccurate predictions. (b) Initially accurate predictions.

Figure 32. Detailed taxonomy transition state analysis, before and after NEUROFAITH linear faithfulness steering on gemma-2-27b on
2-hop reasoning.

(a) Initially inaccurate predictions. (b) Initially accurate predictions.

Figure 33. Detailed taxonomy transition state analysis, before and after hallucination inhibition on gemma-2-2b on 2-hop reasoning.

F. NEUROFAITH Faithfulness Measure Comparison

In this section we examine how faithfulness as measured by NEUROFAITH compares to existing Counterfactual Intervention
(CI) (Atanasova et al., 2023) and Attribution Agreement (AA) approaches (Parcalabescu & Frank, 2024) for evaluating
LLM self-NLE faithfulness. We focus on 2-hop reasoning and begin with a qualitative comparison that illustrates potential
differences between these approaches, followed by a quantitative analysis that provides evidence for these observations.

F.1. 2-HOP REASONING FAITHFULNESS QUALITATIVE COMPARISON.

To illustrate the critical differences between existing faithfulness evaluation approaches and NEUROFAITH, we examine a
concrete 2-hop reasoning example (see Figure 34) that illustrates fundamental limitations in current methods (CI and AA).
Given input text x, prediction f(x), and self-generated explanation e(x), we compare how different faithfulness approaches
evaluate the same case. We analyse the following example:

• Input: x = ”The father of Carol Chomsky is”

• Prediction: f(x) = ”Harry Abraham Schatz”
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Figure 34. Qualitative comparison between NEUROFAITH and CI faithfulness.

• Counterfactual Intervention: xcf = ”The father of the spouse of Carol Chomsky is”

• Counterfactual prediction: f(xcf ) = ”William Chomsky”

Counterfactual Intervention (CI) would assess the self-NLE e(xcf ) as faithfulness. This evaluation is based solely on
the presence of the intervention term ”spouse” within e(xcf ), establishing consistency between the input modification
and explanation content. Attribution Analysis (AA) methods consists in comparing attribution scores (e.g., using SHAP)
to highlight important tokens (e.g. ”father”, ”spouse”, ”Carol”, ”Chomsky”) for the prediction and the self-NLE. High
correlation coefficients between the attribution vectors for prediction and self-NLE would similarly classify the self-NLE as
faithful.

On the contrary, NEUROFAITH rejects e(xcf ) as unfaithful because the bridge object (”Morris Halle”) is not contained in
the decoded hidden states ({h̃ℓ

k}). This mismatch between internal computation and self-NLE content reveals unfaithfulness.
The steered self-NLE obtained with linear faithful steering (see Section 6) is evaluated as faithful by NEUROFAITH, due to
shared bridge object (”Noam Chomsky”) between the new self-NLE and the decoded hidden states.

This qualitative example illustrates that both CI and AA approaches may employ more lenient evaluation standards compared
to NEUROFAITH and can miss unfaithful self-NLE. This observation is corroborated by our analysis in the next paragraph.

F.2. 2-HOP REASONING FAITHFULNESS QUANTITATIVE COMPARISON.

We propose an experimental protocol to evaluate the practical utility of different faithfulness measures for model analysis.
The protocol is motivated by two common applications of explanations in AI systems: (1) troubleshooting models by
identifying the source of errors in wrong predictions (Biecek & Samek, 2024), and (2) detecting potential biases or shortcuts
in correct predictions to ensure they align with expected reasoning processes (Ribeiro et al., 2016).

We test whether faithful explanations, as identified by NEUROFAITH and CI methods, provide better diagnostic information
for these purposes. The key hypothesis is that if a faithfulness measure accurately captures the model’s internal reasoning,
then explanations deemed faithful should better localize reasoning failures and identify non-canonical reasoning pathways.

Experimental Framework. Given an input text x = (o1, r1,▲, r2, •) requiring 2-hop reasoning and the model’s reasoning
trace (o1, r1, ô2, r2, ô3), we categorize the model behavior using a simplified taxonomy (see Figure 35) based on prediction
correctness and bridge object accuracy:

• Category A: Wrong prediction (ô3 ̸= o3), wrong bridge object (ô2 ̸= o2)→ likely first-hop failure
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Figure 35. Simplified taxonomy of f behavior in two-hop reasoning, based on the status of the prediction and the self-NLE.

• Category B: Wrong prediction (ô3 ̸= o3), correct bridge object (ô2 = o2)→ likely second-hop failure

• Category C: Correct prediction (ô3 = o3), wrong bridge object (ô2 ̸= o2)→ alternative reasoning pathway

• Category D: Correct prediction (ô3 = o3), correct bridge object (ô2 = o2)→ canonical reasoning

Each category can be further subdivided with respect to faithfulness, enabling comparison between faithful and unfaithful
self-NLE within each reasoning pattern. In the following we propose 3 evaluation protocols based on these 4 categories and
assess if faithful self-NLE lead to better model debugging and bias targeting than unfaithful self-NLE.

First Hop Hint. We test whether faithful self-NLE better identify first-hop reasoning failures through a targeted interven-
tion. For each input x having led to a wrong prediction (ô3 ̸= o3), we create a modified version xhint1 = (o1, r1, o2, x) that
explicitly provides the correct bridge object. For example:

• x = ”The country of origin of the movie maker that directed Persona is”

• xhint1 = ”The movie maker that directed Persona is Ingmar Bergman. The country of origin of the movie maker that
directed Persona is”

If faithful self-NLE accurately reflect internal reasoning, then providing first-hop hints should differentially improve
performance for Category A (first-hop failures) versus Category B (second-hop failures), and this difference should be
stronger for faithful self-NLE. We define the performance ratio under first-hop hints as:

PR(A,B, hint1) =
ACC(A, hint1)

ACC(B, hint1)
(2)

where ACC(A, hint1) represents the accuracy of Category A examples when given first-hop hints. We compute separate
ratios for faithful and unfaithful explanations:

PR(A,B, hint1, faithful) =
ACC(A, hint1, faithful)

ACC(B, hint1, faithful)
(3)

Finally, the Compound Accuracy Score (CAS) quantifies whether faithful explanations provide better error localization:

CAS(A,B, hint1) = log
( PR(A,B, hint1, faithful)

PR(A,B, hint1, unfaithful)

)
(4)

A positive CAS indicates that faithful self-NLE better identify first-hop failures. This metric is conceptually close to the
In-Context Editing instantiation of the approach proposed by Zaman & Srivastava (2025) to compare faithfulness measures.
In the following, we extend beyond this proposal with two other metrics.
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Quality Metric gemma-2-2b gemma-2-9b gemma-2-27b

NEUROFAITH CI AA NEUROFAITH CI AA NEUROFAITH CI

hint1 0.04 -0.07 -0.23 0.06 -1.10 0.40 0.75 -0.99
hint2 -0.44 -0.55 -1.23 0.28 -0.03 0.15 -0.35 1.25
r2 → r′2 0.09 -2.62 1.32 0.17 -0.32 0.01 0.31 -0.26
Table 15. NEUROFAITH comparison to CI and AA (higher is better) across models on 352 CI-compatible samples on 2-hop reasoning.

Quality Metric gemma-2-2b gemma-2-9b gemma-2-27b

hint1 0.48 0.14 0.22
hint2 0.03 0.33 0.88
r2 → r′2 -0.04 1.18 0.40

Table 16. NEUROFAITH evaluation across models on the overall 2-hop reasoning dataset.

Second Hop Hint. We then test whether faithful self-NLE better identify second-hop reasoning failures through a targeted
intervention. Following the logic introduced above, for each input x having led to a wrong prediction (ô3 ̸= o3), we create a
modified version xhint2 = (o2, r2, o3, x) that explicitly provides the second part of the 2-hop reasoning. For example:

• x = ”The country of origin of the movie maker that directed Persona is”

• xhint2 = ”The country of origin of Ingmar Bergman is Sweden. The country of origin of the movie maker that directed
Persona is”

If faithful self-NLE accurately reflect internal reasoning, then providing second-hop hints should differentially improve
performance for Category B (second-hop failures) versus Category A (first-hop failures), and this difference should be
stronger for faithful self-NLE. We build our second metric following the notations introduced above, based on the Compound
Accuracy Score:

CAS(B,A, hint2) = log
( PR(B,A, hint2, faithful)

PR(B,A, hint2, unfaithful)

)
(5)

Here, a positive CAS indicates that faithful self-NLE better identify second-hop failures.

Second Relation Modification. We test whether faithful self-NLE better identify non-canonical reasoning pathways
through the modification of the second step of the reasoning trace (r2). Intuitively, a non-canonical reasoning pathway is
more prone to leading to false reasoning when changing one step of the 2-hop reasoning. For each input x having led to a
correct prediction (ô3 = o3), we create a modified version xr2→r′2

= (o1, r1,▲, r′2, •) that changes the second relation of
the 2-hop reasoning input. For example:

• x = ”The country of origin of the movie maker that directed Persona is”

• xr2→r′2
= ”The father of the movie maker that directed Persona is”

If faithful self-NLE accurately reflect internal reasoning, then changing r2 should significantly decrease performance for
Category C (alternative reasoning pathway) versus Category D (canonical reasoning), and this difference should be stronger
for faithful self-NLE. We build our third metric following the notations introduced above, based on the Compound Accuracy
Score:

CAS(D,C, r2 → r′2) = log
( PR(D,C, r2 → r′2, faithful)

PR(D,C, r2 → r′2, unfaithful)

)
(6)

A positive CAS indicates that faithful self-NLE better identify non-canonical reasoning pathways.
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Experimental Results. We evaluate our three faithfulness indicators to compare NEUROFAITH to commonly used
Attribution Agreement (AA) and Counterfactual Intervention (CI) methods. The Wikidata-2-hop dataset provides natural
support for computing xr2→r′2

instances, as it contains multiple reasoning chains involving similar objects. Additionally,
the dataset includes counterfactual interventions through variations in reasoning chains, enabling straightforward CI
computation as in Atanasova et al. (2023) across multiple instances. We implement AA based on gradient-based attributions
as in Wiegreffe et al. (2021). Due to prohibitive cost for 27-billion models, we only apply AA to Gemma-2-2B and
Gemma-2-9B.

Our evaluation reveals 2 key findings. First, Table 15 shows NEUROFAITH outperforms CI and AA on average on the subset
of CI-compatible samples. Second, Table 16 presents NEUROFAITH results on the complete dataset, showing positive metric
values across all models except gemma-2-2b.

G. Classification Examples

This section gives two examples of instances characterized as either faithful or unfaithful in classification case.

Figure 36. Example from the AGNews dataset where we detect ”sport event” and ”athletic competition” as relevant concepts from the
explanation. These two concepts are assessed as important for the prediction, making this explanation faithful (F (x, e) = 1).
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Figure 37. Example from the Ledgar dataset where we detect ”post-termination obligations”, ”duration of surviving terms” and ”payment
obligations survival” as relevant concepts from the explanation. Two concepts over three are assessed as important, giving an explanation
faithfulness score at 0.67.

H. 2-hop Reasoning Taxonomy Examples

In this section we give examples of characterized instances based on the taxonomy introduced in Appendix E. We also give
examples of unfaithful self-NLE made faithful, characterized by the same taxonomy.

Figure 38. Example from the Wikidata-2-hop dataset where we observe an internal-external reasoning mismach. The model incorrectly
answers ”Jobete Music” and provides a self-NLE referencing to the bridge object ”Sam Cooke”. This bridge object is false and does not
appear in the set of natural language interpretations of f latent states. However, the ground truth bridge object ”Louis Armstrong” is
decoded at token index 11 and layers 13 and 14.
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Figure 39. Example from the Wikidata-2-hop dataset where we observe shortcut learning. The model correctly answers ”France” and
provides a self-NLE referencing to ”Alain Resnais”. This bridge object is incorrect and does not appear in the set of natural language
interpretations of f latent states.

Figure 40. Example from the Wikidata-2-hop dataset where we observe shortcut learning. The model correctly answers ”Germany”
without providing any bridge object in its self-NLE. The expected bridge object ”The Lost Honour of Katharina Blum” is however
decoded from the representation space.
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Figure 41. Example from the Wikidata-2-hop dataset where we observe an explainer parrot case. The model correctly answers ”Germany”
and provides a self-NLE referencing to ”Wim Wenders”. This bridge object is correct but does not appear in the set of natural language
interpretations of f latent states.

Figure 42. Example from the Wikidata-2-hop dataset where we observe an alternative reasoning pathway. The model correctly answers
”Japan” and provides a self-NLE referencing to ”Square Enix”. This bridge object is incorrect and also appears in the set of natural
language interpretations of f latent states.

Figure 43. Example from the Wikidata-2-hop dataset where we observe an alternative reasoning pathway. The model correctly answers
”USA” and provides a self-NLE referencing to ”Pierre Omidyar”. This bridge object is correct and also appears in the set of natural
language interpretations of f latent states.
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Figure 44. Example from the Wikidata-2-hop dataset where we start from an incorrect unfaithful explanation and go to a correct and
faithful explanation through NEUROFAITH linear faithfulness steering.

Figure 45. Example from the Wikidata-2-hop dataset where we start from an incorrect unfaithful explanation and go to a correct and
faithful explanation through NEUROFAITH linear faithfulness steering.
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Figure 46. Example from the Wikidata-2-hop dataset where we start from an incorrect unfaithful explanation and go to a still incorrect but
faithful explanation through NEUROFAITH linear faithfulness steering.
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