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Abstract
Large Language Models increasingly rely on self-explanations, such as chain of thought reasoning, to improve
performance on multi step question answering. While these explanations enhance accuracy, they are often verbose
and costly to generate, raising the question of how much explanation is truly necessary. In this paper, we examine the
trade-off between sufficiency, defined as the ability of an explanation to justify the correct answer, and conciseness,
defined as the reduction in explanation length. Building on the information bottleneck principle, we conceptualize
explanations as compressed representations that retain only the information essential for producing correct answers.
To operationalize this view, we introduce an evaluation pipeline that constrains explanation length and assesses
sufficiency using multiple language models on the ARC Challenge dataset. To broaden the scope, we conduct
experiments in both English, using the original dataset, and Persian, as a resource-limited language through
translation. Our experiments show that more concise explanations often remain sufficient, preserving accuracy while

substantially reducing explanation length, whereas excessive compression leads to performance degradation.

Keywords:large language models, self-explanation,

ciseness, question answering

Code Availability Statement. To ensure re-
producibility, all source code and experimental
materials associated with this work are publicly
available at: https://github.com/alizahedzadeh/
LLM-Self-Explanation-IB-Bilingual

1. Introduction

When people answer complex exam questions,
they are often expected not only to select the cor-
rect option but also to demonstrate their reasoning.
Large Language Models (LLMs) are increasingly
encouraged to do the same. Recent prompting
strategies show that generating self-explanations
most prominently chain of thought reasoning can
substantially improve performance on reasoning in-
tensive tasks (Wei et al., 2022). Instead of directly
predicting an answer, the model first produces in-
termediate reasoning steps, which increases the
likelihood of success.

Over time, several techniques have been pro-
posed to refine this approach. Self-explanation
prompting has been shown to enhance comprehen-
sion in dialogue understanding tasks (Gao et al.,
2024), while models are also capable of produc-
ing spontaneous self-explanations in general rea-
soning scenarios (Huang et al., 2023). These ad-
vances underline the value of explanations, not
only for accuracy but also for transparency and
interpretability.

However, more explanation is not always bet-
ter. Models frequently generate verbose, repetitive,
and sometimes misleading reasoning traces. Prior
studies have warned that self-explanations are not

information bottleneck, explanation sufficiency, con-

guaranteed to faithfully reflect a model’s actual de-
cision process (Madsen et al., 2024; Lyu et al.,
2024). Long chains also increase latency and com-
putational cost, while many reasoning steps are
unnecessary to reach the correct answer. This
raises a fundamental question: How concise can
an explanation be while still sufficient to justify the
answer?

From a theoretical perspective, this question con-
nects to the Information Bottleneck (IB) framework,
originally introduced by Tishby et al. (Tishby et al.,
2000). The IB principle formulates learning as
finding compressed representations that discard
irrelevant information while preserving what is pre-
dictive of the target. This framework was later
extended to deep learning (Tishby and Zaslavsky,
2015; Saxe et al., 2018) and generalized in more
recent analyses that relate compression to gen-
eralization and interpretability (Kawaguchi et al.,
2023; Westphal et al., 2025). From this viewpoint,
a good explanation should be a minimal sufficient
representation retaining just enough information to
justify the prediction.

Recent work has begun to explore this balance
between sufficiency and conciseness. Bassan et al.
(Bassan et al., 2025) propose generating concise
yet sufficient explanations through self-explaining
neural architectures, while Bharti et al. (Bharti
et al., 2024) and Amoukou and Brunel (Amoukou
and Brunel, 2022) formalize sufficiency and neces-
sity as distinct dimensions of interpretability. Still,
a systematic, large-scale investigation of the suf-
ficiency—conciseness trade-off in LLM-generated
self-explanations is limited, particularly across dif-
ferent languages and reasoning settings.
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In this work, we address this gap with an em-
pirical study of explanation sufficiency under com-
pression. We progressively constrain the length
of explanations generated to answer questions in
the ARC dataset (Clark et al., 2018), focusing on
the ARC-Challenge subset, which requires multi-
step reasoning beyond surface retrieval., in both
English and Persian settings. Persian is included
as a resource-limited language to broaden the eval-
uation scope. Sufficiency is assessed with a probe
LLM model (Qwen 1.7B), while conciseness is
measured by explanation-length reduction.

Our contributions are as follows:

+ We formalize sufficiency and conciseness
as complementary dimensions of explanation
quality, grounded in the Information Bottleneck
perspective (Tishby et al., 2000).

* We propose a general evaluation pipeline to
test explanation sufficiency under progressive
length constraints.

+ We conduct the first bilingual study of explana-
tion sufficiency, in English and Persian, iden-
tifying length thresholds for efficient yet suffi-
cient self-explanations in large language mod-
els.

By quantifying the trade-off between sufficiency
and conciseness, our work advances the study of
explanation aware reasoning and provides practi-
cal insights for designing more efficient and trust-
worthy language models.

2. Related Work

2.1. Explainable Al and Attribution
Methods

Early work in explainable artificial intelligence fo-
cused on interpreting predictions of black-box mod-
els through feature attributions and visualization
techniques. LIME (Ribeiro et al., 2016) and SHAP
(Lundberg and Lee, 2017) introduced post-hoc
local explanation frameworks that approximate
complex models with interpretable surrogates or
Shapley-based attributions. Integrated Gradients
(Sundararajan et al., 2017) provided a theoreti-
cally grounded method for attributing deep network
predictions, while saliency maps (Simonyan et al.,
2014) and attention mechanisms (Vaswani et al.,
2017; Bahdanau et al., 2016; Wiegreffe and Pinter,
2019) visualized input contributions in neural mod-
els. These approaches typically rely on gradient
access or model internals. In contrast, our method
evaluates explanation sufficiency in a black-box set-
ting requiring only model outputs which is crucial
for evaluating proprietary large language models
(LLMs) accessible solely via APls.

2.2. Chain of Thought and
Self-Explanations

Prompting strategies such as Chain-of-Thought
(CoT) reasoning (Wei et al., 2022) and zero-shot
reasoning (Kojima et al., 2022) demonstrate that
eliciting intermediate reasoning steps improves per-
formance on complex tasks. Subsequent research
refined this idea through self-consistency decod-
ing (Wang et al., 2023), least-to-most prompting
(Zbou et al., 2023), self-ask decomposition (Press
et al., 2023), and concise reasoning chains that
perform comparably to verbose ones (Renze and
Guven, 2024), which enhance reasoning reliabil-
ity. Other approaches, such as ReAct prompting
(Yao et al., 2023), integrate reasoning with tool
use, while reflective prompting (Renze and Guven,
2025) encourages the model to critique and re-
vise its own answers. Surveys such as (Zhang
et al., 2024) summarize these developments. Col-
lectively, these works establish that explicit reason-
ing boosts accuracy and interpretability but they do
not address how minimal an explanation can be
while remaining sufficient.

2.3. Faithfulness and Sufficiency of
Explanations

The faithfulness of model explanations has long
been a central concern. ERASER (DeYoung
et al., 2020) formalized metrics such as sufficiency
and comprehensiveness for evaluating rationalized
NLP models, while Jacovi and Goldberg (Jacovi
and Goldberg, 2020) clarified the conceptual dis-
tinction between interpretability and faithfulness.
Hase and Bansal (Hase and Bansal, 2022) pro-
posed frameworks for analyzing when models truly
learn from explanations. More recent studies have
extended these ideas to LLM self-explanations:
Madsen et al. (Madsen et al., 2024) demonstrated
that self-generated reasoning is often unfaithful to
internal model behavior, and Huang et al. (Huang
et al., 2023) found that explanations may be ver-
bose, redundant, or misleading. These findings
motivate direct evaluation of sufficiency whether
explanations enable accurate prediction indepen-
dent of surface plausibility.

2.4. Conciseness and Length Control

Renze and Guven (Renze and Guven, 2024)
showed that concise reasoning chains can perform
comparably to verbose ones, and Xu et al. (Xu
et al., 2025) proposed “Chain of Draft,” generating
short but informative reasoning traces. Gu et al.
(Gu et al., 2025) developed a black-box iterative
framework for precise length control without model
modification, and Wu et al. (Wu et al., 2024) ob-
served that excessively long explanations can even
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degrade reasoning quality. Despite this growing
interest, no prior study has systematically quanti-
fied the sufficiency—conciseness trade-off in LLM
self-explanations.

2.5. Information Bottleneck and

Explanations

The Information Bottleneck (IB) framework (Tishby
et al., 2000) views learning as compressing input
representations while preserving task-relevant in-
formation. Later developments in deep learning
(Tishby and Zaslavsky, 2015; Saxe et al., 2018;
Kawaguchi et al., 2023; Westphal et al., 2025) ex-
tended this idea to representation learning. In the
context of explainability, IB has inspired methods
that treat explanations as compressed yet sufficient
rationales (Paranjape et al., 2020; Li et al., 2023).
Our study builds upon this perspective, viewing
concise self-explanations as information-efficient
justifications that retain predictive sufficiency.

2.6. Multilingual Self-Explanations

Recent research has explored reasoning and ex-
planation transfer across languages. Shi et al.
(Shi et al., 2022) showed that LLMs can gener-
alize Chain-of-Thought prompting to multiple lan-
guages, while Barua et al. (Barua et al., 2025) ex-
amined multilingual reasoning with longer chains.
Surveys such as Ponti et al. (Ponti et al., 2023) dis-
cuss persistent gaps in cross-lingual explanation
fidelity. However, empirical work on sufficiency and
conciseness in non-English contexts remains lim-
ited. Our bilingual experiments on the ARC dataset
(Clark et al., 2018) fill this gap by comparing En-
glish and Persian explanations under progressive
compression.

3. Methodology

3.1.

Our study builds on the Information Bottleneck prin-
ciple (Tishby et al., 2000), which frames learning as
the problem of compressing input representations
X into a bottleneck variable Z while preserving
information relevant to the target Y. The general
objective of the information bottleneck is

Theoretical Background

max [(2;Y) = BI(X; 2), (1)

where I(-;-) denotes mutual information and
is a balance parameter. In this framework, suf-
ficiency corresponds to maximizing I(Z;Y) so that
the explanation Z retains information required to
justify the correct answer Y, while conciseness
corresponds to minimizing I(X;Z) so that the

explanation does not redundantly encode irrele-
vant parts of the input X. Verbose explanations
increase I(X;Z) without necessarily improving
I(Z;Y), whereas overly short explanations risk los-
ing sufficiency. Our approach operationalizes this
trade off by constraining the length of explanations
and analyzing whether sufficiency is preserved un-
der these constraints.

Directly computing the mutual information terms
in the Information Bottleneck objective is intractable
for large language models. This is primarily due to
their black-box nature, which prevents access to
the internal probability distributions required for
such calculations. Therefore, we use practical
proxy metrics to approximate the trade-off. We
define Sufficiency as the probability the model as-
signs to the correct answer given an explanation,
and Conciseness as the reduction in the explana-
tion’s length. This allows us to empirically evaluate
the balance between generating informative and
brief explanations.

3.2. Constrained Explanation Generation

Let Z denote the full length explanation generated
for a given question. To study conciseness, we
prompt the model to regenerate its explanation
under explicit word length constraints. For each
constraint level v € {10,20,...,90}, we instruct
the model to produce an explanation Z, whose
length is at most (1 — v/100) fraction of the length
of Z. For example, if Z contains 50 words, then at
the 20 percent constraint the model is required to
produce an explanation of no more than 40 words.
The unconstrained explanation is denoted 7, :=
Z. This procedure ensures that conciseness is
enforced directly during generation rather than by
post hoc trimming.

3.3. Sufficiency Evaluation

Evaluation is performed using an asymmetric
setup: while multiple models generate explana-
tions, a single fixed scorer model M is employed to
assess sufficiency across all conditions, ensuring
comparability. For each constrained explanation
Z,, we construct a prompt P, comprising the ques-
tion @, the explanation Z,, and the set of answer
options O = {A, B,C, D}. The scorer model out-
puts a probability distribution

p(o| P,) foreachoe O. (2)

Let y denote the gold-standard answer. We de-
fine sufficiency as the probability assigned by the
scorer to the correct answer given the explanation:

Sufficiency(Z,) = p(y | Py)- (3)

This metric directly quantifies the extent to which
the explanation supports the correct answer. For
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reference, we also evaluate a baseline prompt
P, oeqp €xcluding any explanation. This comparison
reveals the increase in the scorer’s confidence at-
tributable to explanatory content, while sufficiency
itself remains defined independently as p(y | P,).

To prevent answer leakage, generated explana-
tions are post-processed: any explicit mentions
of answer option letters (A, B, C, D) or verbatim
copies of option texts are replaced with a [MASK]
symbol. This ensures that sufficiency measures
genuine explanatory reasoning rather than superfi-
cial cues.

Algorithm 1: Computing Sufficiency with a

Fixed Scorer

Input: Dataset D of items (Q, O, y, Z,) with
O ={A, B,C, D}; fixed scorer model
M

Output: Per-item sufficiency scores

{Sufficiency(Z,)}, and their mean

Function ScoreOptions(M, P):

foreach o € O do

L Ip[o] + sum of token log-probabilities

that M assigns to the string " o”

conditioned on P
return softmax(Ip) ;
p(o| P) over O

nitialize list S < [];
oreach (Q,0,y,Z,) € Ddo
P, «+ prompt formed from (Q, Z,, O)
with suffix "The answer is ";
p < ScoreOptions(M, P,) ;
/1 plo] =plo| Py)
S.append(p[y]) ;
// Sufficiency(Z,) = p(y | P,)

// distribution

- —
[

1
return S, S Z s:

ses

We also report the dataset-level mean sufficiency,

- 1
Sufficiency = ﬁ Z p(y | Py).
(Q,0,y,Z,)€D

3.4. Conciseness Measurement

Conciseness is measured by the relative reduction
in explanation length enforced during generation.
At each constraint level v, the explanation Z, is
shorter by v% compared to the unconstrained ex-
planation Z,. By evaluating sufficiency across all
levels, we can empirically analyze the trade-off be-
tween conciseness and sufficiency predicted by
the information bottleneck framework.

3.5. Pipeline Summary

The complete pipeline consists of three stages as
illustrated in Figure 1. First, explanations are gener-

ated by multiple models under a shared prompting
scheme. Second, constrained versions of each
explanation are generated at predefined reduction
levels through explicit length control in the prompt.
Third, the fixed scorer model evaluates all expla-
nations and returns sufficiency values defined as
probabilities assigned to the correct answer. Base-
line runs without explanations are included for com-
parison. Throughout the pipeline, structured log-
ging and storage in the Comma-Separated Values
(CSV) format ensure reproducibility and enable
systematic quantitative analysis.

Step 1: Explanation Generation
Generate unconstrained explanations Z,

Step 2: Constrained Generation
Length-limited explanations Z,

Step 3: Sufficiency Evaluation
Assign p(y | P,) for each explanation

Figure 1: Pipeline of the proposed methodology.
Explanations are generated by LLMs, then regen-
erated under explicit length constraints, and fi-
nally evaluated for sufficiency using a fixed scorer
model.

4. Experimental Setup

4.1. Dataset

We conducted all experiments on the ARC Chal-
lenge dataset (Clark et al., 2018), a benchmark
of multiple choice science questions designed to
test advanced reasoning capabilities. The dataset
contains 7,787 questions in total, divided into an
Easy Set and a Challenge Set. The Challenge
Set, which we use in this study, consists of 2590
four choice questions that are known to be diffi-
cult for retrieval based and co-occurrence based
algorithms. Each question requires non-trivial rea-
soning rather than surface level matching.

To broaden the scope of evaluation, we also
create a Persian version of the dataset by trans-
lating the original English questions and answer
options. Persian is included as a resource-limited
language to evaluate the robustness of explanation
sufficiency across linguistic settings.
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4.2. Models and Prompting

We evaluated seven large language models
from diverse providers as explanation genera-
tors: GPT-40-mini (Hurst and et al., 2024) (Ope-
nAl), Claude 3 Haiku (Anthropic, 2024) (Anthropic),
Llama 4 Scout (Meta Al, 2025) (Meta, 109 bil-
lion total parameters with 17 billion active in
MoE architecture (Sanseviero et al., 2023; Mu
and Lin, 2025)), Gemini 2.0 Flash (Gemini Team,
2024) (Google), Cohere Command R (Cohere,
2024) (Cohere, 35 billion parameters), DeepSeek-
V3.1 (DeepSeek-Al, 2025) (DeepSeek, 671 billion
total parameters with 37 billion active in MoE ar-
chitecture (Sanseviero et al., 2023; Mu and Lin,
2025)), and Mistral Small 3.1 (Jiang and et al.,
2024) (Mistral, 24 billion parameters). These mod-
els were selected for their cost-effectiveness, as
the evaluation required generating outputs in mul-
tiple length variants, which would have incurred
substantial expenses if more advanced models
had been employed. The variation in parameter
counts, including dense and Mixture-of-Experts
(MoE) architectures, further supports efficient in-
ference while maintaining diverse capabilities. All
models were accessed through the unified Open-
Router API (OpenRouter Al, 2025), which stan-
dardizes query parameters and temperature con-
trol across providers. A single fixed scorer model,
Qwen3 1.7B (Yang and et al., 2025), was used to
evaluate explanation sufficiency, ensuring consis-
tent judgments across all generated explanations.
All models are prompted with a uniform template.
Each model is instructed to produce a final predic-
tion in the form of one option among A, B, C, or
D, and to accompany it with a natural language
explanation. For length constrained variants, mod-
els are instructed to regenerate their explanations
under explicit word length limits defined as percent-
ages of the original explanation length. Prompt
templates are provided in the final version of this

paper.

4.3.

We evaluate on the full 2590 question ARC Chal-
lenge dataset. For each generated explanation, we
create multiple constrained versions corresponding
to nine reduction levels ranging from 10 percent
to 90 percent of the original explanation’s length.
To prevent answer leakage, we apply masking to
all explanations prior to evaluation. If an explana-
tion explicitly mentions option labels (A, B, C, D)
or copies answer text verbatim, such tokens are
replaced with a [MASK] symbol. The scorer model
then evaluates sufficiency for each explanation by
assigning probabilities to the four answer options.
All runs are executed in Python with structured
logging and storage in CSV format to facilitate re-

Implementation Details

producibility.

5. Results

In this section, we present our experimental find-
ings on the ARC-Challenge dataset in both English
and Persian. We evaluate the quality of model-
generated explanations under progressively tighter
length constraints using four complementary met-
rics that jointly capture task performance, explana-
tory sufficiency, and semantic preservation:

1. Accuracy: the proportion of correctly pre-
dicted answers produced by the model. This
metric reflects the overall task performance
and serves as a direct measure of reasoning
success.

2. Sufficiency: the probability assigned by the
fixed scorer model to the correct answer, given
the explanation. This metric quantifies how
effectively an explanation enables the correct
prediction, independent of surface plausibility.

3. Embedding Similarity: the cosine similarity
between sentence-level embeddings of the
base explanation and its compressed variant.
This measures semantic alignment and helps
determine whether shorter explanations retain
the same meaning.

Together, these three perspectives allow us to
systematically investigate the trade-off between
conciseness and explanatory adequacy.

5.1. Baseline Performance of the Scorer
Model

Before analyzing the effect of explanations on suf-
ficiency, we first report the baseline performance
of the scorer model itself. In this setting, the model
only receives the question and the answer options,
without any explanation. We measure two metrics:

» Baseline Accuracy: the percentage of cases
where the selected option by the scorer model
matches the gold answer.

- Baseline Sufficiency: the average probabil-
ity assigned to the gold option by the scorer
model in the absence of explanations.

This baseline provides a reference point for in-
terpreting subsequent improvements or declines
when explanations are added or shortened. The
results are presented in Table 1.
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Table 1: Baseline accuracy (%) and sufficiency (%)
of the scorer model without explanations.

Language Accuracy Sufficiency

71.17 80.71
47.85 72.82

English
Persian

5.2. Embedding Similarity Analysis

Beyond accuracy and sufficiency, we further ana-
lyze the semantic stability of explanations under
progressive compression. This analysis measures
how closely shortened explanations preserve the
original meaning, thereby quantifying the extent of
semantic drift caused by conciseness constraints.
For each question, we encode both the base expla-
nation Z, and its length-limited variants (Z19o—Z)
using the Qwen/Qwen3-Embedding-0.6B model. We
then compute the cosine similarity between the
embedding vectors of each pair and average the
results over the dataset. The resulting score lies
in the range [0, 1], where higher values indicate
stronger preservation of meaning. To visualize
cross-model and cross-language patterns, we re-
port the mean similarity across all constraint levels
as a heatmap (Figure 2). Each cell represents
the average embedding similarity between the un-
constrained explanation and its compressed coun-
terpart for a specific model and constraint level.
Darker shades correspond to higher semantic over-
lap. Overall, the heatmaps reveal a consistent
downward gradient from left to right, indicating
semantic drift under compression. However, the
rate of degradation varies across models and lan-
guages. In English, models such as Claude 3
Haiku and Gemini 2.0 Flash maintain relatively
high similarity scores (above 0.80) at moderate
compression levels, suggesting that their expla-
nations are more information-dense. In contrast,
Persian explanations degrade more sharply after
the 40% level, reflecting both linguistic complex-
ity and lower model exposure to Persian training
data. Larger models like DeepSeek-V3.1 (671 bil-
lion total parameters) exhibit sustained similarity
above 0.80 in English, potentially due to greater
information redundancy. Interestingly, semantic
similarity does not always align with sufficiency:
even when explanations remain semantically close
to the original (sim > 0.85), their sufficiency scores
can drop noticeably. This observation indicates
that beyond lexical or semantic preservation, struc-
tural and causal cues in the explanation are also
essential for maintaining reasoning effectiveness.

5.3. Overall Accuracy and Sufficiency

Table 2 reports accuracy and sufficiency scores
for all seven LLMs using full explanations (Z,) on

the ARC Challenge dataset. Results are shown for
both the original English setting and the Persian
translated version. Across all models, explana-
tions substantially improve performance compared
to the no-explanation baseline (presented in Ta-
ble 1), confirming that self-explanations provide
critical support for reasoning. However, we also
observe a consistent gap between English and Per-
sian performance, reflecting the increased difficulty
of reasoning in a resource-limited language. As
seen in Table 2, all models achieve higher accuracy
and sufficiency with explanations, with DeepSeek
V3.1 and Mistral Small 3.1 performing strongest in
English, while GPT-40-mini and Gemini 2.0 Flash
lead in Persian. Persian results consistently lag be-
hind English, highlighting the challenges of apply-
ing explanation-based reasoning in low-resource
linguistic settings. Notably, larger models such as
DeepSeek-V3.1 (671 billion total parameters) excel
in English, whereas smaller ones like GPT-40-mini
(8 billion parameters) demonstrate resilience in
Persian, suggesting that parameter scale interacts
with language-specific training.

5.4. Effect of Conciseness on Accuracy
and Sufficiency

We next analyze how progressively shortening ex-
planations impacts both task accuracy and suffi-
ciency. Figures 3 and 4 present results across all
generator models on the ARC Challenge dataset in
Persian and English, respectively. Several consis-
tent patterns emerge. First, both accuracy and
sufficiency decrease as explanations are short-
ened, confirming that longer explanations gener-
ally provide more reliable reasoning support. Sec-
ond, the degradation is steeper in Persian com-
pared to English, reflecting the additional difficulty
of generating effective concise explanations in a
low-resource language. Third, model differences
are evident: in English, DeepSeek V3.1 and GPT-
40-mini demonstrate greater robustness, maintain-
ing accuracy scores above 0.84 even at 90% con-
straint levels, whereas LLaMA 4 Scout and Mistral
Small 3.1 exhibit sharper declines, dropping below
0.75. In Persian, Gemini 2.0 Flash and Claude 3
Haiku preserve performance more effectively under
high compression, with sufficiency scores remain-
ing above 0.66 at 90% constraints, compared to
steeper drops in models like Cohere Command R
and Mistral Small 3.1. These variations suggest
that differences in instruction-following capabilities,
multilingual training, and alignment may contribute
to enhanced robustness under conciseness con-
straints.
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Embedding Similarity Across Models (Persian)
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Figure 2: Average embedding similarity between base and length-constrained explanations across models
and constraint levels, shown as heatmaps for Persian (left) and English (right). Darker shades indicate

stronger semantic preservation.

Table 2: Accuracy and sufficiency (%) with full explanations (Z,) for all models on ARC Challenge in

English and Persian.

Model English Acc English Suff Persian Acc Persian Suff
GPT-40-mini 89.34 86.18 82.60 79.18
Claude 3 Haiku 86.20 83.05 78.38 74.77
LLaMA 4 Scout 89.76 86.76 79.62 75.81
Gemini 2.0 Flash 89.77 85.74 82.06 78.08
Cohere Command R 85.00 81.81 69.23 66.12
DeepSeek V3.1 90.74 87.32 80.24 76.60
Mistral Small 3.1 90.00 86.18 75.04 71.63

Sufficiency Across Models (Persian)

—- Va1
- Mistral 3.1 Small

Sufficiency Score

0% 40%  50%
Constraint Level

60%

Accuracy Across Models (Persian)

Accuracy Exp Score

0% 40%

50%
Constraint Level

60%

Figure 3: Sufficiency (up) and Accuracy (down)
across explanation length constraints in Persian.

6. Conclusion

Our work examined the trade-off between expla-
nation sufficiency and conciseness in large lan-
guage models through the lens of the Information
Bottleneck principle. We proposed a systematic

Sufficiency Across Models (English)

Sufficiency Score

0%  30% 60%

%
Constraint Level

Accuracy Across Models (English)

Accuracy Exp Score

50%
Constraint Level

0% 40%

Figure 4: Sufficiency (up) and Accuracy (down)
across explanation length constraints in English.

evaluation pipeline to constrain and assess self-
explanations, applying it to both English and Per-
sian versions of the ARC-Challenge dataset. Our
findings reveal that explanations can often be sub-
stantially shortened while preserving sufficiency,
indicating that many reasoning chains contain re-
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dundant steps. This suggests that concise explana-
tions not only reduce computational cost but also
align more closely with human-like efficiency in rea-
soning. Future work will extend the framework to
open-ended tasks, investigate automatic concise-
ness control, and explore sufficiency preservation
under multilingual and multimodal conditions.

7. Ethical Considerations

All datasets and models employed in this research
are publicly available and adhere to established
ethical guidelines for Al research. The ARC-
Challenge dataset comprises 2,590 genuine grade-
school-level, multiple-choice science questions de-
signed to advance question-answering methodolo-
gies, with no inclusion of personal, sensitive, or
identifiable information. The Persian translation
of the dataset was generated automatically and
manually reviewed for fidelity, ensuring it contains
no human-identifiable content or biases that could
arise from mistranslation. All large language mod-
els were accessed via official APls in full compli-
ance with their respective usage policies, mitigat-
ing risks associated with unauthorized data han-
dling. No human subjects participated in this study,
thereby eliminating concerns related to informed
consent or privacy. Additionally, we acknowledge
potential environmental impacts from LLM infer-
ence and advocate for energy-efficient practices in
future extensions of this work.
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A. Model Specifications and Computational Infrastructure

To ensure full replicability and address concerns regarding potential evaluation bias from a single scorer,
we provide comprehensive details of the models and hardware used in our study. While the primary
experiments were conducted using Qwen3-1.78B, we introduced two additional open-source scorers to
verify that the observed sufficiency—conciseness trade-off is stable across different architectures.

1.1. Model Selection and Roles

We utilize a diverse set of models categorized by their specific roles in the study. All local evaluation and
embedding models are hosted on our internal GPU infrastructure.

Table 3: Summary of models used for inference, evaluation, and semantic analysis. All generator models
were utilized to produce both base (Z,) and concise (Z,) versions.

Model Name Provider Access Type Role in Study
GPT-40-mini OpenAl API Base & Concise Generation
Claude 3 Haiku Anthropic  API Base & Concise Generation
Llama 4 Scout Meta API Base & Concise Generation
Gemini 2.0 Flash Google API Base & Concise Generation
Cohere Command R Cohere API Base & Concise Generation
DeepSeek-V3.1 DeepSeek API Base & Concise Generation
Mistral Small 3.1 Mistral API Base & Concise Generation
Qwen3-1.7B Alibaba Local Primary Scorer (Sufficiency)
Gemma-3-4B-PT Google Local Stability Validation Scorer
Llama-3.2-3B Meta Local Stability Validation Scorer
Qwen3-Embed-0.6B  Alibaba Local Embedding (Similarity Check)

1.2. Experimental Stability and Multi-Scorer Validation

To ensure the robustness of our results, we conducted a cross-model stability analysis. The consistency
of sufficiency scores across the different model families (Qwen, Gemma, and Llama) confirms that the
performance degradation observed under extreme conciseness is a generalizable phenomenon.

1.3. Hardware and Hyperparameters

All'local evaluation tasks were executed on a GPU server to maintain consistent environmental conditions.
* GPU Hardware: NVIDIA Quadro RTX 6000 with 24 Gb of VRAM.
+ Inference Settings: For consistency across all model types, the temperature was set to 0.3.

» Token Limits: The max_tokens parameter was set to None to allow models to generate complete
explanations without truncation.

» Environment: Local models were run using the transformers library in a Linux-based environment.
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B. Prompt Templates

This appendix provides the complete set of prompt templates utilized across both English and Persian
datasets to ensure structural consistency and facilitate the Information Bottleneck (IB) operations. These
templates are designed to maximize replicability in accordance with reviewer feedback.

2.1. System Role and Universal Constraints

A foundational system prompt was utilized for all seven inference models to enforce strict output formatting.

System Prompt

You are a reasoning assistant for multiple-choice QA.
Always respond in this exact format:

<prediction>[A/B/C/D]</prediction>
<explanation>[Your short explanation]</explanation>

2.2. Base Generation (Z,) Templates

The following templates were used for the initial elicitation of unconstrained self-explanations. The Persian
template was specifically crafted to ensure the model responds in Persian while maintaining the same
logical constraints as the English version.

English Base Template

You are given a multiple-choice question.

Step 1: Based on your knowledge and reasoning, select the most likely correct answer.
Step 2: Justify your answer with clear reasoning and explanation.

Instructions:

- Use logical reasoning to determine the best answer.

- Do not reference the other answer options in your explanation.
- Keep the explanation concise but informative (2-4 sentences).

Question: {question}
Options: A) {option_A} | B) {option_B} | C) {option_C} | D) {option_D}

Respond in this format:
<prediction>[A/B/C/D]</prediction>
<explanation>[Your reasoning and justification for the answer]</explanation>
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Persian Base Template

You are given a multiple-choice question written in *xPersian*x.

Step 1: Based on your knowledge and reasoning, select the most likely correct answer.
Step 2: Justify your answer with clear reasoning and explanation.

Instructions:

- Use logical reasoning to determine the best answer.

- Do not reference the other answer options in your explanation.

- Read the question and options carefully (they are in Persian).

- Choose the most likely correct option (A, B, C, or D).

- Keep the explanation concise but informative in **Persian languagex* (2-4 sentences).
- Provide clear reasoning for your choice.

Question: {question}
Options: A) {option_A} | B) {option_B} | C) {option_C} | D) {option_D}

Respond in this format:
<prediction>[A/B/C/D]</prediction>
<explanation>[Your explanation in Persian]</explanation>

2.3. Information Bottleneck: Concise Rewrite Prompt

To implement the conciseness-sufficiency trade-off, we utilized a targeted rewrite prompt. This phase
enforces a strict word count (target_words + 2) and prohibits the use of option labels or direct keyword
copying to ensure the scorer relies on reasoning rather than surface-level patterns.

IB Concise Rewrite Template

You are given a multiple-choice question, its options, and a previous explanation.

Your task:

- Keep the predicted answer fixed: {prediction}.

- Rewrite the explanation in a shorter, more concise version.

- Limit the rewritten explanation to about {target_words} words (+/- 2 words).
- Do NOT mention option letters (A/B/C/D) in the explanation.

- Do NOT copy option texts or keywords directly.

- Focus only on the reasoning behind the correct choice.

Question:
{question}

Options:

A) {choices_A}
B) {choices_B}
C) {choices_C}
D) {choices_D}

Original Explanation:
{original_explanation}

OQutput Format:
<answer>{prediction}</answer>
<concise_explanation>

[Rewritten concise reasoning here]
</concise_explanation>
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2.4. Scorer Evaluation Templates

The following standardized formats were used by the local scorers (Qwen-3, Gemma-3, and Llama-3.2)
to extract log-probabilities for the answer options across all retention levels (Z10—Zgp).

» Baseline (No Explanation):

{Question} \n Options: \n A) {A} \n B) {B} ... \n The answer is

+ Explanation-Augmented (~7,):
{Question} \n Explanation: {Explanation} \n Options: \n A) {A} \n B) {B} ... \n The
answer 1is

C. Comprehensive Qualitative Examples and Error Analysis

This section provides detailed qualitative analyses, metadata, and probability traces for selected examples
from both the Persian and English datasets. All generation results reported in this section are produced
by the inference model GPT-40-mini, while explanation quality and sufficiency judgments are evaluated
using the Qwen3-1.7B evaluator model.

We categorize the examples into three representative behavioral patterns: (1) Self-Correction via
Explanation, where the model revises an initially incorrect baseline prediction after generating a full
explanation; (2) Explanation-Induced Error, where reasoning leads the model to deviate from an originally
correct prediction; and (3) Robust Reasoning Under Compression, where the model preserves the correct
answer under both full and shortened explanations.

These cases highlight how explanation length and structure interact with parametric biases and
confidence calibration. In particular, some examples demonstrate a failure to reach the predefined
sufficiency threshold: although the explanation increases the probability assigned to the correct option,
the model remains indecisive due to strong lexical or thematic priors (e.g., ecological keywords).

3.1. Example: Explanation-Induced Correction (Persian)

Table 4: Persian Dataset Example: Full Explanation Corrects the Model.

Field Content / Value
Question fowl olas 1o o dral> S Boa b a5 plas’
Options L otangd oo iz 3l 8 1) Sloyjw taiS o0 0,5 1) 995 J3le oz b

D)0 g0 J5 anala £ yo S (o0 Sy (i ES g b slag,095
Correct Answer C
Baseline Prediction (No Explanation) D | Prob: 0.7101
Full Explanation seslaiwl el s LB e mlie 5l ool pals Bus jew zolsg> o

SOl 5 hod Slagss il Brae I Esl (g S s b slag e

“O g 50
Prediction (With Full Explanation) C | Prob: 0.9526

3.2. Example: Explanation-Induced Correction (English)

Table 5: English Dataset Example: Full Explanation Corrects the Model.

Field Content / Value

Question Which part of an atom occupies the majority of the volume?

Options nucleus; protons; neutrons; electrons

Correct Answer D

Baseline Prediction (No Explanation) A | Prob: 0.8319

Full Explanation The majority of an atom’s volume is occupied by the electron cloud,

which surrounds the nucleus. Electrons exist in orbitals extending
far from the nucleus. While the nucleus contains most of the mass,
electrons account for most of the volume.

Prediction (With Full Explanation) D | Prob: 0.8508
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3.3. Example: Performance Degradation Under Short Explanation (Persian)

Table 6: Persian Dataset Example: Shortened Explanation Causes Incorrect Prediction.

Field Content / Value
Question fowl olas 10w dzol> S Bon b a8 plas
Options L otagd oo iz 3l 8 1) Sloyjw t0iiS o0 2,5 1) 995 J3le oz b

N, oo J5 anala o raiiS oo (Saul) (i S g L slag 005
Correct Answer C
Baseline Prediction (No Explanation) D | Prob: 0.7101
Short Explanation el oz BB b Bras alS e sladsl> Gos
Prediction (With Short Explanation) A | Prob: 0.7153

3.4. Example: Failure Under Explanation Compression (English)

Table 7: English Dataset Example: Shortened Explanation Fails to Correct the Error.

Field Content / Value

Question Which part of an atom occupies the majority of the volume?
Options nucleus; protons; neutrons; electrons

Correct Answer D

Baseline Prediction (No Explanation) A | Prob: 0.8319

Short Explanation Electrons occupy most of the atom’s volume.

Prediction (With Short Explanation) A | Prob: 0.6184

3.5. Example: Robust Performance Across Explanation Variants (Persian)

Table 8: Persian Dataset Example: Model Remains Correct Under Full and Short Explanations.

Field Content / Value

Question Slges ol ol cws g 6,18 OS> 5l b Wlgi oo )8 g o0
finl Gz 4> 9929 b (5,58 3l oolaxul

Options i gl Syt S slacd iyt gite b tanol> 4 SLS

Correct Answer B~

Baseline Prediction (No Explanation) B | Prob: 0.5062

Full Explanation 4 Wlg o S el bzwws 5 g ), OS> 5l A6 JL B ey
Ol ol sl 05508 (55, 9,5 b ale (6560955 5l palae oolaiul s
sl (6350535 31 oolinl e il cazeslis Consg

Prediction (With Full Explanation) B | Prob: 0.9982

Short Explanation Wigd o ol el ()5 O >

Prediction (With Short Explanation) B | Prob: 0.9936
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3.6. Example: Robust Performance Across Explanation Variants (English)

Table 9: English Dataset Example: Model Remains Correct Under Full and Short Explanations.
Field Content / Value

Question The snowshoe hare sheds its fur twice a year. In summer, its fur is
brown; in winter, it turns white. Which statement best explains the
advantage of shedding fur?

Options Shedding fur keeps the hare clean; Shedding fur helps the hare move
quickly; Shedding fur keeps the hare’s home warm; Shedding fur helps
the hare blend into its habitat

Correct Answer D
Baseline Prediction (No Explanation) D | Prob: 0.7264
Full Explanation Shedding fur allows the snowshoe hare to adapt its coat color to

seasonal changes, providing camouflage against predators. Brown
fur blends with the forest floor in summer, while white fur blends with
snow in winter, improving survival.

Prediction (With Full Explanation) D | Prob: 0.9687

Short Explanation Adapting coat color enhances camouflage.

Prediction (With Short Explanation) D | Prob: 0.9446

D. Comprehensive Statistical Analysis: English vs. Persian

This section provides the complete statistical breakdown of the Information Bottleneck operations. We
report results for all nine retention levels (71 to Zyg), where Z, represents the percentage of tokens
retained (e.g., Z19 indicates 90% compression). All tests were performed on a sample size of N = 20, 647
for English and Persian.

Table 10: Comparative Statistical Results: All values for McNemar and Paired t-test are significant at
p < 0.000001. Cohen’s d is calculated relative to the unconstrained base Z;.

Retention English (EN) Persian (FA)

Level (Z,) Mean Diff. Cohen’s d Mean Diff. Cohen’s d
Z10 0.0799 0.3396 0.1353 0.4177
Z20 0.0578 0.2693 0.1023 0.3453
Z30 0.0457 0.2251 0.0791 0.2851
Z40 0.0356 0.1861 0.0642 0.2462
Zs0 0.0299 0.1602 0.0540 0.2151
Z6o 0.0246 0.1395 0.0487 0.1994
Z70 0.0191 0.1132 0.0419 0.1782
Zg0 0.0164 0.0969 0.0366 0.1582
Zgo 0.0131 0.0795 0.0316 0.1423

4.1. Key Findings on Language Sensitivity

The empirical results in Table 10 reveal a distinct disparity in how LLMs handle reasoning compression
across languages:

1. Higher Magnitude of Loss in Persian: At every single retention level, the Mean Difference in
probability scores for Persian is nearly double that of English. For instance, at 7, Persian suffers a
13.53% drop in sufficiency compared to only 7.99% in English.

2. Effect Size Persistence: In English, the impact of compression becomes negligible (d < 0.2) as early
as Zy. In contrast, Persian maintains a small but significant effect size (d > 0.2) up to Zs, indicating
that Persian models require a higher token density to sustain stable reasoning performance.

3. Statistical Robustness: The consistent p < 106 across all levels confirms that the performance
degradation following information pruning is a robust phenomenon rather than stochastic variance.
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Multi-Evaluator Assessment: Sufficiency and Accuracy Across Models
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Figure 5: Multi-evaluator assessment across constraint levels. Performance of seven models on
sufficiency (left) and accuracy (right) for Persian (top) and English (bottom). Solid lines show mean scores
across three evaluators; shaded regions indicate +1 standard deviation. Key findings: (1) GPT-40 mini
and Claude 3 Haiku (orange, blue) maintain superior performance even at 90% constraint; (2) English
models show greater resilience than Persian; (3) performance degradation accelerates beyond 60%
constraint; (4) narrower bands in Persian indicate higher evaluator consensus.

E. Multi-Evaluator Assessment Results

To ensure robust and unbiased quality assessment, we employed three independent evaluator models
to score all generated explanations. This approach provides both aggregate performance metrics and
inter-evaluator agreement measures, revealing where assessments are confident versus uncertain.

5.1. Performance Patterns

Figure 5 reveals several critical patterns. Language differences: English models demonstrate substan-
tially better constraint resilience, maintaining sufficiency scores of 0.68—0.77 and accuracy scores of
0.78-0.82 even at 90% compression, compared to Persian’s 0.51-0.62 and 0.63—-0.68 respectively. The
narrower confidence bands in Persian suggest higher inter-evaluator consensus, while wider bands in
English (particularly at 40-60% constraints) indicate more nuanced quality assessments.

Model hierarchy: GPT-40 mini and Claude 3 Haiku consistently outperform other models across all
conditions, with narrow confidence bands confirming evaluator consensus on their superiority. Cohere
Command R consistently underperforms with the steepest degradation, particularly in sufficiency metrics.

Critical threshold: All models exhibit non-linear degradation, with performance decline accelerating
significantly beyond the 60% constraint level. This suggests a critical information density point—below
40% of original length, essential information must be increasingly omitted, leading to rapid quality
deterioration.
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5.2. Inter-Evaluator Agreement

The confidence band analysis reveals important reliability patterns. High consensus emerges at baseline
conditions and for extreme performers (best and worst models), indicated by narrow bands. Conversely,
mid-range constraints (40—60%) produce wider bands, particularly for mid-tier models, suggesting an
"uncertainty zone" where quality assessment becomes more subjective. Persian evaluations show
approximately 10—15% narrower confidence bands on average, indicating more consistent quality criteria
across evaluators.

5.3. Implications

For applications requiring constrained explanations, GPT-40 mini and Claude 3 Haiku are recommended,
showing minimal quality loss even at 80% reduction. The 60% constraint level represents a critical thresh-
old for deployment decisions. The multi-evaluator approach successfully quantifies not just performance
levels but also confidence in those assessments, providing more actionable insights than single-evaluator
metrics.
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