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Abstract

Large language models (LLMs) seem to offer
an easy path to interpretability: just ask them
to explain their answers. Yet the features driv-
ing an answer often differ from those empha-
sized in its explanation, meaning post-hoc ratio-
nales can misrepresent what actually shaped the
model’s output. We quantify this gap by com-
paring the feature-importance distributions of
answers and their explanations. Prior analyses
reveal such discrepancies, but large-scale study
has been limited by the high computational cost
of attribution methods. To address this, we
introduce the Post-hoc Self-Consistency Bank
(PSCB), a large-scale benchmark linking model
decisions with diverse explanations and attri-
bution vectors across datasets, methods, and
model families. Using PSCB, we find that
Spearman rank correlation provides a more reli-
able signal of alignment than cosine similarity.
Building on this insight, we apply Direct Prefer-
ence Optimization (DPO) to attribution-based
preference data, improving alignment without
degrading task accuracy, and show that stan-
dard supervised fine-tuning on the same data
fails to achieve comparable gains. These im-
provements generalize robustly across domains,
paving the way toward scalable and faithful
alignment between LLM decisions and their
natural language explanations. !

1 Introduction

As LLMs are increasingly embedded in user-facing
and decision-support systems, their outputs and
accompanying explanations are often trusted by
end users even when independent verification is
impractical (Sun et al., 2024; Liu et al., 2023;
Doshi-Velez and Kim, 2017). To foster such trust,
LLMs are frequently prompted to produce natu-
ral language explanations (Madsen et al., 2024).

!Code and data are available at https://github.com/
saharad1/ConstLLM.
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Figure 1: Illustration of explanation consistency using
feature importance. Top: The LLM generates an answer
where the word NLP in the prompt has high feature
importance. Middle: A consistent explanation where
NLP in the prompt also has high feature importance.
Bottom: An inconsistent explanation, where the word
best in the prompt has high feature importance instead,
misaligned with the model’s actual decision.

Yet these post-hoc explanations often draw on dif-
ferent input features than those that determined
the model’s answer (Turpin et al., 2023; Randl
et al., 2024; Hase et al., 2020), revealing a gap we
term self-consistency. While faithfulness broadly
concerns whether explanations reflect the model’s
decision-making process (Jacovi and Goldberg,
2020; Wiegreffe et al., 2020), prior work suggests
that many proposed faithfulness metrics in fact
capture forms of self-consistency, agreement be-
tween the factors influencing a model’s prediction
and those invoked in its explanation (Parcalabescu
and Frank, 2024). We operationalize this notion
through feature-attribution alignment, measuring
whether the explanation relies on the same input
evidence that influenced the model’s answer. Our
work focuses on quantifying and improving this
property for post-hoc explanations generated after
the answer (see Figure 1).

Prior works apply counterfactual interventions
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to input features using various heuristics to esti-
mate their influence on model decisions (Wiegreffe
et al., 2020; Turpin et al., 2023; Lanham et al.,
2023; Atanasova et al., 2023). However, applying
such interventions to LLMs is computationally ex-
pensive. Parcalabescu and Frank (2024) recently
proposed a more rigorous approach based on fea-
ture importance, where self-consistency is defined
as the similarity between the importance assigned
to the answer and to its explanation. Yet, comput-
ing feature importance itself is resource-intensive,
and their evaluation was limited to only 100 test
examples, constraining the conclusions that can be
drawn. To the best of our knowledge, no prior work
has demonstrated how to improve this alignment,
as even measuring it remains highly expensive.

We address this gap with the following con-
tributions: (1) Post-hoc Self-Consistency Bank
(PSCB): a large-scale benchmark linking over
85,000 decisions with 428,000 explanations and
attribution vectors (LIME and LIG) across four QA
datasets and two LLMs, enabling systematic evalu-
ation of explanation—decision alignment. (2) Em-
pirical analysis: The first large-scale study of
attribution-based self-consistency, showing it is
largely orthogonal to correctness and that Spear-
man rank correlation provides a more discrim-
inative signal than cosine similarity, effectively
separating high- and low-quality explanations.
(3) Preference-based optimization: Attribution-
based preference data from PSCB is used to fine-
tune LLMs with DPO, yielding substantial in-
domain gains and robust cross-domain generaliza-
tion without degrading accuracy. (4) Multidimen-
sionality: Improvements transfer across domains
but not across attribution paradigms, revealing that
different methods capture fundamentally distinct
notions of input relevance, with direct implications
for how the community evaluates attribution-based
explanations.

2 Background and Related Work

Feature attribution methods estimate how input
components (e.g., tokens) or internal elements (e.g.,
attention heads) influence model predictions (Zhao
et al., 2023). Attention-based methods are simple
but often unreliable (Jain and Wallace, 2019; Ser-
rano and Smith, 2019; Wiegreffe and Pinter, 2019),
whereas gradient- and perturbation-based methods
provide stronger signals, including Integrated Gra-
dients (Sundararajan et al., 2017), LRP (Bach et al.,

2015; Montavon et al., 2019), SHAP (Lundberg
and Lee, 2017), and LIME (Ribeiro et al., 2016).
SHAP is rigorous but slow; LIME trades some
precision for efficiency.

Despite advances in robustness and faithful-
ness (Parcalabescu and Frank, 2024; Atanasova
et al., 2023), scalable, model-agnostic attribution
remains challenging. LLMs often produce fluent
yet unfaithful explanations (Narang et al., 2020;
Turpin et al., 2023; Madsen et al., 2024), motivat-
ing self-consistency, alignment between features
driving predictions and explanations. Perturbation-
based tests evaluate robustness, while attribution-
based methods compare importance vectors di-
rectly. Prior work such as CC-SHAP (Parcalabescu
and Frank, 2024) handles only ~100 samples; our
Post-hoc Self-Consistency Bank (PSCB) scales this
to tens of thousands via a LIME-based variant (CC-
LIME). We also explore Layer-Integrated Gradi-
ents, a gradient-based method with cost between
LIME and SHAP. Complementary efforts enhance
explanation fidelity via probability-aware met-
rics (Siegel et al., 2024), context-faithful prompt-
ing (Zhou et al., 2023), or cross-example semantic
coherence (Chen et al., 2024). Other recent work
targets related but distinct objectives: PEX (Zhao
and lii, 2025) evaluates whether an explanation
linguistically supports a label by comparing label-
explanation log-odds, and CCT (Siegel et al., 2024)
computes population-level correlations between
counterfactual interventions and explanation men-
tions. Both operate at the level of probabilistic
or semantic consistency rather than input-level at-
tribution alignment. Because these methods do
not access or compare token-level attribution vec-
tors, they measure a complementary dimension of
explanation quality; a model can score well on
probabilistic consistency while still exhibiting mis-
aligned feature attributions between its decision
and explanation. Our work focuses on attributional
self-consistency within each decision, directly com-
paring the input evidence used for the answer with
that invoked in the explanation, and provides the
first scalable framework for both measuring and
improving this property.

3 Post-hoc Self-Consistency Bank (PSCB)

We present the Post-hoc Self-Consistency Bank
(PSCB), a collection of attribution-augmented QA
datasets for evaluating decision—explanation align-
ment. Each dataset is defined by three components:
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Figure 2: Overview of the PSCB pipeline. @ Decision: Given a multiple-choice QA instance, the LLM generates
an answer together with attribution scores over the input. (2) Explanation: The model is then prompted to produce
K diverse explanations (via temperature sampling) conditioned on the question and answer, with attribution scores
computed for each explanation. (3) Alignment: Self-consistency scores are obtained by comparing attribution
vectors from the decision and explanations. @ Optimization: Finally, attribution-based preference pairs are used
to fine-tune the model DPO, yielding more self-consistent explanations.

a base QA dataset, a target LLM, and an alignment
metric. We describe our construction choices and
report key statistics and findings. The pipeline (Fig-
ure 2) is agnostic to the choice of the attribution
method and alignment metric.

3.1 Sequence Feature Attribution

We compute token-level attribution scores to an-
alyze how input tokens influence a model’s gen-
eration. Given an input x = [z1,...,Z,] and
an output y = [y1,...,¥y,], the model generates
y autoregressively with logits ¢, € R" at each
step t. We define the sequence log-probability

as SLP(x,y) = > 1, log P(y | x,y<t), where

Py | x,y<t) = %, and ¢; denotes

the model logits at step ¢ conditioned on (x,y<¢).
This scalar serves as the attribution target, indi-
cating how much each token in x contributes to
generating y. For each output y, we compute an
attribution vector ¢p®) = [qb(ly )oY )}, where

¢£y) quantifies the contribution of z;. The attribu-

tion method, gradient-based, perturbation-based, or
sampling-based, determines how oY) is computed;
our framework is method-agnostic (Section 3.4).
To reduce noise, we exclude a set of skip tokens
S C V (e.g., punctuation, formatting markers),
ensuring attribution focuses on semantically mean-
ingful inputs.

3.2 Measuring Self-Consistency

Building on the attribution vectors defined above,
we evaluate whether an explanation reflects the
reasoning behind a decision. For an input x with
decision yqec and explanation y ey, let ¢(-Vdec) and
¢(ye"?) denote their respective attributions. Self-
consistency is measured by an alignment function

a<¢(ydec)7 ¢(yexp)> ' R™ x R™ — R,

where the choice of o determines the aspect of the
alignment to be evaluated (e.g. magnitude, rank,
or overlap). Specific metrics are detailed in the
following subsections.
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3.3 Constructing Attribution-Based
Preference Data

Building on attribution vectors (Section 3.1) and
alignment measures (Section 3.2), we construct a
dataset that pairs model outputs with their attribu-
tions, allowing systematic comparison between a
model’s decision rationale and its post-hoc justifi-
cations. Each instance is represented as a quintuple

(X, Yaeor {y((ai)p}f:l’ PWace). {¢(yé§3p) B,
where x is the input, yq4.. the predicted answer,
and {yéQp}le are diverse explanations sampled
in a zero-shot setting by conditioning on (X, ¥ dec)-
The corresponding attribution vectors ¢ are com-
puted as in Section 3.1, with non-semantic tokens
excluded. We then score each explanation by its
alignment « with the decision (Section 3.2), and re-

tain the highest- and lowest-scoring cases as y<hosen

exp
jected .
and yedp . These preference pairs form the core

of the dataset used for optimization (Section 4).

3.4 Experimental Setup

Models. We evaluate two instruction-tuned
LLaMA models, LLaMA-3.1-8B-Instruct and
LLaMA-3.2-3B-Instruct (Touvron et al., 2023), in
a zero-shot setting, using both the original Meta re-
lease and the UNSLOTH-optimized implementation
(identical weights, minor decoding differences).

Datasets. Experiments cover four multiple-
choice QA datasets: ECQA (Aggarwal et al., 2021),
ARC-Easy, ARC-Challenge (Clark et al., 2018),
and CODAH (Chen et al., 2019), spanning diverse
reasoning domains. Each dataset is converted into
an attribution-enhanced format (Section 3.3) and
split into train/validation/test (70%/20%/10%) with
a fixed seed. Training instances are used to sample
k = 5 explanations and construct preference pairs,
validation is used for model selection, and testing
for final evaluation.

Prompting and Generation. Decisions are
elicited using a minimal task instruction (e.g.,
“Choose the most plausible answer:”), and explana-
tions are generated as in Section 3.3, conditioned
on (X,¥dec). Explanations are sampled with nu-
cleus decoding (p = 0.9, 7' = 0.7) and a maximum
length of 400 tokens. The complete prompt tem-
plates are provided in Appendix A.

Feature Attribution. We computed attributions
using Local Interpretable Model-Agnostic Expla-
nations (LIME) (Ribeiro et al., 2016) and Layer

Integrated Gradients (LIG) (Sundararajan et al.,
2017) as implemented in Captum (Kokhlikyan
et al., 2020), with sequence log-probability as the
target. LIME used 500 perturbation samples with
the padding token as baseline, and LIG used an em-
bedding baseline with 25 interpolation steps. We
applied the UNSLOTH variants for LIME compu-
tations and the original Meta models for LIG to
ensure compatibility. Skip tokens were filtered as
listed in Appendix C.

Consistency Metrics. We evaluated self-
consistency with two alignment functions. Cosine
similarity measures directional overlap between
the attribution vectors, assessing whether ex-
planations emphasize the same features with a
similar magnitude. Spearman rank correlation
captures agreement in feature prioritization while
abstracting from the attribution scale:

coy -1 T () ()

m(m? — 1)

where r(-) assigns the ordinal ranks (ties are de-
cided by average). High values indicate that expla-
nations highlight features aligned with the decision.

3 Rank 5 (Worst) [ Rank 4 3 Rank 3 Rank 2 3 Rank 1 (Best)

4
3
2
1
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Figure 3: Smoothed distribution of self-consistency
scores by explanation rank for the LLaMA3.1-8B model
on ECQA. Spearman correlation (right) shows clear
rank separation, reflecting strong sensitivity to explana-
tion quality. Cosine similarity (left) shows substantial
overlap across ranks, indicating weaker differentiation.

3.5 Key Findings and Insights

We report self-consistency across all model-dataset
pairs using both LIME and LIG attributions, mea-
sured by cosine similarity (CC-C0S) and Spear-
man rank correlation (CC-SP). For each setting,
we report the worst, mean, and best scores across
five sampled explanations.

Explanation variability and metric differences.
We observe substantial gaps between the best and
worst explanations for a given input. For example,
in ECQA with LLaMA-3.1-8B (LIME attributions),
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Model Decision: D
The calm seas weren 't going to stay that 'way long ,
, 'respond only with the answer and the description :

Best Explanation (Spearman: 0.2505, Cosine: 0.0620)

Thel calm seas weren 't going to stay that way [long ,
, 'respond 'only ‘with the answer and the |description :
D ) windy

their 'sails filled as it got what ? Choose the ‘most plausible answer
Al ) disturbed [B' ) stressed C ) give up D ) windy E ) [fl uster ed

their 'sails filled as it got what ? Choose the most |plausible answer
A ) disturbed B ) stressed C ) give up (D ) windy E ) fl ‘uster ed

| chose "windy" because it is the most logical reason for a sail to fill, as sails fill with wind, allowing a ship to move.

Worst Explanation (Spearman: 0.0778, Cosine: 0.0592)

The calm seas (weren 't going to stay that way (long| ,
, 'respond 'only ‘with the answer and the description |:
D ) windy

their (sails filled as it got what ? Choose the most plausible answer
A ) disturbed B ) stressed C ) give up D [) windy E ) fl uster ed

| chose "windy" because the context suggests that the calm seas were initially calm, but then they became filled with wind, which would
naturally disrupt the calmness of the sea. This is a common scenario in nautical contexts, where wind can quickly change the conditions of

the sea.

-1.0

1.0

Figure 4: An example from the ECQA dataset shows attribution alignment for the LLaMA3.2-3B model’s decision
and its best (Sp = 0.25) and worst (Sp = 0.08) explanations. The model selects answer “D” (“windy”), with

attribution heatmaps highlighting word-level influences (blue = negative,

= positive). Key tokens like “sails”

and “windy” drive the decision. The best explanation mirrors this focus, correctly reasoning that wind fills sails,
while the worst shifts emphasis to “calm seas,” misaligning with the core mechanism.

Spearman scores range from 5.07 to 31.76. Across
datasets and models, Spearman correlations are
consistently higher than cosine similarities, indicat-
ing that models preserve feature ranking more re-
liably than attribution magnitudes. Spearman also
exhibits greater spread across explanations, mak-
ing it more effective in detecting consistency differ-
ences, whereas cosine tends to produce compressed
values due to its sensitivity to attribution scale. This
supports the need for ranking-based evaluation and
highlights the opportunity to identify highly self-
consistent explanations among diverse generations
(Figure 3). Figure 4 further shows that a large
Spearman variance corresponds to meaningful se-
mantic differences in explanation quality.

Correctness and self-consistency. We test
whether self-consistency correlates with predic-
tion correctness by comparing alignment scores
for correct vs. incorrect predictions (Table 2 in Ap-
pendix). Differences are small and inconsistent
across datasets and models, suggesting that self-
consistency is largely orthogonal to accuracy.

4 Improving Self-Consistency with DPO

To directly optimize for self-consistency, we fine-
tune language models using Direct Preference Op-
timization (DPO) (Rafailov et al., 2023), which
aligns outputs with preference signals through rela-
tive comparisons.

Preference Pair Construction. For each input
x, we construct preference pairs by selecting a pre-

ferred explanation yg}ggsen and a dispreferred expla-

nation ye™ based on their attribution alignment

with the model’s decision yge. (Section 3.2). We
rank five candidate explanations using Spearman
rank correlation between their attribution vectors
and the decision’s attribution vector, then select the
highest and lowest ranked as the preference pair.

Alignment Metric. We employ Spearman rank
correlation as our primary alignment metric for
DPO training over previously used cosine similar-
ity. Spearman correlation captures feature prioriti-
zation rather than magnitude alignment. As demon-
strated in Section 3.5 (Figure 3), Spearman correla-
tion exhibits greater score variability across expla-
nation candidates. This broader dynamic range pro-
vides a more informative training signal, enabling
a clearer differentiation between high-quality and
low-quality explanations.

Training Procedure. We use LoRA (Hu et al.,
2021) for parameter-efficient adaptation, inserting
trainable low-rank matrices into the transformer’s
attention and feed-forward layers. All explana-
tion generations follow the zero-shot prompting
scheme of Section 3.4 to ensure train—eval consis-
tency. Models are fine-tuned independently per
dataset; hyperparameters and LoRA configurations
are in Appendix B. A qualitative comparison of
DPO-tuned and vanilla explanations is shown in
Figure 5.

S Empirical Evaluation

We assess the impact of DPO training across three
Decider-Explainer configurations: B-B (Base De-
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| LLaMA3.1-8B  LLaMA3.2-3B Model CC-Cos (T/F/A) CC-Sp(T/F/A)
‘ LIME LIG LIME _ LIG 8 LLaMA3.1-8B 8.1/8.4/-0.3 18.6/18.2/+0.4
g Ac | 7111 66.51 | 6585  64.83 2 LLaMA323B  1.6/17/-0.1  223/223/0.0
x 3 Worst | 07.70 01.36 | 01.30 01.82 o
S G Mean | 0818 0167 | 0165 0225 2 LLaMA3.1-8B  14.1/148/-0.7  12.4/13.0/-0.6
; 8 Best 08.67 0198 | 01.99 02.66 %2 LLaMA3.2-3B 57/6.6/-09 19.8/19.3/+0.5
=4
S =z ﬁorst ?2'23 i?;g gg;g gg;g 9 LLaMA3.1-8B  16.1/16.1/0.0  11.5/11.5/0.0
‘ ean . . . . &
8 Best 3176 4911 34.64 4654 =% LLaMA3.2-3B 8.6/7.6/+1.0 18.5/18.4/+0.1
o Acc. ‘ 87.01 82.87 | 81.90 80.69 E LLaMA3.1-8B  13.7/13.4/+0.3 19.8/20.9/-1.1
2z Worst | 1331 0149 | 0532 0165 S LLaMA3.2-3B  82/7.5/+0.7  192/19.9/-0.7
#* 8 Mean 14.16 01.78 | 05.86 02.04
3 @) Best | 15.02  02.07 | 0641  02.41 Table 2: Self-consistency scores (x100) for true (T) and
2 o Worst | -01.06 38.81 | 07.26 36.63 false (F) predictions. We denote A = T' — F. Cosine
< 8 Mean | 1244 4642 | 19.68 45.58 similarity and Spearman rank correlation are shown.
o Best | 2577 5341 | 3198  53.68 Differences are small and vary in direction.
s Acc. ‘ 7757  71.12 ‘ 68.70  64.90
@ 3 Worst | 1509 0139 | 07.67 0149 ) o o .
* 8 Mean | 16.07 01.67 | 08.29 01.90 ods directly optimize attributional self-consistency.
8 O Best | 17.08  01.94 | 0893 0229 Methods such as PEX (Zhao and Tii, 2025) opti-
& o Worst | -01.82 37.07 | 05.94 33.22 mize explanation-label probabilistic support, which
< % Mean | 1148 4487 | 1844 4143 ~ -
o) ca : : : : is complementary but operates at a different level
@) Best 24.73  52.11 | 30.89 49.12 . ) .
of analysis: a model can achieve strong probabilis-
o Acc | 8339 - | 7548  72.05 . ) o A
2 tic consistency while its explanation still relies on
S8 8 Worst | 12.87 - 07.49 0191 . . : s
[\l o
£ 3 Mean | 13.68 - 0806 0247 different input features than its decision.
Z 8 Best | 1452 - | 0864 0296
8 5 Worst | 0711 B 06.82 3524 5.1 In-Domain Evaluation
< i Mean | 19.97 - 19.39 4488 : S : :
@) We begin with in-domain experiments, where mod-
O Best | 3266 - | 3195 53.60 & P :

Table 1: PSCB self-consistency scores (x100) on the
test split of each dataset, for both LLaMA models and
both attribution methods (LIME, LIG). Worst, Mean,
and Best are reported over 5 sampled explanations per
item. CC-Cos: cosine similarity; CC-Sp: Spearman
rank correlation between decision and explanation attri-
bution vectors.

cider, Base Explainer), B-T (Base Decider, Tuned
Explainer), and T-T (Tuned Decider, Tuned Ex-
plainer). The B-T setting is particularly notewor-
thy, as it evaluates whether the tuned model can
function as a plug-in explainer while keeping the
decision model unchanged.

Baseline Definition. Improvements are mea-
sured relative to the B-B baseline, with all other
factors (architecture, prompting, decoding, attribu-
tion pipeline) held constant. The B-B configura-
tion represents a fully untuned baseline, while B-T
isolates the effect of tuning the explainer alone.
Comparisons to T-T therefore isolate the effect of
attribution-based preference optimization on the
decision model. To our knowledge, no prior meth-

els are fine-tuned and evaluated on the same dataset.
This setting isolates the direct effect of DPO train-
ing on explanation self-consistency, and Table 3
reports task accuracy alongside self-consistency
scores computed with both LIME and LIG in the
three Decider-Explainer modes. Across both model
sizes, DPO training consistently improves explana-
tion quality in the T-T mode, with the strongest
gains for the weakest explanations. On ECQA for
LLaMA3.1-8B, Spearman correlation improves by
13% on mean and 57.2% on worst-case with LIME,
while LIG adds smaller gains of 2.7% and 5.4%.
On ARC-Easy, LIME nearly doubles the worst-
case score (+92.6%) and raises the mean by 23.9%,
while LIG yields smaller but consistent improve-
ments of 6.8% and 3.4%. The smaller LLaMA3.2-
3B follows the same trend: on ECQA, LIME boosts
mean and worst-case scores by 9.7% and 28.9%,
while LIG raises them by 14.1% and 16.4%; on
ARC-Easy, LIME increases the mean by 11.8% and
worst-case by 44.0%, while LIG improves them by
7.2% and 12.4%. Results in the B-T mode also
improve, though more moderately, reflecting the
mismatch between a vanilla decider and a tuned
explainer. The stronger gains in T-T highlight that
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LLaMA3.1-8B LLaMA3.2-3B
B-B B-T (tb T-T () \ B-B B-T (1)) T-T D)
Acc. \ 70.34 70.34 69.70 10.9% \ 67.13 67.13 66.12 |1.5%
& Worst| 07.58 +0.11  07.64 £0.12 10.8%  09.16 £0.12 120.8% | 01.11 £0.14 01.30 £0.13 117.1% 02.14 +0.13 192.8%
E Q Mean | 08.05 +0.12  08.10 +0.12 10.6%  09.72 £0.12 120.7% | 01.46 +£0.14 01.63 £0.13 111.6% 02.47 +£0.14 169.2%
5 8 Best | 08.53 +0.13 08.57 £0.13 105% 10.28 £0.13 120.5% | 01.81 £0.14 01.96 +0.13 18.3%  02.80 +0.14 154.7%
« & Worst | 05.00 +£0.30 07.20 £0.30 144.0% 07.86 +0.29 157.2% | 10.04 £0.31  10.50 +£0.32 14.6% 12.94 +0.32 128.9%
o O Mean | 18.22 +0.23 20.22 40.23 111.0% 20.58 £0.24 113.0% | 22.52 +0.26 22.65 +0.27 10.6%  24.71 +0.27 19.7%
8 O Best [31.30 +0.28 32.86 £0.29 15.0%  33.45 +£0.28 16.9% |35.02 £0.30 34.81 +0.30 10.6%  36.50 +0.29 14.2%
Acc. \ 67.03 67.03 67.68 11.1% \ 62.44 62.44 62.99 10.9%
& Worst| 0.87 £0.03 01.35 £0.021552% 01.36 + 0.02 156.3% | 01.90 £0.03 01.97 £0.03 13.7% 02.54 + 0.03 133.7%
Q Q Mean | 01.22 +0.03 01.67 +0.02 136.9% 01.67 £0.02 136.9% | 02.32 £0.03 02.37 £0.03 122% 02.82 + 0.03 121.6%
— 8 Best | 01.55 £0.03 01.96 +0.03 1265% 01.96 + 0.02 126.5% | 02.72 £0.03 02.73 £0.04 104%  02.99 + 0.03 19.9%
= Worst | 34.71 +0.44 34.71 +£0.45 36.59 +0.42 15.4% | 28.61 £0.45 29.04 +£0.45115% 33.30 £ 0.45 116.4%
O Mean | 42.52 £ 040 42.65 +£0.41 103%  43.66 +£0.39 12.7% | 36.72 £042 37.17 £041 112% 41.90 + 041 114.1%
O Best [49.87 £040 50.15 +0.40 10.6% 51.24 £038 12.7% |44.53 £041 45.05 £041112% 50.17 + 0.41 112.7%
Acc. \ 87.72 87.72 86.76 1.1% \ 81.62 81.62 81.04 10.7%
& Worst| 13.32 +0.25 13.47 £0.26 11.1% 14.97 +0.24 112.4% | 05.58 +0.32 05.58 +0.30 06.32 +0.29 113.2%
E Q Mean | 14.17 +0.27  14.31 +0.27 11.0% 15.89 +£0.25 112.1% | 06.13 £0.33 06.11 +0.31 103% 06.87 £0.30 112.1%
5 8 Best | 15.03 +0.28 15.15 £0.29 10.8% 16.82 +0.27 111.9% | 06.68 +0.34 06.66 +0.32 [2.9% 07.42 +0.31 111.1%
%‘ = Worst [-01.90 +0.43 01.84 +0.44 196.8% 01.76 +£0.44 192.6% | 07.97 £0.45 08.99 +0.44 1128% 11.48 +0.46 144.0%
= O Mean | 12.01 +0.35 15.01 £0.38 125.0% 14.88 +0.37 123.9% | 20.72 £0.39 21.53 +0.39 13.9% 23.16 +0.39 111.8%
g O Best |25.72 +0.43 28.38 +0.45 1103% 27.86 +£0.44 183% | 33.14 +0.44 34.19 +0.46 132%  34.80 +0.41 15.0%
< Acc. | 84.26 84.26 84.84 t07% | 80.23 80.23 79.27 112%
% Worst| 0.98 £0.05 01.56 +0.04 159.2% 01.54 +0.04 157.1% | 01.20 £0.04 01.25 £0.04 142% 01.71 + 0.04 142.5%
© Q Mean | 01.35 +0.05 01.84 +0.04 136.3% 01.82 +0.04 134.8% | 01.62 £0.04 01.66 +0.04 12.5%  02.07 + 0.04 127.8%
= 8 Best | 01.68 +£0.05 02.11 +0.04 125.6% 02.08 4+ 0.04 123.8% | 02.01 £0.04 02.03 +£0.04 11.0% 02.43 + 0.04 120.9%
& Worst| 37.40 £ 0.64 38.94 +0.66 14.1%  39.93 +£0.65 16.8% |33.77 £0.65 34.88 £0.67 13.3% 37.97 +0.65 112.4%
O Mean | 45.55 £ 055 46.76 £ 057 12.7%  47.09 £ 058 13.4% |43.15 +£060 44.02 £0.6112.0%  46.24 + 0.60 17.2%
O Best [52.88 £052 53.63 £05311.4% 53,79 £05511.7% | 51.75 £060 52.52 £06011.5% 53.74 + 0.60 13.8%

Table 3: In-Domain Performance: Models trained and evaluated on the same dataset (ECQA, ARC-Easy). Results
are based on LIME and LIG attributions, reporting Worst, Mean, and Best self-consistency scores across 5 sampled
explanations (x100). Accuracy is shown alongside. Each model is evaluated under three modes (B—B, B-T, T-T),
with relative improvements over B—B indicated by arrows.

self-consistency is highest when the same tuned

SFT Baseline Comparison.

To isolate the role of

model generates both decisions and explanations,
aligning their attribution vectors. Across datasets
and models, these improvements come with only
minimal accuracy changes (< 1.5% in either direc-
tion), showing that DPO enhances self-consistency
without harming predictive performance. To ver-
ify that these patterns extend beyond the LLaMA
family, we apply the same pipeline to QWEN2.5-
7B-INSTRUCT on ECQA (Appendix I). The
trends hold: DPO improves worst-case Spearman
(10.83—10.87) while preserving higher-ranked ex-
planations (36.98—37.02), and cosine similarity
improves across all ranks (e.g., worst: 5.55—5.57,
best: 6.48—6.61). As with LLaMA, the strongest
gains target the weakest explanations, suggesting
attribution-guided preference optimization captures
an architecturally general pattern.

the contrastive training signal in DPO, we compare
against a supervised fine-tuning (SFT) baseline
trained on the same highest-ranked explanations
that serve as the chosen examples in DPO, without
exposure to rejected explanations. Table 5 reports
results on ECQA for LLaMA3.1-8B with LIME
attributions. SFT substantially degrades Spearman
correlation in both the T-T and B-T settings: mean
CC-Sp drops by 41.4% and 37.3%, respectively, rel-
ative to the B-B baseline. Cosine similarity also
decreases in the B-T setting (—6.6%). In contrast,
DPO improves Spearman correlation by 13.0% (T-
T) and 11.0% (B-T), with cosine gains of up to
20.8%. These results demonstrate that simply max-
imizing the likelihood of high-consistency explana-
tions is insufficient for improving self-consistency;
the contrastive signal provided by DPO, comparing
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Training Data| Acc. | CC-Cos (1)) CC-Sp (1)
\ \ B-T T-T B-T T-T

None 81.29 13.50 £ 0.28 19.46 + 0.48
m L3.1-8B ECQA 77.70 |13.39 £0.27 (L 0.8%) 14.05 £0.32 (14.1%) | 18.30 £0.56 (| 6.0%) 21.58 +£0.49 (1 10.9%)
aﬂ ARC-Easy 80.94 |13.38+0.27 (1 0.8%) 14.29 +0.29 (159%) | 18.79 £0.57 (| 3.4%) 21.71 = 0.50 (1 11.6%)

8 None 73.90 08.04 + 0.34 17.95 £0.57
L3.2-3B ECQA 72.43 1 08.16 £0.35 (1 1.5%) 09.42 £ 0.31 (1 172%)| 19.41 £0.54 (+8.1%) 20.10 £ 0.55 (1 12.0%)
ARC-Easy 74.63 |08.02 +0.34 (1 0.2%) 09.51 +0.31 (1 183%)| 18.13 £0.57 (1 1.0%) 20.52 + 0.55 (1 14.3%)

None 76.15 16.26 £ 0.33 11.81 £0.45
E L3.1-8B ECQA 73.85 |16.48 £0.33 (1+1.3%) 17.57 £0.32 (+8.1%) | 13.60 £ 0.49 (1 13.16%) 13.45 £0.49 (1 13.9%)
Q ARC-Easy 73.46 |116.49 +£0.33 (1 1.4%) 17.65+0.31 (185%) | 13.87 = 0.49 (+ 17.4%) 13.31 £0.49 (1 12.7%)

Eé None 66.67 08.58 +£0.46 19.51 £0.62
<13.2-3B ECQA 66.67 |08.46 £0.44 (L 1.4%) 09.13 £0.41 (16.4%) | 19.83 £0.62 (1 1.6%) 21.37 £0.59 (1 9.5%)
ARC-Easy 67.06 | 08.49 £0.44 (1 1.0%) 09.08 £0.42 (15.8%) | 19.83 £0.69 (1 1.6%) 21.78 = 0.59 (1 11.6%)

Table 4: Cross-Domain Performance: Models trained on source datasets (ECQA, ARC-Easy) and evaluated on target
datasets (CODAH, ARC-Challenge). Results are based on LIME evaluations, showing mean Cosine similarity (CC-
Cos) and mean Spearman correlation (CC-Sp) (x100), with relative improvements over base models in parentheses.

B-B SFT DPO
B-T T-T B-T T-T
‘ Acc. ‘ 70.34 71.53 ‘ 70.34 69.70
g Worst|07.58| 07.01 07.65 07.64 09.16
Q' Mean |08.05| 07.52 08.19 08.10 09.72
8 Best |08.53| 08.04 08.74 08.57 10.28
& Worst [05.00| -02.66  -03.46 07.20 07.86
O Mean | 18.22| 11.42 10.68 20.22 20.58
O Best [31.30| 25.38 24.47 32.86 3345
Table 5: SFT vs. DPO on ECQA (LLaMA3.1-8B,

LIME). SFT is trained on the highest-ranked explana-
tions (by Spearman correlation) used as the chosen ex-
amples in DPO. SFT degrades Spearman correlation
across all settings, while DPO consistently improves it.

preferred and rejected explanations, is essential for
guiding the model toward more aligned reasoning.

Cross-Metric Transfer. Although training is
guided only by the Spearman correlation, we ob-
serve improvements in cosine similarity across
both LIME and LIG. This cross-metric transfer
suggests that optimizing for rank alignment not
only stabilizes feature prioritization but also en-
hances directional attribution similarity. Notably,
for LLaMA3.2-3B on ECQA, cosine similarity im-
provements (up to 92.8%) exceed Spearman gains,
indicating positive spillover effects. The consis-
tency of these results across attribution methods
further supports the robustness of our approach.

5.2 Cross-Domain Generalization

Table 4 reports cross-domain performance across
evaluation modes. In the T-T mode, models

fine-tuned on ECQA or ARC-Easy show consis-
tent improvements in Spearman correlation. For
LLaMA3.1-8B, gains range from 10.9-13.9%,
with the strongest transfer from ARC-Easy to the
more challenging ARC-Challenge (+13.9%). The
smaller LLaMA3.2-3B also benefits, with gains be-
tween 9.5-14.3%. Cosine similarity shows a more
moderate but still positive transfer: for LLaMA3.1-
8B, improvements range from 4.1-6.4%, while for
LLaMA3.2-3B, gains span 5.8-18.3%, including a
notable improvement when transferring from ARC-
Easy to CODAH. Complementary results in the B-
T mode show weaker and sometimes mixed trends,
indicating that the strongest gains arise when both
the decision and explanation are generated by the
tuned model in the T-T setting. In general, these
findings suggest that our DPO-based approach en-
courages explanation strategies that generalize be-
yond the training domain.

5.3 Plausibility and Truthfulness Evaluation

Because self-consistency is defined in terms of in-
ternal attributional alignment between a model’s
decision and its explanation, it cannot be directly
assessed by human annotators. Accordingly, our
primary evaluation of self-consistency relies on
attribution-based measures. To verify that opti-
mizing for self-consistency does not degrade user-
facing explanation quality, we conduct a small-
scale human plausibility study as a sanity check
(Appendix H). This study is intentionally scoped
to assess surface-level quality rather than attribu-
tional faithfulness, which is inherently inaccessible
to human annotators.
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Three annotators evaluated 80 explanations sam-
pled across all models and datasets, judging (i)
whether each explanation was expressed in natural
language and (ii) its surface-level plausibility on a
3-point scale. Nearly all explanations were judged
to be natural language (98.8% for base models and
100% for DPO-tuned models), with average plau-
sibility scores of 2.92/3.0 and 2.88/3.0, respec-
tively. These results indicate that DPO fine-tuning
preserves the naturalness and plausibility of expla-
nations, and does not introduce artifacts that would
reduce human interpretability.

We further evaluate factual reliability by testing
both vanilla and DPO-tuned models on TRUTH-
FULQA (Lin et al., 2022), which probes a model’s
tendency to produce false or misleading answers
under adversarial questioning. DPO-tuned mod-
els achieve comparable or slightly higher accuracy
across both variants (Appendix F), showing that
improving attributional self-consistency does not
compromise factual accuracy.

5.4 Self-Consistency is Multidimensional

A key finding of this work is that attribution-based
self-consistency is not a single unified property
but a multidimensional one. Notably, while our
method generalizes robustly across domains (Sec-
tion 5.1), it does not transfer across attribution
paradigms. Models fine-tuned using LIME-based
alignment are evaluated with LIG-based metrics
and vice versa, with additional evaluation using
the sampling-based KSHAP (Lundberg and Lee,
2017) method. Results are reported in Appendix G.
Across all settings, improvements largely remain
within the training method, confirming that each
attribution approach captures a fundamentally dis-
tinct notion of feature importance.

This outcome is consistent with the theoretical
differences between these paradigms: LIME fits
local linear surrogates via input perturbation, while
Integrated Gradients accumulates sensitivity along
a baseline path, and KSHAP estimates Shapley
values through sampling. These methods encode
different assumptions about how to decompose a
prediction into token-level contributions, and prior
comparative analyses confirm they often disagree
in practice (Krishna et al., 2022; Neely et al., 2021,
2022). To quantify this, we compare how LIME
and LIG rank the same set of explanations across
10,880 ECQA examples: their rankings exhibit
only moderate agreement, rarely sharing the same
top explanation (Top-1 = 0.2) but often overlap-

ping among the top three (Top-3 ~ 0.6).

Importantly, this does not indicate that our op-
timization exploits method-specific artifacts: al-
though training uses only Spearman, the unopti-
mized cosine metric also improves strongly (up to
92.8% on ECQA, Section 5.1). Gaming method-
specific noise would degrade unoptimized metrics,
not improve them.

These findings carry broader implications for
the attribution literature: practitioners should se-
lect the attribution method whose assumptions best
match their evaluation goals, and our framework
provides a general-purpose pipeline for optimiz-
ing self-consistency under any chosen definition of
input relevance.

6 Conclusion

We introduce the PSCB, enabling the first large-
scale study of how closely LLM explanations align
with the evidence behind their decisions. Our analy-
sis shows that self-consistency represents a distinct
and interpretable aspect of model behavior, largely
independent of answer correctness. Rank-based
Spearman correlation offers a sharper and more
stable signal than cosine for assessing this align-
ment. Leveraging it via preference supervision
yields consistent improvements in self-consistency
across models, datasets, and attribution methods.
The strongest gains appear when the same tuned
model generates both decisions and explanations,
indicating that shared representations enhance con-
sistency. These improvements come without com-
promising task accuracy, natural language form,
plausibility, or truthfulness. Overall, our results
establish the first scalable framework for quanti-
fying and improving attributional self-consistency,
advancing language models whose explanations
are grounded in the same input evidence that drives
their decisions.

Future Directions. Natural extensions include
adapting the framework to open-ended gener-
ation by aggregating attributions over answer
spans, jointly optimizing across multiple attribution
paradigms given that they capture complementary
notions of importance (Section 5.4), and an online
variant that recomputes attributions during train-
ing to close the residual gap between the tuned
model and the offline attribution signal it was opti-
mized against. A complementary direction is test-
ing whether higher self-consistency yields measur-
able user gains, e.g., better-calibrated trust.
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Limitations

This work focuses on assessing and improving the
self-consistency of natural language explanations
given by LLMs. We report the following limita-
tions:

Attribution Methods and  Scalability.
Attribution-based  self-consistency  analysis
remains computationally demanding, which limits
the range of methods that can be feasibly applied
at scale. While theoretically principled approaches
such as CC-SHAP (Parcalabescu and Frank, 2024)
provide strong guarantees, they require more than
4 minutes per example, rendering large-scale
benchmarking and preference-based training
impractical. To balance rigor and scalability, our
main experiments rely on the perturbation-based
LIME method (Ribeiro et al., 2016), comple-
mented by the gradient-based Layer Integrated
Gradients (LIG) approach (Sundararajan et al.,
2017). These choices enable consistent evaluation
across tens of thousands of examples while still
capturing complementary perspectives on feature
importance.

As shown in Section 5.4, improvements under
one attribution paradigm do not generalize to oth-
ers, a limitation inherent to all attribution-based
evaluations. This highlights both the difficulty of
defining a universal measure of explanation faith-
fulness and the value of our framework for optimiz-
ing under any chosen attribution method.

Human Evaluation. Because attributional self-
consistency depends on internal model signals in-
accessible to human annotators, our primary eval-
uation is attribution-based. The plausibility study
(Section 5) serves only as a sanity check on surface-
level quality. Whether increased self-consistency
translates into more helpful explanations from a
user perspective remains an open question, and
we view systematic human studies of downstream
utility as an important direction for future work.

Model and Task Scope. Our study focuses on
small to medium scale instruction-tuned LLMs
evaluated in a multiple-choice question answering
(MCQA) setting. We adopt MCQA as a controlled
testbed for studying attributional self-consistency,
as it provides a well-defined decision signal and
enables reliable comparison between decision and
explanation attributions across models. This de-
sign choice prioritizes attributional reliability and
experimental control over task generality.

The proposed optimization framework itself is
not tied to MCQA and can in principle be applied to
open-ended decision settings, including free-form
reasoning or summarization. However, extending
PSCB-style attribution benchmarks to such tasks
substantially increases attribution and evaluation
complexity. While we include a lightweight cross-
model-family validation, a systematic evaluation
across diverse architectures and open-ended tasks
remains an important direction for future work.

Offline vs. Online. To improve the LLM’s self-
consistency, we update it using DPO in an offline
manner, creating a new model dedicated to pro-
viding consistent explanations. However, this ap-
proach introduces a trade-oft: while the updated
model generates more self-consistent explanations,
it achieves only approximate self-consistency since
it differs from the original model that generated the
reference answers. Online learning could theoreti-
cally maintain perfect self-consistency by updating
the model while continuously re-calculating attribu-
tion vectors for its own evolving outputs. However,
this approach presents significant technical chal-
lenges, including the computational overhead of re-
calculating the attributions at each training step and
the potential instability in the learning dynamics,
making offline training the more practical option
despite its inherent approximation.
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A Prompt Templates

Decision Prompt. To elicit the model’s answer:
Question: {question text}

Choose the most plausible answer,
respond only with the answer and
the description:

A. {option A}

B. {option B}
C. {option C}
D. {option D}
Answer:

The model is expected to respond with a single
letter corresponding to its chosen option and the
answer content (e.g., “A. option A”).

Explanation Prompt. To generate a justification
for the selected answer, we prompt the model as
follows:

Question: {question text}

Choose the most plausible answer,
respond only with the answer and
the description:

A. {option A}
B. {option B}
C. {option C}
D. {option D}

Selected
answer}

Answer: {model’s

Why did you make that choice?
Explain briefly.

Explanation:
explanation?}

{model’s

The explanation should rely only on the informa-
tion provided in the question and answer choices.
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B Implementation Details

Environment. All experiments were conducted
using NVIDIA A100 80GB GPUs. We used Py-
Torch and Hugging Face Transformers. Captum
was used for attribution computations. All models
were accessed through the Hugging Face Hub and
run in float16 mode.

Dataset Processing. Each multiple-choice QA
dataset (ECQA, ARC-Easy, ARC-Challenge, CO-
DAH) was converted into a unified format con-
sisting of the question, 4-5 answer choices, the
model’s predicted answer, and k = 5 sampled post-
hoc explanations. All datasets were split into train-
ing (70%), validation (20%), and test (10%) sets
using a fixed random seed (42). We precomputed
attribution vectors for the model’s decision and
each explanation, resulting in six LIME runs per
scenario.

Prompting. Decisions were elicited using the fol-
lowing template: “Choose the most plausible
answer:”, followed by the answer options. Ex-
planations were generated using the model’s an-
swer with the prompt: “Why did you make that
choice? Explain briefly.” (see Appendix A
for full prompt templates).

Text Generation. We used nucleus sampling
with top-p = 0.9, temperature = 0.7, and a maxi-
mum generation length of 400 tokens. Generation
was done in a zero-shot setting. Padding tokens
were manually set to a new padding token for com-
patibility. For each input, we generated 5 explana-
tions using fixed random seeds ranging from 42 to
46 to ensure diversity and reproducibility.

Attribution. Feature attributions were computed
using LIME with 500 perturbation samples per ex-
ample, using Captum’s implementation. The ref-
erence input consisted of the pad token repeated
to the input length. A manually defined list of for-
matting and punctuation tokens was excluded from
attribution (see Appendix C).

Consistency Metrics. We computed cosine simi-
larity and Spearman rank correlation between the
attribution vectors of the model’s decision and each
explanation. These scores were used to rank expla-
nations and construct attribution-based preference
pairs.

SFT Baseline. To evaluate whether a standard
supervised fine-tuning objective can improve self-

consistency, we train an SFT baseline on the same
highest-ranked explanations used as the chosen ex-
amples in DPO. The SFT model is fine-tuned to
maximize the likelihood of these preferred expla-
nations using the same LoRA configuration, train-
ing epochs, batch size, and optimizer as the DPO
models. The learning rate is 6.95 x 107, This
isolates the effect of the contrastive DPO signal by
removing the rejected explanation from the training
procedure.

DPO Fine-Tuning. We used Direct Preference
Optimization (DPO) to fine-tune each model us-
ing preference pairs derived from attribution align-
ment scores. We sampled 5 explanations per in-
stance, ranked them using Spearman correlation,
and used the highest- and lowest-ranked as the
preferred and rejected explanations, respectively.
Fine-tuning was done with LoRA for parameter-
efficient updates. We apply LoRA with a rank of 32
and scaling factor lora_alpha = 32, targeting all
major projection layers (q_proj, k_proj, v_proj,
o_proj, gate_proj, up_proj, down_proj) and
disabling dropout and bias adaptation. Gradient
checkpointing is enabled via the unsloth backend
for memory efficiency. All models were fine-tuned
independently per dataset. We summarize the hy-
perparameters used for fine-tuning all models in
Table 6.

C Skip Tokens for Attribution

To ensure attribution focuses on semantically mean-
ingful input content, we exclude formatting and
structure-related tokens from all attribution com-
putations. For LLaMA models, we identify a set
of skip tokens that should not be considered when
measuring input importance. These tokens include
both model-specific structural markers and general-
purpose formatting symbols.

Structure Tokens. Based on the tokenizer vo-
cabulary and architecture of LLaMA3.1 and
LLaMA3.2, we exclude the following structure
tokens when present:

* <|start_header_id|>
e <|end_header_id|>

e <|eot_id|>

e <|begin_of_text|>

« C (newline marker or formatting artifact)
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Hyperparameter ECQA (L3.1) ARC-Easy (L3.1) ECQA (L3.2) ARC-Easy (L3.2)
Epochs 10 10 10 10

Batch Size 16 16 16 16
Gradient Accumulation 8 8 8 8
Learning Rate 421 x107% 465x107% 955x107° 6.32x10°°
DPO Beta 5.13 5.64 8.44 8.84

Score Scale Factor 10 10 10 10
Optimizer AdamW AdamW AdamW AdamW

Table 6: Hyperparameters used for DPO fine-tuning across model—dataset pairs.

» G-> (common artifact from tokenizer for ar-
rows or prompt delimiters)

These tokens typically serve as formatting scaf-
folding or internal delimiters in system and chat
prompts, and do not reflect actual semantic content
from the question or explanation.

Usage. We apply this skip list to both the decision
and explanation inputs before computing attribu-
tion scores. Tokens that match the above set (by
string or token ID) are held fixed during pertur-
bation and excluded from similarity calculations
between attribution vectors.

Note. We do not exclude standard stop words
or punctuation in our main experiments, as their
contribution may still reflect the model’s learned
reasoning behavior. However, our framework al-
lows toggling this behavior for ablation studies.

D DPO vs. Vanilla Example
E Qualitative Examples Heatmaps

Figure 6 presents token-level attribution heatmaps
for model decisions and explanations, using the
LIME method. Each subfigure illustrates a differ-
ent scenario from the ECQA dataset, comparing
the best and worst explanations produced by vanilla
models based on Spearman and Cosine alignment
scores. Across examples, we observe that high-
quality explanations (left) tend to emphasize tokens
that align more closely with the model’s decision ra-
tionale, for instance, highlighting location-specific
cues like “eastern coast” or situational context like
“board room.” In contrast, low-ranking explana-
tions (right) often shift focus to semantically ir-
relevant or misleading tokens, despite sounding
plausible. These visualizations underscore the dis-
criminative power of attribution-based metrics and
highlight the variability in explanation quality for
the same input.

F TruthfulQA Evaluation

We further evaluate whether optimizing for self-
consistency affects factual reliability using the
Truthful QA benchmark (Lin et al., 2022). Ta-
ble 7 reports multiple-choice accuracy for the
vanilla and DPO-tuned models under both LIME-
and LIG-based consistency training. Across all
settings, accuracy differences remain marginal
(< 1%), confirming that improving attributional
self-consistency does not compromise factual cor-
rectness. In some cases (e.g., ARC-Easy—trained
L3.1-8B), the DPO-tuned models slightly outper-
form their vanilla counterparts, suggesting that
the enhanced alignment between decisions and ex-
planations may even reinforce truthful reasoning.
These results support that our optimization proce-
dure preserves factual accuracy while improving
internal consistency.

Model Training Data  Acc. (%) vs Vanilla
Vanilla 53.86 -
L3.1-8B ECQA 53.73 -0.13
E ARC-Easy 54.71 +0.85
. Vanilla 52.75 -
L3.2-3B ECQA 52.63 -0.12
ARC-Easy 53.0 +0.25
Vanilla 53.86 -
L3.1-8B ECQA 54.10 +0.24
©) ARC-Easy 53.98 +0.10
- Vanilla 52.75 -
L3.2-3B ECQA 53.49 +0.74
ARC-Easy 53.12 +0.37

Table 7: TruthfulQA MCQA accuracy as a factual relia-
bility check. Higher is better.

G Cross-Method Generalization

We further assess whether improvements in self-
consistency transfer across attribution methods.
Specifically, we train models using one attribution
framework (e.g., LIG) and evaluate them using an-
other (e.g., LIME), as shown in Table 8. This cross-
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Model Decision: B
Colorado 'is two states away from [the border with what nation ? [Choose|(the most [plausible ‘answer ,
answer and the description : A ) ar izona (Bl ) mexico (C| ) ut ah [D ) united states ([E| ) texas

respond ‘only with the

LLaMA3.2-3B Vanilla - Worst Explanation (Spearman: -0.2997, Cosine: -0.0154)
Colorado is two states laway from the border with what nation ? [Choose the most plausible ‘answer , respond ‘only ‘with the
answer ‘and the descripton : A ) ar izona B ) mexico C ) ut ah D ) united states E ) ‘texas [B| ) [Mexico

| chose Mexico because Colorado shares a border with the Mexican state of Chihuahua, making it the most plausible answer.

LLaMA3.2-3B Ours (DPO-Tuned) - Worst Explanation (Spearman: -0.1426, Cosine: -0.0101)

Colorado is' two states away from the border with ‘what nation '? [Choose the most plausible lanswer , respond ‘only with 'the
answer ‘and the descripton : A ) ar izona B ) mexico C ) ut ah D ) united states E ) texas (Bl ) Mexico

| chose Mexico because Colorado shares a border with the Mexican state of New Mexico, not directly with Mexico, but the state of Colorado

is indeed two states away from the US-Mexico border.

-1.0

1.0

Figure 5: An example from ECQA shows attribution alignment for the LLaMA3.2-3B model’s decision and its

worst explanation across two variants. The model selects “B” (Mexico), with high-attribution tokens like “Colorado,
states,” and “Mexico” supporting its geographic reasoning. The DPO-tuned model generates a worst-case

99 <

“two,

99

explanation that better reflects this rationale, noting Colorado’s distance from Mexico, mirroring the decision
attribution. In contrast, the vanilla model incorrectly references a border with “Chihuahua,” unsupported by the

decision attribution.

method setup tests whether the model internalizes
a general notion of alignment. Results indicate
that DPO-tuned models exhibit limited transfer:
improvements in one attribution method do not
reliably extend to another. For example, models
trained with LIG show negligible or inconsistent
gains when evaluated with LIME metrics, and vice
versa. This outcome aligns with recent evidence
that different attribution paradigms capture com-
plementary aspects of model reasoning rather than
identical importance structures.

Training| Acc.| CC-Cos(ty) | CC-Spth)
2 None 68.40| 09.57 £ 0.31 17.68 4 0.47
—~ECQA |71.20] 09.24 £ 0.32 17.73 £ 0.48
8 “YARC-E |70.00| 09.28 £ 0.33 18.08 + 0.43
Q
= gﬂ None 68.00 0.33 +0.30 19.36 + 0.57
& ECQA 16720 0.46 +£0.31 19.23 £+ 0.56
S ARC-E [66.80 0.57 £ 0.30 19.27 £ 0.57
8 None 83.20| 15.56 +0.34 13.65 + 0.49
§‘ —~ECQA [82.80| 15.73 £0.36 13.17 £0.52
M 5 ARC-E |82.80] 15.51+0.35 13.51 £ 0.52
%4) 2 None 76.80| 06.48 £+ 0.44 17.30 £ 0.54
< &G ECQA  |76.80| 06.49 £+ 0.44 17.33 £ 0.55
“YARC-E |76.80| 06.42 £ 0.44 17.45 + 0.56

Table 8: cross-method generalization: LIG model
using LIME evaluations Values aggregate over 5 ex-
planations per item (Mean). A is DPO - Vanilla.

H Plausibility Study

To confirm that optimizing for self-consistency did
not compromise the readability of explanations, we
conducted a small-scale plausibility study.

Participants. Three graduate students partici-
pated in the study.

Materials. We sampled 80 explanations in to-
tal: 5 examples from each condition defined by
attribution method (LIME, LIG), dataset (ECQA,
ARC-Easy), model (LLaMA3.1, LLaMA3.2), and
variant (Base, DPO-Tuned). Each explanation was
presented as full text together with the model’s
selected decision.

Procedure. The study was administered via
Qualtrics, with questions randomized. For each
explanation, annotators evaluated two criteria: (i)
whether the explanation was expressed in fluent
natural language (binary yes/no), and (ii) how plau-
sible the explanation appeared on a 3-point Likert
scale (1 = implausible, 3 = highly plausible). An-
notators were instructed not to consider alternative
answers, external knowledge, or internal model
reasoning. No comparison between explanations,
ranking tasks, or faithfulness judgments were re-
quested.

Results. Nearly all explanations were judged
to be natural language (98.8% for base models
and 100% for DPO-tuned models). The mean
plausibility scores were 2.92/3.0 for base models
and 2.88/3.0 for DPO-tuned models. Annotators
showed high percent agreement across both criteria,
with ratings broadly consistent across participants.
These results confirm that explanations remain co-
herent and generally human-plausible, even after
DPO fine-tuning. We emphasize that this study is
intentionally scoped as a sanity check on surface-
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Model Decision: A

Where should watchtoavoid being pinched bya crab? Choose the mostplausibleanswer, respond only withthe answerand thedescription : A )eastern coastB)

sandybeachC)fishmarketD )northcarolinaE )sanddunes

Best Explanation (Spearman: 0.4458, Cosine: 0.0611)

Where should watchtoavoid being pinchedbya crab ? Choose the most
plausibleanswer, respond only with the answerand the description: A)eastern
coastB)sandybeachC)fishmarketD )northcarolinaE)sanddunesA)
easterncoast

Crabs, especially blue crabs and horseshoe crabs, are commonly found in
coastal areas, particularly in the eastern coast of the United States, where the
water is warm and the shoreline provides a suitable habitat for them. This
increases the likelihood of encountering crabs, making it more plausible to get
pinched by one in these areas.

Worst Explanation (Spearman: 0.1934, Cosine: 0.0617)

Where should watchtoavoidbeingpinchedbyacrab? Choose the most
plausible answer, respondonly withthe answerand the description:A)eastern
coastB )sandybeach C)fishmarketD)northcarolinaE)sanddunesA)
easterncoast

| chose A) eastern coast because it is a broad region where crabs, particularly
blue crabs, are common, especially in areas with shallow waters and sandy or
muddy bottoms where they can easily live and be encountered.

(a) Vanilla LLaMA3.1, ECQA, LIME

Model Decision: B

Amanis speakingtoagroupofexecutivesinaboardroom.He Choose the mostplausible answer, respond only with the answerand the description: A) makes
balloonanimalsandgivesthemtoeachexecutive . B)gestures toaslide showingthe changeinsalesovertime. C)typesrapidlyonhis laptopwithoutsayingaword.

D)climbsintothetree house.

Best Explanation (Spearman: 0.3772, Cosine: 0.1618)

Amanis speakingtoagroupofexecutivesinaboard room . He Choose the most
plausibleanswer, respond only withthe answerand thedescription:A)makes
balloonanimalsandgivesthemtoeachexecutive . B )gesturestoaslide
showingthe changeinsalesovertime. C)types rapidly onhislaptop without
sayingaword.D)climbsintothe tree house . B)gestures toaslide showing the
changeinsalesovertime.

| chose B) because it is a common and professional behavior in a business
setting, where a presenter would often use visual aids like slides to convey
information and make a presentation to a group of executives.

Worst Explanation (Spearman: 0.1410, Cosine: 0.1854)
Amanisspeakingtoagroupofexecutivesinaboard room.He Choose the most
plausibleanswer, respondonly withthe answerandthe description: A)makes
balloonanimalsandgivesthemtoeachexecutive . B )gesturestoaslide
showingthe changeinsalesovertime. C )typesrapidly onhislaptopwithout
sayingaword.D )climbsintothe tree house . B ) gesturestoaslide showing the
changeinsalesovertime.

| chose B because it's a common and professional presentation style in a
business setting, making it the most plausible action for a man speaking to a
group of executives in a boardroom.

(b) Vanilla LLaMA3.1, ECQA, LIME

Model Decision: A

Bobbynoticedthatthe silverware was plastic. Thiswasaturnoffforhimbecauseitwas socheap . Where mighthe have been? Choose the mostplausible answer,
respondonly withthe answerandthe description: A )restaurantB )silver C)cupboard D ) table E ) kitchen

Best Explanation (Spearman: 0.3002, Cosine: -0.0123)
Bobbynoticedthatthe silverware was plastic. Thiswas aturnoffforhim
becauseitwassocheap. Where mighthe have been? Choose the most
plausibleanswer, respondonly with the answerand the description: A)
restaurantB )silverC )cupboard D )table E ) kitchen A ) restaurant

| chose "restaurant"” because Bobby was looking at silverware, and restaurants

typically use plastic or disposable silverware to save costs, making it a plausible
scenario for him to notice that it was plastic.

Worst Explanation (Spearman: 0.1077, Cosine: -0.0089)

Bobby noticedthatthesilverwarewas plastic. Thiswas a turn offforhim
because itwas socheap.Where mighthe have been? Choose the most
plausibleanswer, respond only withthe answerand the description: A )
restaurantB)silverC )cupboardD )table E ) kitchenA) restaurant

| chose "A) restaurant" because it's a common place where silverware is often
provided, and Bobby's reaction suggests that he was dining at a restaurant and
was expecting to see silverware, which he was disappointed to find was plastic
instead.

(c) Vanilla LLaMA3.2, ECQA, LIME

Figure 6: Qualitative heatmap visualizations showing token-level attribution scores for model decisions and

explanations using the LIME method.
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Natural Language Plausible Example Explanation

V] “Paris is the capital city of France, so it is the correct choice.”
X “Paris is correct because it is famous for deserts and camels.”
X “Capital » France = Paris.”

X X “%@#! Paris B7% camel 272"

Figure 7: Illustrated example shown to participants dur-
ing annotation.

level explanation quality, rather than a validation of
attributional faithfulness, which depends on inter-
nal model signals inaccessible to human annotators.

is the
B) Paris

Example Shown Scenario: What
capital of France? A) Rome

C) Madrid D) Berlin

Model’s Decision: B) Paris

I Cross-Model-Family Validation

To examine whether the observed self-consistency
improvements are tied to the LLaMA architecture,
we perform a lightweight cross-model-family vali-
dation on the ECQA dataset using QWEN2.5-7B-
INSTRUCT. ECQA offers a controlled multiple-
choice setting with a well-defined decision signal,
allowing us to apply the same attribution, align-
ment, and evaluation pipeline used in the main
experiments without modification.

Setup. We evaluate QWEN2.5-7B-INSTRUCT
under the same Decider—Explainer configurations
employed throughout the paper, comparing a
vanilla model against a DPO-tuned variant trained
using attribution-based preferences. Due to the sub-
stantial computational cost of constructing a full
PSCB benchmark for an additional model family,
this validation is restricted to ECQA. Unlike prior
small-scale attribution studies, we nonetheless use
the full ECQA test set rather than a reduced sub-
set. Self-consistency is measured primarily using
Spearman rank correlation, with cosine similar-
ity reported as a secondary metric. All attribution
methods, hyperparameters, and evaluation proce-
dures are identical to those used for the LLaMA
models, and all scores are reported on the same
scale as in the main results.

Results. The results follow the same qualitative
trends observed for the LLaMA family. Under
Spearman correlation, DPO tuning improves self-
consistency at the lower end of the explanation
quality distribution, increasing the worst-case score
from 10.829 to 10.871, while leaving the best-case
score largely unchanged (36.980 to 37.021). The
median Spearman score decreases slightly from

24.163 to 23.235, reflecting the same redistribution
pattern seen in earlier experiments. Cosine sim-
ilarity shows consistent improvements across all
ranks, with increases in the worst (5.547 to 5.571),
median (5.964 to 6.080), and best (6.478 to 6.607)
explanations. As in the LLaMA experiments, the
most reliable gains occur for the weakest explana-
tions, while changes to higher-quality explanations
remain modest.

Discussion. Although the absolute magnitude of
the improvements is smaller than for the LLaMA
models, the qualitative behavior closely mirrors
the central findings of the paper. Attribution-
guided preference optimization primarily strength-
ens low-quality explanations while largely preserv-
ing stronger ones, consistent with the intended ob-
jective of the method. This cross-model-family
validation therefore provides evidence that the pro-
posed framework captures an optimization pattern
that is not specific to a single architecture, within
the same operational definition of attributional self-
consistency. We stress that this experiment is in-
tentionally limited in scope and is intended as a
sanity check rather than a replacement for a full
multi-family PSCB construction.
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