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Abstract

Large language models (LLMs) have shown
remarkable performance when prompted to
reason step by step, commonly referred to
as chain-of-thought (CoT) reasoning. While
prior work has proposed mechanism-level ap-
proaches to evaluate CoT faithfulness, these
studies have primarily focused on English, leav-
ing low-resource languages such as Persian
largely underexplored. In this paper, we present
the first comprehensive study of CoT faithful-
ness in Persian. Our analysis spans 15 classifi-
cation datasets and 6 language models across
three classes (small, large, and reasoning mod-
els) evaluated under both English and Persian
prompting conditions. We first assess model
performance on each dataset while collecting
the corresponding CoT traces and final predic-
tions. We then evaluate the faithfulness of these
CoT traces using an LLM-as-a-judge approach,
followed by a human evaluation to measure
agreement between the LLM-based judge and
human annotator. Our results reveal substan-
tial variation in CoT faithfulness across tasks,
datasets, and model classes. In particular, faith-
fulness is strongly influenced by the dataset and
the language model class, while the language
used for prompting has a comparatively smaller
effect. Notably, small language models exhibit
lower or comparable faithfulness scores than
large language models and reasoning models. !

1 Introduction

Large Language Models (LLMs) have shown re-
markable capabilities across a wide range of natural
language processing (NLP) tasks, largely driven by
their ability to perform Chain-of-Thought (CoT)
reasoning (Wei et al., 2022; Kojima et al., 2022;
Wang and Zhou, 2024). By decomposing complex
problems into intermediate reasoning steps, CoT
has unlocked superior performance in tasks ranging

'Our code and prompts are available at https://github.
com/shakibyzn/persian-faithful-cot.

from arithmetic to commonsense reasoning (Ope-
nAl et al., 2025; DeepSeek-Al et al., 2025; Yang
et al., 2025a).

Beyond their gains in task performance, CoT
reasoning chains have been widely adopted as a
means of interpreting model behavior, often treated
as a transparent window into a model’s internal
reasoning and as evidence of explainability (Barez
et al., 2025). However, a growing body of work
has shown that CoT traces are not necessarily faith-
ful representations of the underlying decision pro-
cess. In particular, models may generate reasoning
chains that appear coherent and persuasive yet are
post-hoc or misleading, and the final answer does
not consistently follow from the produced interme-
diate reasoning steps (Turpin et al., 2023; Lyu et al.,
2023; Arcuschin et al., 2025). Nevertheless, exist-
ing studies are largely English-centric, with limited
investigation into CoT faithfulness in low-resource
languages like Persian.

To address these gap, we conduct the first system-
atic evaluation of CoT faithfulness across a diverse
set of 15 Persian classification datasets from the
FaMTEB benchmark (Zinvandi et al., 2025) and
6 language models spanning three classes: small
language models, large language models, and large
reasoning models, under both English and Persian
prompting conditions. We first assess model per-
formance using zero-shot CoT prompting while
storing both the generated CoT traces and final pre-
dictions. We observe that large language models
and reasoning models achieve stronger task per-
formance across all three model classes. We then
evaluate CoT faithfulness using an LLM-as-a-judge
approach based on Llama-3.3:70b (Grattafiori et al.,
2024), which assesses whether the produced CoT
traces support the final answers. Our results in-
dicate that CoT faithfulness is influenced by the
dataset under consideration, the prompting lan-
guage, and the language model class. Finally, we
conduct a human evaluation on one dataset to as-
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sess agreement with the LLM-based judge, finding
a fair degree of alignment between human judg-
ment and automated evaluation.

Overall, we make the following contributions:
(1) we present the first comprehensive evaluation
of CoT faithfulness on Persian classification tasks,
using six language models with both Persian and
English prompting across 15 datasets, including
existing human-annotated and synthetic ones; (2)
we demonstrate that CoT reasoning is not always
faithful, and that factors such as the dataset, lan-
guage model class, and prompting language influ-
ence CoT faithfulness; (3) we provide an in-depth
analysis that integrates human evaluation and LLM-
as-a-Judge assessments, and analyze scenarios in
which language models produce unfaithful CoT
traces.

2 Related Work
2.1 Chain-of-Thought Reasoning

CoT prompting encourages LLMs to generate in-
termediate reasoning steps, enabling improved per-
formance on complex reasoning tasks compared to
direct answer generation (Wei et al., 2022). CoT
can be elicited using few-shot examples or even
in a zero-shot setting via simple prompts such as
“Let’s think step by step”, which has been shown to
activate latent reasoning abilities in large models
(Kojima et al., 2022). To address the brittleness of
single reasoning paths, self-consistency sampling
aggregates multiple reasoning chains and selects
the most frequent answer, yielding consistent gains
across benchmarks (Wang et al., 2023). More re-
cent approaches extend CoT prompting to struc-
tured reasoning, including analogical reasoning
that self-generates relevant exemplars (Yasunaga
et al., 2024), and Tree-of-Thoughts (ToT), which
enables exploration and evaluation of multiple rea-
soning trajectories (Yao et al., 2023). At the same
time, the widespread adoption of CoT prompting
naturally raises the question of whether the gener-
ated reasoning traces faithfully reflect the model’s
underlying decision process.

2.2 Faithfulness of CoT explanations

Prior work has investigated the faithfulness of
CoT reasoning through a variety of methods.
Following the taxonomy of Shen et al. (2025),
these approaches fall into three main categories:
counterfactual-based, logit-based, and LLM-as-a-
Judge methods. Counterfactual-based approaches

assess CoT faithfulness by intervening on rea-
soning traces, for example by perturbing tokens,
removing or paraphrasing intermediate steps, or
injecting errors, and examining whether these
changes affect the model’s final prediction (Yang
et al., 2025b; Xiong et al., 2025; Paul et al., 2024;
Tutek et al., 2025). In contrast, logit-based meth-
ods analyze model internal token-level logits to
infer the influence of intermediate reasoning on the
output (Siegel et al., 2024; Tanneru et al., 2024).
LLM-as-a-Judge approaches instead use a stronger
language model to evaluate the consistency and
faithfulness between the generated reasoning chain
and the final answer (Arcuschin et al., 2025; Wen
et al., 2025). Our work follows this latter paradigm.

2.3 Persian NLP

Recent work in Persian NLP has focused primarily
on adapting and evaluating LL.Ms. PersianMind
(Rostami et al., 2024) extends the Llama-2 vo-
cabulary with 10,000 Persian tokens and achieves
competitive performance on tasks such as read-
ing comprehension, comparable to GPT-3.5-turbo.
Matina (Hosseinbeigi et al., 2025b) emphasizes
cultural alignment by training Persian-adapted ver-
sions of Llama-3.1-Instruct-8B and Gemma-2-9B,
outperforming baseline models in both task ac-
curacy and user satisfaction. In terms of evalua-
tion, studies have shown that open-weight mod-
els such as Llama-3.1 and Qwen-2.5 perform well
across Persian benchmarks but still trail proprietary
models like GPT-40 (Hosseinbeigi et al., 2025a).
These efforts have also introduced evaluation re-
sources such as Khayyam Challenge (Persian-
MMLU; Ghahroodi et al., 2024), which comprises
20,805 multiple-choice questions across 38 tasks.
Despite these advances, prior work has largely cen-
tered on model development and benchmark-based
evaluation, leaving the reliability of model expla-
nations unexplored. This work aims to fill these

gaps.
3 Experimental Setup
3.1 Task

In CoT prompting, a faithful reasoning trace corre-
sponds to the model’s actual internal decision pro-
cess, whereas a plausible reasoning trace merely
appears logically sound to human readers (Jacovi
and Goldberg, 2020). In this work, we systemati-
cally investigate the faithfulness of CoT reasoning
across Persian classification tasks, specifically ex-
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You are a careful verifier. You will be given:
1) A text,

2) The reasoning produced by an LLM,

3) The final answer returned by that LLM.

Task:

- "explanation":

Input:

Text: {{text}}

Possible Labels: {{labels}}
Reasoning: {{reasoning}}
Answer: {{answer}}

output:
explanation:
answer:

- Your task is to assess whether the reasoning chains argue for the same answer option or not.
In case they argue for the same option, output only "YES", in case they support different
options, answer "NO", while if the answer is unclear output "UNCLEAR".

- Return a JSON object only, with these fields:

a 1-3 sentence plain-language explanation of the final answer.

- "answer™: "YES" or "NO" or "UNCLEAR".

Figure 1: The LLM-as-a-Judge zero-shot CoT prompt used to assess faithfulness of the CoT traces.

amining whether the final prediction aligns with
the model’s underlying reasoning process.

First, using the six language models described
in Section 3.3, we perform zero-shot CoT clas-
sification on the datasets detailed in Section 3.2,
employing prompts in both Persian and English.
Since our focus is on Persian classification tasks,
we adopt a fixed zero-shot CoT prompt template
(see Appendix A) to classify each sample accord-
ing to its corresponding label. For each sample, we
record both the intermediate reasoning chains and
the final predicted label.

Following the findings of Shen et al. (2025),
which shows that LLM-as-a-Judge methods outper-
form alternative faithfulness evaluation approaches
such as counterfactual-based and logit-based meth-
ods, we employ L1ama-3.3:70b (Grattafiori et al.,
2024) as an LLM-as-a-Judge to evaluate the faith-
fulness of the reasoning chains behind the model’s
final prediction. The judge model is substan-
tially larger and belongs to a different model fam-
ily than those described in Section 3.3. Specif-
ically, using the prompt shown in Figure 1, we
use Llama-3.3:70b in a zero-shot CoT setting to
assess whether the reasoning chains logically sup-
ports and justifies the final answer produced by the
model.

3.2 Datasets

We select 15 out of 18 classification datasets from
the FAMTEB benchmark (Zinvandi et al., 2025), a
benchmark for evaluating Persian text-embedding
models. These datasets cover sentiment analysis,
tone classification, and classification within chat

data. To ensure a comprehensive evaluation, we in-
clude a mix of 7 existing human-annotated datasets
and 8 synthetic datasets generated specifically for
chatbot evaluation. The specific dataset details are
listed in Table 1.

Table 1: Overview of 15 FAMTEB classification datasets
selected for evaluation, grouped into existing and syn-
thetic datasets along with their task types.

Dataset ‘ Task Type

Existing Datasets

Digikalamag (Farahani et al., 2020)
NLPTwitterAnalysis >

SentimentDKSF (Shekarlaban and Kazaj, 2023)
PersianTextEmotion 3

PersianFoodSentiment (Farahani et al., 2020)
DeepSentiPers (Sharami et al., 2020)
SIDClassification #

Sentiment Analysis
Topic Classification
Sentiment Analysis
Emotion Classification
Sentiment Analysis
Sentiment Analysis
Topic Classification

Synthetic Datasets

SynPerChatbotToneUser
SynPerChatbotToneChatbot
SynPerChatbotConvS AToneUser
SynPerChatbotConvS AToneChatbot
SynPerChatbotSatisfactionLevel
SynPerChatbotR AGToneUser
SynPerChatbotR AGToneChatbot
SynPerTextTone

Tone Classification
Tone Classification
Tone Classification
Tone Classification
Text Classification
Tone Classification
Tone Classification
Tone Classification

3.3 Models

We aim to cover a broad spectrum of language
models, ranging from small and efficient mod-
els to more recent reasoning ones. Specifically,
we consider six open-source language models,
grouped into three categories: small language

2https://huggingface.co/datasets/hamedhf/nlp_
twitter_analysis

3https://huggingface.co/datasets/SeyedAli/
Persian-Text-Emotion

*https://sid.ir
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models (SLMs), large language models (LLMs),
and large reasoning models (LRMs). SLMs are
lightweight variants of language models designed
for resource-constrained environments, such as mo-
bile devices and edge hardware. They typically
contain between 1 million and 10 billion parame-
ters, offering a favorable trade-off between perfor-
mance and computational efficiency (Wang et al.,
2025). In contrast, LLMs are large-scale models
with billions or even trillions of parameters. While
they achieve strong performance across a wide
range of tasks, their size entails substantial com-
putational and infrastructure requirements. LRMs
extend LLMs by explicitly optimizing for complex
reasoning. These models are fine-tuned to decom-
pose difficult problems into intermediate reasoning
steps, often referred to as reasoning traces, be-
fore producing the final answer. This behavior is
typically enabled by increasing test-time compute,
allowing the model to spend more time “‘thinking”
during inference (Snell et al., 2025).

Based on this categorization, we consider
gwen3:4b (Yang et al., 2025a) and gemma3:4b
(Team et al., 2025) for the SLMs class. As repre-
sentatives of LLLMs, we include gqwen3:30b (Yang
et al., 2025a) and gemma3:27b (Team et al., 2025).
Finally, for LRMs, we evaluate deepseek-r1:32b
(DeepSeek-Al et al., 2025) and gpt-oss: 20b (Ope-
nAl et al., 2025). All models are accessed via Ol-
lama (Ollama, 2024). Note that while Qwen3: 30b
supports both thinking and non-thinking modes, all
reported results use the non-thinking configuration,
and we accordingly include it in the LLMs cate-
gory. Throughout our experiments, we employ a
fixed decoding configuration with temperature set
to 0.5, top-p set to 0.9, seed set to 42, and a context
window of 32,000 tokens.

3.4 Evaluation Metrics

We evaluate the language models using accuracy,
reflecting the fraction of correct model predictions:

D)
ACC = !ll?\ S 1[M(pi) = GT,)
=1

where D denotes the dataset, M(p;) is the
model’s prediction for prompt p;, GT; is the corre-
sponding ground-truth label.

We measure faithfulness by calculating the frac-
tion of CoT traces that are counted as faithful by
the LLM-as-a-Judge over the full dataset.

Statistical Significance. We perform a bootstrap
test to assess the statistical significance of differ-
ences between LM results obtained with English
and Persian prompts, using a 95% confidence inter-
val. Results that are not statistically significant are
shown in gray in Tables 2 and 3.

4 Results

We first report the performance of language mod-
els described in Section 3.3 across the datasets
(§4.1). We then investigate how faithful the rea-
soning chains are (§4.2). Finally, we perform a
human evaluation and analysis of the reasoning
traces (§4.4).

4.1 Performance of Language Models

We present the zero-shot CoT performance of lan-
guage models (SLMs, LLMs, and LRMs) on the
seven existing human-annotated datasets of the
FaMTEB benchmark in Table 2. Overall, prompt-
ing in English yields higher accuracy in 16 out of
42 cases compared to prompting in Persian (11/42),
whereas the difference is not statistically signifi-
cant in 15/42 cases. We use a bootstrap test to
compare the results obtained with English and Per-
sian prompting. Moreover, the performance gap
(accuracy) between English and Persian prompt-
ing is notably larger for SLMs, with differences
ranging from 0.3 to 15.7. In contrast, the corre-
sponding gaps are substantially smaller for LLMs
(0.0-5.5) and LRMs (0.1-7.1). In general, LLMs
and LRMs outperform SLMs, with LL.Ms achiev-
ing the largest gains. Taking Digikalamag as an
example, we observe that LLMs outperform SLMs
within the same model family (qwen3:4b: 63.0%
— gwen3:30b: 82.9%).

We report the zero-shot CoT performance of the
same language models discussed earlier (SLMs,
LLMs, and LRMs) on the eight synthetic datasets
of the FAMTEB benchmark in Table 3. We observe
that the gpt-o0ss:20b model outperforms the other
language models on 7 out of 8 datasets. We hy-
pothesize that this advantage may stem from the
fact that the synthetic datasets were generated us-
ing gpt-4o-mini, and both models originate from
OpenAl. Interestingly, and in contrast to the re-
sults on existing (non-synthetic) datasets, prompt-
ing in Persian yields higher accuracy in 21 out of
48 cases compared to prompting in English (16/48),
with the difference not being statistically signifi-
cant in 11/48 cases. Consistent with the results in
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Table 2: Zero-shot CoT performance on existing datasets with Persian Prompts. Values represent accuracy (%).
Subscripts indicate the performance gap compared to English Prompts (+Gain / -Loss). Gray subscripts indicate
that the difference is not statistically significant. Best results per dataset are boldfaced.

SLMs LLMs LRMs
Dataset gwen3:4b gemma3:4b qwen3:30b gemma3:27b deepseek-r1:32b  gpt-0ss:20b
Digikalamag 63.0,]4_] 49.1+]5_7 82.9,“_(\3 75.9+2_2 80.271)_ 1 79.0+()_ 1
PersianTextEmotion 472495 43.0_53 495139 5731 48.719 5 46.643.1
DeepSentiPers 71.6.1 0 66.0_59 75.0 33 76.6 15 73.2_95 77.6_ 0
PersianFoodSentiment 81.27().3 81.572_5 81.871‘1 84.4+().<~< 79.373'(; 82.371‘2
SentimentDKSF 771 99 4.4 47 76.6_5 5 81.90¢ 74.6_37 80.4. 0
NLPTwitter Analysis 76.5, 18 69.8 6.2 78.3 17 77.6_59 72.9 71 79.9 1
SIDClassification 57.9 5.7 37.2481 69.6 23 68.312.1 60.341.7 70.7 161

Table 3: Zero-shot CoT performance on synthetic datasets with Persian Prompts. Values represent accuracy (%).
Subscripts indicate the performance gap compared to English (+Gain / -Loss). Gray subscripts indicate that the
difference is not statistically significant. Best results per dataset are boldfaced.

SLMs LLMs LRMs
Dataset qwen3:4b gemma3:4b qwen3:30b gemma3:27b deepseek-r1:32b  gpt-0ss:20b
SynPerChatbotToneUser 45.8_40 36.5_31 37.8_ 74 37.2_133 40.1_ 33 63.6. 2
SynPerChatbotToneChatbot 549,06 521466 62.6_41 67.711 1 55.2_35 75.0 19
SynPerChatbotConvS AToneUser 27.6_75 25.7 1 31.2. 07 28903 23.6_5¢ 33.6449
SynPerChatbotConvSAToneChatbot ~ 76.5 7 71.34111 74.6_9¢ 741,18 68.6_58 853 1.4
SynPerChatbotSatisfactionLevel 47.2 53 36.0,0.7 50.4.03 46.8_34 44.9_9 4 50.7 7
SynPerChatbotR AGToneUser 44.8,934  36.41175 41.3 933 44.81 199 51.6433.4 56.0, 35 4
SynPerChatbotRAGToneChatbot 58. 1+37_() 496+ 19.4 62.8. 416 65.4+3U_()’ 52.2+25_7 70.4+;1 0
SynPerTextTone 26,4+;g_(§ 25.8+;;_5) 46.0 0.2 30.6,14_0 37.1+;3_(~; 55-5+h’_(;

Table 2, LLMs and LRMs outperform SLMs. Nev-
ertheless, all three model classes exhibit notable
performance gaps between English and Persian
prompting: LLMs (0.2-41.6), LRMs (0.7-51.0),
and SLMs (0.6-37.0). Notably, when these gaps
are large, models tend to achieve better perfor-
mance when prompted in Persian.

4.2 Faithfulness

In Section 4.1, we observed that the prompting
language, the class of language models, and the
dataset have an impact on the final performance.
In this section, we consider these three dimensions
separately for a more fine-grained evaluation and
investigate faithfulness across these dimensions.
Figure 2 presents the faithfulness rate (i.e., the
proportion of faithful responses as determined by
the LLM-as-a-Judge) across existing and synthetic
datasets.

Impact of Prompting Language. Overall, we
observe that the prompting language influences
faithfulness; however, its effect strongly depends
on both the dataset and the language model used to
generate the CoT reasoning. Under English prompt-

ing, most faithfulness scores fall between 90.9 and
100.0, excluding a single exception at 56.1. Simi-
larly, for Persian prompting, the majority of scores
range from 88.0 to 100.0. These findings suggest
that, in most cases, prompting language has a lim-
ited impact on faithfulness, and that other factors,
such as the dataset and the underlying language
model, play a more substantial role.

Impact of Language Model Class. As shown
in Figure 2, model class substantially influences
faithfulness. Overall, smaller models tend to ex-
hibit lower, or at best comparable, faithfulness rel-
ative to their LLM and LRM counterparts. How-
ever, notable exceptions exist. For example, when
prompted in Persian on the PersianTextEmotion
dataset, gemma3:4b produces more faithful ex-
planations (97.6%) than deepseek-r1:32b (93.7%).
Additionally, among SLMs, qwen3-4b generally
yields more faithful explanations than gemma3:4b
overall.

Impact of Dataset. As shown in Figure 2, the
dataset of interest has a meaningful impact on faith-
fulness. In general, we observe that CoT traces
generated on synthetic datasets achieve higher faith-
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SynPerChatbotConvSAToneUserClassification 99.4 97.1 100.0

SynPerChatbotRAGToneChatbotClassification 92.9 100.0

SynPerChatbotRAGToneUserClassification 91.8 100.0

Dataset

SynPerChatbotSatisfactionLevelClassification 100.0
SynPerChatbotToneChatbotClassification

SynPerChatbotToneUserClassification

SynPerTextToneClassification

A° q°
P “\a“’:l

>
o
5

99.8

Prompting in Persian

100 100

95 95

- 90 90

-85 -85

-80 -80

-75 -75

-70 -70

65 65

60 60

100 100
0
95 95

90 90

g5 -85
80 -80
-5 -75
“70 -170
65 65

60 60

Figure 2: Heatmaps of Faithfulness rate across existing and synthetic datasets and language models discussed in

Section 3.3 when prompted in English and Persian.

fulness scores than those on existing datasets. We
hypothesize that this discrepancy may be related
to self-preference bias, whereby language models
tend to favor answers they have generated them-
selves (Ye et al., 2025). However, more comprehen-
sive experiments across a broader range of tasks
and datasets are required to draw firm conclusions.

To further analyze the effect of dataset, we ex-
amine whether datasets sharing the same task type
(see Table 1) exhibit similar faithfulness scores. Fo-
cusing on the topic classification task, we compare
SIDClassification and NLPTwitterAnalysis, both of
which fall under this task category. Despite sharing
the same task type, we find that faithfulness scores
differ notably between these datasets. Finally, we
conclude that both the dataset and the language
model influence CoT faithfulness, while the effect
of model size varies across tasks and datasets. This
observation is consistent with prior work demon-
strating that the impact of model size is task- and
dataset-dependent (Lanham et al., 2023; Parcal-
abescu and Frank, 2024; Madsen et al., 2024).

4.3 Consistency of LLLM-as-a-Judge

Additionally, to examine the generalizability and
consistency of the judgments, we report the faith-
fulness results of CoT explanations across exist-
ing datasets using 01mo3:32b-Think (Olmo et al.,
2025), a recent reasoning model, in Appendix B.
Similar to the results shown in Figure 2, we observe
that SLMs achieve lower or comparable perfor-
mance to their LLM or LRM counterparts. More-
over, we find that faithfulness varies across datasets
and language models, while the prompting lan-
guage generally has a limited impact, aligning
with our findings in the previous section. Nev-
ertheless, we observe subtle differences: for exam-
ple, qwen3: 4b yields less faithful explanations than
gemma3: 4b when prompted in Persian, in contrast
to our previous results. We suspect that these sub-
tle discrepancies reflect limitations of LLM-based
judges, as highlighted in recent findings by Fu and
Liu (2025).

4.4 Human Evaluation of CoT Faithfulness

Our experiments rely on LLM-as-a-Judge approach
to evaluate faithfulness. However, this does not nec-
essarily reflect the faithfulness of the underlying
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LLM-as-a-Judge: mm YES s NO

100 7

40

Faithfulness Count

20

EN FA EN FA EN FA
qwen3:30b

qwen3:4b gemma3:4b

W UNCLEAR

Human: . YES m NO

EN FA EN FA EN FA

gemma3:27b gpt-0ss:20b deepseek-r1:32b

Figure 3: Human evaluation of CoT faithfulness on the PersianTextEmotion dataset for six language models under
English (EN) and Persian (FA) prompting. Columns represent the number of faithful CoT traces.

ol el il g sld sy, }

3b oS Gisl g ald Yusg) J

GROUND TRUTH

The text "sb LobS Giob g old Lisg)"
translates to "May his soul be happy and
his memory be cherished." This expresses a
positive sentiment related to remembrance
and wishing happiness for someone who has
passed away. While it acknowledges loss
the overall tone is respectful and
hopeful, aligning most closely with joy or
a peaceful acceptance. Considering the
options, 'joy' (@) is the most appropriate
label as it reflects the positive
sentiment of wishing happiness and
cherishing the memory of the deceased.

GROUND TRUTH
sadness } (translation: sadness) FiJ
PREDICTION Incorrect PREDICTION Correct
joy (translation: sadness) ol

Gl ple S "ob el il g ol Gleg)" e
solail oads <gd shél 3yge )3 Fgans dS Cawl
AiSe Wl 1) egail g e golwsl Sole Gl Logdoe
Ml Gdgte 9d Sl sxgll g pbasl Jl> Gus po Lol
e lae sauzy 4 42ei b Labise ol
el i ol Sl iz Gpicalie .
(translation:The phrase “may his/her soul
rest in peace” is a condolence expression
that is usually used for people who have
passed away. This phrase conveys feelings
of sadness and sorrow, while at the same
time showing respect for and remembrance
of the deceased. Considering the allowed
labels, sadness is the most appropriate
label for this text.)

Model A (gemma3:27b (EN))
Incorrect prediction, Faithful CoT

Model B (gemma3:27b (FA))
Correct prediction, Faithful CoT

Figure 4: An example of faithful explanations that do not imply correct prediction. Both models generate CoT

traces that are faithful to their final predictions.

reasoning process. In particular, CoT explanations
may be generated retrospectively (post-hoc reason-
ing), where the model first arrives at a conclusion
and subsequently constructs a reasoning trace that
justifies it (Lanham et al., 2023). Such explanations
may appear coherent and convincing to an LLM-
based judge, despite not faithfully representing the
model’s actual reasoning. Furthermore, recent find-
ings by Bavaresco et al. (2025) show that the re-
liability of LL.M-based judges varies across tasks
and datasets. Motivated by these observations, we
incorporate human evaluation into our evaluation
process.

Due to the large-scale of our experiments, and
to balance feasibility with coverage, we randomly
sample 100 CoT traces across all six language mod-

els and both English and Persian prompting condi-
tions on the PERSIANTEXTEMOTION dataset. The
first author’ manually annotated each CoT trace as
Faithful or Non-Faithful. The results of this hu-
man evaluation are presented in Figure 3. Overall,
we observe a fair degree of agreement between the
LLM-as-a-Judge and the human annotations across
all language models. To better understand cases
of unfaithful reasoning, we conduct an in-depth
analysis of the corresponding CoT traces. We iden-
tify four common patterns among the unfaithful
samples we analyzed: (1) truncated or incomplete
CoT, where the reasoning traces are incomplete or
contain only partial information, obscuring how the

5The first author is a native Persian speaker and is also
fluent in English.
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model arrived at the final answer; (2) irrelevance to
candidate answers, where the CoT traces are unre-
lated to the candidate labels, yet the final answer is
still selected from among them; (3) insufficient sup-
port or evidence, where the model fails to provide
adequate evidence for its final answer and is instead
forced to choose the option that most closely aligns
with its logically ungrounded reasoning; and (4)
post-hoc reasoning, where the CoT traces are con-
structed retrospectively to justify a predetermined
answer. We provide one illustrative example for
each of these four cases in Appendix C.

Importantly, a closer qualitative analysis reveals
that faithfulness does not necessarily entail cor-
rectness of the final prediction. Figure 4 shows
this through two faithful CoT traces produced by
gemma3:27b under English and Persian prompting
conditions. The phrase “May his/her soul rest in
peace” is commonly used in the context of some-
one’s death and is therefore associated with a sad
emotional class. While both CoT traces are faithful
to their respective final predictions, only Model B
produces the correct classification.

5 Conclusion

In this work, we investigate the faithfulness of
CoT traces produced by language models across
a diverse collection of 15 Persian classification
datasets, including both existing and synthetic
ones. We adopt an LLM-as-a-Judge framework
to assess CoT faithfulness. Our results show that
LLMs and reasoning models achieve strong per-
formance across all datasets, with gpt-oss:20b
exhibiting the largest performance gains on syn-
thetic datasets. Our CoT faithfulness experiments
reveal that faithfulness is strongly influenced by
both the dataset under consideration and the class
of language model generating the CoT traces, while
the language used for prompting has a compara-
tively limited effect. Furthermore, although our
human evaluation is limited to a single dataset, we
observe a moderate level of agreement between
human judgments of CoT faithfulness and those
produced by the LLM-based judge. Based on these
findings, we advocate for more robust and system-
atic investigations of CoT faithfulness across di-
verse tasks and datasets in low-resource languages.

Limitations

We acknowledge three main limitations of our
work. First, we evaluate six language models span-

ning several model families, including Qwen, Ope-
nAl, Gemma, and DeepSeek. While this selection
provides coverage across different architectures
and capabilities, it does not exhaustively represent
all model families or scales. Our choice reflects
a trade-off between experimental feasibility and
model diversity.

Second, we rely on an LLM-as-a-judge approach
to assess CoT faithfulness. Although prior work
(Shen et al., 2025) shows that this approach outper-
forms alternatives such as counterfactual- and logit-
based methods, recent studies (Fu and Liu, 2025)
highlight that judge reliability can be influenced by
factors such as prompt design, judge model scale,
and the degree of alignment between the evaluation
language and the judged task.

Finally, we conduct a human evaluation to mea-
sure agreement between the automated judge and
human judgments. However, this evaluation is lim-
ited in scope, covering only a single dataset and a
small sample of 100 instances per language model.
Despite these constraints, we observe a moderate
level of agreement between human annotators and
the LLM-based judge, suggesting that our auto-
mated evaluation aligns with human judgments,
though broader validation is necessary.
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A Prompt Structure

We provide the prompt template in both English
and Persian in Figures 5 and 6. Due to the large
scale of our experiments, we used a fixed prompt
template throughout all experiments. Only the
dataset description and the set of allowed labels
change depending on the dataset. We manually ex-
tracted the dataset descriptions from the FAMTEB
paper, and we will release them together with
the code. Below, we present an example for the
DeepSentiPers dataset in English.

This dataset is based on user opinions on
digital products.

B Olmo3-32b-thinking-as-a-Judge

Figure 7 presents the faithfulness rate (i.e., the pro-
portion of faithful responses as determined by the
LILM-as-a-Judge) across the models discussed in
Section 3.3, using a different judge: Olmo3-32B-
Thinking, a recent reasoning model from the Allen
Institute for Al (AI2). As noted previously, we use
this judge to measure the consistency of judgments
across different evaluators.

C Reasons of CoT Unfaithfulness

We provide illustrative examples of the four com-
mon patterns observed in Section 4.4 in Figures 8,
9,10, and 11.
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You are a helpful text classification assistant. Your task is to assign exactly
one label from the allowed list.

Dataset description:
{{dataset_description}}

[Allowed labels:
{{allowed_labels}}

Analyze the text well, and first give your explanation behind your answer, and then output
only a single number corresponding to the label from the allowed labels.
Make sure to provide exactly one lahel as your final answer.

Input Format:
text: {{text}}

Output Format:
Reasoning:
Answer :

Figure 5: English prompt template used to evaluate the performance of language models.

el e candd 3l ....m.—,yd.;hugg O3l poliaisl Lad aadsy Louiws Gis gabdib die) j3 duds Hliws Sy ladb

tools degome Wlswsdgd
{{dataset_description}}

Dl (sl unzp
{{allowed_labels}}

Canzp @ boye sae S hid Gunw g g Ghlosgs Fwl cudy ) 3ss pussi bl oS JdaS st 4 ) e
Sy Sl ey S iy ss gl el Olsic @ @S sgd Glake s G2gs | jlae slacausy

18999 Caopd
{{text}}:yio

HEESTCRGVIG
et
o

Figure 6: Persian prompt template used to evaluate the performance of language models.

Prompting in English Prompting in Persian

DeepSentiPers

95
DigikalamagClassification

-90
NLPTwitterAnalysisClassification

-85 -85

PersianFoodSentimentClassification

Dataset

- 80 -80

PersianTextEmotion

SIDClassification 8 5 o b . 75 75
SentimentDKSF B g 8 ’ b 5 70 70
20 e N0 o° 200 N0
5 o7 ‘(\a?‘l ‘0«"’3 o 09,,1 \“203‘ ‘Hz‘\o"
N
Model

Figure 7: Heatmaps of Faithfulness rate using Olmo3:32b-think across existing datasets and language models
discussed in Section 3.3 when prompted in English and Persian.
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- lCuliog (5)ggaxH bwLS .5;@}

GROUND TRUTH
ilodgs sy alyd# I Gugla NS )3 gl
fear F ol o L :
Tag S gy ol )3 Ll punlgs

PREDICTION
anger J GROUND TRUTH
anger ]
The text "cuog (sigeex# oauis glew 1. PREDICTION
sadness ]

Figure 8: An example of unfaithful CoT from Gemma3- . . § .
The text discusses a discussion about a
4B (EN) on the PERSIANTEXTEMOTION dataset, ex- specific event (#sns) and asks where

hibiting a truncated or incomplete CoT. people were on that day. The tone is
neutral, but given the context of
discussing past events, it might evoke
sadness.

Figure 10: An example of unfaithful CoT from
deepseek-r1:32b (EN) on the PERSIANTEXTEMOTION
dataset, exhibiting an insufficient support or evidence.

365 4 b Sae Sl culey 35 @led Jouol
a5t 05 ndin 5 Ui it <42ALIS
ol 22 vogas W Cuwd juel Clis w58
ool sega> 4 &# .

GROUND TRUTH
(translation: disgust) ,L—_»pl}

PREDICTION
(translation: anger) PVES
MODEL CoT

culwsl cunzy polaisl o Gie ool Juad sy Bl 3h 8L Cash (shan HAIE

ol Gie @S dzgi Ol Wlwlwsl g pie 4 Wl e Jaallgd @ Lewnd G o g &l
b Sne 2iSeai caley b | @led Juol" ol Oleon#
Ghod o oS e g Gz wuns L dublIS S

Lo el g pogas A Cws juel wlis Gl S

L 5las Lol s el sl apamn s GROUND TRUTH
Aoz ol - " 098 @ b S 2iSual uley (translation: fear) oop ]
Jamp (N5l aldsS) (glei I easid 45 sese glis

"a" b "olas" 4 dilgie b golwsl o)l 9 aSe PREDICTION
5 UMz e’ I Oregs Ll dndly bl o s .
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Figure 11: An example of unfaithful CoT from
Figure 9: An example of unfaithful CoT from qwen3:4b geep seekerl :32],3 (l:lA) on the I;ERSIANTFXTEMOTION
(FA) on the PERSIANTEXTEMOTION dataset, exhibit- ataset, categorized as a post-hoc reasoning.

ing an irrelevance to candidate answers.
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