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Abstract

Free-text rationales justify model decisions in
natural language and thus become likable and
accessible among approaches to explanation
across many tasks. However, their effective-
ness can be hindered by misinterpretation and
hallucination. As a perturbation test, we in-
vestigate how large language models (LLMs)
perform rationale generation under the effects
of readability level control, i.e., being prompted
for an explanation targeting a specific expertise
level, such as sixth grade or college. We find
that explanations are adaptable to such instruc-
tion, though the requested readability is often
misaligned with the measured text complex-
ity according to traditional readability metrics.
Furthermore, the generated rationales tend to
feature medium level complexity, which cor-
relates with the measured quality using auto-
matic metrics. Finally, our human annotators
confirm a generally satisfactory impression on
rationales at all readability levels, with high-
school-level readability being most commonly
perceived and favored.!

1 Introduction

Over the past few years, the rapid development
of machine learning methods has drawn consid-
erable attention to the research field of explain-
able artificial intelligence (XAI). While conven-
tional approaches focused more on local or global
analyses of rules and features (Casalicchio et al.,
2019; Zhang et al., 2021), the recent development
of LLMs introduced more dynamic methodologies
along with their enhanced capability of natural lan-
guage generation (NLG). The self-explanation po-
tentials of LLMs have been explored in a variety of
approaches, such as examining free-text rationales
(Wiegreffe et al., 2021) or combining LLM output
with saliency maps (Huang et al., 2023).

'Disclaimer: The article contains offensive or hateful
materials, which is inevitable in the nature of the work.

Although natural language explanation (NLE)
established itself to be among the most common
approaches to justify LLM predictions (Zhu et al.,
2024), free-text rationales were found to poten-
tially misalign with the predictions and thereby mis-
lead human readers, for whom such misalignment
seems hardly perceivable (Ye and Durrett, 2022).
Furthermore, it remains unexplored whether free-
text rationales represent a model’s decision making,
or if the explanations are generated just like any
other NLG output regarding faithfulness. In light
of this, we aim to examine whether free-text ratio-
nales can also be controlled through perturbation as
demonstrated on NLG tasks (Dathathri et al., 2020;
Imperial and Madabushi, 2023). If more dispersed
text complexity could be observed in the rationales,
we may deduce a higher level of influence from
training data, as we assume the LLMs to undergo
a consistent decision making process on the same
instance even under different instructions.

Targeting free-text rationales, we control text
complexity with descriptive readability levels and
evaluate the generated rationales under various
frameworks to investigate what effects additional
instructions or constraints may bring forward to the
NLE task (Figure 1). Although the impact of read-
ability (Stajner, 2021) has rarely been addressed
for NLEs, establishing such a connection could
benefit model explainability, which ultimately aims
at perception (Ehsan et al., 2019) and utility (Joshi
et al., 2023) of diverse human recipients.

Our study makes the following contributions:
First, we explore LLM output in both prediction
and free-text rationalization under the influence of
readability level control. Second, we apply objec-
tive metrics to evaluate the rationales and measure
their quality across text complexity. Finally, we test
how human perceive the complexity and quality of
the rationales across different readability levels.?
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1. Prompt Building

Please answer the question with the
given text. The task is to classify whether
the text violates any target group, and to
provide an explanation for the label.

Possible labels:
1. normal

2. offensive

3. hate speech

Below are the examples of each label.
{few_shot_examples}

What is the label of the given text
(normal, offensive, hate speech)?
Elaborate the explanation in
{length} to a {readability_level}
student.

Text: ...

Please put the answer and explanation
in JSON format:

{"Answer";

"Explanation": }

2. Model Inference

... Elaborate the explanation to a college student.
Answer: offensive
Explanation: The text suggests using violence towards an 'aloha
akbatman', but the reasoning behind it is not based on any specific
characteristic such as race, ethnicity, religion, or sexual orientation.
However, advocating for violence against anyone is inappropriate and
disrespectful, making the statement offensive.

... Elaborate the explanation to a high school student.
Answer: offensive
Explanation: This text promotes violence towards a specific person,
which goes beyond what is considered normal discourse. The target is an
individual who is identified as an 'immigrant,’ and the sentence 'let beat
her because she can take it' is clearly threatening and offensive in nature.

... Elaborate the explanation to a middle school student.
Answer: offensive

Explanation: This text is offensive because it suggests that it's okay to
hurt or insult someone, in this case, 'she' who is referred to as an
immigrant. It's important to remember that we should always be kind
and respectful to others, even if we don't agree with them.

... Elaborate the explanation to a sixth grade student.
Answer: offensive

Explanation: the text suggests to insult and hurt another person, which is
not respectful or nice, especially if the person is an immigrant. It is mean
and rude to use violence towards someone who is different from us, and
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Figure 1: The experiment workflow of the current study. The demonstrated example comes from the HateXplain
dataset. Generated responses are evaluated by both automatic metrics and human annotations.

2 Background

Text complexity The notion of text complexity
was brought forward in early studies to measure
how readers of various education levels compre-
hend a given text (Kincaid et al., 1975). Prior to re-
cent developments of NLP, text complexity was ap-
proximated through metrics including Flesch Read-
ing Ease (FRE, Kincaid et al., 1975), Gunning fox
index (GFI, Gunning, 1952), and Coleman-Liau
index (CLI, Coleman and Liau, 1975). These ap-
proaches quantify readability through formulas con-
sidering factors like sentence length, word counts,
and syllable counts.

As the most common readability metric, FRE
was often mapped to descriptions that bridge be-
tween numeric scores and educational levels (Fara-
jidizaji et al., 2024). Ribeiro et al. (2023) ap-
plied readability level control to text summarization
through instruction-prompting. In their study, de-
scriptive categories were prompted for assigning
desired text complexity to LLM output.

NLE metrics Although the assessment of ex-
plainable models lacks a unified standard, main-
stream approaches employ either objective or
human-in-the-loop evaluation (Vilone and Longo,
2021). Objective metric scores include LAS (Hase
et al., 2020), REV (Chen et al., 2023), and RORA

FRE | >80 60-80 40-60 <40
RLevel \ sixth grade middle school high school college

Table 1: The mapping between FRE scores and read-
ability levels adapted from Ribeiro et al. (2023).

(Jiang et al., 2024c). Their training processes
highly rely on a particular data structure, which
does not generalize to tasks relevant to readabil-
ity. Furthermore, while most studies on NLE in-
tuitively presume model-generated rationales to
bridge between model input and output, it remains
unclear whether the provided reasoning faithfully
represents how the output is generated; in other
words, free-text rationales could be only reflecting
what the model has learned from its training data
(Atanasova et al., 2023).

3 Method

Readability level control As demonstrated in
Figure 1, in step 1, we incorporate instruction-
prompting into the prompt building. The prompts
consist of three sections: task description, few-shot
in-context samples, and instruction for the test in-
stance. After task description and samples, we
add a statement aiming for the rationale: Elabo-
rate the explanation in { length}3 to a {readabil-

3Throughout the experiments, we set this to a fixed value
of “three sentences”.



ity_level} student. Then we iterate through the data
instances and readability levels in separate sessions.
We adapt the framework of Ribeiro et al. (2023) to
four readability levels based on FRE score ranges
(Table 1) and explore a range of desired FRE scores
among {30, 50, 70, 90}, which are respectively
phrased in the prompts as readability levels {col-
lege, high school, middle school, sixth grade}.

Evaluating free-text rationales In light of the
problematic adaption to readability-related tasks
and major issues in reproducibility of the afore-
mentioned NLE evaluation metrics, we exploit the
overlap between NLE and NLG, we adopt TIGER-
Score (Jiang et al., 2024b), an NLG metric that
is widely applicable to most tasks, for evaluating
the generated free-text rationales. Applying fine-
tuned L1lama-2 (Touvron et al., 2023), the metric
was proposed to require little reference but instead
rely on error analysis over prompted contexts to
identify and grade mistakes in unstructured text.
Nevertheless, the approach could sometimes suffer
from hallucination (or confabulation), similar to
the common LLM-based methodologies.

4 Experiments

4.1 Rationale generation

Datasets We conduct readability-controlled ratio-
nale generation on three NLP tasks: fact-checking,
hate speech detection, and natural language infer-
ence (NLI), adopting the datasets featuring explana-
tory annotations. For fact-checking, HealthFC
(Vladika et al., 2024) includes 750 claims for fact-
checking under the medical domain, with excerpts
of human-written explanations provided along with
the verification labels. For hate speech detection,
two datasets are applied: (1) HateXplain (Mathew
et al., 2021), which consists of 20k Tweets with
human-highlighted keywords that contribute the
most to the labels. (2) Contextual Abuse Dataset
(CAD, Vidgen et al., 2021), which contains 25k en-
tries with six unique labels elaborating the context
under which hatred is expressed. Lastly, SpanEx
(Choudhury et al., 2023) is an NLI dataset that
includes annotations on word-level semantic rela-
tions (Appendix A.1).

Models We select four recent open-weight LLMs
from three different families: Mistral-0.2 7B
(Jiang et al., 2023), Mixtral-0.1 8x7B (Jiang
et al., 2024a), OpenChat-3.5 7B (Wang et al.,

Readability 30 50 70 90
o Mistral-0.2 | 52.8 528 538 502
£ Mixtral-e.1 | 547 564 550 559
S OpenChat-3.5 | 51.6 53.0 528 518
T |lama-3 279 309 300 27.8
c Mistral-0.2 | 494 493 526 520
& Mixtral-0.1 | 46.1 484 472 475
® OpenChat-3.5| 51.7 515 53.0 505
£ Llama-3 507 514 505 503

Mistral-0.2 | 823* 820 795 77.6
o Mixtral-0.1 | 65.8% 648 63.6 618
O OpenChat-3.5 | 77.3 78.1 77.8 717.2

Llama-3 60.6* 58.8 58.0 556
. Mistral-0.2 | 349 355 366 372
W Mixtral-.1 | 584 558 552 58.1
8 oOpenchat-3.5 | 840 843 838 84.8*

Llama-3 41.8 417 420 41.1

Table 2: Task accuracy scores (%) after removal of
inappropriate answers. The highest score(s) achieved
per model are starred, and best accuracy per task are
highlighted in bold. Readability of 30, 50, 70, and 90
respectively refers to the desired readability level of
college, high school, middle school, and sixth grade.

2023a), and L1ama-3 8B (Dubey et al., 2024).4

4.2 Evaluation

Task accuracy We use accuracy scores to assess
the alignment between the model predictions and
the gold labels processed from the datasets. In
HateXplain (Mathew et al., 2021), since different
annotators could label the same instance differently,
we adopt the most frequent one as the gold label.
Similarly, in CAD (Vidgen et al., 2021), we disre-
gard the subcategories under “offensive” label to
reduce complexity, simplifying the task into binary
classification and leaving the subcategories as the
source of building reference rationales.

Readability metrics We choose three conven-
tional readability metrics: FRE (Kincaid et al.,
1975), GFI (Gunning, 1952), and CLI (Coleman
and Liau, 1975) to approximate the complexity of
the rationales. While a higher FRE score indicates
more readable text, higher GFI and CLI scores im-
ply higher text complexity (Appendix B).

TIGERScore We compute TIGERScore (Jiang
et al., 2024b), which provides explanations in addi-
tion to the numeric scores. Besides the native scorer

*Owing to the larger size of Mixtral-ve.1 8x7B, we
adopt a 4-bit quantized version to reduce memory consump-

tion. All the models are instruction-tuned variants downloaded
from Hugging Face, running on NVIDIA A100 GPU.



Model Output

Text: Do Waveex and similar products reduce exposure to electromagnetic fields, for example when using a cell phone or smartphone?

Gold Label: Neutral

Reference Explanation: The alleged active principle of Waveex and other comparable products is not scientifically plausible. We also found no meaningful study
that could provide information about a possible effect of the cell phone stickers.

(Label Neutral

Explanation: The effectiveness of
Waveex and similar products in
reducing exposure to
electromagnetic fields is not
scientifically proven. The studies
testing Waveex and similar
products’ capability to block
electromagnetic fields have been
of poor quality or contradictory.
Additionally, these devices have
not been approved by regulatory

bodies like the FDA for such claims.

I.abel Negative

Explanation: Waveex and similar
products do not reduce exposure
to electromagnetic fields as they
don’t block or absorb the radiation
emitted by electronic devices.
Instead, they are believed to
create a resonant field, which
some proponents claim reduces
the biological impact of
electromagnetic waves. However,
according to the scientific
consensus, there is no conclusive
evidence to support these claims.

fLabel Neutral
Explanation: Some people claim
that Waveex and similar products
can protect against
electromagnetic fields. However,
there is no scientific evidence that
these products reduce exposure to

electromagnetic fields significantly.

It’s essential to recognize that
these devices make use of various
pseudoscience concepts to market
their benefits. So, while using
these products might make some
people feel more comfortable, the

Label Neutral

Explanation: Some people believe
that these products can protect us
from the harmful effects of
electromagnetic fields produced
by electronic devices. But,
scientists have not found any clear
evidence to support this claim.
Some research even suggests that
these products might increase the
absorption of electromagnetic
radiation. Therefore, we cannot
say for sure if they reduce
exposure or not.

actual impact on reducing
exposure to electromagnetic fields

is negligible.

- AN AN J J
{ 28.33 15.00 15.43 ] [ 26.51 16.69 15.84 ] [ 28.84 15.62 17.46 J [ 56.76 10.63 14.20 J
TIGERScore Self-eval TIGERScore Self-eval TIGERScore Self-eval TIGERScore Self-eval
-0.5
BERTScore BERTScore BERTScore BERTScore
86.51% 84.09% 84.39% 86.30%

Figure 2: An example of model predictions and rationales generated by Mistral-e.2 on HealthFC along with the
evaluation results. Self-eval refers to TIGERScore rated by Mistral-o.2.

based on L1ama-2 (Touvron et al., 2023), we send
the instructions to the model that performed the
task, sketching a self-evaluative framework. Al-
though the LLMs are not fine-tuned for the metric,
we expect the alignment between evaluated and
evaluator model to reduce the negative impacts
from hallucination of a single model. The metric is
described by the formula:

En} = f(,z,y) ey

where f is a function that takes the following in-
puts: I (instruction), x (source context), and 1’
(system output). The function f output a set of
structured errors { E'1, Fo, ..., E, }. For each error
E; = (l;,a;,¢€;,si), l; denotes the error location,
a; represents a predefined error aspect, e; is a free-
text explanation of the error, and s; is the score
reduction € [—5, —0.5] associated with the error.
At the instance level, the overall metric score is the
summation of the score reductions for all errors:
TIGERScore = " ; s;.

{E1, Es, ...,

BERTScore As a reference-based metric, we
parse reference explanations using rule-based meth-
ods (App. A.1) and compute BERTScore (Zhang
et al., 2020) with end-of-sentence pooling to avoid
diluting negations in longer texts.

Human validation We conduct a human anno-
tation to investigate how human readers view the
rationales with distinct readability levels and to
validate whether the metric scores could reflect hu-
man perception. Using the rationales generated by
Mistral-0.2 and Llama-3 on HateXplain®, we
sample a split of 200 data points, which consists of
25 random instances per model for each of the four
readability levels.

We recruit five annotators with expertise in com-
putational linguistics (at least undergraduate level)
and have all of them work on the same split. Given
the rationales, the annotators are asked to score:

* Readability ({30, 50, 70, 90}): How read-
able/complex is the generated rationale?

* Coherence (4-point Likert scale): To what extent
is the rationale logical and reasonable?

* Informativeness (4-point Likert): To what extent
is the rationale supported by sufficient details?

* Accuracy (binary): Does the annotator agree
with a prediction after reading the rationale?

*HateXplain is chosen because it requires little profes-
sional knowledge (in comparison to HealthFC) and is per-
formed evenly mediocre across the models, with each of them
achieving a similar accuracy score of around 0.5.
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Figure 3: The readability scores of model-generated rationales. Higher FRE score indicates lower text complexity,
while GFI and CLI scores are in reverse. The black lines denote the readability scores of the reference rationales
from HealthFC, which are provided in natural language instead of annotations (Appendix A.1).

5 Results

We collect predictions and rationales from four
models over four datasets (§4.1). Figure 2 presents
a data instance to exemplify the output of LLM in-
ference as well as each aspect of evaluation. More
rationale examples are provided in Appendix A.2.

The four models achieve divergent accuracy
scores on the selected tasks (Table 2). In most
cases, around 5-10% of instances are unsuccess-
fully parsed, mostly owing to formatting errors;
Mistral-0.2 and Mixtral-0.1, however, could
hardly follow the instructed output format on par-
ticular datasets (CAD and HealthFC), resulting in
up to 70% of instances being removed for these
datasets. Since such parsing errors occur only on
certain batches, we regard them as special cases
similar to those encountered by Tavanaei et al.
(2024a) and Wu et al. (2024a) with structured
prediction with LLMs. The highest accuracy is
reached by OpenChat-3.5 for NLI (SpanEx) with
a score of 82.1%. In comparison, multi-class hate
speech detection (HateXplain) and medical fact-
checking (HealthFC) appear more challenging for
all the models, respectively with a peak at 52.0%
(OpenChat-3.5) and 56.4% (Mixtral-0.1).

Free-text rationales generated under instruction-
prompting show a correlative trend in text complex-
ity. Figure 3 reveals that the four readability levels
mostly introduce distinctive text complexity. More-

over, the baseline of HealthFC explanations® hints
a central-leaning tendency for free-text rationales to
inherently exhibit medium level readability. Nev-
ertheless, the metric scores present only relative
difference, as the distinction is not as significant as
the paradigm (Table 1) under the current standards.

Evaluation with TIGERScore is based on error
analyses through score reduction: Each identified
error obtains a score penalty, and the entire text is
rated the summation of all the reductions. Such
design gives 0 to the texts in which no mistake is
recognized; in contrast, the more problematic a ra-
tionale appears, the lower it scores. In our results
(Figure 4), we derive non-zero score through fur-
ther dividing the full-batch score by the amount
of non-zero data points, since around half of the
rationales are considered fine by the scorer. We
also apply the same processing method to self-
evaluation with the original model. In most cases,
full-batch TIGERScore proportionally decreases
along with text complexity, whereas non-zero and
self-evaluation do not follow such trend.

In comparison to TIGERScore, BERT similarity
captures the rationale quality poorly (Appendix C).
Although complex rationales seem to resemble the
references more, the correlation between readabil-
ity and similarity remains weak. Besides, the scores
differ more across datasets than across models,
making the outcomes less significant.

%We refer to HealthFC as baseline because the rationales
are provided in free-text rather than annotations.
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Figure 4: TIGERScore evaluation results by model. Full-batch score reports the average of all data points, while
the other two scores are divided by the amount of instances scoring below 0. The results of Mistral-0.2 and
Mixtral-0.1 on CAD and HealthFC may induce more biases owing to the higher proportion of removed instances.

We conduct a human study with five annota-
tors, whose agreement fall at Krippendorff’s a =
3.67% and Fleiss’ x = 13.92%.” Table 3 re-
veals the coherence and informativeness scores.
Besides, the human annotators score an accuracy
of 23.7% on recognizing the prompted readability
level, while reaching 78.3% agreement with the
model-predicted labels given the rationales.

6 Discussions

Our study aims to respond to three research ques-
tions: First, how do LLMs generate different output
and free-text rationales under prompted readability
level control? Second, how do objective evalua-
tion metrics capture rationale quality of different
readability levels? Third, how do human assess the
rationales and perceive the NLE outcomes across
readability levels?

6.1 Readability level control under
instruction-prompting (RQ1)

We find free-text rationale generation sensitive to
readability level control, whereas the correspond-
ing task predictions remain rather consistent. This
confirms that NLE output is affected by perturba-
tion through instruction-prompting, which nonethe-
less alters the generated output on separate compo-
nents instead of as an entity.

"While calculating agreement, we simplify the results on
readability, coherence, and informativeness into two classes
owing to the binary nature of 4-point Likert scale. We stick to
the originally annotated scores elsewhere.

Coherence
Readability 30 50 70 90 all
Mistral-0.2 | 2.84 298 3.13 3.03 | 2.99
Llama-3 3.07 3.02 292 285|296
full sample 296 3.00 3.03 294 | 2.98

Informativeness
Readability 30 50 70 90 all

Mistral-0.2 | 2.59 2.84 3.03 277 | 2.81
Llama-3 3.02 293 286 286|292
full sample 280 288 294 282 2.86

Table 3: Human-rated scores per model and readability
level, with the highest score per model highlighted in
bold face. Readability of 30, 50, 70, and 90 respectively
refers to the prompted level of college, high school,
middle school, and sixth grade.

Without further fine-tuning, the complexity of
free-text rationales diverges within a limited range
according to readability metrics, showing relative
differences rather than precise score mapping. Us-
ing Mistral-@.2 and Llama-3 as examples, Fig-
ure 5 plots the distribution of FRE scores between
adjacent readability levels. The instances where the
model delivers desired readability differentiation
fall into the upper-left triangle split by axis y = ,
while those deviating from the prompted differ-
ence appear in the lower-right. The comparison
between the two graphs shows that L1ama-3 aligns
the prompted readability level better with generated
text complexity, as the distribution area appears
more concentrated; meanwhile, Mistral-0.2 bet-
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Figure 5: Distribution of FRE scores of rationales by Mistral-0.2 and L1ama-3 on HateXplain. As an extensive
instance-level interpretation of Figure 3, each dot represents a data instance, with its more readable rationale

positioned on x-axis and less readable on y-axis.

ter differentiates the adjacent readability levels,
with more instances falling in the upper-left area.
According to the plots, a considerable amount
of rationales nevertheless fail to address the nu-
ances between the prompted levels. This could
result from the workflow running through datasets
over a given readability level instead of recursively
instructing the models to generate consecutive out-
put, i.e., the rationales of different readability lev-
els were generated in several independent sessions.
Furthermore, descriptive readability levels do not
perfectly match the score ranges shown in Table 1.
In spite of the linkage between the descriptions and
numeric scores, the two frameworks do not directly
refer to each other but are mutually approximative.

6.2 Rationale quality presented through
metric scores (RQ2)

We adopt TIGERScore as the main metric for mea-
suring the quality of free-text rationales. On a batch
scale, the metric tends to favor rather complex ratio-
nales i.e. college or high-school-level. Taking ac-
count of the baseline featuring FRE~/50 (Table 3),
such tendency suggests a slight correspondence
between text complexity and explanation quality.
Deriving non-zero scores from full-batch ones,
we further find the errors differing in severity at
distinct readability levels. After removing error-
free instances (where TIGERScore=0), rationales
of medium complexity (high school and middle
school) can often obtain higher scores. Such diver-
gence implies that less elaborated rationales tend
to introduce more mistakes, but they are usually
considered minor. In light of both score varia-
tions, TIGERScore exhibits characteristics consis-

tent with the central-leaning tendency i.e. ratio-
nales displaying a medium level readability, while
potentially echoing the preference for longer texts
in LLM-based evaluation (Dubois et al., 2024).

Full-batch TIGERScore is also found to slightly
correlate with task performance (Table 2), as better
task accuracy usually comes with a higher TIGER-
Score, though such a tendency doesn’t apply across
different models. For example, Mistral-0.2
achieves better TIGERScore on SpanEx than
Mixtral-0.1 and Llama-3, whereas both models
outperform Mistral-@. 2 in this task. This could
hint at the limitation of the evaluation metric in its
nature, as its standard does not unify well across
output from different LLMs or tasks.

Other than the reference-free metric, we find
BERTScore (Appendix C) differing less signifi-
cantly, presumably because the meanings of the ra-
tionales are mostly preserved across readability lev-
els. Since most reference explanations are parsed
under defined rules, such outcome also highlights
the gap between rule-based explanations and the
actual free-text rationales, signaling linguistic com-
plexity and diversity of explanatory texts.

6.3 Validation by human annotators (RQ3)

Our human annotation delivers low agreement
scores on the instance level. This results from
the designed dimensions aiming for more subjec-
tive opinions than a unified standard, capturing
human label variation (Plank, 2022). Since hate
speech fundamentally concerns feelings, agree-
ment scores are typically low. The original labels
in HateXplain, for example, reported a Krippen-
droff’s o = 46% (Mathew et al., 2021).
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Figure 6: Human perceived readability level with re-
spect to the prompted ones.

We first discover that human readers do not well
perceive the prompted readability levels (Figure 6).
This corresponds to the misalignment between the
prompted levels and the generated rationale com-
plexity. Even so, the rationales receive a generally
positive impression (Table 3), with both models
scoring significantly above average on a 4-point
Likert scale over all the readability levels.

Moreover, the divergence of coherence and
informativeness across readability levels (Ta-
ble 3) shares a similar trend with Figure 5,
with Mistral-0.2 having a higher spread than
Llama-3, even though the tendency is rarely ob-
served in the other metrics. On one hand, this
may imply a gap between metric-captured and
human-perceived changes introduced by readabil-
ity level control; on the other hand, combining
these findings, we may also deduce that human
readers intrinsically presume free-text rationales
to feature a medium level complexity and thereby
prefer plain language to unnecessarily complex or
over-simplified explanations.

7 Related Work

Rationale Evaluation Free-text rationale gen-
eration was boosted by recent LLMs owing to
their capability of explaining their own predictions
(Luo and Specia, 2024). Despite lacking a uni-
fied paradigm for evaluating rationales, various ap-
proaches focused on automatic metrics to minimize
human involvement. v-information (Hewitt et al.,
2021; Xu et al., 2020) provided a theoretical basis
for metrics such as ReCEval (Prasad et al., 2023),
REV (Chen et al., 2023), and RORA (Jiang et al.,
2024c). However, these metrics require training for
the scorers to learn new and relevant information
with respect to certain tasks.

Alternatively, several studies applied LLMs to

perform reference-free evaluation (Liu et al., 2023;
Wang et al., 2023b). Similar to TIGERScore
(Jiang et al., 2024b), InstructScore (Xu et al., 2023)
took advantage of generative models, delivering an
reference-free and explainable metric for text gen-
eration. However, these approaches could suffer
from LLMs’ known problems such as hallucina-
tion. As the common methodologies hardly consid-
ering both deployment simplicity and assessment
accuracy, Luo and Specia (2024) pointed out the
difficulties in designing a paradigm that faithfully
reflects the decision-making process of LLMs.

Readability of LLM output Rationales gener-
ated under readability level control share features
similar to those reported by previous studies on
NLG-oriented tasks, such as generation of educa-
tional texts (Huang et al., 2024; Trott and Rivicre,
2024), text simplification (Barayan et al., 2024),
and summarization (Ribeiro et al., 2023; Wang and
Demberg, 2024), given that instruction-based meth-
ods was proven to alter LLM output in terms of
text complexity. Rooein et al. (2023) found the
readability of LLLM output to vary even when con-
trolled through designated prompts. Gobara et al.
(2024) pointed out the limited influence of model
parameters on delivering text output of different
complexity. While tuning readability remains a
significant concern in text simplification and sum-
marization, LLMs were found to tentatively inherit
the complexity of input texts and could only rigidly
adapt to a broader range of readability (Imperial
and Madabushi, 2023; Srikanth and Li, 2021).

8 Conclusions

In this study, we prompted LLMs with distinct read-
ability levels to perturb free-text rationales. We
confirmed LLMs’ capability of adapting rationales
based on instructions, discovering notable shifts in
readability with yet a gap between prompted and
measured text complexity. While higher text com-
plexity could sometimes imply better quality, both
metric scores and human annotations showed that
plain language was often the most preferred for
the rationales. Moreover, the evaluation outcomes
disclosed LLMs’ sensitivity to perturbation in ra-
tionale generation, potentially supporting a closer
connection between NLE and NLG. Our findings
may inspire future works to explore LLMs’ ex-
planatory capabilities under perturbation and the
application of other NLG-related methodologies to
rationale generation.



Limitations

Owing to time and budget constraints, we are un-
able to fully explore all the potential variables in
the experimental flow, including structuring the
prompt, adjusting few-shot training, and instruct-
ing different desired output length. Besides, the oc-
casionally higher ratio of abandoned data instances
may induce biases to the demonstrated results; we
didn’t further probe into the reason for this issue
because only particular LLMs have problems on
certain datasets, corroborated by concurrent work
on structured prediction with LLMs (Tavanaei et al.,
2024b; Wu et al., 2024b). Lastly, LLM generated
text could suffer from hallucination and include
false information. Such limitation applies to both
rationale generation and LLM-based evaluation.

We were unable to reproduce several NLE-
specific metrics. LAS (Hase et al., 2020) suffers
from outdated library versions, which are no longer
available. Although REV (Chen et al., 2023) works
with the provided toy dataset, we found the im-
plementation fundamentally depending on task-
specific data structure, which made it challenging
to apply to the datasets we chose. Although we are
motivated to conduct perturbation test in an NLG-
oriented way, the lack of NLE-specific metrics may
limit our insight into the evaluation outcome.

Our human annotators do not share a similar
background with the original HateXplain dataset,
where the data instances were mostly contributed
by North American users. Owing to the different
cultural background, biases can be implied and
magnified in identifying and interpreting offensive
language.

Ethical Statement

The datasets of our selection include offensive or
hateful contents. Inferring LLM with these mate-
rials could result in offensive language usage and
even false information involving hateful implica-
tions when it comes to hallucination. The human
annotators participating in the study were paid at
least the minimum wage in conformance with the
standards of our host institutions’ regions.
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Dataset Size | #Test | Task Annotations Sample reference explanation
Hate speech . . . The text is labeled as hate speech
. . . Tokens involving offensive . .
HateXplain| 20k | 1,924 | classification . because of expressions against
. language and their targets
(multi-class) women.
Hate speech Catecories of offensive The text is labeled as offensive
CAD 26k | 5,307 | detection £ because the expression involves
. language .
(binary) person directed abuse.
The relation between hypothesis
Natural . . .
Relevant tokens and their and premise is contradiction be-
SpanEx 14k | 3,865 | language . . .
. semantic relation cause a girl does not equal to a
inference
man.
Excerpts from evidence There is no scientific evidence
HealthFC | 750 | N/A Fact-s:heckmg docpment thaF supports or that.hf‘:molaser tre:atment has a
(multi-class) denies the claim (free-text palliative or curative effect on
instead of annotations) health problems.

Table 4: Summary of the datasets. Task refers to the adaptation in our experiments instead of the ones proposed by
original works. Except for HealthFC, we run the experiments only on test splits.

ence explanations with rule-based methods. Both
aspects are briefly described in the table. The
HealthFC dataset excerpts human-written pas-
sages as explanations, which are directly adopted
as reference rationales in our work.

A.2 Sample data instances

Extending Figure 2, an additional data point from
the HateXplain dataset is provided in Figure 8 to
exemplify the scores of human validation.

From Table 11 to 15, we further provide one data
instance for each dataset to exemplify the LLM
output under readability level control. Two exam-
ples from the HealthFC are given for a more com-
prehensive comparison between LLM-generated
rationales and human-written explanations. In gen-
eral, although the rationales across readability level
tend to appear semantically approximate, they of-
ten differ in terms of logical flow and the support-
ing detail selection, which may imply a strong
connection between NLE and NLG, i.e. the gen-
erated rationales represent more the learned out-
come of LLMs. We also find that the explana-
tions could involve misinterpretation of the con-
text; for example, the high-school-level explana-
tion of Mixtral-0.1 on HateXplain (Table 11)
completely reversed the standpoint of the original
text. Furthermore, serious hallucination could oc-
cur in the rationale even when the predicted label
seems correct. In the high-school-level explanation
from OpenChat-3.5 on CAD (Table 12), “idiot”
and “broken in your head” lead to the offensive la-
bel, even if these two terms don’t really exist in the
text; likewise, Mistral-0.2 fabricated a digestive
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condition called “gossypiasis” in the sixth-grade-
level explanation for HealthFC (Table 15). Our
examples may inspire future works to further inves-
tigate perturbed rationale generation.

B Metrics for approximating readability

We referred to three metrics to numerically repre-
sent text readability. The original formulas of the
metrics are listed as below.

Flesch reading ease (FRE) is calculated as fol-
lows:

2
where w; means total words, S; refers to total sen-
tences, and oy represents total syllables.

Gunning fog index (GFI) is based on the for-
mula:

GFI = 0.4(w;/S; +w;/Sy) 3)

where w; represents total words, and S; means
total sentences. w; is the amount of long words
that consists of more than seven alphabets.

The formula of Coleman-Liau index (CLI) goes
as follows:

CLI = 0.0588L — 0.296S — 15.8 4)

where L describes the average number of letters
every 100 words, and S represents the average
amount of sentences every 100 words.



Gold Label: Hate speech

-
Text: pro white married to a wetback he the best there is eat a fucking tide pod

Reference Explanation: The text is labelled as “hate speech” because of expressions against Hispanic.

College High School Middle School m

fLabeI Hate speech

Explanation: The given text
contains hate speech as it uses
derogatory terms such as
“wetback” to refer to a person of
Mexican or Latin American
descent, which is a racial slur. The
text also promotes violence and
harm towards others by
encouraging them to “eat a
fucking tide pod” [...] The text’s
tone and language are [...] also
offensive and discriminatory,
making it a clear example of hate
speech.

Model Output

[I.abel Offensive

Explanation: The text is offensive
because it contains derogatory
terms, such as “wetback”, which is
a racial slur, and uses profanity.
The text also expresses a
discriminatory attitude towards
people of color. The use of
profanity and derogatory language
makes the text offensive and
unacceptable.

(Label Offensive

Explanation: This text contains
hate speech because it uses a
racial slur (“wetback”) and a
derogatory term (“pro white”). It
also includes a harmful and
dangerous suggestion (“eat a
fucking tide pod”). The language is
offensive and promotes hate

towards a specific group of people.

fLabeI Hate speech

Explanation: The text is labeled as
hate speech because it contains
racial slurs (“wetback”) and a
reference to a harmful activity
(“eating a Tide pod”). These words
and actions are offensive and can
cause harm to individuals and
groups. The text also promotes
hate and discrimination against
people of a certain race and
ethnicity.
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Figure 8: An example of model predictions and rationales generated by L1ama-3 on HateXplain along with the
evaluation results. Self-eval refers to TIGERScore rated by L1ama-3.

Coherence
3.2

Coherence
2.8

Coherence
3.2

C Raw evaluation data of model
predictions and rationales

of college, high school, middle school, and sixth
grade.

The appended tables include the raw data presented
in the paper as processed results or graphs. Table 5
denotes task accuracy scores without removing un-
successfully parsed data instances; that is, in con-
trast to Table 2, instances with empty prediction
are considered incorrect here.

Table 6, 7, and 8 respectively include the three
readability scores over each batch, which are visu-
alised in Figure 4. Table 9 provides the detailed
numbers shown in Figure 4. Figure 7 visualizes the
similarity scores, with the exact numbers described
in Table 10. The figure shows that the scores show
rather little variation, with only minor differences
in similarity scores within the same task. On one
hand, such outcome implies that meanings of the
rationales are mostly preserved across readability
levels; on the other hand, this may reflect the con-
straints of both BERT measuring similarity, given
that cosine similarity tends to range between 0.6
and 0.9, and parsing reference explanations out of
fixed rules, which fundamentally limits the lexical
complexity of the standard being used.

In every table, readability of 30, 50, 70, and 90
respectively refers to the prompted readability level

D Human annotation guidelines

Table 16 presents the annotation guidelines, which
describe the four aspects that were to be annotated.
We assigned separate Google spreadsheets to the re-
cruited annotators as individual workspace. In the
worksheet, 20 annotated instances were provided
as further examples along with a brief description
of the workflow.
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Readability 30 50 70 90 o
£ Mistral-0.2 | 48.1 482 515 509 Readability 30 50 70 90
§ Mixtral-o.1 | 417 425 421 427 £ m%s”‘ﬂ:@-z 142 136 122 112
S OpenChat-3.5 | 502 503 520 49.5 g Mixtral-e.1 | I5.1 145 120 107
£ Llama-3 502 50.8% 50.0 495 % OpenChat-3.5 | 13.6 128 114 109

Mistral-0.2 | 81.3* 81.1 787 766 T Llama-3 139 134 123 123
a Mixtral-0.1 | 60.8* 59.6 592 57.9 Mistral-e.2 | 148 143 122 115
3 OpenChat-3.5 | 74.4 754 746 74.6 9 Mixtral-e.1 | 14.1 13.6 124 117

Llama-3 481 462 447 435 O OpenChat-3.5 | 129 123 112 109
. Mistral-e.2 | 339 346 358 36.1 L1lama-3 141 133 121 123
W Mixtral-0.1 | 53.1 50.1 505 532 . Mistral-e.2 [ 127 121 L1 108
& OpenChat-3.5 | 81.8 82.1* 814 820 W Mixtral-e.1 | 11.8 11.6 103 95

Llama-3 40.0 38.0 36.8 3638 (‘;.;. OpenChat-3.5| 10.7 99 9.0 89
0 Mistral-o.2 504 493 504 478 Llama-3 132 123 112 108
£ Mixtral-e.1 | 468 480 469 490 o Mistral-e.2 [ 151 142 134 132
§ OpenChat-3.5| 489 497 497 49.5 L Mixtral-0.1 | 143 140 125 117

L1ama=3 269 292 282 257 S OpenChat-3.5 | 13.6 123 105 10.1

T Llama-3 15.1 142 134 132

Table 5: Raw task accuracy scores (%), in which unsuc-
cessfully parsed model output were considered incorrect.
The best score(s) achieved by a model are starred, and
best accuracy per task are highlighted in bold face.

Table 7: GFI scores of model-generated rationales.

Readabilit 30 50 70 90

Readability | 30 50 70 90 c M::trflall—IQyZ 122 117 108 98
c Mistral-0.2 | 481 509 566 621 5 : : ' e
g M & Mixtral-e.1 | 127 124 107 97
£ Mixtral-0.1 | 448 472 580 64.0 2 ot s | 118 11a 100 o5
® OpenChat-3.5 | 50.7 549 62.0 64.1 g L?ama—3 e s 107 109
T Llama-3 49.1 515 570 56.8 ictraie 7 T1s o 110 105
Mistral-0.2 | 458 47.8 565 59.9 ) : : ' ‘ :
a Mixtral-0.1 | 480 499 555 59.0 g Mixtral-e.1 | 2.1 118 "11.0 104
< O OpenChat-3.5 | 11.0 106 9.7 94
O OpenChat-3.5 | 53.3 56.1 61.6 63.1 Llama-3 122 119 110 11.1
Llama-3 471 500 555 54.6 : : ' ' :

_ Mistral-e.2 | 520 544 600 621 x miit;i:gf i(l)'g i(l)f 190‘22 zf
@ Mixtral-0.1 | 59.5 614 669 718 5 openchats.5 | 110 98 81 81
Ug OpenChat-3.5 | 61.3 66.8 73.3 73.8 B a3 ’ 11'9 11'5 10'7 10'4
Llama-3 511 550 597 62.0 : : ' ' :
N T s e o Mistral-0.2 | 138 132 128 I21
) : : : : : L Mixtral-e.1 | 142 139 126 11.8
L Mixtral-0.1 |413 440 517 562 e s | 140 127 los 104
§ OpenChat-3.5 | 438 511 628 6338 t s P lie 10 1re 1o
T Llama-3 412 442 475 488 Hama=3 138 132 128 126

Table 8: CLI f model- ted rationales.
Table 6: FRE scores of model-generated rationales. able scores 01 model-gefierated rationates
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HateXplain

Readability 30 50 70 90

315 325 373 -393
Mistral-0.2 648 679 784 822
-9.10  -899 -8.90* -8.99
-3.44 -3.68 -382 -4.48
Mixtral-0.1 750 747 782 882
-7.95% -830 -834 -8.73
-3.62 -388 424  -431
OpenChat-3.5 860 966 1,067 1,044
-7.85 753 747 177
341 374 -390 -4.03
Llama-3 701 737 808 782

-9.27  -9.62 -9.16¥ -9.73

CAD

Readability 30 50 70 90

-1.79  -191 -2.53 -2.71
Mistral-0.2 1,135 1,216 1,688 1,768
-8.14 815 -7.74*  -7.87
-2.27 230 277 -3.21
Mixtral-0.1 1,471 1,477 1,786 1,989
-1.57%  -159  -7.63 7.97

-230 229 257 -2.86
OpenChat-3.5 | 1,427 1468 1,652 1,769
-823  -798 -7.90% -8.30
-3.04 -358 417 -4.52
Llama-3 1,399 1,557 1,747 1,774
-9.16%* 959 -9.77  -10.59

SpanEx

Readability 30 50 70 90
-2.76 -2.88 -3.31 -3.52
Mistral-0.2 1,193 1,235 1,472 1,479
-8.64 -8.75  -8.51*  -8.90
-3.29 -3.28 -3.82 442
Mixtral-0.1 1,552 1,578 1,820 1,994
=743 -7.18% 741 -7.83
-1.85 -2.18 -2.95 -3.18
OpenChat-3.5 916 991 1,299 1,322
-7.45%  -7.98 -8.30  -8.88
-3.86 -4.48 -5.25 -5.41
Llama-3 1,500 1,714 1,914 1,926

-9.25 -9.19* -9.31 9.71
HealthFC
Readability 30 50 70 90

-1.20 -094 -1.07 -1.11
Mistral-o.2 169 165 158 179
-5.09 -4.02% 483 -4.49
-1.96 -1.72 -2.01 -2.16
Mixtral-0.1 246 236 238 256
-5.11  -4.67%  -542  -553

HateXplain
Readability | 30 50 70 90

Mistral-0.2 | 73.7 73.8 73.9% 73.6
Mixtral-0.1 739 74.5*% T4.5*% 743
OpenChat-3.5 | 742 75.0* 749 749

L1ama-3 743 746 747 T4.9%
CAD
Readability | 30 50 70 90

Mistral-0.2 | 80.8* 80.5 79.0 78.5
Mixtral-0.1 78.5% 784 719 T1.3
OpenChat-3.5 | 80.6* 80.4 79.7 79.4

Llama-3 80.1* 79.8 78.6 79.0
SpanEx
Readability | 30 50 70 90

Mistral-0.2 | 79.9* 79.9%* 794 79.1
Mixtral-0.1 78.1*% 7777 715 76.6
OpenChat-3.5 | 80.3* 80.3* 79.5 794

Llama-3 78.1 78.3*% 781 782
HealthFC
Readability | 30 50 70 90

Mistral-0.2 | 86.3* 86.1 85.0 84.1
Mixtral-0.1 84.6 852* 850 842
OpenChat-3.5 | 86.2* 85.6 83.3 83.2
Llama-3 824 822 823 82.6*

-3.15 -3.28 -380 -4.10
OpenChat-3.5 380 362 397 411

-5.86%  -6.34 -6.73 -7.10

-6.49 -6.39 -6.77 -6.99
Llama-3 513 484 497 496

Table 10: BERT similarity scores between rationale
and reference explanation (%). For each task, star sign
marks out the best score(s) achieved by each model, and
bold font highlights the task-specific highest score.

9.08% 932 955 973

Table 9: TIGERScore of the model-generated rationales.
For each model, the first score is full-batch TIGER-
Score, which averages among all instances. The second
number denotes the number of non-zero instances, and
the third row shows non-zero TIGERScore, where in-
stances scoring 0 were removed. Bold font highlights
the best full-batch scores. The highest amount of non-
zero instances are underlines. And the best non-zero
scores are starred.
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Readability: Which readability level best describes the rationale?

Level Description Example
College Advanced English, often featuring | The senators said allowing Russia to host the World Cup “inappro-
elaborative discourse or terms. priately bolsters the prestige of the (Russian President Vladimir)
Putin regime.”
High school Plain English, typical for ordinary | The senators say Russia’s role in the Ukraine crisis and occupa-
documents. tion of Crimea should be condemned.
Middle school Fairly easy to read, with some de- | US senators call on FIFA to move the 2018 World Cup from
tails but in informal language. Russia. 13 Democratic and Republican US lawmakers signed the
letter.
Sixth grade Easy to read, colloquial as con- | 13 US senators call for Russia to be removed as hosts of the 2018
sumer conversation World Cup. They say the decision should be made in 2017.

Coherence: How reasonable is the logical flow of the rationale put together and connected?

Level

Example

4. very reasonable

This text uses language that is disrespectful and hurtful towards someone based on their political
beliefs. It is considered offensive language, even though there is no hate speech towards a specific
group mentioned in the text.

3. somewhat reasonable

This text seems offensive to some people because it uses a hurtful term not only towards feminists,
but also towards lesbians. It might make some people feel insulted or disrespected.

2. somewhat unreason-
able

This text is offensive because it makes light of a serious issue, rape. It’s not a joke and it’s not
OK to make fun of something like that. It’s important to treat serious issues with respect and
sensitivity.

1. very unreasonable

This text expresses a strong opinion against chain migration, a process that allows immigrants to
bring their family members to live with them in the US. This type of expression is common in
everyday conversations and debates, it is not considered offensive or hate speech as it does not
include any derogatory language towards any specific group of people.

Informativeness: How much sufficient information is provided to support the model-predicted answer?

Level

Example

4. very sufficient

The text is a simple question that doesn’t contain any hate speech or offensive language towards
any target group. It concerns the Marvel Cinematic Universe and a report by Matthew del Tobo,
and there’s no indication of any community standards violations in the text.

3. somewhat sufficient

The word “towel head” is not a kind or respectful way to talk about people with Middle Eastern
or Muslim heritage. Using this name can hurt and stereotype people based on their background.
We should always use kind and respectful words when talking about people.

2. somewhat insufficient

The text does not contain any offensive, derogatory, or hateful language towards a specific target
group. It is a simple request for information.

1. very insufficient

This text is considered normal because it’s not explicitly offensive, hateful, or targeting any
specific group.

Accuracy: Do you agree with the model predicted answer? (Note: Please be aware of the difference between offensive

and hate speech.)

Label Description Example

normal Texts that hardly violate individuals | you know what i like to do when i come to california get raped
or groups. by the gas prices

offensive Expressions that discomfort or an- | Twitter is full of tween dikes who think they’re superior because

noy certain individuals or groups,
often through labels or remarks.

of “muh oppression.” News flash: No one gives a shit.

hate speech

Languages that incite discrimina-
tion, violence, or hostility against
particular individuals or groups.

A nigress too dumb to fuck has a scant chance of understanding
anything beyond the size of a dick

Table 16: Annotation guidelines provided to the annotators.
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